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Abstract

Extreme precipitation and high-impact cyclones represent some of the most damaging manifesta-
tions of climate variability within the European—Mediterranean region. While driven by global
thermodynamic trends, the impacts of these events are governed by atmospheric processes span-
ning a broad range of spatial and temporal scales. This thesis investigates convective extremes
by integrating high-resolution, convection-permitting regional climate modeling with large-scale
reanalysis diagnostics. This dual approach characterizes both local precipitation dynamics and

the synoptic environments conducive to intense Mediterranean cyclones.

The first part of this thesis evaluates extreme precipitation and its sensitivity to recent
warming using a newly developed dataset: "Computational Hydrometeorology with Advanced
Performance to Enhanced Realism" (CHAPTER). CHAPTER provides a high-resolution (3
km) dynamical downscaling of the ERAS reanalysis over Europe and the Mediterranean basin,
using the Weather Research and Forecasting (WRF) model. The added value of this dataset is
rigorously validated against daily precipitation and near-surface temperature observations. This
evaluation demonstrates that CHAPTER accurately reproduces observed climatological patterns

and extremes, establishing a physically consistent foundation for investigating long-term trends.

Analysis of the simulation reveals a marked increase in precipitation extremes over recent
decades. To interpret these shifts, a diagnostic framework was used to decompose trends into
thermodynamic and dynamic contributions. On one hand, thermodynamic effects, directly driven
by increased atmospheric moisture at warmer temperatures, produce a broadly positive and
uniform signal. On the other hand, changes in convective dynamics, primarily linked to vertical
motion, emerge as the primary driver of regional intensity and structure. Furthermore, the results
highlight a critical coupling between land—atmosphere interactions and convective intensity
mediated by surface moisture availability. In regions where soil moisture and marine moisture
supply remain abundant, enhanced evaporation supports deeper convection, leading to increases
in both mean seasonal precipitation and hourly extremes. Conversely, declining soil moisture
levels limit surface evaporation, which is associated with a reduction in extreme hourly rainfall

intensity.

The second part of the thesis examines Mediterranean cyclones, with particular emphasis
on systems that develop a deep warm core. By comparing the large-scale environments of
classical baroclinic cyclones, intense cold-core systems, and disturbances with a deep warm core,

the analysis identifies the key factors favoring the development of tropical-like characteristics.



vi

These include substantially higher potential intensity and weaker vertical wind shear. Enhanced
potential intensity arises from the combined effect of elevated sea surface temperatures and

strong upper-level intrusions that destabilize the atmospheric column.

Overall, this thesis builds on the central role of atmospheric dynamics in both convective
processes and cyclone evolution to control extreme weather in the Euro-Mediterranean region.
The present work underscores the importance of high-resolution modeling for understanding and
anticipating climate-driven changes in extremes.
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Chapter 1

Introduction

1.1 The European—Mediterranean Region in a Warming Cli-

mate

Due to their complex geography, climatic contrasts, and tectonic activity, Europe and the
Mediterranean Basin (fig. 1.1) are highly exposed to a broad range of natural hazards that already

exert significant environmental, economic, and societal impacts [7, 8].

Fig. 1.1 Political map of Europe and the Mediterranean basin. Source: GISGeography.com

Focusing on extreme weather events, floods regularly affect large river basins like the Danube,
Po, and Nile deltas [9-11], as well as low-lying coastal zones prone to storm surges [12—14].
The region also faces powerful windstorms [15, 16] and intense Mediterranean cyclones that can

bring torrential rain and destructive winds [17]. In northern and mountainous continental areas,
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severe storms, heavy snowfalls, landslides, and avalanches remain significant threats [18, 19],
while the Mediterranean basin is highly exposed to heatwaves [20], droughts [21], desertification
[22], and wildfires [23]. Coastal erosion and soil degradation further endanger fragile ecosystems

and densely populated coastlines across this diverse region [24, 25].

The consequences of these hazards extend beyond immediate physical damage, affecting
agriculture, energy production, transportation networks, and public health systems [26]. However,
the overall risk posed by these hazards is not determined by their physical occurrence alone. It is
also shaped by exposure, like the presence of people, infrastructure, and assets in hazard-prone
areas, and by vulnerability, which reflects the capacity of societies to anticipate, cope with, and

recover from disasters [27, 28].

In the Mediterranean region, exposure to natural hazards is particularly high due to dense
coastal populations: over 500 million people live along its shores [29]. Maritime transport is
another key exposure factor: in 2022, the Mediterranean Sea accounted for approximately 20
% of global ocean traffic and 10 % of cargo shipping [30]. Moreover, the spatial distribution
of essential facilities such as hospitals, ports, and power stations along the coast plays a major
role in determining vulnerability patterns during emergencies [29]. Across Europe as a whole,
exposure remains significant, with a population exceeding 740 million people [31], many of
whom are concentrated in urban areas along river valleys or flood-prone plains [32]. Continental
regions such as the Rhine corridor, the North Sea coast, and the Danube basin are particularly
exposed due to high population densities, industrial facilities, and dense transport networks

located in areas sensitive to flooding or extreme weather events [28, 33, 34].

Socioeconomic factors further amplify vulnerability [35-37]. Regions with limited financial
resources often lack adequate civil protection and recovery capacities, resulting in greater losses
when extreme events occur [38]. Age demographics also play a role: populations with large
fractions of very young or elderly people are generally more susceptible to extreme weather
impacts [39—41].

For example, rural areas in southern Italy and Sicily are characterised by low income, age-
ing populations and limited infrastructure, making them especially vulnerable to prolonged
droughts or wild-fire exposure [35]. Similarly, regions such as inland Greece (e.g., Evrytania)
and north-western Spain (e.g., Ourense) hold some of the highest proportions of elderly resi-
dents in Europe, compounding their sensitivity to heatwaves, floods, or service disruptions in
emergencies [42, 43]. In addition, areas in southern and south-eastern Europe (including certain
municipalities in Bulgaria, Croatia, Greece, and Portugal) are characterised by lower incomes,
higher unemployment, and larger older-age shares, which means exposure to extreme heat and
other hazards is more likely to result in negative health and economic outcomes [44]. Finally,
transient and highly vulnerable migrant groups crossing the Mediterranean Sea or the English
Channel face acute exposure to sea storms and extreme maritime conditions, with catastrophic

human consequences during severe events [45, 46].
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Taken together, these factors reveal that Europe and the Mediterranean Basin combine high
hazard exposure with significant vulnerability and a dense concentration of assets, making them
critical regions for assessing how extreme events translate into risk. Understanding this interplay
is particularly urgent as the climate continues to warm, since both the frequency and intensity of

many weather-related hazards are being reshaped by climate change worldwide [47].

Indeed, Europe and the Mediterranean are widely recognised as global warming hotspots,
where the pace and magnitude of change exceed the global average. They are warming faster than
the global mean, amplifying existing vulnerabilities and challenging adaptation capacity [48-50].
Over the past decades, average land temperatures in Europe have risen by approximately 2.1 °C
relative to pre-industrial levels, which nearly double the global mean increase of 1.17 °C [51].
For the Mediterranean Sea, projections indicate a mean warming of 2—4 °C by mid-century [52],

further intensifying regional climate contrasts and environmental stressors.

With global warming, many of the weather-related natural hazards in Europe and the wider
Mediterranean Basin are expected to intensify. Rising air and sea temperatures will likely make
heatwaves [53, 54], droughts [55], and wildfires [56] more frequent and severe, particularly in
southern Europe, North Africa, and the Middle East. Although mean precipitation is projected to
decrease, especially during summer, the intensity and frequency of high-impact rainfall events
are expected to rise [57-59]. This will increase the risk of flash floods and landslides [60, 61].
Melting glaciers and permafrost in the Alps and other mountain ranges will continue to heighten
the danger of floods, avalanches risks, and rockfalls [62—64], while the warmer Mediterranean
Sea is projected to fuel stronger and more frequent intense cyclones [65, 66], producing heavy
rainfall, flash floods, and coastal damage. Sea-level rise will exacerbate coastal flooding and
erosion throughout the region [67-69], threatening major cities and tourism hubs. Although the
direct link between global warming and the frequency of earthquakes or volcanic eruptions is
hard to assess [70-72], it may indirectly influence geohazards through changes in land stability,

soil moisture, and groundwater pressure [73].

Overall, global warming is projected to magnify the natural risks already present in the
Mediterranean Basin and continental Europe, with profound and interconnected consequences
for ecosystems, economies, and human well-being. These changes heighten the urgency of under-
standing the physical processes that govern extreme weather events, enabling the anticipation of
their future evolution, improvement of predictive capabilities, and strengthening of the scientific

basis for risk assessment and climate adaptation strategies across the region.
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Fig. 1.2 Schematic of climate change impacts on the water cycle in Europe. Source: [1].

1.2 Atmospheric Convection and Its Role in Extreme Events

1.2.1 Convective Precipitation

Among the physical processes that control extreme weather events in the Mediterranean region,
atmospheric convection is of particular importance. It plays a central role in the development
of intense precipitation and storm systems, especially those occurring on local and mesoscale

ranges.

Atmospheric convection is the vertical transport of air masses driven by buoyancy forces
arising from unstable density stratification. Depending on its depth, convection can be classified
as shallow, linked to cumulus clouds, or deep, associated with mesoscale systems and thun-
derstorms. Moist convection plays a fundamental role in the Earth’s energy and water cycles,
governing the vertical exchange of heat, momentum, and moisture between the surface and the

free troposphere [74, 75].

A key concept for understanding the energy available for convection is moist static energy
(MSE), which represents the sum of an air parcel’s internal energy, potential energy, and latent

heat due to water vapor. MSE is a conserved variable in moist adiabatic processes and is crucial
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for assessing the potential for deep convection. Higher MSE values indicate greater energy

available for convective development, especially in warm, humid environments.

Two other useful concepts for evaluating convective potential are convective available po-
tential energy (CAPE) and convective inhibition (CIN). CAPE measures the integral of positive
buoyancy that an air parcel would experience if lifted from a given level to its level of neutral
buoyancy, effectively representing the potential energy for deep convection. MSE and CAPE
are closely linked: as MSE increases, so does the likelihood of higher CAPE values, since both
reflect the energy available to fuel convective updrafts. On the other hand, CIN quantifies the

energy barrier that must be overcome for parcels to rise to levels where they become buoyant.

The combination of MSE, CAPE, CIN, ambient humidity, and triggering mechanisms, such as
frontal lifting, orography, convergence, or cyclonic ascent, governs whether and how convection
initiates and organizes. When these conditions favor the initiation and growth of convection,
the resulting buoyant updrafts promote condensation and cloud formation, ultimately producing

convective precipitation.

Such precipitation typically occurs in localized, short-lived bursts characterized by high
rainfall rates, reflecting the concentrated nature of the ascending moist air. [5] showed that heavy
convective precipitation is the most common severe weather type in Europe, with thunderstorms
occurring frequently over mountain ranges such as the Alps, the Carpathians, and the Balkan
Peninsula, as well as over the Mediterranean Sea itself. Despite their frequency, forecasting
these events remains highly challenging, as convective development is modulated by the complex

interactions mentioned previously.

1.2.2 Tropical-Like Cyclones

Beyond these local effects, organized convection can strongly influence the surrounding atmo-
sphere and participate in the development of tropical-like cyclones. Thus, convection links

small-scale storm dynamics with the evolution of larger-scale weather systems.

Tropical cyclones (TC) are intense rotating low-pressure systems that form over warm ocean
waters and derive their energy primarily from the release of latent heat through deep moist
convection [76]. They are fundamentally thermodynamic systems, maintained by a positive
feedback between surface heat fluxes and convective updrafts. Warm sea surface temperatures
(SST) promote evaporation and increase the moisture content of the lower atmosphere; when
this moist air rises and condenses, the resulting latent heat release warms the core of the system,
fostering a warm-core structure [77]. This process enhances pressure falls at the center [78],
strengthening the cyclonic circulation and further sustaining convection. This feedback, called
the wind induced surface heat exchange (WISHE; [79]) is illustrated fig. 1.3. However, tropical
cyclones do not typically arise spontaneously: their development generally requires a pre-
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existing large-scale disturbance, such as a synoptic-scale wave or trough, which provides the

initial vorticity and convergence necessary to organize convection into a coherent system [80].

Fig. 1.3 Schematic of the thermodynamic cycle of a mature tropical cyclone. Source: [2].

In contrast to this convectively driven mechanism is the formation of extra-tropical cyclones
(ETC). These systems are large-scale low-pressure disturbances that develop outside the tropics
and are characterized by frontal structures and strong horizontal temperature gradients [81]. Their
formation is closely tied to baroclinic instability, which occurs in the presence of pronounced
temperature contrasts between air masses. This gradient generates density differences that favor
the development of waves along the boundary between warm and cold air, which can then
amplify and lead to cyclogenesis [82—84]. This formation process is illustrated fig. 1.4. Unlike
tropical cyclones, ETC exhibit a cold-core structure and are typically asymmetric [85], reflecting

their dependence on baroclinic processes rather than vertically aligned convection.

Fig. 1.4 Schematic of the interaction of upper and lower PV anomalies for extra-tropical cyclogenesis. The
figure is an update of a schematic showing the arrival of an upper-level trough over a low-level baroclinic
region (indicated by the black solid lines). The orange "plus" indicates the positive PV anomaly associated
with the upper-level trough, and the orange arrows show the circulation associated with this anomaly. The
green "plus" and arrow indicate the positive PV and circulation associated with the warm temperature
anomaly induced by low-level advection. Source: Adapted from [3] by [4].
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In the Mediterranean region, most cyclonic systems follow this extra-tropical paradigm.
Baroclinic instability is often triggered by the meandering of the jet stream, which enhances the
interaction between warm subtropical air and cooler mid-latitude air masses [86—88]. Further-
more, orography plays a crucial role in extra-tropical cyclogenesis: mountain ranges such as the
Alps or the Atlas can deflect and channel airflow, intensify horizontal temperature contrasts, and
generate localized vorticity. These effects make certain areas more prone to cyclone development,

as the terrain acts both as a barrier and a catalyst for atmospheric instabilities [§9-91].

While the majority of Mediterranean cyclogenesis is driven by classical baroclinic instability,
a subset of systems evolves beyond the typical extra-tropical structure to exhibit characteristics
remarkably similar to tropical cyclones. These systems are referred to as Mediterranean tropical-
like cyclones (MTLC), or Medicanes, a portmanteau of Mediterranean Hurricanes. They occupy
an intermediate position along the continuum between pure extra-tropical and pure tropical
systems. In their mature stage, they often display a deep warm core, an axisymmetric cloud
structure, and a distinct, cloud-free center surrounded by a primary eyewall of deep convection
and intense winds [87, 92]. Despite the restricted fetch of the Mediterranean, these cyclones
can be particularly destructive, with peak wind speeds occasionally reaching the equivalent of
Category 1 on the Saffir—Simpson scale [93].

Although MTLC share many morphological features with TC, they emerge under signifi-
cantly different environmental constraints. Most notably, they form over much colder sea surface
temperatures [92, 94], and while TC are primarily maintained by thermodynamic air-sea interac-
tions, MTLC develop in environments where baroclinic disturbances play a more prominent and
sustained role. They typically arise from conventional extratropical cyclones, often triggered
by the intrusion of an upper-level Potential Vorticity (PV) streamer into the basin [95, 96].
This initial baroclinic forcing provides the dynamic ascent necessary to initiate deep, organized

convection within the disturbance.

The evolution of a Medicane is thus best understood through the paradigm of tropical
transition (TT). Formalized by [97, 98] and supported by global climatologies [99, 100], the TT
framework describes the process by which an initially cold-core, baroclinic cyclone progressively
transforms into a warm-core system. As organized convection develops, the associated latent heat
release begins to modify the system’s thermal structure. Under favorable conditions, diabatic
processes become increasingly dominant, and the system transitions toward a state maintained

by the WISHE mechanism [79] rather than by horizontal temperature gradients.

This paradigm emphasizes the physical continuity between baroclinic cyclogenesis and
tropical development. It acknowledges that while most tropical systems—including classical
TC—benefit from an initial baroclinic "seed" or precursor disturbance to initiate, MTLC rely
on a particularly robust and sustained baroclinic "kickstart" to overcome the thermodynamic
inhibitions of the Mediterranean environment. In this sense, MTLC represent a specific regional
manifestation of the TT process, where strong synoptic-scale forcing compensates for the lack of
the high-energy tropical environments typically associated with TC formation.
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1.2.3 Convective Precipitation and Cyclones-Related Hazards

Convective storms and tropical-like cyclones, despite their differences in spatial and temporal
scales, expose affected regions to a broadly similar spectrum of hydrometeorological hazards.
Both types of systems can generate intense precipitation capable of producing destructive floods,
including rapidly developing flash floods in small, responsive catchments [101, 102]. The ensuing
hydrological impacts depend on a combination of basin morphology, antecedent soil moisture,
infiltration properties, and land-use patterns [103—105], while urbanization or fire-altered soils
can further enhance surface runoff and aggravate flood severity. The same heavy rainfall can
destabilize slopes, promoting shallow landslides or debris flows, particularly where the terrain is

steep or soils are already saturated.

Electrically active storm environments in both mesoscale convective systems and cyclone-
like vortices produce frequent lightning, which poses direct threats to life and infrastructure
and, under sufficiently dry surface conditions, can ignite wildfires [17]. Strong winds represent
another shared hazard: whether arising from localized convective downbursts or the broader
circulation of a tropical-like cyclone, high wind speeds can uproot vegetation, damage buildings,
and create airborne debris that amplifies other impacts [106, 107]. These winds frequently
support large wave development over open water, with wave heights capable of endangering
vessels and eroding coastal structures [108].

Coastal areas are additionally vulnerable when wind-driven waves coincide with storm-
induced rises in sea level. Such conditions can lead to compound coastal flooding and geomor-
phological change, including beach erosion and, in some cases, slope failures near the shoreline
[61]. In conjunction with wind and precipitation extremes, the turbulent, dust-laden inflows
sometimes associated with these systems may facilitate the transport of fine particulates and

increase respiratory health risks [17].

Together, these processes illustrate that both small-scale convective storms and larger tropical-
like cyclones can produce an intertwined set of hazards summarized fig. 1.5: floods, landslides,
windstorms, storm surge, waves, lightning, and even wildfires. The impacts of such hazards
depend on environmental vulnerability as much as on the storms themselves. Their consequences
are not merely physical: in recent decades, such events have recurrently affected the countries of
the Euro-Mediterranean region, leading to loss of life, widespread environmental degradation,

and economic damages amounting to billions of euros [109, 7, 110].
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Fig. 1.5 Schematic of cyclone-induced hazards and their interactions.

1.3 Response of Convective Extremes to a Warming Climate

1.3.1 Projected changes in CAPE and CIN

The hazards associated with convective precipitation and tropical-like cyclones are intrinsically
tied to the intensity and organization of atmospheric convection. Consequently, understanding
the sensitivity of convective environments to anthropogenic warming is essential for assessing
evolving risk profiles in the Euro-Mediterranean region. This evolution is governed by the
interplay between increasing thermodynamic potential and tightening kinematic or structural
constraints. Central to this response is the Clausius-Clapeyron relationship, which dictates that
the saturation vapor pressure increases by approximately 7% per degree of warming. Under
the assumption of quasi-constant relative humidity, this implies a commensurate increase in
atmospheric moisture content [111], effectively raising the latent energy available for convective

processes.

However, the vertical thermal structure of the convective atmosphere does not respond
uniformly to this moisture increase. While traditional models have approximated the tropical
and Mediterranean summer profiles using a moist-adiabatic lapse rate, this idealized framework
fails to account for the persistent observation that the environment is often more unstable than a
pure moist adiabat would suggest [112]. [113] demonstrated that this discrepancy arises from
the entrainment of unsaturated environmental air into rising convective plumes. In their "zero-
buoyancy" framework, the environmental temperature profile is determined by the requirement
that a diluted, entraining plume (in opposition to an idealized, non-interacting parcel) remains

neutrally buoyant relative to its surroundings.

In a warming climate, the resulting increase in the saturation deficit (g, — g) heightens
the buoyancy reduction incurred during entrainment. Rising plumes experience more vigorous

evaporative cooling as they entrain environmental air with a higher capacity for moisture absorp-



10 Introduction

tion. To sustain neutral buoyancy under these conditions, the macro-scale environment must
adjust toward a steeper vertical temperature gradient, characterized by colder temperatures aloft
relative to the surface. Crucially, because the standard definition of the Convective Available
Potential Energy (CAPE) is calculated based on a theoretical, non-entraining parcel that does
not experience this evaporative cooling, it benefits fully from both the steeper lapse rate and
increased boundary-layer moisture. This physical decoupling explains why CAPE is projected
to increase significantly [114], often exceeding the rate suggested by Clausius-Clapeyron. This
represents a shift toward a more energetically charged but structurally constrained convective

environment.

In the Euro—Mediterranean sector, this thermodynamic potential is further modified by
pronounced land—sea thermal contrasts. Land surfaces in this region are warming at a higher
rate than the adjacent Mediterranean Sea and Atlantic Ocean [115, 116]. Because near-surface
moisture over land is largely supplied by oceanic advection, surface specific humidity over
land often fails to increase at the Clausius-Clapeyron rate [117, 118]. The resulting decline in
near-surface relative humidity alters the surface energy balance, partitioning energy into stronger
sensible heat fluxes. This process drives the development of a deeper, more turbulent planetary
boundary layer (the lowest part of the atmosphere in direct contact with, and influenced by,
the Earth’s surface). This deepening of the mixed layer further reduces near-surface moisture
through the entrainment of dry air from the free atmosphere above. Because the air near the
ground is now warmer and drier, a rising air parcel must be lifted much higher before it cools

sufficiently to reach saturation and condense into a cloud.

These factors collectively raise the lifting condensation level (LCL), significantly increasing
the Convective Inhibition (CIN) that a parcel must overcome to reach its level of free convection.
This culminates in a state of heightened convective latency: while a larger magnitude of buoyant
energy accumulates as CAPE, it remains inaccessible to weak or moderate lifting mechanisms
[119]. Consequently, warming in the Euro-Mediterranean region may lead to an atmosphere
characterized by increased potential instability but reduced convective frequency, where the
release of accumulated energy is restricted to scenarios involving sufficiently strong dynamical
forcing.

1.3.2 Implications for convective storms and tropical-like cyclones

The thermodynamic environment described above has important implications for convective
hazards. Although stronger CIN may limit the frequency of convective initiation, episodes in
which this inhibition is overcome allow storms to access both enhanced CAPE and a moister
atmosphere [111]. Consequently, once deep convection is triggered, storms have the potential to
produce more intense rainfall rates [120].

Beyond its direct impact on precipitation efficiency, increased moisture also amplifies latent

heat release during condensation, strengthening vertical updrafts and enhancing storm organi-
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zation [121]. These feedbacks can accelerate storm dynamics, potentially leading to so-called
“super-CC” scaling, in which precipitation intensity increases exceed the canonical 7% per
degree warming predicted by thermodynamic considerations alone [122, 123]. Such behavior
is particularly relevant for intense convective storms and tropical-like cyclones, where strong

forcing mechanisms can unlock stored instability and convert it into extreme impacts.

These mechanisms provide a consistent explanation for observed and projected trends in the
Euro-Mediterranean region: a decrease in mean precipitation, accompanied by an increase in
extreme rainfall and high-impact thunderstorms [124—127]. A similar tendency is also observed
for the future evolution of Mediterranean Tropical-Like Cyclones: a projected decrease in overall

frequency, contrasted by an increase in intensity and hazardousness.

Regarding frequency, the reduction is driven by the changing vertical thermal structure
of the atmosphere. In a warmed climate, the upper troposphere warms faster than the ocean,
decreasing the mean temperature difference between the sea surface and the upper levels. While
the frequency of cold anomalies in the high troposphere remains mostly unchanged, the shift in
the mean temperature value implies that a significantly larger anomaly is required to reach the
instability threshold necessary for genesis. Because such extreme anomalies are naturally less

frequent, the probability of cyclone formation decreases [65, 128].

Conversely, regarding intensity, the tropical-like cyclones that do form in the late century
in the Mediterranean Sea are expected to be substantially more hazardous. Projections indicate
these storms will last longer and produce stronger winds and rainfall, developing a more robust,
hurricane-like structure. This intensification is primarily confined to the autumn season, consis-
tent with enhanced autumn SST warming. These higher SST positively influence the intensity of
the cyclones through alterations of the surface energy flux, fueling more energetic and dangerous

systems despite their reduced occurrence [66].

This interplay of reinforcing and counteracting factors means that, despite strong theoretical
guidance, the overall evolution of extreme convective events in a warming climate remains far
from trivial to assess. While some thermodynamic responses point robustly toward intensification,
others modulate these tendencies depending on regional moisture availability and dynamic
changes. Consequently, understanding how convective extremes will change with global warming
demands integrated approaches that combine theory, observations, and high-resolution modeling
[129-132].

1.4 Research Questions and Thesis Structure

The discussion above highlights that predicting the response of convective extremes to climate
warming remains an open and scale-dependent problem. To address this challenge in the context

of the European—Mediterranean region, this thesis adopts a multi-scale investigation. While
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thermodynamic responses act globally, their manifestation varies drastically depending on the
scale of the weather system, from the localized updrafts of a thunderstorm to the organized
rotation of a Mediterranean cyclone. Consequently, this thesis utilizes high-resolution convection-
permitting modeling to resolve fine-scale precipitation dynamics, alongside reanalysis data to

characterize the synoptic environments of organized cyclones.

The overarching objective of this work is to characterize convective extremes in the European-
Mediterranean region by examining both their internal dynamic drivers and their large-scale

environmental precursors. To this end, the thesis addresses three specific research questions:

1. Can a convection-permitting dynamical downscaling accurately reproduce the statistics
and spatial distribution of extreme precipitation events in the complex topography of the

Euro-Mediterranean domain? (Addressed in Chapter 2)

2. How do thermodynamic constraints versus dynamic modulation contribute to observed
changes in hourly extreme precipitation at the local scale? (Addressed in Chapter 3)

3. What are the specific large-scale environmental characteristics that distinguish the devel-
opment of Mediterranean deep warm-core cyclones from standard cold-core baroclinic
systems? (Addressed in Chapter 4)

The manuscript is structured into five chapters, organizing the research from methodological

validation to localized event analysis, and finally to organized system analysis.

Chapter 2 lays the groundwork for analyzing fine-scale extremes. It presents the implemen-
tation and validation of a Convection-Permitting Model (CPM) run derived from dynamically
downscaling the ERAS reanalysis. Given the limitations of parameterized convection in capturing
short-duration extremes, this chapter assesses the performance of the high-resolution simulation

over the complex terrain and land-sea contrasts of the study domain.

Chapter 3 focuses on localized convection, utilizing the high-resolution dataset validated
in the previous chapter. Here, the investigation centers on hourly extreme precipitation, a
phenomenon intimately linked to explicit convective processes. By decomposing precipitation
changes into thermodynamic (moisture-dependent) and dynamic (vertical velocity-dependent)
components, this chapter isolates the drivers of intensity trends that coarser models might

obscure.

Chapter 4 shifts the focus to organized cyclones, specifically Mediterranean Cyclones with
tropical-like features. As these systems are governed by larger-scale environmental interactions,
this study utilizes the ERAS5 reanalysis to examine the synoptic and thermodynamic surroundings
of these storms. This chapter characterizes the specific environmental ingredients that favor the
development of a deep warm core in the Mediterranean Sea.

Chapter S synthesizes the main results of the thesis by integrating insights from the analysis

of localized extreme precipitation using the convection-permitting model and from the reanalysis-
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based study of organized cyclones. It first consolidates the key research findings, then discusses
the scientific contributions and limitations of the work, and finally outlines perspectives for future
research. Together, these sections aim to provide a cohesive and comprehensive understanding
of extreme weather in the region.

Parts of the contents and figures of this thesis have already been published or submitted in
the following articles:

Bernini, L., Lagasio, M., Milelli, M., Oberto, E., Parodi, A., Hachinger, S., ... & Tartaglione,
N. (2025). Convection-permitting dynamical downscaling of ERAS for Europe and the Mediter-
ranean basin. Quarterly Journal of the Royal Meteorological Society, 151(772), e5014.

Bernini, L., Cavicchia, L., Desbiolles, F., Scoccimarro, E., & Pasquero, C. (2026). Envi-
ronmental characteristics associated with the development of deep warm core Mediterranean
Cyclones. Weather and Climate Dynamics, 7(1), 367-391.



Chapter 2

A Convection-Permitting Dynamical
Downscaling of ERAS for Extreme Event
Analysis

2.1 Context and Significance

In response to the escalating challenges posed by extreme weather, there is a growing imperative
to deepen our understanding of these phenomena through advanced modeling and analysis tech-
niques [129-132]. One promising avenue is the development and use of convection-permitting
regional climate models (CP-RCM), which operate at unprecedented spatial resolutions, typi-
cally under 4 km. This fine resolution enables more realistic simulations of local-scale weather
systems and has led to clear improvements in reproducing extreme precipitation events, diurnal
variability, spatial distribution, and intensity gradients compared to traditional climate models
[133-135]. Moreover, CP-RCM capture surface heterogeneities with enhanced fidelity [136],
including mountains [137], coastal regions [138], and urban areas [139]. They also represent
land—atmosphere interactions more accurately, which is crucial for simulating extreme weather
phenomena [140, 141].

Studying the evolution of convective processes under global warming remains difficult at the
global scale because convection cannot be directly represented in global climate models. Their
grid spacing is far larger than the typical scales of convective updrafts and downdrafts, making
convection parameterization unavoidable and contributing to large inter-model spread [142]. In
contrast, on regional domains, it is feasible to reach horizontal resolutions on the order of 4 km
or finer, sufficient to explicitly resolve deep convection. CP-RCM therefore provide a physically
consistent framework for investigating convective processes and their response to climate change,

at a much lower computational cost than running convection-resolving simulations globally
[135, 143].
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In parallel, the advent of high-resolution climate reanalysis datasets has revolutionized
our ability to reconstruct past weather conditions and monitor ongoing climate trends. By
assimilating historical observations from diverse sources, these reanalysis products provide a
comprehensive and consistent depiction of the atmospheric state, facilitating a deeper under-
standing of weather-related phenomena [144]. Notably, the European Centre for Medium-Range
Weather Forecasts (ECMWF) has released ERAS, the fifth-generation global reanalysis dataset
offering unprecedented spatial and temporal resolution [145]. In the present study, a dynamical
downscaling of the ERAS global reanalysis (31 km x 31 km grid) has been used. This down-
scaling, called Computational Hydrometeorology with Advanced Performance to Enhanced
Realism (CHAPTER), has been made with the mesoscale numerical weather prediction model
WRF-ARW [146] over Europe and the Mediterranean region on a grid of 3 km x 3 km from
1981 to 2022.

The availability of these meteorological fields at such high-spatial temporal resolution over
the European continental scale is, to the author’s best knowledge, currently unique in international
climatological research. Different sub-continental reanalyses exist, as the European CORDEX
domain (Coordinated Regional Downscaling EXperiment, cordex.org), COSMO-REAG6 [147],
the HIRLAM-based reanalysis [148], the Copernicus European Regional ReAnalysis (CERRA)
datasets [149, 150], and MERIDA covering the Italian peninsula [26]. However, convection
remains parameterized in these regional reanalyses due to the significant computational expenses
associated with generating datasets at kilometer-scale grid resolution, especially for extensive
domains. Convection-permitting resolution has thus far been attained solely for national or even
smaller geographic areas. For example, MERA (Met Eireann ReAnalysis) covers Ireland and the
United Kingdom with a horizontal resolution of 2.5 km [151], COSMO-REA2, a 2-km resolution
dataset covers Central Europe [152], and finally, SPHERA [153, 154] and VHR-REA-IT [155]
are two high-resolution downscaling of ERAS at a 2.2 km grid scale level but only for Italy.

The domain of CHAPTER spans from the Atlantic Ocean to the Black Sea and from the
Sahara desert to the southern regions of Scandinavia. With a dataset covering 42 years of data
terrain-following model levels, CHAPTER offers a comprehensive resource for investigating the
evolution, drivers, and impacts of extreme weather events at both local and regional scales over
the past decades. Subsequent sections provide an overview of the model configuration and an
assessment of CHAPTER’s performance in accurately representing precipitation and temperature

compared to state-of-the-art datasets.

2.2 Materials & Methods

2.2.1 Model configuration

The downscaling was performed using the numerical model WREF, with ERAS data used as initial

and boundary conditions. ERAS is a state-of-the-art global climate reanalysis dataset developed
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by ECMWEF as part of the Copernicus Climate Change Service (C3S). This dataset represents
the fifth generation of ECMWF reanalysis products, succeeding ERA-Interim. ERAS offers
significant advancements over its predecessor, ERA-Interim, boasting higher spatial and temporal
resolutions, with grid resolutions of approximately 31 kilometers and temporal resolutions of 1
hour. It incorporates a wealth of observational data, including ozone-sensitive infrared radiance
and reprocessed datasets not utilized in previous versions. The data assimilation system of
ERAS is based on Cycle 4112 of the Integrated Forecast System, operating within 12-hour time
windows. Released in 2017, ERAS provides comprehensive coverage from 1940 to the present,
continuously updated with a 2-month delay.

ERAS data were retrieved with an hourly temporal resolution for CHAPTER computation
to ensure good temporal consistency. They served as initial and boundary conditions for the
model runs. The computational domains consist of 2 grids with a horizontal resolution of 9 km
(30W-52E, 14N-65N, 716x634x50 grid points) and 3 km (20W-42E, 23.5N-60N, 1640x1352x50
grid points), respectively (Figure 2.1). For each day, the WRF model is initialized at 1800 UTC
and integrated for 30 h. The first 6 h of each simulation are considered as spin-up time and are
therefore discarded, so that only the remaining 24 h are retained for the analysis. Consequently,
each run provides a continuous 24 h period from 0000 UTC to 2400 UTC. Each new simulation
is re-initialized from ERAS after 30 h, making all daily runs independent from one another.
This daily re-initialization from ERAS prevents the simulated fields from drifting away from the
large-scale atmospheric conditions of the reanalysis and explains why spectral nudging was not
applied.

The WREF version used is 4.1.1. The model physical setup is derived to a large extent from
[133] and [156] studies with finer grid spacing (from 4 to 3 km), very well suited for severe
weather phenomena dynamical downscaling, and covers a significantly larger area than those
previous works. In particular, the Yonsei University scheme [157] is chosen for the planetary
boundary layer turbulence closure; the RRTMG shortwave and longwave schemes are used
for radiation [158-160]; and the Rapid Update Cycle scheme is chosen as a multi-level soil
model (6 levels) with higher resolution in the upper soil layer: 0, 5, 20, 40, 160, and 300 cm
[161, 162]. No cumulus scheme was activated in the innermost domains (d02) because the grid
spacing allows the convection dynamics to be resolved. The convection scheme used in the outer
domain (d01) is the New Simplified Arakawa—Schubert (NewSAS) scheme [163]. The NewSAS
is a mass flux scheme based on [164] with revisions made to the entrainment and detrainment
formulation following large-eddy simulation studies. The deep convection was made stronger by

increasing the maximum allowable mass flux at the cloud base.
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Fig. 2.1 Domain of the CHAPTER dataset with a resolution of 3 km by 3 km (entire graph) and domain
used for the validation (internal black rectangle).

2.2.2 Validation
Observation datasets and comparative downscalings

The performances of CHAPTER have been evaluated on 24h precipitation accumulation and 2-m
daily mean temperature. They are compared to the performance of the ERAS5-Land reanalysis
[165] and to the high-resolution precipitation dataset CHELSA [166]. The observation datasets
used to confront the models’ outputs are E-OBS [167], both for temperature and precipitation,
and EURADCLIM [168], only for precipitation. A description of each dataset is provided
hereafter. All the datasets are publicly available.

ERAS5-Land is a refinement of ERAS, achieved through a process of physical downscaling.
It utilizes high-resolution global numerical integration of the ECMWF land surface model,
driven by meteorological data downscaled from ERAS5 climate reanalysis. Notably, an elevation
correction is applied to enhance the accuracy of near-surface thermodynamic conditions. While
inheriting most parameterizations from ERAS, ERAS5-Land distinguishes itself with a signif-
icantly improved horizontal resolution of ~ 10 km (0.1° x 0.1°) compared to ERAS5’s 31 km.
Both datasets maintain an hourly temporal resolution. Evaluations against various independent
datasets demonstrate ERAS-Land’s performance in depicting the hydrological cycle [169].

CHELSA utilizes a statistical downscaling approach to enhance the resolution of daily
precipitation estimates. This method integrates high-resolution satellite-derived cloud frequency
data (30 arcsecs, approximately 1 km) with orographic predictors such as wind fields, valley
exposition, and boundary layer height. The downscaling process involves bias correction to refine
the results. By applying this approach to the ERAS precipitation archive and MODIS monthly
cloud cover frequency, a daily gridded precipitation time series in 1 km resolution from 2003

to 2016 is generated. Comparative analyses with existing datasets and station data, the Global
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Historical Climatology Network daily [170], reveal improved spatio-temporal performance in
precipitation prediction.

E-OBS is a daily gridded land-only observational dataset covering Europe at a horizontal
resolution of 0.1° (~ 10 km), sourced from the European Climate Assessment & Dataset
(ECA&D) project. This dataset includes precipitation amount, temperature, relative humidity,
sea level pressure, and surface shortwave downwelling radiation. Initially developed for model
validation, E-OBS is now widely used for climate monitoring, offering a unique combination of
spatial resolution, daily resolution, and multiple variables. While valuable for climate research,
E-OBS has limitations [171], including potential underestimation of precipitation and systematic
errors, particularly for convective rainfall. In addition, the dataset’s reliance on station data with
varying densities across countries and variations in the 24-hour observation period highlights the

need for careful interpretation [172].

Finally, EURADCLIM, the European climatological gauge-adjusted radar precipitation
dataset, provides high-resolution, sub-daily precipitation estimates across Europe. Updated
annually, it offers 1-hour and 24-hour precipitation accumulations at a 2-km spatial resolution
for the 2013-2023 period. The dataset is constructed from EUMETNET OPERA gridded radar
composites, which undergo rigorous filtering to remove non-meteorological echoes. These radar-
based estimates are subsequently merged with rain gauge observations from ECA&D, a process
that substantially improves the overall data quality [168]. Because of this dependency, the spatial
coverage of EURADCLIM is strictly determined by the availability of the underlying OPERA
data. As a result, the EURADCLIM domain is more limited than that of CHAPTER, particularly
over Italy and, more generally, across large parts of the Mediterranean basin. Consequently,
when EURADCLIM is used as a reference for evaluating CHAPTER precipitation performance,
the analysis is restricted to the geographical areas common to both datasets.

Validation techniques

A fuzzy verification approach, as described by [173], is utilized to compare the precipitation
performances of CHAPTER, CHELSA, and ERAS5-Land. Unlike traditional nearest-point
verifications, which seek exact matches between forecast and observation pairs, fuzzy verification
methods relax matching conditions between the model and observations. In this approach,
forecasts are required to be in approximate agreement with observations, considering factors
such as proximity in space, time, or other quantities. This is particularly beneficial for high-
resolution models where matching observations with absolute precision is challenging, as it
mitigates "double-penalty" issues [174], where correct forecasting may still be penalized for
being offset from observations. Moreover, due to the sparse nature of rain-gauge observations,
a spatial aggregation is necessary to objectively assess the quality of model simulations and

compensate for representativeness limitations that affect individual point observations.
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This study adopted the "anywhere-in-the-window" fuzzy verification approach, as described
by [173]. This is a special case of the “minimum coverage” technique, an example of the
Neighbourhood Observation-Neighbourhood Forecast strategy. In particular, the Fraction Skill
Score (FSS) serves as a primary index summarizing the potential of fuzzy verification logic,

comparing forecast and observation fields within defined event areas. It is given by:

FSS =1 1%/ {'V:l(Pmod,i _Pobsj)z
IS S S S
N N ~i=1

i=1" mod,i obs,i

2.1)

with N the number of verification boxes in the domain under study and P the fraction of
every single box in which the event occurs (the subscripts mod and obs stand for “forecast”
and “observed”, respectively). The FSS ranges from 0 (complete disagreement) to 1 (perfect
agreement). The FSS is equal to O if there are no expected events, but they do occur, or vice
versa, if events that have been foreseen do not occur.

The FSS value above which the forecast is considered useful (better than the random data) is
given by FSS,5e 1 = 0.5+ E, where fj is the fraction of the domain covered by the observed
event [175]. The smallest spatial window for which F'SS > FSS,, ¢, 1s considered to be the
useful scale. As the dimensions of the spatial windows increase, the index tends asymptotically
to a value between O and 1. The closer this value is to 1, the less biased the forecast is.

Two other complementary scores are considered in this Fuzzy verification approach: the
False Alarm Ratio (FAR) and the Probability Of Detection (POD). The FAR indicates the rate at

which false detection occurs (range: 0-1, perfect value: 0). It is calculated as

FAR — falsealarms 2.2)
hits + false alarms

The POD on the other hand is the rate at which real events are successfully detected (range: 01,
perfect value: 1). It is given by:

hits
POD= — —— 2.3
hits + misses (2:3)

For precipitation, a last score is also computed but not following a fuzzy Fuzzy approach, the
percent bias, defined as:

M; — O;
O,

1 N
Percent Bias = — x 100 2.4
N n;l 24)

with N the size of the sample data, M; the model predictions and O; the observations.

To compare the scores obtained by CHAPTER and CHELSA with respect to the EURAD-
CLIM dataset (Fig. 2.6 & 2.7), CHAPTER, CHELSA and EURADCLIM have been regridded
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thanks to a nearest neighbor remapping to a 3 km by 3 km regular grid. Because of the available
period in EURADCLIM and CHELSA, this first comparison is made taking only into account
the years from 2013 to 2016. In the same way, to obtain the scores by CHAPTER, CHELSA, and
ERAS5-Land computed with respect to E-OBS, all datasets have been regridded to a 10 km by
10 km regular grid, using a first order conservative remapping. For those datasets, the available
period is from 2003 to 2016. Finally, for both analyses, to take into account the different spatial
coverage, the validation domain retained is 10W-30E; 32N-58.8N (401 x 269 grid points, Fig.
2.1).

The same validation domain is used for temperature. Temperature fields have been validated
by comparing the bias (or mean error) and the root-mean-square error (RMSE) obtained by
CHAPTER and ERAS5-Land in confront to E-OBS daily temperature.

. 1 Y
Blas:NZMi—Oi (2.5)

n=1

1 N
RMSE = /— Y (M, — 0;)? 2.6
anl( 0)) (2.6)

Still with N the size of the sample data, M; the model predictions and O; the observations.

Again, the data of CHAPTER, ERAS5-Land, and E-OBS have been re-gridded on the same 10
km by 10 km regular grid. For temperature, a correction with a constant lapse rate of 6.5 K.km ™!

has been applied to account for the differences in the elevation grid cells of the different datasets.

The seasonal means of the bias and the RMSE have been computed at each grid point and
over the entire domain. A bootstrap technique [176] has been adopted to estimate the error of
the global seasonal means. Each seasonal mean of the bias and the RMSE has been re-computed
1000 times each time, taking into account only 5% of all the data. The differences between the
97.5 percentile and the 2.5 percentile of this distribution of means, the boundaries of the 95%
confidence interval, are the final errors present in Tables 2.1 & 2.2.

Finally, for both temperature and precipitation, the Added Value (AV) was computed as
defined in [177] (range: -1 to 1; perfect value: 1):

(Xeras — Xe—oBs)* — (XcrapTER — XE—0B5)?

AV =
Max((Xgras — Xe—o8s)? (Xcuarrer — Xg—0Bs)?)

2.7

With X the spatial distribution of the considered variable.

The AV is a way of assessing where CHAPTER shows improvement over ERAS, taking
E-OBS as the ground truth. Over the points where the AV is negative, ERAS is more in
agreement with E-OBS than CHAPTER. On the opposite, over the points where the AV is
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positive, CHAPTER has generated added value in comparison to ERAS. For this last analysis,
both E-OBS and CHAPTER have been upscaled at the resolution of ERAS, 31 km by 31 km.

2.3 Results

2.3.1 Precipitation
Bias

Figure 2.2 represents the seasonal spatial distribution of the percent bias of precipitation accumu-
lation at 24 hours of ERAS-Land and CHAPTER enhanced on a 10 km by 10 km grid assuming
E-OBS as reference. With respect to ERAS, CHAPTER has a higher positive bias, especially in
summer over continental Europe. It is known that WRF simulations show a systematic positive
precipitation bias and an overestimation of wet-day frequency [178]. In terms of spatial distribu-
tion, both datasets underestimate the precipitation over the African coast of the Mediterranean
region, while the Alps are the main region where precipitation is overestimated. In both regions

underestimation and overestimation are partially due to the low density of the E-OBS network.

Fig. 2.2 Percent bias of the daily precipitation accumulation of CHAPTER (top) at 10 km and ERA5-Land
(bottom) compared to E-OBS for the period 1981-2022.

Fuzzy Verification Scores

To have a more comprehensive view of the model’s capability to represent precipitation fields,
the FSS, FAR, and POD scores have been analyzed: a good performance corresponds to high
FSS and POD values but low FAR values. In particular, the indices are shown as functions of
spatial scale (abscissas) and precipitation threshold (ordinates), namely the dimension of the
side of the verification box. In this way, by looking at the lower right corner of these charts, it is
possible to assess the model performances for events characterized by small spatial scales and

high intensity, which are of primary importance in developing strong convective events.
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Therefore, eight thresholds of precipitation intensities are considered, namely, 0.5, 1.0,
2.0, 5.0, 8.0, 12.0, 16.0, and 20.0 mmper day. The agreements between the models and the
observations are evaluated starting from a single grid pixel (i.e. 3 km by 3 km cells for the
comparisons with the EURADCLIM dataset and 10km by 10 km cells for the comparisons with
the E-OBS dataset) up to squares with 11 pixels (i.e. 33 km by 33 km cells for the comparisons
with the EURADCLIM dataset and 110 km by 110 km cells for the comparisons with the E-OBS
dataset).

For the comparison between the upscaled version of CHAPTER and CHELSA, and ERAS-
Land, with E-OBS, considered as the ground truth, all datasets have better performance in
autumn and winter. Both FSS scores (Fig. 2.3) and POD scores (Fig. 2.5) are high while the
FAR scores (Fig. 2.4) are low, meaning true events are correctly represented and the ratio of
non-existing events is low. For autumn and winter, the models are reliable for a spatial scale of
30 km and an intensity of 8§ mm per day as indicated by the dots in Fig. 2.3. The worst scores are,
however, found in summer, where the FSS and POD scores are low and the frequency of false
detection increases. In summer, the reliable intensity decreases to 5 mm per day for a spatial

scale of 30 km, meaning that strong localized convective events are more poorly represented.

Fig. 2.3 Fraction Skill Score of the daily precipitation accumulation of CHAPTER (top) and CHELSA
(center) at 10 km, and ERAS-Land (bottom) against E-OBS for the period 2003-2016. Black dots denote
useful FSS values.



2.3 Results 23

Fig. 2.4 False Alarm Ratio of the daily precipitation accumulation of CHAPTER (top) and CHELSA
(center) at 10 km, and ERAS5-Land (bottom) against E-OBS for the period 2003-2016.

Fig. 2.5 Probability of Detection of the daily precipitation accumulation of CHAPTER (top) and CHELSA
(center) at 10 km, and ERAS5-Land (bottom) against E-OBS for the period 2003-2016.
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CHAPTER performs very similarly to the two other datasets. Some differences can however
be observed. In spring, for CHAPTER, the intensity of 5 mm per day at a scale of 10 km
cannot be considered reliable while it is for the other datasets. As already mentioned in the
previous part, the FAR scores also indicate that CHAPTER overestimates the strongest intensities
(> 16mmper day) in spring and summer for every scale (Fig. 2.4). The high FAR scores
at these scales are associated with higher POD scores for CHAPTER than for the other two
datasets (Fig. 2.5). It shows that in general CHAPTER represents more strong convective events,
increasing both probabilities of capturing events observed in E-OBS and events not present in
the observation dataset.

Focusing on the comparison between CHAPTER and CHELSA with EURADCLIM at the
native resolution of CHAPTER (3 km, Fig. 2.6, 2.7, and 2.8) confirms the previous conclusions:
CHAPTER can be reliable up to a scale of 10 km for precipitation intensities of 5 mm per day
or 30 km for intensities of 8 mm per day (fig. 2.6). The main difference with CHELSA is in
summer at a scale of 3 km where CHAPTER is not reliable for any of the intensities. However,
it is worth mentioning that the mean difference between the scores of the two datasets is very
low, around 0.02 points.

Fig. 2.6 Fraction Skill Score of the daily precipitation accumulation of CHAPTER (top) and CHELSA
(bottom) against EURADCLIM for the period 2013-2016. All datasets are re-gridded on a regular grid of
3 km by 3 km. Black dots denote useful FSS values.
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Fig. 2.7 False Alarm Ratio of the daily precipitation accumulation of CHAPTER (top) and CHELSA
(bottom) against EURADCLIM for the period 2013-2016. All datasets are re-gridded on a regular grid of
3 km by 3 km.
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Fig. 2.8 Probability of Detection of the daily precipitation accumulation of CHAPTER (top) and CHELSA
(bottom) against EURADCLIM for the period 2013-2016. All datasets are re-gridded on a regular grid of
3 km by 3 km.

2.3.2 Temperature

Figure 2.9 shows the evolution in the monthly mean 2m-temperature over all the validation
domain of CHAPTER (upscaled at 10km), ERAS5-Land, and E-OBS, for the whole period
available in CHAPTER, i.e. 1981-2022. While ERAS5-Land presents a systematic positive
bias compared to E-OBS, CHAPTER seems to present a closer agreement with the observation
dataset, with a slight negative bias starting after the year 1995 and a small positive bias before.

Both datasets perfectly represent the evolution of the trends.



26 A Convection-Permitting Dynamical Downscaling of ERAS5 for Extreme Event Analysis

Fig. 2.9 Twelve-month running means of 2m temperature between 1981 and 2022 for E-OBS (black),
ERAS5-Land (red), and CHAPTER (green).

Table 2.1 presents the seasonal mean bias of temperature over all the domains, for the entire
period. The positive bias in ERA5-Land mainly comes from the summer and autumn seasons
while CHAPTER presents the strongest negative bias in winter. CHAPTER has both a positive
bias in summer and a negative bias in winter, while ERA5-Land has only a strong positive bias
in summer. This could explain why doing the running mean (Fig. 2.9) CHAPTER seems to have
a closer agreement with the observations: the negative bias in winter compensates the positive

one in summer.

Table 2.1 Mean bias of daily mean temperature of CHAPTER upscaled at 10 km and ERA5-Land
temperatures for each season over all the domain (1981-2022). The units are in degrees Celsius.

CHAPTER | ERAS5-Land
Spring | 0.02+£0.01 | 0.21 £ 0.01
Summer | 0.55+£0.01 | 0.70 = 0.01
Autumn | -0.02 £0.01 | 0.45 £0.01
Winter | -0.67 £ 0.01 | -0.04 £ 0.01
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Fig. 2.10 Bias of the daily mean temperature of CHAPTER (top) at 10 km and ERAS5-Land (bottom)
compared to E-OBS for the period 1981-2022.

Looking at the mean bias for each location (Fig. 2.10), there is a clear overestimation of
the temperature over the African coast. However, those large errors have perhaps more to do
with the scarcity of data on this region than with the intrinsic deficiencies of the model. On
another hand, the temperatures over the Alps are more frequently underestimated. It is important
to note that over these two regions, the same errors are observed both for CHAPTER and for
ERAS5-Land, both in sign and magnitude.

Because of error compensation, the mean bias alone provides only partial information
on model performance. The root mean square error (RMSE), shown in Figure 2.11, more
accurately represents the magnitude of the average error, while giving greater weight to larger
discrepancies. CHAPTER generally exhibits higher RMSE values than ERAS5-Land, with a
maximum seasonal mean RMSE of 2.18 °C in winter (Tab. 2.2). This confirms that CHAPTER
tends to display slightly larger instantaneous differences relative to E-OBS; however, these errors
largely compensate for each other both spatially and temporally, leading to a comparatively
small annual mean bias. In contrast, ERA5-Land does not exhibit such seasonal compensation:
it shows a pronounced positive bias in summer and only a weak negative bias in winter. As a
result, the seasonal errors do not offset each other, yielding a larger discrepancy with E-OBS in
the annual mean temperature. From a spatial perspective, the largest errors for both datasets are

again found over North Africa and the Alpine region.
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Table 2.2 Mean RMSE of the daily mean temperature of CHAPTER upscaled at 10 km and ERAS-Land
temperatures for each season over the entire domain (1981-2022). The units are in degrees Celsius.

CHAPTER | ERAS5-Land

Spring | 1.80 £0.02 | 1.64 £ 0.02
Summer | 2.02 £ 0.02 | 2.04 £ 0.02
Autumn | 1.66 £0.01 | 1.60 £ 0.01

Winter | 2.18 £0.02 | 1.72 £ 0.01

Fig. 2.11 RMSE of the daily mean temperature of CHAPTER (top) at 10 km and ERA5-Land (bottom)
compared to E-OBS for the period 1981-2022.

2.3.3 Added Value of CHAPTER over ERAS

The preceding sub-sections focus on comparing CHAPTER with state-of-the-art downscaling of
ERAS, one statistical and one dynamic. This section directly contrasts CHAPTER with ERAS to
evaluate the added value of CHAPTER. Figure 2.12 illustrates the AV for temperature, where
CHAPTER demonstrates a clear improvement. For nearly every grid cell across the domain
and in all seasons, the AV is positive. In the case of precipitation (fig. 2.13), positive AV are
observed over the plains of Central Europe during autumn, winter, and spring, whereas negative
values occur in summer and over mountainous regions throughout all seasons. This indicates that

during summer and in areas with complex orography, ERAS aligns more closely with E-OBS.
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Fig. 2.12 Added Value (AV) for seasonal daily mean temperature (1981-2022) to assess the added value
of CHAPTER over ERAS5 when compared to E-OBS.

Fig. 2.13 Added Value (AV) for seasonal daily accumulated precipitation (1981-2022) to assess the added
value of CHAPTER over ERA5 when compared to E-OBS.

The discrepancies between CHAPTER and E-OBS during summer or in specific regions
may partly stem from E-OBS’ inherent uncertainties. As highlighted in [172, 133, 179], the
sparse distribution of measurement stations in certain regions leads to an effective resolution
that is coarser than the nominal grid spacing, resulting in excessive smoothing of small-scale
precipitation patterns. This smoothing effect is particularly pronounced in complex orographic
regions such as the Alps and the Carpathians, where E-OBS tends to underestimate spatial
contrasts in mean annual precipitation and systematically underestimates extreme rainfall rates
due to the interpolation of coarse observations that miss or substantially dampen prominent

heavy precipitation anomalies [172].

Since extreme precipitations are more frequently observed in summer, a season dominated by
convective precipitation events [126, 127], such smoothing effects are expected to disproportion-
ately affect this season. The ability of CHAPTER to better represent such events is supported
by the PDF of annual daily mean precipitation (fig. 2.14): the tail of CHAPTER’s distribution
extends beyond those of E-OBS and ERAS. This contrast becomes even more evident when the
PDF of EURADCLIM is considered (fig. 2.15), as EURADCLIM is available at a much higher
resolution than E-OBS. In that case, CHAPTERs tail aligns more closely with EURADCLIM
than ERAS does, underscoring the added value of CHAPTER for capturing extreme precipitation
at finer spatial scales.
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Fig. 2.14 Probability density function of the annual daily mean precipitation for the period 1981-2022 for
the four datasets: E-OBS, ERAS5, ERAS5S-Land, and CHAPTER.
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Fig. 2.15 Probability density function of the annual daily mean precipitation for the period 2013-2020 for
the four datasets: EURADCLIM, ERAS, ERAS5-Land, and CHAPTER.

However, the overestimation of extreme events by CHAPTER may not solely stem from its
enhanced ability to represent convective events. An analysis of seasonal rainfall distributions
reveals that in summer, CHAPTER overestimates extreme events compared to E-OBS, while
ERAS slightly underestimates them, as can be seen in fig. 2.16. In winter, both CHAPTER
and ERAS overestimate intense rainfall compared to E-OBS. A probable hypothesis is that

ERAS tends to overestimate large-scale precipitation intensity over Europe, as already found by
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[172, 180, 181]. The influence of ERAS’s bias in large-scale precipitation may therefore partly
explain the overestimation observed in CHAPTER, particularly in winter. However, this remains
only a secondary factor, as the PDF distributions suggest that CHAPTER’s finer resolution
is the most dominant driver, enabling a more detailed representation of both convective and
large-scale precipitation processes that coarser models fail to capture. Overall, this leads to the
annual overestimation shown in fig. 2.14 and fig. 2.15. Further studies would be needed to fully
disentangle these contributions, as the current analysis does not, for example, explain why in
summer CHAPTER overestimates rainfall events when compared to EURADCLIM (fig. 2.17).

Fig. 2.16 Probability density function of the seasonal daily mean precipitation for the period 1981-2022
for the four datasets: E-OBS, ERAS, ERAS-Land, and CHAPTER.
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Fig. 2.17 Probability density function of the seasonal daily mean precipitation for the period 2013-2020
for the four datasets: EURADCLIM, ERAS, ERA5-Land, and CHAPTER.

A key advantage of CHAPTER lies in the availability of explicitly resolved vertical velocity.
The diagnostic field of maximum upward velocity (Wypyax) was employed to compute the
yearly mean number of days per month exceeding a threshold of 2 m.s~!. This metric enabled
the reconstruction of a thunderstorm climatology comparable to those reported in [182, 183, 5],
as can be seen comparing figures 2.18 & 2.19. This climatology demonstrates the capability of
CHAPTER to realistically represent extreme convective events.
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Fig. 2.18 Monthly averaged number of days with thunderstorms, i.e. days where for at least one hour
Wupmax > 2 m.s—1 for the period 2008-2017.
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Fig. 2.19 Mean annual number of days with thunderstorms in each month, based on EUCLID and ZEUS
lightning data for the period 2008-2017. Source: [5]

2.4 Discussion

The CHAPTER dataset, through its high-resolution dynamical downscaling of the ERAS global
reanalysis, offers a significant advancement in the realm of climate and weather modeling for
Europe and the Mediterranean basin. One of the primary benefits of CHAPTER is its cloud-
resolving grid spacing at 3 km by 3 km, which allows for detailed and precise simulations of

atmospheric phenomena along with hourly temporal resolution.
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Compared to existing state-of-the-art datasets, CHAPTER matches their performance and
presents an important added value by providing a rich list of three-dimensional variables, such
as temperature, water vapor mass fraction, wind components including vertical velocity, and
microphysical species mass fractions. This enhanced spatial resolution over such a long period,
42 years, is very valuable for comprehensive physical process studies and enables a deeper
understanding of severe hydro-meteorological phenomena in a changing climate.

For instance, statistical analyses of lightning potential indices, maximum vertical velocities
in updrafts, and hail statistics can be performed using CHAPTER data, and be compared to
observational data from recent climatologies [5, 184]. This will allow for a better understanding
of the physics behind lightning and hailstorm phenomena and their predictability such as in
[185]. Such insights are valuable for sectors like insurance, where risk assessment and damage

prediction are critical.

Moreover, CHAPTER’s high-resolution reanalysis fields, when coupled with models like the
Continuum hydrological model [186], could enable detailed studies of streamflow extremes and
long-term water balances [187]. This is particularly important for regions with small hydrological
catchments that are vulnerable to severe rainfall events [60]. By simulating various components
of the water cycle, CHAPTER can produce indicators of meteorological, hydrological, and
agricultural drought attributes, thus supporting decision-making in areas heavily affected by

climate variability and extremes.

High-resolution reanalysis datasets like CHAPTER are also crucial for studying wildfires
because they provide detailed and precise meteorological information that is essential for un-
derstanding and predicting fire behavior [188]. CHAPTER captures the fine-scale atmospheric
conditions that influence wildfire dynamics, such as wind speed, humidity, and temperature
variations but also as already mentioned lightning strikes [189]. Additionally, CHAPTER’s
comprehensive data can drive fire behavior models, as already done by [190], and inform for-
est management practices, ultimately contributing to more effective wildfire prevention and

mitigation strategies like prescribed fires [191].

Despite its advantages, the CHAPTER dataset faces different challenges. First, the data for
each day are produced by different independent runs which can create small discrepancies at
0000 UTC. This should not be a problem for the statistical application of CHAPTER described

above but needs to be evaluated when using CHAPTER to study the evolution of a specific event.

Second, the comparison with the ERAS5-Land convection-parametrized downscaling does
not show significant improvements across various metrics. This may be partly due to the
pronounced double penalty issue in high-resolution weather simulations. Such penalties arise
from spatial discrepancies in the locations of heavy rainfall or temperature peaks, resulting in
mismatches with observational data [174]. This problem is intrinsic to simulations of deep moist
convection, which are highly chaotic and difficult to predict with high accuracy. While a fuzzy
validation technique for precipitation addresses this issue to some extent, the most effective



36 A Convection-Permitting Dynamical Downscaling of ERAS5 for Extreme Event Analysis

methods for enhancing precision involve the additional assimilation of radar observations [192]
or post-processing reanalysis data using optimal interpolation techniques [26].

Data assimilation is challenging to implement at the resolution provided by CHAPTER
and on such a large territory [193]. However, the integration of CHAPTER into multi-model
ensemble-based approaches could mitigate this issue. Such approaches enhance the robustness
of simulations and improve the representation of unresolved physics in convection-permitting
models. Recent European efforts have shown that multi-model convection-permitting regional
climate simulations provide a more realistic representation of heavy precipitation and improve

confidence in simulating convection extremes [140, 194, 195].

Furthermore, CHAPTER’s high-resolution reanalysis fields are poised to benefit machine
learning applications in weather and climate analysis. These applications can include data
assimilation corrections [196] and improved parameterization of atmospheric processes in general
circulation models, leveraging machine learning methods to enhance predictive capabilities and
model accuracy [197] as done by [198].

The last point concerns CHAPTER uncertainties. ERAS features an ensemble data assimila-
tion (EDA) component [199] including one control and nine perturbed members. This ensemble
provides background error estimates, enabling the estimation of analysis and short-range forecast
uncertainties. In contrast, CHAPTER lacks an ensemble component that precludes a direct esti-
mation of uncertainties analogous to those provided by the EDA systems of ERAS. Nevertheless,

several potential methods could be explored to assess the uncertainty in CHAPTER.

Since CHAPTER is a deterministic downscaling of ERAS, the 10-member ERAS ensemble
could, in principle, be used to generate 10 independent realizations of CHAPTER, from which
uncertainty could be estimated using the ensemble spread (e.g., maximum minus minimum
values). A complementary approach would consist of constructing a multiphysics ensemble by
repeating the CHAPTER simulations with alternative physical parameterization schemes or by
adopting a stochastic perturbation approach while keeping the deterministic ERAS boundary
conditions unchanged, thereby assessing the sensitivity of the results to model physics. However,

both strategies are beyond the scope of this thesis work by their extreme computational demands.

The production of the existing 42-year CHAPTER dataset alone required approximately
42 million CPU hours on the SuperMUC-NG supercomputer at the Leibniz Supercomputing
Centre (LRZ). Extending this effort to a 10-member ERAS5 ensemble would therefore increase the
computational cost by roughly an order of magnitude, while a multiphysics or stochastic ensemble
would entail a comparable or even larger increase depending on the number of configurations
considered. Such requirements make these ensemble-based approaches infeasible within the
thesis work over the full spatial and temporal extent of the CHAPTER domain. Nevertheless, for
carefully selected regions of interest, it may be conceivable in the future to use one or both of
the approaches described above, in order to obtain localized and process-oriented estimates of

uncertainty.
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A more feasible alternative is the application of a pragmatic, low-budget postprocessing
approach, as described by [200]. This methodology derives probabilistic forecasts from de-
terministic model outputs by examining the spatiotemporal neighborhood of a grid point to
generate a set of forecasts. These forecasts are then used to calculate probabilistic metrics, such
as ensemble mean and spread for the central point. Applying this method to CHAPTER would
allow the derivation of a spatiotemporal uncertainty metric at each grid point without the need

for ensemble simulations or historical error statistics, making it a cost-effective solution.

Finally, it has to be pointed out that fuzzy verification techniques provide insights into the
spatial scales at which CHAPTER is reliable. As shown in the validation of precipitation section,
CHAPTER reliability aligns with that of ERAS5-Land and CHELSA, both of which are widely
recognized as valuable downscaling products of ERAS. This alignment supports the credibility
of CHAPTER’s outputs at comparable spatial scales.

Overall, CHAPTER is a valuable resource for climate scientists, natural hazard researchers,
and stakeholders involved in risk assessment and mitigation of extreme weather events. It
offers critical insights and a robust foundation for future research and applications aimed at
understanding and managing weather-related hazards in the context of global warming.



Chapter 3

Changes in Extreme Precipitation

3.1 Context and Significance

As introduced in Chapter 1, global warming reshapes the convective environment through a
combination of thermodynamic and dynamic pathways that need to be carefully disentangled.
Thermodynamic changes stem primarily from the temperature-driven increase in atmospheric
moisture, as predicted by Clausius—Clapeyron scaling. Consequently, the associated increase
in specific humidity enlarges the reservoir of precipitable water accessible to weather systems,
allowing convective storms to yield higher rainfall intensities when they develop. This process
describes the thermodynamic backdrop against which deep convection will operate in a warmer

climate.

Yet the extent to which these latent thermodynamic potentials translate into changes in actual
extreme precipitation depends crucially on dynamical responses - in particular, how convective
organization evolves with warming. Several studies have underscored that dynamic adjust-
ments can either amplify or counteract thermodynamic increases in humidity [201-203, 102].
For instance, while precipitation extremes tend to scale positively with moisture availability,
the dynamical component of vertical motions can impose substantial deviations from Clau-
sius—Clapeyron (CC) scaling, sometimes leading to super-CC or sub-CC behavior depending on
the regional circulation response. This interplay between moisture-controlled thermodynamics
and circulation-controlled dynamics is therefore central to understanding changes in convective

intensity and rainfall extremes.

This chapter has been built directly on this thermodynamic—dynamic distinction by adopting
a physical scaling framework similar to that advanced in recent studies [204-206] (see section
3.2). This approach decomposes changes in convective strength and precipitation into contri-
butions from (i) thermodynamic forcing, or in other words, moisture changes constrained by

Clausius—Clapeyron; and (i1) dynamic forcing, which involves the response of vertical velocities,
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mesoscale organization, and large-scale ascent. By doing so, the goal is to clarify whether pro-
jected changes in convective extremes arise predominantly from enhanced moisture availability,

from altered atmospheric dynamics, or from nonlinear interactions between the two.

These studies [203, 205, 206] collectively demonstrate that regional patterns of change in
extreme precipitation cannot be inferred from thermodynamic arguments alone. Instead, they em-
phasize the need to account for dynamically driven variations in vertical motion, which can either
reinforce or counteract the moisture-driven intensification expected under Clausius—Clapeyron
scaling. For instance, enhanced ascent in regions such as the Central Pacific and Southeast Asia
acts to magnify precipitation extremes beyond thermodynamic expectations, whereas weakened
vertical velocities across the subtropics, including the Mediterranean, Australia, and Southern
Africa, can offset or even reverse the thermodynamic tendency for intensification. Such re-
sults underscore that spatial heterogeneity in the forced response emerges from the interplay of

moisture availability and evolving atmospheric circulation.

However, a significant limitation of prior work is that these thermodynamic—dynamic decom-
positions have been performed using global climate models. Because these models parameterize
convection, the diagnosed dynamic component primarily reflects changes in large-scale vertical
motion, such as shifts in the Hadley circulation, while omitting modifications to local convective
organization. Consequently, the mechanisms driving the dynamic response remain only partially
constrained, and key processes, such as changes in updraft intensity, entrainment, and storm
morphology, are effectively hidden within parameterized subgrid physics.

To overcome these limitations, the convection-resolving CHAPTER dataset presented in
Chapter 2 was employed. CHAPTER explicitly resolves convective updrafts and associated
mesoscale organization. This approach allows the dynamical pathways through which changes in
storm structure, cloud-scale motions, and convective clustering contribute to the overall response
of extreme precipitation to be directly examined. Combining this process-level insight with
the physical scaling framework presented afterward enables a more complete and mechanistic
interpretation of how thermodynamic and dynamic forcings jointly shape precipitation extremes

in a changing climate.

3.2 Materials and Methods

All variables analyzed in this study are derived from the CHAPTER dataset introduced previ-
ously. The study domain is limited to (20°W—42°E; 30°N—-60°N), as trend analyses of extreme
precipitation over the Saharan Desert, where climatological rainfall is extremely low, can produce
artificially large but statistically non-significant relative changes.

As already anticipated, following [204-206], the hourly maxima precipitation found in
CHAPTER has been approximated with a physical scaling diagnostic. This scaling allows the de-
composition of maximum precipitation changes into thermodynamic and dynamic contributions:
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d
P, = _g{we& } (3.1)
dp o

Where P,, the annual maximum hourly precipitation at each model grid point, is related to the

corresponding vertical pressure velocity @, and the vertical derivative of the saturation specific
humidity ¢ at constant saturation equivalent potential temperature 0. Finally, {.} indicates a

mass-weighted vertical integral over the troposphere.

This scaling relation can be derived by assuming a moist-adiabatic, saturated ascent of air
parcels. The term in brackets in equation 3.1 provides an estimate of the column-integrated
condensation rate associated with the ascending motion. Following [207], to account for the fact
that not all condensed moisture contributes to surface precipitation, a precipitation efficiency
term, &, is included in the scaling. This parameter represents not only the evaporation of falling
precipitation in subsaturated layers, but also the effect of the lifting condensation level being
generally located above the surface. As a consequence, vertical gradients of the saturation

specific humidity in the lower troposphere may not be associated with condensation.

This scaling framework allows the total temporal changes in P, to be decomposed into
distinct dynamic and thermodynamic contributions. To this end, a thermodynamic scaling is
defined using equation 3.1 while neglecting time variations in the vertical velocity associated
with extreme precipitation; specifically, at each location, , is replaced by its temporal mean
over all extreme events during the period 1981-2022. Conversely, a dynamic scaling is computed
by neglecting time variations in the saturation specific humidity, such that, at each location, the
pressure and temperature fields used to calculate g, are replaced by their temporal averages over

all extreme events in the same period.

Instead of computing the scaling only for the single hour associated with the annual maximum
precipitation, a sensitivity analysis was performed by calculating the scaling for the 20 highest-
precipitation hours of each year over the 1981-2022 period. For each of those 20 hours, profiles
of hourly temperature, pressure, and vertical velocity on model levels were extracted at the
corresponding grid point locations. In the next section, results based on the average of the five
hours with the most intense precipitation are presented. This choice represents a compromise: it
captures the characteristics of the most extreme events while avoiding the noise that may arise
when relying on a single hour. Results based on averaging the top 20, 10, and the single most
intense precipitation hours are provided in Appendix A (sup. fig. A.6, A.7, & A.8).

While the WRF model used in CHAPTER was integrated at a native grid spacing of 0.03°
(Ax), it is well-established that the effective resolution of such models, that is to say the scale at
which they accurately resolve physical features, is typically 6Ax to 8 Ax. This is due to numerical
diffusion and the Nyquist limit [208, 209, 133]. Such an effective resolution is confirmed for
CHAPTER with the validation analyses presented Chapter 2. Notably, the fuzzy validation
technique performed for daily precipitation data shows that CHPATER is more reliable at spatial
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scales superior to SAx. Therefore, for a better representation of the principal patterns, the final
scaling results presented in the next section have been upscaled to a grid with a 0.24° spatial
resolution (approximately 8Ax) using a box-averaged remapping. This procedure filters out
inherent grid-scale noise and ensures that the analyzed precipitation trends reflect physically

robust, skillful scales rather than numerical artifacts.

Alongside the scaling, two key variables were employed to evaluate environmental convective
potential: Convective Available Potential Energy (CAPE) and Moist Static Energy (MSE). These
two variables were introduced in the first chapter of this thesis (1); for completeness, they are

recalled here and defined mathematically below.

While CAPE directly measures the vertically integrated buoyant energy available to an
ascending air parcel and is therefore closely tied to storm intensity, MSE describes the energetic
content of the air column and is approximately conserved under moist adiabatic motions. As
such, vertical gradients in MSE provide a physically intuitive framework for understanding the
origin of CAPE, with CAPE emerging from differences between the MSE of near-surface air and
that of the overlying troposphere. The two diagnostics are thus complementary: CAPE quantifies
convective instability explicitly, whereas MSE offers a more fundamental and thermodynamically
grounded perspective on how this instability is established and how it evolves under climate
change.

MSE =C,T + Ly + gz (3.2)

With C,, the specific heat at constant pressure, 7' the absolute air temperature, L, the latent heat of
vaporization, g the specific humidity, g the gravitational constant, and z the geopotential height
above sea level.

EL TV arcel Tvenv
CAPE = g/ L dz (3.3)
LFC L,,

With LFC the level of free convection, EL the equilibrium level (level of neutral buoyancy);
T,

Vparces 18 the virtual temperature of the considered parcel, and T,

is the virtual temperature of

eny

the surrounding environment.

More specifically, the CAPE presented in the results section (3.3) is defined as the maximum
CAPE occurring within the six hours preceding each hourly precipitation maximum. In addition,
for each of these six time steps, we retained the maximum CAPE value within a surrounding
neighborhood defined by a radius of three grid cells. This spatial maximization accounts for
potential displacement between the location of peak convective instability and the precipitation

maximum, reflecting the influence of mesoscale organization and advective processes.
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3.3 Results

3.3.1 Extreme precipitations

The temperature increase in the CHAPTER dataset was briefly introduced in Section 2.3.2,
where the domain-averaged time series indicates a mean warming of 1.3 K over the period
1981-2022. However, this spatially averaged value conceals substantial regional and seasonal
variability, as shown in figure 3.1. In both winter and summer, large areas in the central-eastern
part of the domain exhibit warming trends approximately twice the domain mean, with local
temperature increases reaching up to 3.5 K. This corresponds to a substantial change relative
to the regional mean surface temperature of about 295 K, whose climatology is shown in the
supplementary figure A.1.

Fig. 3.1 Seasonal total change of 2m temperature between 1981 and 2022.

The domain-mean annual hourly precipitation amounts to approximately 0.08 mm.h~!. Over
the study period, despite the warming, this mean value does not exhibit any substantial change.
Indeed, the change in hourly mean precipitation averaged over the entire domain is 0.00 mm.h~!,
reflecting a compensation between positive and negative regional trends. However, this domain-
wide average masks pronounced spatial and seasonal contrasts (see fig. 3.2). During summer,
precipitation decreases of up to —0.05 mm.h~! are observed north of the Black Sea, whereas in
fall, increases reaching +0.06 mm.h~' occur over the Tonian Sea. These variations should be
interpreted relative to the local seasonal climatology, which is on the order of 0.11 mm.h~! for
Ukraine in summer and of 0.14 mm.h~! for the Ionian Sea in fall (see sup. fig. A.2).
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Fig. 3.2 Seasonal total change of hourly accumulated precipitation between 1981 and 2022.

Summer and fall are highlighted here because, when selecting the five hours per year
corresponding to the most intense precipitation at each grid point, as described in Section 3.2,
these two seasons contain the highest numbers of extreme precipitation events (see sup. fig.
A.3). This behaviour is expected, as the most intense hourly precipitation is typically associated
with convective phenomena that predominantly occur during the warmest months of the year
[210]. The 1981-2020 average of the intensity of the 5 most extreme hourly precipitation events
per year is shown in fig. 3.3. Its domain average is 12.5 mm.h~", but larger values are present,

especially in the Ionian Sea and in several Northern Mediterranean coastal areas.

Using eq. 3.1, it can be assessed how effectively the proposed scaling relationship reproduces
the spatial pattern of these extreme events. In the assumption that the precipitation efficiency, &€,
does not change over time, extreme hourly precipitation P, is computed using eq. 3.1 and € is
obtained as follows. First, the scaling was computed using € = 1. Then, at each location the ratio
between the time average of hourly precipitation for the selected extreme events (as shown in fig.
3.3.a) and the time average of the corresponding scaling values (as shown in sup. fig. A.4.a)
was computed. This ratio was used as a spatially variable efficiency factor (sup. fig. A.4.b). Its
domain mean was then used to define € = 0.68 in eq. 3.1, leading to the time mean values of
scaled precipitation shown in fig. 3.3.b. It is stressed that this procedure affects the magnitude of
the extreme precipitations reconstructed using eq. 3.1 but not their spatial nor temporal relative

variability, as the same € value is used at any location and time.

The maps of the extreme precipitation intensity averaged over the study period and the
corresponding scaling-reconstructed extreme rainfalls, shown in fig. 3.3, have a spatial correlation
of 0.88. This large correlation coefficient confirms that the scaling relationship accurately
captures the spatial pattern of annual maximum precipitation for the period considered (fig. 3.3.a
and fig. 3.3.b).
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However, it tends to overestimate precipitation amounts in regions with complex orography,
such as the Alps, the Cantabrian Mountains, and the Dinaric Alps. The performance is slightly
lower than reported in [206], likely because the assumption that local net condensation rate
directly corresponds to precipitation extremes holds more robustly at the coarser resolutions of
global simulations (0.5°—4° in the CMIP5 models), as lateral liquid water transport among larger
grid boxes is less important.

(a) CHAPTER precipitation (b) Scaling-reconstructed precipitation

Fig. 3.3 Mean top-5 annual hourly precipitation (mm.h~!) from CHAPTER rainfall (left), and from
scaling-reconstruction using eq. 3.1 (right), all averaged over the period 1981-2022. Data have been
upscaled at 0.24° latitude and longitude using a box average.

The changes in precipitation extremes in recent decades have been investigated by calculating
linear regressions of the relative change of annual mean intensity of the extreme precipitation
events at each grid point (with respect to the mean over the whole period), as shown in fig.
3.4.a. The domain mean extreme precipitation change has been +0.9 mm.h~!, which is a relative
increase of 7% compared to the annual mean of 12.5 mm.h~! (fig. 3.3.a). Such a relative
increase, with respect to the total temperature change of +1.3 K corresponds to a sub-CC scaling.
However, different spatial patterns are observed: the positive trends are observed in most of
the Mediterranean and North Sea, with increases up to 8 mm.h~! (corresponding to +50%,
a super-CC scaling), while the western part of France, the Iberian Peninsula, and the border
between eastern Europe and Russia experienced negative trends.

Over the period 1981-2022, changes in extreme precipitation can be expected to be strongly
influenced by natural variability; nevertheless, statistically significant trends do emerge in specific
regions. A Student’s t-test was applied to the precipitation trends under the null hypothesis of
zero slope, revealing that approximately 10% of grid points exhibit significant trends at the 95%
confidence level (see sup. fig. A.5). These localized areas of significance highlight regions

where the forced signal in extreme precipitation is detectable above background variability.

The scaling-reconstructed precipitation change (fig. 3.4.b) does capture the main features of
the model changes, with a spatial correlation of 0.73. Although the signal is noisier than in the
model output and tends to overestimate trend magnitudes, it still provides a useful framework
for examining changes in extreme precipitation. The main part of the precipitation changes is

driven by the dynamic contribution (fig. 3.4d), which well reproduces the observed changes in
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the full scaling (fig. 3.4.b). The spatial correlation between the model outputs (fig. 3.4.a) and
the dynamical scaling is 0.70, while with the thermodynamic scaling, the spatial correlation is
0.58. Therefore, changes in convective dynamics emerge as the dominant factor, more accurately
reproducing the spatial distribution and intensity in changes of the extreme events found in the
CHAPTER precipitation dataset.

To further assess the robustness of these results, a series of sensitivity tests were performed in
which the scaling was computed using different definitions of extreme precipitation, considering
not only the five hours with the most intense precipitation but also the 20, 10, and single most
intense hourly events, as described in the section Materials and Methods (3.2). Across all
configurations, the resulting spatial patterns remain essentially unchanged, confirming that the
diagnosed trends are not sensitive to the number of extreme events used to define the scaling. In
all cases, the dynamical component consistently dominates and drives the changes in extreme
precipitation simulated by the model, as summarized in the supplementary table A.1. As
expected, however, the spatial correlation between the model output and the scaling decreases
when fewer events are considered, reflecting the increased noisiness of the scaling when it is

based on a very limited number of extreme events, particularly in the single-event case.

(a) CHAPTER (b) Scaling

(c) Thermodynamic scaling (omega constant) (d) Dynamic scaling (temperature constant)

Fig. 3.4 Total change in mean top-5 annual hourly precipitation (top, left), precipitation extremes scaling
(top, right), the thermodynamic scaling (center, left), and the dynamic scaling (center, right), derived from
a linear regression for the period 1981-2022. The unit is mm.h~'. Data have been upscaled at 0.24° using
a box average.
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3.3.2 The role of convective instability

Considering that most selected extreme events occur during the summer and fall seasons (fig.
A.3), convective instability is expected to contribute to their occurrence. The fraction of selected
events associated with high CAPE values is therefore quantified. Convection is considered to be
an important player in the precipitation event in case the corresponding CAPE was larger than a
given threshold (here taken as 500 J/kg, but sensitivity with respect to changes in this threshold
has been investigated).

Over vast areas in continental Europe and the Mediterranean, most events are characterized
as convective events, while over the Atlantic Ocean, the North Sea, and much of Northern Africa,
convection is not important (fig. 3.5.a). When looking at the trend in the fraction of convective
events among the selected extreme events, it can be noticed that there is a decrease in the number
of convective events over the Iberian Peninsula, Western France, and the Eastern part of the
domain, i.e., where there is a decrease in the intensity of extreme precipitation (fig. 3.4.a), and
in the dynamical scaling (fig. 3.4.d). On the other hand, there is an increase in the number of
convective events over most of the Mediterranean Basin, and especially in the Levantine Basin.
No particular signal is observed over the Ionian Sea, where extreme precipitation events are
already almost exclusively convective from the beginning of the study period, such that the

fraction of convective events is close to 100% and cannot increase substantially.

(a) Climatology (b) Trends

Fig. 3.5 Climatology (left) and total change (right) of the probability that the mean CAPE between the
top-5 annual hourly precipitation (fig. 3.4.a) exceeds a threshold of 500J.kg~".

The motivation behind these changes in CAPE can be investigated using the moist static
energy (MSE). Focusing on the fall season, during which the events considered here predomi-
nantly occur (sup. fig. A.3), the climatological difference between surface and mid-tropospheric
MSE over the 1982-2022 period exhibits a pronounced spatial contrast (fig. 3.7). Positive values
prevail over the Mediterranean Sea, indicating that near-surface air has higher energetic content
than the free troposphere, a configuration favorable for deep convection. This is consistent with
the large CAPE values observed over the same region (fig. 3.5.a). In contrast, negative MSE
differences dominate over the Iberian Peninsula, reflecting a more stable atmospheric column

and a reduced potential for deep convective development.
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Changes in the surface-to-mid-tropospheric MSE difference over the same period further
mirror the spatial pattern of extreme precipitation intensity, with a pronounced increase over the
central Mediterranean basin and a weak negative change over France and the Iberian Peninsula
(fig. 3.7). Notably, the increase occurs in regions where the MSE difference is already positive,
whereas regions characterized by negative MSE differences show minimal change. Together,
these results indicate a strengthening of convective instability in areas that are already prone to
deep convection, while regions that are climatologically stable experience limited modification

of convective instability despite surface warming.

Fig. 3.6 Seasonal climatology of the difference between surface and mid-tropospheric MSE between 1981
and 2022.

Fig. 3.7 Seasonal total change of the difference between surface and mid-tropospheric MSE between 1981
and 2022.
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To better understand the mechanisms driving this evolution, surface MSE changes (sup. fig.
A.9) have been decomposed into the temperature component (c;, X f,, see sup. fig. A.10) and
the specific humidity component (L, X g2,,; see sup. fig. A.11). This decomposition reveals that
the contrasting MSE response is primarily controlled by changes in specific humidity (fig. 3.8).
In fall, near-surface specific humidity increases strongly over the central Mediterranean (Italy,
Greece, and the Ionian Sea), while remaining weak or decreasing over the Iberian Peninsula,
even though the two regions have a sensibly similar climatology as shown in the supplementary
figure A.12. These opposite changes result in a clear dipole in surface MSE (fig. A.9).

Fig. 3.8 Seasonal total change of 2m specific humidity between 1981 and 2022.

Over the Iberian Peninsula, soil moisture is climatologically low during fall and exhibits a
marked decreasing trend under warming conditions (fig. 3.9 & sup. fig. A.13). This combination
of limited baseline moisture availability and ongoing drying strongly constrains evaporation,
leading to reduced near-surface specific humidity. In contrast, southern Italy and Greece are
characterized by higher climatological soil moisture in autumn, which is further increasing over
time (fig. 3.9 & sup. fig. A.13). This wetter baseline state, together with the sustained moisture
supply provided by the Mediterranean Sea, allows evaporation to remain largely unconstrained.
As a result, near-surface humidity and convective potential are enhanced in the central and
eastern Mediterranean.
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Fig. 3.9 Seasonal total relative change of first level soil moisture between 1981 and 2022.

Therefore, the results point to a strong modulation of convective responses by the underlying
climatological moisture regime, highlighting a feedback between surface water availability,
evaporation, and convective intensity. Over the Iberian Peninsula and Western France, the clima-
tological environment is not conducive to deep convection, owing to limited soil moisture and
surface evaporation. Under warming conditions, this moisture limitation intensifies, preventing
surface moist static energy from increasing sufficiently to destabilize the atmospheric column.
As a result, convective activity remains suppressed, leading to a decrease in hourly extreme

precipitation (fig. 3.4.a).

In contrast, over the Ionian Sea region, encompassing southern Italy and Greece, the clima-
tological environment is already favorable for deep convection, supported by high sea-surface
temperatures and ample soil moisture. In this moisture-rich regime, warming enhances evapora-
tion from both land and sea, increasing near-surface moisture and convective instability. This
leads to a coherent intensification of both mean fall precipitation (fig. 3.2) and hourly extreme
rainfall (fig. 3.4.a). Together, these results indicate that the response of extreme precipita-
tion to warming is strongly conditioned by the pre-existing climatological moisture state, with
convection-prone regions becoming more unstable, while moisture-limited regions experience a

weakening of convective extremes.

3.4 Discussion

The results indicate that, over the 1981-2022 period, annual hourly precipitation extremes over
the study domain increased on average by about 0.9 mm.h~! in association with a mean warming
of +1.3 K. This signal, however, exhibits strong spatial heterogeneity and generally low statistical

significance, pointing to a substantial influence of natural variability. The physical scaling
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framework reproduces the main features of the observed spatial patterns, and the decomposition
highlights the dominant role of the dynamical contribution relative to the thermodynamic one in

shaping regional changes in extreme precipitation.

This finding contrasts with many previous studies in which the thermodynamic component,
associated with increased moisture availability under warming, is often regarded as the most
robust and certain aspect of the response. For example, [206] found at the global scale only a
weak contribution from synoptic-scale vertical velocity, with thermodynamics capturing most of

the forced signal in heavy precipitation extremes in the mid latitudes.

Such conclusions, however, are largely drawn from global-scale analyses that rely on coarse-
resolution climate models with parametrized convection and focus on daily extreme precipitation,
a temporal scale at which convective processes play a relatively smaller role. As a result, these
studies tend to emphasize large-scale, moisture-driven responses. Moreover, these studies have
predominantly examined future climate projections, for which the externally forced thermody-
namic signal is expected to be stronger than in historical changes. As a result, thermodynamically
driven responses tend to dominate in such analyses, whereas in the historical, high-resolution

framework considered here, dynamic processes play a more prominent role.

At regional and hourly scales, dynamical processes are widely recognized as critical modula-
tors of precipitation extremes. [211], for instance, demonstrated that moisture increases alone
are insufficient to explain regional patterns of heavy precipitation, while [212] emphasized that
dynamical changes, although more uncertain, are critical for understanding regional climate
impacts and informing adaptation.

The importance of dynamics is further supported by [204], who highlighted that improving
the representation of vertical velocities is essential for more realistic simulations of precipitation
extremes. Also [206] acknowledged that dynamical contributions can substantially modulate
regional responses; however, for the Mediterranean region, they found that dynamics tend
to weaken the thermodynamically driven increase, whereas the present results indicate an
intensification of extremes associated with strengthened dynamics. This discrepancy supports
the hypothesis introduced earlier: at regional scales and in areas where convection plays a
central role, increases in extreme precipitation are more plausibly explained by a strengthening
of convective dynamics in a warmer climate rather than by moisture increases alone.

However, these results are affected by substantial uncertainty, as illustrated by the limited
spatial extent of statistically significant trends, which suggests that internal climate variability
strongly modulates changes in extreme precipitation over the 1981-2022 period. This dominance
of variability does not imply that the analysis is flawed or uninformative; rather, it is consistent
with the well-established difficulty of isolating a clear climate-change signal in precipitation

extremes at regional scales over a few decades.

As emphasized by [213], natural variability can obscure underlying long-term tendencies in

both observations and model-based datasets, leading to noisy and spatially heterogeneous signals
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even when physical intensification mechanisms are expected to operate. In this context, high-
resolution downscaling remains one of the most powerful tools available to investigate spatial
patterns of extremes, as it allows a more realistic representation of mesoscale processes and
convective rainfall that are essential for capturing regional contrasts, as shown by [214]. While
such approaches cannot eliminate irreducible uncertainty, they provide physically consistent

information that would be inaccessible at coarser resolutions.

Ultimately, a key avenue for improving robustness would be the construction of ensembles,
for instance by combining CHAPTER with other downscalings of ERAS over targeted subregions
[151, 152, 155, 153], to better separate forced signals from internal variability. Large initial-
condition ensembles, as discussed by [215], offer a conceptual framework for this strategy.
Their work suggests that the methodology developed for CHAPTER could be extended in
future work to ensemble-based analyses, yielding more robust regional assessments despite the
inherently low signal-to-noise ratio. However, as already discussed in Chapter 2 (Section 2.4),
the implementation of such ensemble-based analyses at convection-permitting resolution remains
highly challenging from a computational perspective, particularly when applied to large spatial

domains and multi-decadal periods.

Building on the contrasting autumnal responses identified across the Mediterranean, with
drying and weakening extremes over the Iberian Peninsula and Western France versus increasing
moisture availability and intensifying precipitation over southern Italy and Greece, the results
align with a well-established body of literature highlighting both direct and indirect soil mois-
ture—precipitation feedbacks. Early studies [216, 217] emphasized a direct feedback, whereby
reduced soil moisture leads to diminished evapotranspiration and, consequently, reduced atmo-
spheric moisture availability and precipitation. They also documented how this mechanism can
propagate soil moisture deficits seasonally, from reduced spring snowmelt to enhanced summer
drought conditions.

Beyond this direct pathway, several studies have proposed an indirect feedback mediated by
surface energy balance, radiation, and convective instability. [218] and [219] showed that dry
soils reduce net radiation and total turbulent heat fluxes, thereby lowering boundary-layer moist
static energy (MSE) and limiting the energy available for deep convection. This framework was
further developed by [220], who identified land—atmosphere coupling regimes in which wet soils
enhance convective activity through increased latent heat flux and CAPE, a regime particularly
relevant for transitional climates such as the Mediterranean. [221] synthesized these mechanisms,
emphasizing that soil moisture—precipitation coupling is strongest in such transitional regions,
where drying can effectively suppress latent heat fluxes and convective potential, as suggested by

the findings over Iberia.

In this context, the use of boundary-layer MSE as a proxy for land—atmosphere coupling
is well justified: [218] explicitly linked wet soils to higher boundary-layer MSE and increased
rainfall likelihood, while more recent work by [222] showed a robust relationship between
MSE and extreme precipitation, suggesting relatively stable precipitation efficiency. Together,
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these studies support the interpretation that contrasting soil moisture trajectories across the
Mediterranean modulate evaporation, boundary-layer energetics, and ultimately the occurrence

of extreme rainfall through both direct moisture limitation and indirect energetic pathways.

Despite its relevance, the use of MSE as a primary diagnostic has inherent limitations. A more
comprehensive characterization of the convective environment would ideally include additional
indicators such as Convective Inhibition (CIN), total column water vapour, or thunderstorm-
oriented indices such as the K-index or Total Totals (TT). Temporal constraints prevented the
inclusion of these diagnostics in the present thesis. Moreover, a definitive attribution of the
feedback mechanism discussed in this chapter would require targeted numerical sensitivity
experiments, in which surface evaporative fluxes are artificially decoupled from soil moisture
availability. Such experiments would allow a direct assessment of the influence of soil moisture
on convective updraft dynamics and extreme precipitation at the regional scale. However, the
computational demands and associated carbon footprint of simulations covering the full CHAP-
TER domain at the required resolution render this approach unfeasible. In the absence of a means
to fully disentangle these interactions within the available dataset, the physical coherence of the
results nevertheless provides strong circumstantial evidence for a soil moisture—precipitation
feedback operating through both moisture supply limitations and boundary-layer energetic

modulation of convection.



Chapter 4

The Development of Tropical-Like Features
in Mediterranean Cyclones

4.1 Context and Significance

While the previous chapter focused on convection at the local scale, it is essential to recognize
that convective activity is often organized, intensified, and sustained by larger-scale synoptic
structures. In the Mediterranean, more than 80% of precipitation extremes are directly associated
with cyclones [102], underscoring the close coupling between local convective sensitivity and
broader dynamical forcing. Variations in storm tracks, upper-level disturbances, and large-scale
circulation patterns therefore play a central role in shaping extreme events. To fully understand
their drivers, the analysis must extend beyond isolated convective processes to encompass the
environmental conditions that promote the development of organized convective systems. This
chapter adopts such a perspective by focusing on the environments associated with the most

intense form of organized convective systems in the Mediterranean: tropical-like cyclones.

As introduced in Chapter 1, the majority of Mediterranean cyclones follow the extratropical
paradigm; however, a subset can undergo profound structural changes when deep, persistent
convection becomes established near their core. These Mediterranean Tropical-Like Cyclones
(MTLC), or medicanes, can acquire enhanced axisymmetry, strong diabatic forcing, and the
development of a deep warm core. Their hybrid character, straddling baroclinic and tropical
dynamics, challenges traditional cyclone classifications and raises fundamental questions about
the mechanisms governing their evolution.

MTLC are relatively rare phenomena, with an annual frequency that depends on the definition
adopted but generally amounts to only a few cases per year [223-226]. As a result, the physical
mechanisms underlying their development have most often been investigated through detailed

analyses of individual or small sets of case studies [223, 227-229]. A more systematic perspective
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was provided by the climatological study of [230], based on downscaled reanalysis data, which
characterized the large-scale environmental conditions associated with their formation. That
study highlighted the presence, during the early stages, of weak vertical wind shear, upper-level
cold intrusions, enhanced moisture availability, and strong vorticity, expressed as anomalies
relative to the seasonal climatology.

However, many of these environmental features are not specific to Mediterranean tropical-like
cyclones, but are also commonly associated with Mediterranean cyclones more generally, includ-
ing classical cold-core systems. This raises a fundamental open question: which factors control
whether a Mediterranean cyclone follows a “classical” extratropical evolution or transitions
toward a tropical-like structure?

Addressing this question requires first clarifying which tropical-like characteristics are
considered when identifying Mediterranean tropical-like cyclones. Recent efforts within the
scientific community have therefore sought to formalize the defining features of medicanes
and to provide a clearer framework for their identification [231]. In this spirit, the following

definition has been proposed:

“A medicane is a mesoscale cyclone that develops over the Mediterranean Sea and displays
tropical-like cyclone characteristics: a warm core extending into the upper troposphere, an eye-
like feature in its center with spiral cloud bands around, an almost windless center surrounded
by nearly symmetric sea-surface wind circulation with maximum wind speed within a few tens of

kilometers from the center.”

While this definition reflects a growing consensus within the scientific community, it remains
focused on a specific subset of Mediterranean cyclones exhibiting the most pronounced tropical-
like characteristics. As such, it does not encompass all Mediterranean cyclones that develop
significant warm-core structures, which may share similar physical processes without fully
satisfying all morphological or dynamical criteria of the definition.

Therefore, this study adopts a more phenomenological approach by introducing the term
Deep Warm-Core Cyclone (DWCC) to denote Mediterranean cyclones that develop a pronounced
and vertically deep warm-core structure during their mature phase, irrespective of whether they
meet all the criteria of the existing Medicane definition. This choice allows the analysis to
focus on the physical processes leading to warm-core development, acknowledging that such
development may arise from multiple mechanisms across a broader spectrum of Mediterranean

cyclones.

Indeed, the development of DWCC can be associated with the WISHE mechanism [79].
This means that DWCC evolution is due to the positive feedback between the sea surface heat
fluxes and the surface wind [232, 227]. In those cases, the large release of latent heat favors the
development of a warm core and deep convection is significant to maintain the system, as in
TC. Another mechanism that leads to the development of a warm core is associated with the

enhancement of the low-level circulation by the upper-level PV anomaly, which in turn increases
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the sea-surface fluxes [233]. In those cases, the warm core is mainly a consequence of warm
air seclusion in the cyclone’s inner core by surrounding colder air [234, 227], and convection

becomes rather weak during the mature stage of the cyclone.

In this work, the conditions under which the cyclones develop a warm core are analyzed.
The novelty lies in providing a systematic and climatic analysis of DWCC within the broader
population of Mediterranean cyclones. Rather than focusing on a limited number of emblematic
events, a large dataset spanning a wide range of cyclones’ types and intensities was exploited.
By comparing DWCC with intense cold-core cyclones, the evolution of their structure and
environmental conditions throughout the cyclone life cycle was analyzed to identify the factors

that distinguish warm-core development from more typical Mediterranean cyclone evolution.

4.2 Materials & Methods

4.2.1 Cyclone tracks and atmospheric conditions

Mediterranean cyclone tracks are taken from a new dataset provided by [235]. It consists
of composite cyclone trajectories and intensities detected by ten different cyclone detection
and tracking methods applied to hourly data of the ERAS reanalysis [236] in the 42 years of
1979-2020. In the following work, the cyclones tracked by at least five of the ten tracking
algorithms (confidence level of five) were retained. Such a confidence level is a trade-off between
“robustness” and “completeness” of the final dataset and has already been used in other studies
[237]. The original cyclones of [235] have been tracked on the Extended Mediterranean Sea
Region: -20°E;45°E;20°N;50°N. To focus only on Mediterranean Cyclones, Atlantic Cyclones
have been discarded by reducing the domain to: 6°W;45°E;30°N;50°N. The cyclones that stay
less than six hours over the Mediterranean Sea have also been discarded to not take into account

the thermal lows present over the Sahara desert.

The maximum intensity of the cyclone is defined as the lifetime minimum Sea Level Pressure,
SLP, at the cyclone center, and the first time this minimum is reached is defined as time 0. Data
are then organized into an intensification phase (before time 0) and a weakening phase (after

time 0), although in a few cases, short re-intensification periods might occur.

Based on the position of the tracked cyclones, hourly 3D fields of temperature, moisture,
wind, rainfall, geopotential height, heat fluxes, and potential vorticity have been extracted from
the ERAS reanalysis dataset in an area of 10° x 10° surrounding the center of the depression.
Anomalies have been computed as departures from the climatological seasonal cycle, computed
as a 7-day running mean of the daily mean values over the 42 years.
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4.2.2 Hart cyclones phase space diagram

The cyclone phase space (CPS) diagram [85] has been applied to distinguish between typical
asymmetric ETC with a cold inner core and axisymmetric tropical-like cyclones (TLC) with a
deep inner warm core. To construct this CPS, three parameters are needed:

* B, the thermal asymmetry of the cyclone in the lower troposphere.
* V,, the lower tropospheric thermal wind

* V,, the upper tropospheric thermal wind

Those parameters are computed using the geopotential height field Z at three different vertical
levels (900 hPA, 600 hPA, and 200 hPA) within a circle of radius 1.25° around the cyclone center.
They are mathematically defined as follows:

B = Zsoo(X,t) — Zooo(X,1)| — Zeoo(X,1) — Zooo (X, 1) 4.1)
R L

where the over-bar indicates the mean over the area of a semicircle of radius 1.25°, located to the
right (subscript R) or to the left (subscript L) of the storm trajectory.
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with AZ = max(Z) — min(Z) (at the same pressure level, in a region of radius 1.25° around
the cyclone center).

The choice of a 1.25° (or 137.5 km) radius was justified as several studies have shown that
the original 500 km radius of [85] is too large for Mediterranean cyclones. For instance, [238—
240, 226] reduced the radius to 150 km, while [230, 241, 224] reviewed different approaches
and performed sensitivity tests, reporting that choosing values between 70 km and 150 km did
not make significant changes in the categorization. [229] also demonstrated that results obtained
with 150 km are consistent with those obtained at 300 km. Importantly, it is worth noting that,
also in [231], despite cautionary remarks, the CPS diagram presented in their work was computed

using a 150 km radius.

In this context, the choice of 137.5 km falls within the range commonly adopted in the
literature and is consistent with the reduced spatial scale of medicanes. It should be acknowledged
that using a small radius could be a limitation for the diagnosis of cyclone symmetry; however,
this issue is partly mitigated by the fact that most tracking algorithms used in [235] already
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apply explicit symmetry criteria when identifying a cyclone. The extent to which the radius size
would affect the determination of the upper-level core temperature nonetheless remains an open

question.

In Hart’s view, a tropical cyclone is a non-frontal system characterized by thermal symmetry,
while an ETC is a frontal system that is thermally asymmetric. Mature TC have values of B
of approximately zero, while developing ETC have large positive values of B. The symmetry
condition for distinguishing a TC from an ETC is conventionally set at |B| < 10 m.

The parameters V; and V,, instead are related to the radial gradient of temperature in the
cyclone. In a cold-core structure, the geopotential height perturbation increases with height.
Cold-core structures like ETC have negative values for both —V; and —V,,. Conversely, in a
warm-core structure, the geopotential height perturbation is larger closer to the surface than at
higher levels. Warm-core structures like TC have positive values for both —V; and —V,,. Hybrid

and transitioning cyclones may have a sign of —V} that is different from —V,,.

In the present study, following the work of [230, 242, 239, 243], Deep Warm Core Cyclones
(DWCC) are defined as cyclones that during part of their lifetime develop a deep warm core:
both —V; and —V,, must be positive for at least six hours while they are over the sea. It has to be
emphasized that thanks to ERAS hourly resolution, —V; and —V,, were computed for each hour
of the cyclones’ lifetime; so to be classified as a DWCC, a cyclone must have a deep warm core
for six hourly time-steps. The ETC are the ones with a cold core, i.e., they have negative values
for both —V; and —V,,, for their whole lifetime, or they have a short-duration positive value for
—V; only (less than six hours). The remaining cyclones, i.e., those with a different sign for —V;

and —V,, are considered as hybrid and are not included in the study.

In the present dataset, adding the B parameter threshold criterion to discriminate DWCC from
ETC decreases the number of warm core cyclones by 5%. This is likely because most tracking
algorithms used in [235] are already considering symmetry criteria to identify a structure as a
cyclone. Therefore, in this work, only core temperature (—V; and —V,, parameters) was used to
discriminate between ETC and DWCC.

4.2.3 Potential Intensity

Potential Intensity (PI) represents the theoretical maximum intensity a tropical cyclone (TC) can
attain under specific environmental conditions. It is determined by different thermodynamic
factors such as sea surface temperature, atmospheric temperature in the air column, and moisture
availability. Following many influential studies [244—248], and others, the computation of PI
based on [249] was adopted:

G T,
PP = C—ZFS(CAPE* — CAPE,,) 4.4)
o
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where C; and C,; are the surface exchange coefficients for enthalpy and momentum; 7 and 7,
are the sea surface and outflow temperatures; CAPE™ is the convective available potential energy
of an air parcel lifted from saturation conditions at the sea surface temperature (referred to as
hurricane CAPE in the following), and CAPE,,, is the convective available potential energy of a

near surface air parcel (referred to as environmental CAPE in the following).

The potential intensity and the CAPE variables were computed using the Python packages
described in [250]. The function takes as input ERAS sea surface temperature (SST), and
temperature and relative humidity profiles at the following pressure levels: 2m, 900hPa, 850hPa,
700hPa, 500hPa, 400hPa, 300hPa, 200hPa, 100hPa, and 50hPa. Following [250, 251, 246], the
ratio g—z was set to 0.9.

In computing the SST and PI composites over the previously mentioned 10° x 10° areas, grid
cells that were over land have been excluded (see the percentage of cells concerned fig. B.1 &
B.2). Then, a sensitivity test was performed by assigning PI = 0 m.s~! in grid points over land
areas. While this adjustment significantly reduces the box-averaged PI values, the results of the
analysis remain qualitatively unchanged, indicating that the general conclusions of the work are
not sensitive to the way in which land points are treated.

4.3 Results

4.3.1 Classification of cyclones

Considering all the criteria previously mentioned, over the 42-year study period, the total number
of cyclones present in the dataset is 2026, located in the Mediterranean Sea and the Black Sea.
Of those 2026 cyclones, an average of 23 cyclones per year are classified as ETC cyclones (959
cyclones in total), and 3.4 cyclones per year are classified as DWCC cyclones (142 cyclones in
total). The rest are intermediate or hybrid cyclones, which were not considered in the following
study. Most of the cyclones identified as medicanes in the scientific literature are present in
the DWCC group. These include Callisto (09/27/1983), Celeno (1/14/1995), Rolf (2011-11-
06), Trixi (2016-11-01), and Ianos (2020-09-17). Others identified as Medicanes by [252] and
[229] are not considered in the present study, as, according to the present definition, they never
developed a deep warm core (Leucosia, 1982-24-01; Zeo, 2005-12-13; Ilona, 2014-01-19; only
had a low-level warm core). Furthermore, the DWCC group also includes other cyclone types,

such as warm seclusions, as previously mentioned.

To ensure a meaningful comparison between categories, the ETC were further divided
according to intensity: the 15% ETC with the lowest Sea Level Pressure (SLP) values were
classified as "Strong ETC" (SETC). This subgroup contains 144 cyclones, a number deliberately
chosen to be close to the size of the DWCC sample (142 cyclones), thereby making the two

groups more comparable. The remaining 815 cyclones are thereafter labeled as "WETC" and



4.3 Results 59

referred to as weak extratropical cyclones. To test the robustness of this classification, the
analysis was repeated, defining SETC as the 20% of ETC with the lowest SLP, and then based
on maximum wind speed instead of minimum SLP. The alternative definitions produced results

consistent with what is shown in section 4.3.3.

To construct composites consistently across all cyclones, time r = 0 is defined as the moment
of maximum intensity, identified as the minimum SLP. This common reference point allows for
a homogeneous comparison between categories. The evolution of the number of DWCC and
SETC in the period from 36 h before to 36 h after the cyclones’ maximum intensity is shown in
fig 4.1, with the count decreasing both for negative and positive time intervals due to the limited
duration of the tracks. On average, the tracks last 64 hours for normal and SETC, while they
last much longer (89 hours) for DWCC, the difference between the classes being statistically
significant at the 99.9% confidence level. It is also worth noting that the average duration of the

warm core in DWCC is 13.5 hours.

Figure 4.1 also presents the proportion of DWCC that have a full warm core (positive values
for both —V; and —V,)) at any given time lag from 0. About 40% of DWCC have a full warm core
at the time of peak intensity, developed in most cases less than 6 hours before, and a total of 75%
have at least a lower or an upper warm core at time t=0, while the remaining DWCC develop
a warm core in the subsequent hours. Importantly, the timing of maximum intensity does not
coincide with the warm-core transition itself: in many cases, the warm core develops well after
peak intensity, while in others it is already established several hours beforehand. However, what
matters for this analysis is that at 36 hours before the maximum intensity, none of the cyclones
in the DWCC category present a deep warm core. It means that they are still in their typical cold
core or hybrid conditions at those time-steps. For this reason, the difference in the tropospheric
conditions between ETC and DWCC at 36 hr before the peak intensity is investigated in section
4.3.3 to identify possible precursors to the development of the deep warm core.
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Fig. 4.1 Time evolution with respect to minimum SLP of the number of SETC (blue solid line) and DWCC
(red solid line), proportion of DWCC that have a warm-core at each time step (maroon dashed line), and
number of DWCC that have a deep warm core for the first time (dotted orange line).

4.3.2 General characteristics

Cyclones in the Mediterranean are known to occur preferentially in specific regions, including
the Gulf of Genoa, the Adriatic Sea, the Black Sea, close to Cyprus, and in northwest Africa, at
the leeward side of the Atlas Mountains [253-255, 90, 256-259]. As revealed in fig. 4.2, which
shows the spatial density of tracks separated into ETC and DWCC, the overall distribution of the
cyclones analyzed in this study matches the geographical localization of Mediterranean cyclones,
but cyclones of different categories are preferentially located in different positions. Most SETC
are mainly located in the Gulf of Genoa, while cyclones that develop a warm core are mainly
present in the western Mediterranean Sea and the Ionian Sea, with some present in the Black
Sea, in line with previous studies [65, 223]. At 36 hours before maximum intensity, the time at
which environmental conditions are examined in the following section, it is important to note
that only about one-third of SETC have their centers located over the sea, compared to roughly
one-half of DWCC. This difference is consistent with the already mentioned role played by the
air-sea exchanges in the development of DWCC.



4.3 Results 61

Fig. 4.2 Spatial density of cyclone tracks expressed as the average count of track points per year within a
1° x 1° box.

The seasonality of Mediterranean cyclones indicates a preferential occurrence in spring and
fall [90]. This is reflected both in the occurrence of ETC and DWCC (see fig. 4.3). Several
studies have similarly shown that Mediterranean cyclone activity often peaks during the transition
seasons, with enhanced cyclogenesis in spring linked to increasing surface temperatures, strong
land-sea thermal contrasts, and elevated atmospheric moisture availability [260, 261, 17, 262].

SETC occurrence presents a well-defined maximum in winter and early spring, while some
works have found that the most intense Mediterranean cyclones are more frequent in winter
[263, 88]. This apparent discrepancy highlights that the seasonality of intense systems is highly
sensitive to the dataset, boundary conditions, and criteria used to define cyclone intensity. Indeed,
different thresholds or forcing data can substantially alter the simulated seasonal distribution, as
already shown in [263].
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Fig. 4.3 Seasonal cycle of WETC (light blue, top row), SETC (dark blue, middle row), and intense DWCC
(red, bottom row) occurrence, counted at their time of maximum intensity.

DWCC are most frequent in October, when the large SST favor air-sea heat exchanges and
therefore promote the establishment of the warm core [242]. However, several DWCC are also

found in spring.

The different seasonality of ETC’ and DWCC’ occurrence is reflected in the composite
sea surface temperature over which they develop, shown in fig. 4.4. At 36 hours before peak
intensity, SST is about 3°C warmer for DWCC than for SETC. In addition, a two-sample t-test
comparing the mean values of the 10% highest SST values in the 10° x 10° box shown in the top
panel of fig. 4.4 shows that the SST associated with DWCC significantly differ from the SETC
ones at a 95% confidence level.

Thereafter, all mentions to statistical outcomes will refer to this two-sample t-test comparing
the mean values over the 10% highest values of the 10° x 10° box at a 95% confidence level. The
selection of the 10% highest values is motivated by the fact that the 10°x10° box is very large,
and it includes areas that are not representative of the cyclone conditions. On the other hand,
selecting a smaller area at a fixed location with respect to the cyclone center is not appropriate
as different variables express anomalous values at different places (e.g., wind speed is typically
larger in the southwest quadrant, while precipitation maxima are on average larger to the north
of the center, and PV intrusion is in the northwest quadrant). For these reasons, a fixed-size area
covering 10% of the 10°x10° box is defined by selecting the largest values, regardless of their
position in the box. A sensitivity analysis was also performed over the area fraction used (5%,
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25%, and 100%, in addition to the 10% reported here), yielding similar conclusions to those
presented in the following.

Fig. 4.4 Sea Surface Temperature (SST) for the different cyclone classes. Top: 2D composites centered
on the cyclones, 36h before the time of minimum SLP. The markers in the right panel indicate regions
where DWCC composited SST is not significantly different from SETC (95% confidence level). Bottom:
boxplots of the mean SST for each cyclone, where the mean is computed on the 10% highest values over
the 10°x10° box for each cyclone. Boxplots show the median value (horizontal line), the inter-quartile
range (colored area), the Sth and 95th percentiles (whiskers), and outliers.

ETC and DWCC are also characterized by different peak intensities: the largest SLP anomaly
is on average -10 hPa for WETC and -17 hPa for DWCC, whereas SETC are on average even
stronger than DWCC (in terms of their depression, which averages at -21 hPa). Consistently,
peak winds are comparable between SETC and DWCC, and are much smaller in WETC (fig.
4.5). This is confirmed by the two-sided t-test mentioned above, giving no statistically significant
difference between the mean values for DWCC and SETC surface wind.

In DWCC, the maximum azimuthally averaged winds are found closer to the center than in
ETC (see sup. fig. B.4). However, large heterogeneities exist as the standard deviation of the
radius of maximum winds is over 100 km in all classes. Finally, wind composites (fig. 4.5) have
a maximum in the southwest quadrant, on the right of their direction of propagation (sup. fig.

B.6) given by the wind rose shown in the supplementary figure B.3.

A major difference emerging between DWCC and SETC is in their associated precipitation:
even though the cyclone intensity between the two categories is similar, hourly rainfall is much
higher in DWCC, where the azimuthal average peaks to values that are 40% larger than for SETC
(fig. 4.6 and sup. fig. B.5). Indeed, the mean precipitation over the grid points with the upper

decile rainfall rate is significantly larger for DWCC than for SETC, even if very intense rainfall
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can be present in some cold-core cyclones, as shown by the outliers present in the boxplots of
figure 4.6.

Building on the tropical-cyclone literature, which has shown that rainfall intensity can be at
least as important as wind speed in determining cyclone-related socioeconomic losses [264-266],
these composites indicate that DWCC have the potential to produce more severe impacts than

their extratropical counterparts.

The precipitation at the peak intensity of ETC is localized in the North-East quadrant (fig.
4.6). This spatial distribution is similar to the one reported in the literature for typical extratropical
cyclones associated with the presence of the warm-frontal region [267-269], and matches the
one described in [270] for Mediterranean cyclones interacting with the warm conveyor belt that

advects moist air into the system.

The maximum precipitation for the warm-core cyclones is found in the North-West quadrant
(fig. 4.6), as already presented in [225]. Usually, the peak of rainfall in TC occurs at the forefront
of the storm center, where the uneven circulation induced by friction in the moving storm
generates low-level convergence, significantly intensifying deep convective activity [271, 272].
This is partially confirmed by the composites oriented along the direction of propagation (sup.
fig. B.7).

Fig. 4.5 10m surface wind for the different cyclone classes. Top: 2D composites centered on the cyclones,
at the time of minimum SLP. The markers in the right panel indicate regions where DWCC composited
surface wind is not significantly different from SETC (95% confidence level). Bottom: boxplots of the
mean surface wind for each cyclone, where the mean is computed on the 10% highest values over the
10°x10° box for each cyclone. Boxplots show the median value (horizontal line), the inter-quartile range
(colored area), the S5th and 95th percentiles (whiskers), and outliers.
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Fig. 4.6 Hourly precipitation for the different cyclone classes. Top: 2D composites centered on the
cyclones, at the time of minimum SLP. The markers in the right panel indicate regions where DWCC
composited hourly precipitation is not significantly different from SETC (95% confidence level). Bottom:
boxplots of the mean hourly precipitation for each cyclone, where the mean is computed on the 10%
highest values over the 10°x10° box for each cyclone. Boxplots show the median value (horizontal line),
the inter-quartile range (colored area), the Sth and 95th percentiles (whiskers), and outliers.

4.3.3 Intensification phase

The composite evolution of surface wind speed in the different cyclone categories is shown
in figure 4.7. In this case, wind speed has been averaged over a 4° by 4° longitude-latitude
box centered at the minimum sea level pressure location. The choice of the 4° x 4° box was
based on inspection of the two-dimensional composites, which show that this region typically
encompasses the area of maximum wind and surface flux intensities around the cyclone center.
A smaller box (e.g., 2° x 2°) would exclude part of this high-intensity region for many systems,
while a larger one would include unrelated environmental signals. To assess the sensitivity of the
results to this choice, calculations were repeated using box sizes ranging from 10° x 10° down
to 2° x 2°. The resulting evolution of wind and heat fluxes was very similar across all cases,
confirming the robustness of the findings. Finally, all computations excluded land areas, as wind

speeds over land can be biased, either exaggerated by orography or reduced by friction.

As for the 2D surface wind composites (fig. 4.5), figure 4.7 also indicates similar peak
intensities for DWCC and SETC. However, their intensity evolution is quite different, indicating
a statistically significantly larger intensification rate for DWCC in the earlier stages, triggered
by larger air-sea (latent and sensible) heat fluxes (fig. 4.8; latent fluxes only can be observed
sup. fig. B.9). SETC, even though they have stronger surface winds than WETC, exhibit surface
fluxes quite similar to WETC, suggesting that the wind-induced surface heat exchange (WISHE)
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feedback is not active in those cases, whereas it can drive the evolution of DWCC. To investigate
possible reasons for the observed differences, the conditions under which cyclones develop are
analyzed, focusing on the environmental characteristics at the location where they are 36 hr

before their peak intensity, when none of them has yet developed a deep warm core.

Fig. 4.7 Composite time evolution of mean 10-m wind speed in a 4° by 4° box centered on the cyclone.
Only the points over the sea are considered to compute the composite. The vertical black dashed line
indicates the time of minimum sea level pressure. Shading around the solid line indicates the standard
error of the mean.

Fig. 4.8 Composite time evolution of mean air-sea total (latent and sensible) heat flux in a 4° by 4° box
centered on the cyclone. Only the points over the sea are considered to compute the composite. The
vertical black dashed line indicates the time of minimum sea level pressure. Shading around the solid line
indicates the standard error of the mean.
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As already mentioned in the introduction, the origin of Mediterranean cyclones is the presence
of a trough in the upper troposphere. The meandering of the jetstream advects positive potential
vorticity (PV) anomaly into the region and is associated with cyclone development [273, 274].
It also favors upper-level divergence, upward motion, and the intensification of the surface
depression. The positive upper-level PV anomaly is present in the analyzed cyclones, as shown
in the 300hPa composite maps 36h before the cyclone peak intensity (fig. 4.9). The average PV
anomaly is relatively weak for WETC, and larger for SETC and DWCC, with no statistically
significant difference observed between the mean PV anomaly of DWCC and SETC. In addition,
the very large differences among cyclones of the same class indicate that the PV anomaly strength

is neither a sufficient nor necessary condition for DWCC development.

Fig. 4.9 300hPa Potential Vorticity (PV) anomaly for the different cyclone classes. Top: 2D composites
centered on the cyclones, 36h before the time of minimum SLP. The markers in the right panel indicate
regions where DWCC composited PV anomaly is not significantly different from SETC (95% confidence
level). Bottom: boxplots of the mean PV anomaly for each cyclone, where the mean is computed on the
10% highest values over the 10°x10° box for each cyclone. Boxplots show the median value (horizontal
line), the interquartile range (colored area), the Sth and 95th percentiles (whiskers), and outliers.

Composite maps of potential intensity 36 hr prior to peak intensity are shown in fig. 4.10.
DWCC have PI values exceeding the threshold typically associated with tropical cyclone de-
velopment (> 35 m.s~'; [6]), while PI is statistically significantly lower for WETC and SETC.
The DWCC high PI region is present in proximity of the cyclone center, suggesting that the
perturbation itself contributes to increasing the potential intensity in an environment overall less

prone to TC development, as discussed in [275].
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Fig. 4.10 Potential Intensity (PI) for the different cyclone classes. Top: 2D composites centered on the
cyclones, 36h before the time of minimum SLP. The markers in the right panel indicate regions where
DWCC composited PI is not significantly different from SETC (95% confidence level). The purple colors
represent values of PI above 35 m s~!, value below which tropical cyclones typically don’t form [6].
Bottom: boxplots of the mean PI for each cyclone, where the mean is computed on the 10% highest values
over the 10°x10° box for each cyclone. Boxplots show the median value (horizontal line), the interquartile
range (colored area), the 5th and 95th percentiles (whiskers), and outliers.

To delve into the origin of the differences in potential intensity across the different classes,
the PI was computed from the climatological conditions. Climatological conditions are obtained
as long-term averages of the relevant fields (temperature, moisture, and SLP) at the same location
and time of the year of each analyzed cyclone. A stronger climatological PI is obtained for
DWCC than for SETC (fig. B.10). This difference has an average magnitude of 12 m.s~! and is
statistically significant. It is associated with their different seasonality, as DWCC occurrence
peaks in fall (fig. 4.1), when the larger SST (fig. 4.4) are associated both to a larger magnitude of

the temperature ratio term S‘Tq—T and of the hurricane CAPE term in eq. (4).

However, the climatological PI associated with DWCC presents less intense values than the
actual PI obtained at their formation, indicating that there are some specific conditions when
DWCC develop which increase the local PI value, resulting in a composite PI anomaly (actual
minus climatological value) of up to 13 m s~! (sup. fig. B.11.a), and with a mean of 6 m s~ !.
The main contribution to such an anomaly in PI for DWCC is due to the anomalous CAPE
difference term in eq. 4, while the SST' /T, temperature ratio does not significantly differ from

its climatological value (see sup. fig. B.11.b and B.11.c).

The CAPE difference term depends on sea surface temperature, on near-surface specific
humidity (here taken at 2m asl), and on the temperature profile in the whole air column. To

determine which variable has the most important influence on the anomaly produced in PI
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for DWCC, the CAPE difference term inserted in the PI derivation is computed using all
climatological values except one.

For instance, climatological values of near-surface specific humidity and tropospheric air
temperature are held fixed, while the actual values of SST are inserted. This allows an anomalous
hurricane CAPE to be computed and subsequently used in the PI calculation. The difference
between the resulting PI and the climatological PI therefore isolates the impact of the SST
anomaly on hurricane CAPE alone. This contribution is then composited across the different
DWCC, as shown in figure 4.11a.

The procedure is then repeated for anomalous near surface specific humidity (here taken at
2m asl, which affects the buoyancy of the near surface air parcel), for anomalous near surface air
temperature (which again affects the buoyancy of the near surface air parcel), and for the rest of
the tropospheric temperature profile (which enters in the computation of the parcel CAPE). All

the different terms are shown in figure 4.11.

They indicate that the negative anomaly in the mid-troposphere air temperature (see sup. fig.
B.12) has the largest effect, followed by the positive SST anomalies. The anomalies in near-
surface air properties have a minimal effect. The negative anomaly in tropospheric temperature
increases the density of the environmental air, contributing to the hurricane CAPE increase. The
positive SST anomaly increases the buoyancy of the saturated parcel used to compute hurricane
CAPE. Together, the two anomalies significantly increase the hurricane CAPE and thus the PI
with respect to climatological conditions. The linear superposition of the PI anomalies shown in
figure 4.11 provides a total anomaly very close to the full one, indicating that nonlinear effects

are small.

Fig. 4.11 2D composites of PI anomalies (m.s~!) for DWCC 36h before their minimum SLP. Each panel
shows the difference between (a) the PI computed using climatological values except for the CAPE
difference term, and (b) the climatological PI (sup. fig. B.10). The CAPE difference term in (a) is
computed with climatological fields except one, for which the actual field present at the time of the storm
is used. This field is, from left to right panels: SST, 2m temperature, 2m specific humidity, and air column
temperature profile. The markers indicate the anomalies that are not significantly different from O at the
95% confidence level.

In addition to PI, the differences between the three categories of cyclones in the vertical

wind shear have also been analyzed. Indeed, strong wind shear is known to have detrimental
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effects on the development of tropical cyclones through its ventilation effects [276, 277, 74, 278],
and its role on the formation of DWCC has been previously discussed [223, 230]. The DWCC
studied here do present a statistically significant weaker wind shear than SETC (fig. 4.12), largely
because of differences in the upper-level winds. At time t=-36hr, 300 hPa winds are stronger
than in the climatology for all categories of cyclones, in line with their association with the
meandering of the jet stream. However, they are less strong for DWCC and WETC than for
SETC.

Fig. 4.12 Wind shear for the different cyclone classes. Here, the wind shear is defined as the difference
between the wind at 300hPa and the wind at 850hPa. Top: 2D composites centered on the cyclones,
36h before the time of minimum SLP. The markers in the right panel indicate regions where DWCC
composited wind shear is not significantly different from SETC (95% confidence level). Bottom: boxplots
of the mean wind shear for each cyclone, where the mean is computed on the 10% highest values over the
10°x10° box for each cyclone. Boxplots show the median value (horizontal line), the interquartile range
(colored area), the S5th and 95th percentiles (whiskers), and outliers.

In summary, the results show that, during their early stages, DWCC are typically characterized
by higher potential intensity than ETC and evolve in environments with comparatively weak
vertical wind shear. Both factors are conducive to the development of tropical-like features

within cyclonic systems that are initially triggered by upper-level potential vorticity intrusions.

Although statistically significant differences in mean SST, PI, and wind shear are found
between DWCC and SETC, the corresponding distributions exhibit substantial spread and overlap.
Consequently, none of these environmental parameters alone provides a reliable discriminator
between the two cyclone types. Rather, they should be interpreted as indicating environmental

conditions that increase the likelihood of deep warm-core development.
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4.3.4 Potential cause of the DWCC decay

Landfall is usually cited as an important cause of deprivation of moisture supply in tropical
cyclones, causing their dissipation [279, 280]. However, in the present dataset, more than 75%
of DWCC remain over the sea for 36hr after the peak intensity (sup. fig. B.13), while they
significantly weaken fig. 4.13 and in many cases loose their warm core. Thus, other processes
could be responsible for the onset of the dissipation phase.

In figure 4.13 the time evolution of DWCC potential intensity is shown between -36 hr and
+ 36 hr from time of peak intensity. A progressive decrease of the PI with time can be noticed
starting already in early stages and certainly before peak intensity.

Fig. 4.13 Composite time evolution of the mean PI for DWCC with respect to their minimum SLP (black
dashed line). The red solid line represents the actual mean PI. Other lines refer to PI computed letting
only one variable evolve in time and all the others fixed at their initial value: SST (square markers),
2m-temperature (triangle markers), 2m-specific humidity (star markers), tropospheric temperature profile
(diamond markers). The mean has been computed in a 4° by 4° box centered on each cyclone. Shading
around the solid line indicates the standard error of the mean.

The reader can notice that at the same time there is a considerable reduction in SST (sup. fig.
B.8). The reduction in SST along the trajectory of DWCC could be driven by the action of the
strong cyclonic winds, which are well known to generate cold wakes on the tracks of TC [281].
In that matter, it can also be noticed that the translation speed of DWCC, and of SETC as well,
significantly drops starting 12 hr before peak intensity (sup. fig. B.14). While the investigation
of the reasons behind this change is beyond the scope of this work, it can be noted that a slower
translation speed both causes a colder anomaly at the sea surface [282] and leads to the cyclone
spending more time over cool water. Those mechanisms generate a reduction in the air-sea
fluxes because of the reduced thermodynamical disequilibrium between the upper ocean and the
lower atmosphere associated with colder SST and are known to reduce the intensification rate of
tropical cyclones [282].
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The reduction in SST leads to a decrease in hurricane CAPE (i.e. the convective available
potential energy of an air parcel lifted from saturation conditions at the sea surface temperature)
that can ultimately result in lower PI. To investigate this influence, additional time evolutions of
PI have been computed by holding all variables constant at their initial values (either at -36hr,
or at the first available track time for cyclones with a later track onset), except for one: SST,
near-surface specific humidity, near-surface temperature, or the full atmospheric temperature
profile (fig. 4.13). Among these, the PI computed with varying SST and fixed other variables
shows the largest decrease, suggesting that the SST drop can be considered one of the primary

contributors to the PI reduction.

In this regard, it can be noticed that the DWCC composite SST reduction of 3K is a very
strong anomaly, compared to the cold wakes of TC [281]. This strong cooling, and the potential
large cold-wake feedback on cyclone intensity, can be attributed to the shallow mixed layer of
the Mediterranean Sea—typically only 15-30 m deep in October [283], the month of largest
DWCC occurrence. Such a shallow mixed layer enhances the effects of the cyclone-induced

upwelling and vertical mixing, resulting in a large cooling at the surface.

Thus, those composites are consistent with the SST-controlled intensity feedback known to
limit the strength of tropical cyclones. The decay of DWCC might be related to it, but it can
also be associated with other dynamical factors, such as the evolving baroclinic environment
and changes in the vertical wind shear. While the present analysis highlights the role of air—sea
coupling and cold-wake feedbacks as key contributors to the post-peak intensity decline, a
detailed assessment of the relative importance and interactions among these processes is left for
future work.

Interestingly, when the PI is computed by allowing only the atmospheric temperature profile
to evolve while holding the SST and near-surface variables constant, a slight increase in PI is
observed over time. A plausible physical explanation for such an intensification is the warming
of the upper troposphere associated with the cyclone’s own warm-core signature [76, 231]. Such
an upper-level warming may reduce the environmental CAPE (CAPE,,,,) toward zero while the
hurricane CAPE (CAPE™) remains positive with the fixed warm SST, thereby increasing the
difference CAPE* — CAPE,,, that governs PI. This mechanism is consistent with the known
sensitivity of PI to the thermodynamic structure of the environment [249] and highlights that,
even in the absence of any SST change, the evolving atmospheric column alone can sustain or

slightly increase the theoretical intensity limit of the cyclone.

4.3.5 Long-term evolution of different DWCC characteristics

The final part of this work examines whether trends associated with global warming can be
detected in the DWCC datasets, which span 42 years from 1979 to 2020. To this end, time series

were generated for a set of key DWCC metrics, and linear trends were estimated. For each trend,
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a Student’s t-test was applied under the null hypothesis that the slope equals zero. Trends are
reported as statistically significant only when the p-value is below 0.05 (95% confidence level).

No significant decrease in the number of DWCC is found over the study period (fig. 4.14).
Regarding their geographical distribution, no trend emerges in their mean latitude of occurrence
(fig. 4.15.a), whereas a statistically significant westward shift in the cyclone tracks is detected,
perhaps driven by a reduction of DWCC cyclones in the Levantine basin (fig. 4.15.b).

Fig. 4.14 Time series of the number of DWCC.

(a) Latitude (b) Longitude

Fig. 4.15 Time series of the latitude (left) and the longitude (right) coordinates of the DWCC’ center at
the time of minimum SLP.

Physical conditions associated with DWCC exhibit significant changes over the study period.
Sea-surface temperatures show a very strong and statistically significant increase (fig. 4.16.a),
consistent with the robust and well-documented warming of the Mediterranean basin over recent
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decades [284-286]. This regional amplification of ocean warming is a recognized feature of the
Mediterranean climate system and is projected to continue throughout the 21st century under all
emission scenarios. At the same time, upper level potential vorticity (PV) anomalies associated
with DWCC display a significant decrease (fig. 4.16.b).

The observed decrease in PV anomaly intensity associated with DWCC likely reflects the
robust large-scale dynamical trend of the jet stream migrating poleward [287, 288]. As the jet
shifts northward, stratospheric PV intrusions, which act as the primary dynamical trigger for
these cyclones, become less frequent and weaker in the subtropical genesis regions preferred
by DWCC. However, interpreting this signal is complicated by the ongoing scientific debate
regarding changes in jet stream "waviness" [289]. While a wavier jet could theoretically enhance
meridional exchanges and potentially increase the frequency of PV streamers in certain sectors
[290], the lack of consensus on these trends makes it difficult to definitively attribute the

weakening PV signal to purely latitudinal shifts.

Beyond these dynamical considerations, an alternative and non-exclusive explanation involves
the concurrent significant warming of the Mediterranean Sea (fig. 4.16.a). One hypothesis could
be that the increase in SST lowers the threshold for the dynamical forcing required to trigger
deep convection. As surface temperatures rise, the increased flux of sensible and latent heat
enhances the moist static energy of the lower troposphere. Consequently, a less intense mid-level
cold intrusion (associated with a weaker PV anomaly) may be sufficient to create the vertical
instability and convective-prone environment that favor DWCC development. In this framework,

the warming ocean essentially "compensates" for the weakening upper-level dynamical support.

This thermodynamic compensation might also explain why no such decrease in PV anomalies
is associated with SETC (fig. B.15). As SETC development is more strictly tied to baroclinic
instability rather than air-sea interaction, they do not benefit from the same "SST subsidy" as
warm-core systems. Nevertheless, without a strong consensus on the evolution of jet stream
waviness, interpreting these divergent trends remains challenging, and it is difficult to definitively
explain the PV discrepancy without further sensitivity experiments. Future research should focus
on quantifying the relative contribution of surface-based instability versus upper-level forcing to
determine if DWCC are becoming increasingly "bottom-heavy" in their intensification processes.
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(a) SST (b) PV Anomaly

Fig. 4.16 Time series of the SST (left) and the 300hPa PV anomaly (right) average computed in a 4° by 4°
box centered on each DWCC, 36h before their minimum SLP.

Concerning potential intensity, PI exhibits an upward trend consistent with the increase in
SST, but the signal does not reach statistical significance (fig. 4.17.a). When PI is computed
instead using the climatological values for the variables in eq. 4.4 at the day and location of the
cyclone, the upward trend is significant at a 90% confidence level (fig. 4.17.b) and follows more
closely the strong SST signal. This suggests that the increasing potential intensity (fig. 4.17.a) is
best explained by the large intrinsic variability of PI, which depends on several thermodynamic

and dynamic factors beyond SST, as previously mentioned in section 4.2.3.

(a) Total PI (b) Climatic PI

Fig. 4.17 Time series of the total (left) and climatic (right) PI average computed in a 4° by 4° box centered
on each DWCC, 36h before their minimum SLP.

Finally, no significant long-term trends are found in the wind or precipitation associated with
DWCC (fig. 4.18). Additional tests using the upper 10% of wind and rainfall values within a 10°
x 10° box surrounding each event yield the same result, suggesting that extreme impacts, like the

mean values, do not exhibit detectable trends over the 42-year period. This outcome is consistent
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with the substantial variability inherent in wind and precipitation fields and may also indicate
that these quantities depend on a wider set of environmental controls than PI alone.

(a) Surface wind (b) 24h-accumulated precipitation

Fig. 4.18 Time series of the 10m wind (left) and 24h accumulated precipitation (right) average computed
in a 4° by 4° box centered on each DWCC, at the time of minimum SLP.

4.4 Discussion

This study provides a comprehensive analysis of Mediterranean Deep Warm Core Cyclones
(DWCC) compared to classical Extratropical Cyclones (ETC). Moving beyond the individual
case studies and idealized model simulations that characterize much of the existing literature
[223, 65, 252, 226], an extensive dataset of real-world cyclones developed by [235] is used.

While previous works focused on anomalous environmental conditions associated with the
peak intensity phase of cyclones [230, 223, 291], which can often appear similar for both warm-
core and intense cold-core systems, this study instead compares environmental conditions during
the intensification phase of DWCC and strong extratropical cyclones (SETC). This distinction
makes it possible to isolate the physical mechanisms that favor a tropical-like transition, defined

here as the evolution from a cold-core structure to a deep warm-core structure [98].

It is, however, important to note that the classification of cyclones presented in this work
is based on Cyclone Phase Space (CPS) diagrams [85]. Although the CPS framework is a
widely accepted diagnostic tool, its application to Mediterranean systems remains a subject of
debate within the scientific community. The original formulation by [85] requires adaptation
for the smaller and shorter-lived Mediterranean systems. In this study, this was done following
the works of [239, 230, 224, 241, 226]. It has to be stressed that CPS diagnostics does not
differentiate between diabatically driven warm cores and warm seclusions, as highlighted by
[234, 87, 231, 229]. Indeed, both medicanes and warm seclusions are present in the DWCC
class. The number of warm seclusions may be slightly enhanced by the absence of the symmetry
criterion introduced by [85] (as measured by the B parameter) in the present analysis. However,
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the tracking algorithm employed by [235] already incorporates symmetry-related constraints:
95% of the selected cyclones indeed satisfy the low B criterion.

In light of these methodological considerations, and considering that the number of DWCC
identified in this study, 3.4 cyclones per year, is considerably larger than the number of medicanes
typically reported in the literature, which is about 1.5 per year [292, 65, 224, 225], readers may
be tempted to conclude that most DWCC are warm seclusions. However, it is worth noting that
in several cases reported in the literature, the number of occurrences of tropical-like cyclones
has been obtained by explicitly tuning selection criteria used for the definition of medicanes
to obtain an average of 1.5 events per year, a number that originated from an informal register
that was maintained by the Meteorological group at the University of Balearic Islands (see
www.uib.es/depart/dfs/meteorologia/ METEOROLOGIA/MEDICANES). By varying a threshold
parameter within a reasonable range in the selection procedure, [65] found that the number
of events varied by a factor of three. Similar sensitivity was presented in [224]. For these
reasons, even acknowledging that the DWCC dataset includes warm seclusions, it is impossible
to presently state what fraction of DWCC belongs to the different categories. In any case, it
is reasonable to expect that many of the signals emerging from this work that differentiate
DWCC from classical strong ETC evolution might be even clearer for tropical-like cyclones. A
demonstration of this, however, requires a clear identification of medicanes within the DWCC

class and is left for future work.

The present analysis reveals that both DWCC and strong ETC originate from a strong positive
upper-level potential vorticity (PV) anomaly, setting them apart from the majority of weak ETC.
Those strong PV anomalies are mainly of adiabatic origin, typically associated with PV advection
from the stratosphere [273, 274]. While DWCC and SETC exhibit similar surface wind speeds,
DWCC are associated with larger and more intense precipitation patterns, as well as stronger
enthalpy fluxes at the air-sea interface, resulting, on average, in more dangerous phenomena
[225].

The primary distinction between the two cyclone types considered here is reflected in their
potential intensity (PI): during the intensification phase, PI is on average higher for DWCC
than for SETC. A central contribution of this study is the systematic analysis of PI across a
large sample of Mediterranean cyclones, enabling an assessment of its diagnostic relevance in a
statistical sense. Although the PI distributions of extratropical-type cyclones and deep warm-core
cyclones partially overlap, indicating that PI alone does not provide a strict separation between
the two classes, clear differences nevertheless emerge at the population level. This analysis,
therefore, goes beyond demonstrating that high-PI environments can occur in the Mediterranean
Sea [232, 275], and instead shows that PI provides probabilistic information on cyclone evolution,

with higher PI values associated with an increased likelihood of deep warm-core development.

In this PI distinction, seasonality plays an important role: DWCC predominantly form in
autumn and spring, whereas SETC develop mainly in winter. Therefore, SETC are typically
associated with colder sea surface temperatures (SST) than DWCC, conditions that lead to
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lower climatological values of PI. In contrast, DWCC form at locations and times in which
climatological PI is larger. Moreover, DWCC develop in situations when the actual PI is larger
than the climatological value, confirming that specific localized conditions (such as the mid-level
cold intrusions) contribute to setting a favorable context for their intensification [230]. Instead,
cold anomaly intrusions in SETC do not significantly modify PI from the climatological value,
possibly because of the stronger air column stability associated with the lower SST. Wind shear
further distinguishes the two cyclone types: DWCC form in settings with weaker upper-level

jets, as suggested in previous studies [230, 223].

The development of a cold anomaly in the mid-troposphere (which is present in all cyclone
categories, sup. fig. B.12) can be directly driven by the upper-troposphere PV intrusion
through several dynamic and thermodynamic processes. A positive PV anomaly induces vertical
motion below [293], causing mid-tropospheric air to ascend and cool adiabatically as it expands
under decreasing pressure. The upper-level divergence associated with the anomaly reinforces
this upward motion and cooling. Combined, these processes can generate a significant mid-
tropospheric cold anomaly, destabilizing the air column in warm environments and enhancing
convection. Further investigation of the terms in the omega equation, similar to the analysis of
Hurricane Ophelia’s extratropical transition by [294], is needed to confirm the action of these

individual processes.

The focus of the present study is the warm-core transition in a broad sense, which encom-
passes the tropical transition, but is not limited to it. As stated multiple times, the present dataset
also includes warm seclusion events, which are not undergoing a TT toward a tropical-like
state. As such, the present results contribute to the TT literature in a more general way, by
characterizing the environmental and synoptic conditions associated with warm-core develop-
ment across a wide population of Mediterranean cyclones, rather than isolating TT cases alone.
The present findings are consistent with previous work [227, 96], while extending it through an
objective framework that tracks the time evolution of cyclones in the Hart cyclone phase space,
together with a statistically robust, reanalysis-based perspective on warm-core transitions in the

Mediterranean.

[275] propose to differentiate extratropical cyclones with tropical characteristics that develop
in the presence of a transient, localized, and self-induced large value of potential intensity (named
cyclops) from those that develop in a region where the large PI is a large-scale environmental
factor (which are actual tropical cyclones, even if they happen outside the tropics). The composite
approach adopted in the present study does not allow for a clear distinction between these two
categories. A detailed study of PI and the relative contributions from cold troposphere and warm
SST anomalies should therefore be performed on individual cyclones to properly assess the

frequency of cyclops within the DWCC population.

This possible extension of the present work also requires the integration of the modified
potential intensity introduced in [275] to remove the effects of the cyclone-induced tropospheric
warming from the computation of PI, which may artificially limit PI once the warm core has



4.4 Discussion 79

developed. The results suggest that the temporal changes in tropospheric air temperature might
play a relatively small role in the evolution of PI (fig. 4.13). This result aligns with the statement
by [275] that the contribution of the correction in the modified PI is generally modest. However,

further analysis will be needed to confirm this indication.

The decay of tropical-like cyclones can be attributed to landfall, increased stability in the air
column, wind shear, and passage of the cyclone over a cold SST. The present analysis suggests
that DWCC decay is typically linked to a drop in SST, which drives the decrease of PI over
time, resembling the SST feedback mechanism known to affect the evolution of classical tropical
cyclones, where surface cooling induced by the storm reduces PI [295, 296, 282]. However,
ERAS SST (obtained using both spatial and temporal smoothing of observed SST) may not be
the best available estimate of the actual sea surface temperature fields at the time of DWCC
occurrence. The use of purely observational SST datasets could lead to interesting findings in
the response of the upper waters to DWCC, in the quantification of cold wakes associated with

their passage, and in the investigation of their effect on the subsequent evolution of cyclones.

This study benefits from the large observational dataset assimilated in the ERAS reanal-
ysis, which represents a substantial improvement over earlier studies based on its coarser
predecessor, ERA-40 [223]. Nevertheless, it is important to acknowledge the limitations of
using non-assimilated variables in the analysis, as these may affect the interpretation of key
cyclone characteristics. ERAS tends to under-represent specific humidity in the lower and
mid-troposphere, particularly in convective environments and over sea, which can bias estimates
of thermodynamic disequilibrium and moisture fluxes [297-299]. Biases in atmospheric tem-
perature and humidity can distort the vertical instability structure and affect potential intensity
metrics. Moreover, ERAS systematically underestimates peak wind speeds in intense cyclones
due to its relatively coarse resolution and smoothed surface drag parameterization, resulting
in weaker near-surface winds than those observed in both tropical and tropical-like systems
[300, 291].

These shortcomings and the relatively coarse resolution of the used atmospheric model
limit ERAS’s ability to fully capture the mesoscale dynamics essential for cyclone development
and intensification. This limitation is particularly evident when attempting to depict the most
intense features, as those found in the northwest quadrant of DWCC composites for both PI
and precipitation, where ERAS’s spatial and physical resolution proves insufficient to resolve
fine-scale structures. Therefore, future research should integrate high-resolution simulations
(following [224, 301, 274]), fine-scale hindcasts of reanalysis data such as the CHAPTER
dataset presented in the first two chapters of this thesis (1 & 2), and targeted observations (like
recommended by [302]) to better resolve the fine-scale thermodynamic and dynamical processes

governing Mediterranean tropical-like cyclones.

Within the constraints imposed by ERAS’s resolution and its limited representation of
mesoscale processes, the reanalysis nonetheless provides a consistent framework for examining
long-term variability. Over the 1979-2020 period, no statistically significant increase in the
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number of Mediterranean cyclones with a deep warm core is detected. This result contrasts with
the robust signal emerging from climate projections, which consistently suggest a future decrease
in the frequency of Mediterranean tropical-like cyclones under global warming, accompanied by
an increase in their intensity and associated risks [292, 65, 303, 128, 66]. However, an important
distinction with most previous studies lies in the focus on the recent historical period rather than
on future projections, making the comparison non-trivial. In addition to differences between
historical analyses and future projections, the aggregation of physically distinct systems within
the DWCC category (tropical-like cyclones, cyclops, and warm seclusions) may further mask

trends if these subclasses exhibit divergent long-term evolutions.

Despite the absence of a frequency trend, a significant spatial redistribution is identified,
with preferred formation regions shifting within the Mediterranean basin. This result is broadly
consistent with earlier modelling work indicating enhanced formation in the Gulf of Lion—-Genoa
region and south of Sicily [303], although the exact patterns differ, likely reflecting dataset

resolution, methodology, and the limited length of the observational record.

No robust trend is found in cyclones’ PI over the study period, a result that has not been
systematically assessed in previous studies on Mediterranean cyclones. The large inter-annual
and decadal variability of PI, which depends on multiple thermodynamic factors beyond sea
surface temperature alone, likely masks any long-term signal. This behavior is consistent
with findings from the tropical cyclone literature, which highlight the dominant role of natural
climate variability in shaping PI in the tropical regions over recent decades. For instance, [304]
showed that localized sea surface temperature anomalies associated with natural variability can
induce stronger PI responses than the more spatially uniform warming driven by greenhouse
gases. Similarly, [305] demonstrated that multi-decadal variability has historically outweighed
anthropogenic forcing in PI changes, with recent increases largely attributed to natural cycles,
while a clearer greenhouse-gas-driven signal is expected to emerge only later in the 21st century.

Consistent with the absence of significant trends in PI, no clear changes are detected in
cyclone-related impacts, such as maximum wind speeds and precipitation. The large spread in
these variables, combined with their sensitivity to dynamical and environmental factors beyond
thermodynamic intensity alone, hinders the detection of long-term trends. Although previous
projection-based studies report an intensification of Mediterranean tropical-like cyclones [292,
65, 303, 128, 66], these increases are generally moderate [65] and strongly model-dependent
[128]. Overall, these results underline the well-established difficulty of disentangling climate-
change signals from natural variability over a few decades, and particularly for regional-scale
phenomena. Such difficulties were already mentioned Chapter 3, and highlight the need for

longer records and higher-resolution datasets to robustly assess long-term trends.
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Conclusion

5.1 Synthesis of Research Findings

This thesis addressed the mechanisms governing extreme precipitation and organized convective
systems in the Euro-Mediterranean region through three interconnected research questions,
progressing from dataset validation to the physical interpretation of localized extremes and,
finally, to the large-scale dynamics of intense cyclonic systems. Together, the results provide a
coherent picture of how thermodynamic and dynamical processes interact across scales to shape

high-impact hydro-meteorological phenomena in a changing climate.

Chapter 2 constitutes the methodological cornerstone of this thesis by focusing on the
rigorous evaluation of the CHAPTER dataset against independent observational references.
Through a comprehensive validation framework, the convection-permitting downscaling of
ERAS was assessed in terms of its ability to reproduce key surface climate variables, including
both precipitation and near-surface temperature. The analysis demonstrated that CHAPTER
reliably captures the statistical properties, temporal variability, and spatial organization of heavy
precipitation, as well as the mean state and variability of temperature, across a range of climatic

regions and regimes.

The performance of CHAPTER was systematically benchmarked against existing, well-
established high-resolution regional datasets [165, 166]. These comparisons showed that CHAP-
TER performs at least as well as state-of-the-art alternatives, despite differences in model
configurations. This result confirms that the dynamical downscaling approach adopted here does
not compromise realism but enables the study of processes at unprecedented spatial resolution
for a multi-decade atmospheric dataset. By establishing observational credibility, Chapter 2
validates CHAPTER as a trustworthy representation of convective precipitation and associated

atmospheric processes.
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Building on this validated framework, Chapter 3 focused on disentangling the physical
drivers of trends in localized precipitation extremes in the Mediterranean and European regions.
The analysis revealed different spatial patterns. An increase in extreme hourly rainfall was
observed in most of the Mediterranean and the North Sea, but at the same time, the West of
France, the Iberian Peninsula, and the border between Eastern Europe and Russia experienced
negative trends. Crucially, the applied diagnostic decomposition showed that this increase cannot
be explained by thermodynamic effects alone. The thermodynamic contribution, linked to the
enhanced moisture-holding capacity of a warmer atmosphere, exhibits a generally positive but
modest trend. On the other hand, it is the dynamical component, associated with changes in
vertical motion and convective intensity, that dominates both the magnitude and the spatial

structure of extreme precipitation changes.

Chapter 3 further highlighted the importance of surface—atmosphere interactions as regional
contrasts suggest a feedback involving soil moisture, evaporation, and convective strength. In
regions such as Greece and southern Italy, abundant marine moisture supply from the surrounding
areas coincides with the increase of convective instability and supports positive trends in both
mean autumn precipitation and extreme hourly rainfall. In contrast, the Iberian Peninsula and
western France experience pronounced soil drying, which limits evaporation and appears to

suppress an already limited convective activity and extreme hourly precipitation.

Finally, Chapter 4 extended the analysis to organized convective systems embedded in
large-scale circulation patterns, focusing on Mediterranean cyclones. By directly comparing
deep warm core cyclones (DWCC) with strong extratropical cyclones (SETC) during their
intensification phases, this chapter clarified the conditions favoringthe development of a deep
warm core. Both cyclone types originate from strong upper-level positive potential vorticity
anomalies of adiabatic origin, typically associated with jet stream meandering, distinguishing
them from weaker extratropical cyclones. Despite comparable surface wind speeds, DWCC are

characterized by stronger air—sea enthalpy fluxes and more extensive and intense precipitation.

The key discriminator between DWCC and SETC lies in their potential intensity (PI). DWCC
develop in environments with systematically higher PI, a distinction strongly modulated by
seasonality. Their preferential formation in autumn and spring corresponds to warmer sea
surface temperatures and higher climatological PI, whereas SETC predominantly form in winter
under colder SST and lower PI. Moreover, DWCC tend to intensify when actual PI exceeds
its climatological value, indicating the importance of localized conditions, such as mid-level
cold intrusions, in creating a favorable thermodynamic environment. In contrast, similar cold
intrusions in SETC do not significantly enhance PI, likely due to the greater static stability
imposed by colder SST. Differences in vertical wind shear further separate the two cyclone types,

with DWCC forming in environments characterized by weaker upper-level jets.
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5.2 Scientific Contributions and Limitations

The synthesis of findings presented in the previous section provides a coherent overview of
the physical mechanisms governing localized convective precipitation and deep warm-core
cyclones in the Euro-Mediterranean region. However, a full contextualization of this research
requires moving beyond the results to evaluate their broader impact on the field and the inherent
constraints of the study. To provide this perspective, the following section details the specific
scientific contributions of each chapter. This section highlights the advancements in process-
based understanding, while critically addressing the methodological and data-driven limitations
that define the scope of these findings.

Chapter 2 provides a rigorous validation that establishes CHAPTER as a reliable convection-
permitting climate dataset suitable for broad scientific use. By demonstrating performance
comparable to established high-resolution reference products, this chapter enables confident
application of CHAPTER for process-based analyses, extreme event studies, and investigations of
climate variability. Its particular strength lies in the combination of high spatial resolution over an
extended domain covering the whole Mediterranean basin and all of central Europe, an extended
temporal coverage of 42 years, and the availability of three-dimensional atmospheric variables.
Together, these characteristics currently make CHAPTER unique in spatial and temporal extent
among existing European high-resolution products [147-153, 155]. This validation, therefore,
serves as a critical enabling step for the subsequent chapter of this thesis and future studies

seeking a consistent, long-term, high-resolution framework.

A key limitation of this work concerns the temporal scale of the validation. The focus on
daily statistics, while appropriate for assessing climatological behavior and large-scale variability,
does not fully capture the short-lived, high-intensity precipitation events characteristic of deep
convection. A validation at hourly timescales would provide a more direct evaluation of extreme
rainfall dynamics, but such an extension is currently constrained by the limited availability of
long, high-quality sub-daily observational records at a pan-european spatial extent, and by the
substantial computational cost associated with high-frequency analyses.

Chapter 3 advances the scientific understanding of precipitation extremes by disentangling
the respective roles of the atmospheric thermodynamics and the dynamics component in extreme
precipitation trends. The results highlight that changes in convective organization and vertical
motion are key drivers of extreme precipitation, challenging interpretations based mainly on ther-
modynamic scaling [206]. In addition, the analysis demonstrates that surface water availability
exerts a strong control on convective intensity, indicating that surface—atmosphere coupling is a
crucial component in shaping present-day extremes. Together, these findings stress that future
changes in precipitation extremes cannot be inferred from thermodynamic assumptions alone,
but will depend on the joint evolution of dynamical circulation patterns and sea-land-surface

processes.
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However, this chapter remains limited in scope by its focus on present-day conditions. The
absence of explicit future climate scenarios prevents a direct assessment of how the identified
mechanisms may evolve under a stronger global warming signal. Moreover, a more comprehen-
sive characterization of air—sea and air—land interactions, with the computation of additional
dynamical and thermodynamical indices, or possibly with coupled sea-atmosphere long-term
modelling experiments, would be necessary to further isolate and quantify the processes underly-

ing the observed signals.

Beyond the validation presented in Chapter 2 and the specific analyses performed in Chapter
3, amore fundamental limitation is inherent to the CHAPTER dataset itself, and thus to any study
based on it. CHAPTER represents a single realization of a regional climate model with a fixed
configuration and set of physical parameterizations. The absence of an ensemble of convection-
permitting simulations for a domain of this size and over a multi-decadal period implies that
internal climate variability and model uncertainty cannot be explicitly sampled. Producing such
an ensemble would be computationally extremely demanding, financially costly, and associated
with a substantial carbon footprint, rendering this approach currently unfeasible. However, for
more spatially limited regions, complementary high-resolution datasets, derived from physical
or statistical downscaling, including emerging Al-based approaches with rapidly increasing
capabilities, can be used to partially address this limitation. In this context, CHAPTER should
be viewed as a foundational dataset that can be combined with other products to strengthen
robustness, or used on its own to provide strong circumstantial evidence of climate change—driven

signals, particularly at the scale of convective processes.

Chapter 4 contributes to the understanding of Mediterranean cyclones by focusing on the
early stages of systems that eventually develop warm-core characteristics. In contrast to studies
that consider only warm-core cyclones, such as [230], this chapter compares cyclones that
undergo a warm-core transition with those that retain a classical cold-core structure. Moreover,
the comparison is performed at an early stage of the cyclone lifecycle, when both types of systems
remain dynamically similar and are still characterized by a baroclinic structure. This approach
differs from that of [223], who compared cyclones at a later stage when warm-core systems had
already reached their mature phase. By focusing on the period preceding the transition and by
contrasting the two cyclone types while they are still dynamically comparable, this chapter aims
to identify factors that favor the development of a warm core, rather than characteristics that

arise as a consequence of the transition.

The interpretation of these results is nonetheless subject to two main limitations. The warm-
core cyclones dataset includes a heterogeneous mix of cyclone types, such as tropical-like
cyclones, CYCLOP systems, and warm seclusions, which differ in their underlying dynamics.
This diversity may dampen or blur the signals in key variables such as potential intensity, sea-
surface temperature, potential vorticity anomalies, wind shear, and their trends. Additionally, the
reliance on ERAS reanalysis, while advantageous for its coverage and consistency, limits the

ability to resolve small-scale, convection-driven processes that are central to cyclone evolution.
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5.3 Future Research Direction

The limitations outlined in the previous section point toward several promising avenues for future
investigation. While the present work has established a rigorous methodological framework
and identified key physical mechanisms governing extreme precipitation and deep warm-core
cyclones in the Euro-Mediterranean region, the constraints inherent to present-day analysis and
the heterogeneity of cyclone classifications naturally motivate extensions that can deepen our

mechanistic understanding and improve predictive capabilities.

A logical next step is to apply the diagnostic scaling framework developed in Chapter 3 to
convection-permitting model simulations that incorporate future climate scenarios. While the
high computational cost and carbon footprint of such models often preclude basin-wide long-term
simulations, the results of this thesis provide a strategic advantage: high-sensitivity "hotspots"
have already been identified: southern Italy, Greece, the Iberian Peninsula, and France. Future
efforts could focus on these sub-domains to assess how the balance between thermodynamic and

dynamical contributions shifts under a stronger global warming signal.

To move beyond the diagnostic signals of soil moisture—precipitation coupling, a more
comprehensive characterization of the convective environment is required. In principle, a
definitive attribution of the feedback mechanisms discussed could be achieved through targeted
numerical sensitivity experiments, such as artificially decoupling surface evaporative fluxes
from soil moisture availability. While such experiments would provide an unambiguous test of
the proposed feedback, conducting them at the spatial scale and resolution of the CHAPTER
simulations would involve a prohibitive computational cost and carbon footprint, unjustified
by the marginal scientific gains. As discussed above, these approaches would only be feasible
over limited sub-domains. Consequently, future research should focus on strengthening the
statistical evidence by integrating additional thermodynamic and dynamical indicators to better
constrain the pre-convective environment. This more scalable approach would enhance the
robustness of the relationships identified in Chapter 3 and reinforce the physical interpretation

of land—atmosphere coupling without relying on resource-intensive sensitivity experiments.

The results of Chapter 4 highlight the environmental factors favoring DWCC intensification,
yet the inherent diversity within this category remains an open challenge. Future research should
repeat this analysis for specific sub-categories, namely Tropical-Like Cyclones (TLC/Medicanes),
CYCLOPS systems, and warm seclusions. The present work supports the hypothesis that these
systems can be more clearly differentiated using the environmental potential intensity to which
they are associated. This investigation could benefit from transitioning from the use of ERAS
reanalysis to CHAPTER data. Using convection-permitting resolutions will provide the necessary
precision to resolve the fine-scale thermodynamic and dynamical processes, such as inner-core
convection and air-sea enthalpy exchange, that govern the evolution of Mediterranean tropical-

like systems but are often smoothed out in coarser products.
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Finally, a key operational question remains: can potential intensity serve as a reliable early
indicator for DWCC formation and intensification? Future work should focus on identifying a
potential intensity threshold in the early stages of cyclogenesis that distinguishes future warm-
core systems from standard extratropical cyclones. By tracking the lifecycle of systems that
exceed these thresholds, it could be possible to evaluate the skill of potential intensity as a
forecasting tool. Such an approach holds significant promise for improving early warning

systems and risk mitigation strategies in the vulnerable coastal regions of the Mediterranean.
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Appendix A

Fig. A.1 Seasonal climatology of 2m temperature between 1981 and 2022.

Fig. A.2 Seasonal climatology of hourly accumulated precipitation between 1981 and 2022.
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Fig. A.3 Season distribution of the 5h with the most intense extreme precipitation per year over the period
1981-2022 for each location.

(a) Scaling with precipitation efficiency =1 (b) Precipitation efficiency €

Fig. A.4 Left: Mean top-5 annual precipitation extremes scaling (mm.h~"), averaged over the period
1981-2022. Right: fraction of the annual maximum precipitation (fig. 3.3.a) divided by the corresponding
scaling (sup. fig. A.4.a). Data have been upscaled at 0.24° using a box average.
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Fig. A.5 Like fig. 3.4.a but only trends statistically different from O are plotted.

(a) CHAPTER (b) Scaling

(c) Changes in thermodynamic scaling (omega con-  (d) Changes in dynamic scaling (temperature constant).
stant).

Fig. A.6 Changes in maximum annual hourly precipitation (top, left), precipitation extremes scaling (top,
right), the thermodynamic scaling (center, left), and the dynamic scaling (center, right), derived from a
linear regression for the period 1981-2022. The unit is mm.h~'. Data have been upscaled at 0.24° using a
box average.
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(a) CHAPTER (b) Scaling

(c) Changes in thermodynamic scaling (omega con-  (d) Changes in dynamic scaling (temperature constant).
stant).

Fig. A.7 Changes in mean top-10 annual hourly precipitation (top, left), precipitation extremes scaling
(top, right), the thermodynamic scaling (center, left), and the dynamic scaling (center, right), derived from
a linear regression for the period 1981-2022. The unit is mm.h~'. Data have been upscaled at 0.24° using
a box average.
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(a) CHAPTER (b) Scaling

(c) Changes in thermodynamic scaling (omega con-
stant).

(d) Changes in dynamic scaling (temperature constant).

Fig. A.8 Changes in mean top-20 annual hourly precipitation (top, left), precipitation extremes scaling
(top, right), the thermodynamic scaling (center, left), and the dynamic scaling (center, right), derived from
a linear regression for the period 1981-2022. The unit is mm.h~!. Data have been upscaled at 0.24° using

a box average.

Model output | Scaling | Scaling w/ cnst W | Scaling w/ cnst T
Maximum Annual Hourly Precipitation
Mean (mm.hr— !y~ 1) 0.036 0.070 0.027 0.034
Spatial correlation 1 0.59 0.52 0.55
Mean top-5 annual hourly precipitation
Mean (mm.hr—'.y~1) 0.022 0.045 0.017 0.021
Spatial correlation 1 0.73 0.58 0.70
Mean top-10 annual hourly precipitation
Mean (mm.hr—'.y~1) 0.016 0.034 0.013 0.016
Spatial correlation 1 0.78 0.60 0.76
Mean top-20 annual hourly precipitation
Mean (mm.hr— !y~ 1) 0.010 0.025 0.009 0.010
Spatial correlation 1 0.82 0.62 0.82

Table A.1 Spatial mean and spatial correlation of the trends in precipitation output and the scaled

precipitation over 1981-2022.
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Fig. A.9 Seasonal total change of surface MSE between 1981 and 2022.

Fig. A.10 Seasonal total change of the temperature component of surface MSE (¢, X t,,,) between 1981
and 2022.
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Fig. A.11 Seasonal total change of the specific humidity component of surface MSE (L, X g2,,) between
1981 and 2022.

Fig. A.12 Seasonal climatology of 2m specific humidity between 1981 and 2022.
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Fig. A.13 Seasonal climatology of the first-level soil moisture between 1981 and 2022.



Appendix B

Fig. B.1 Fraction of cyclones’ points over the sea 36h before the time of the minimum SLP.

Fig. B.2 Fraction of cyclones’ points over the sea at the time of the minimum SLP.
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Fig. B.3 Wind rose at time of maximum cyclones’ intensity for WETC (left), SETC (middle), and DWCC
(right).

Fig. B.4 Azimuthally averaged wind speed at time of maximum cyclones intensity for WETC (light blue
solid line), SETC (dark blue dashed line), and DWCC (red solid line). Shading around the solid line
indicates the standard error of the mean.
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Fig. B.5 Azimuthally averaged precipitation at time of maximum cyclones intensity for WETC (light
blue solid line), SETC (dark blue dashed line), and DWCC (red solid line). Shading around the solid line
indicates the standard error of the mean.

Fig. B.6 10m surface wind for the different cyclone classes. Top: 2D composites centered on the cyclone
and oriented along the direction of propagation of the cyclones, at the time of minimum SLP. The markers
in the right panel indicate regions where DWCC composited surface wind is not significantly different
from SETC (95% confidence level). Bottom: boxplots of the mean surface wind for each cyclone, where
the mean is computed on the 10% highest values over the 10°x10° box for each cyclone. Boxplots show
the median value (horizontal line), the interquartile range (colored area), the Sth and 95th percentiles
(whiskers), and outliers.
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Fig. B.7 Hourly precipitation for the different cyclone classes. Top: 2D composites centered on the
cyclones and oriented along the direction of propagation of the cyclones, at the time of minimum
SLP. The markers in the right panel indicate regions where DWCC composited hourly precipitation is
not significantly different from SETC (95% confidence level). Bottom: boxplots of the mean hourly
precipitation for each cyclone, where the mean is computed on the 10% highest values over the 10°x10°
box for each cyclone. Boxplots show the median value (horizontal line), the interquartile range (colored
area), the 5th and 95th percentiles (whiskers), and outliers.

Fig. B.8 Composite time evolution of the mean SST for WETC (light blue solid line), SETC (dark blue
dashed line), and DWCC (red solid line) with respect to their minimum SLP (black dashed line). The
mean has been computed in a 4° by 4° box centered on each cyclone. Shading around the solid line
indicates the standard error of the mean.
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Fig. B.9 Composite time evolution of the mean air-sea latent heat flux for WETC (light blue solid line),
SETC (dark blue dashed line), and DWCC (red solid line) with respect to their minimum SLP (black
dashed line). The mean has been computed in a 4° by 4° box centered on each cyclone. Only the points
over the sea are considered. Shading around the solid line indicates the standard error of the mean.

Fig. B.10 Climatological PI for the different cyclone classes. Top: 2D composites centered on the cyclones,
36h before the time of minimum SLP. The markers in the right panel indicate regions where DWCC
composited climatological PI is not significantly different from SETC (95% confidence level). The purple
colors represent values of PI above 35 m s~ !, value below which tropical cyclones typically don’t form
[6]. Bottom: boxplots of the mean climatological PI for each cyclone, where the mean is computed on the
10% highest values over the 10°x10° box for each cyclone. Boxplots show the median value (horizontal
line), the interquartile range (colored area), the Sth and 95th percentiles (whiskers), and outliers.
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Fig. B.11 2D composites of PI anomalies (m.s~!) for DWCC 36h before their minimum SLP. From the
left: PI anomaly as the difference between the actual PI (fig. 4.10) and the climatological PI (sup. fig.
B.10); difference between the PI computed with all climatological values but the actual difference in
CAPE and the climatological PI; difference between the PI computed with all climatological values but the
actual efficiency factor (SST) and the climatological PI; sum of the contributions to the anomaly created
by the CAPE difference presented in fig. 4.11. The difference between the second and the fourth subplots
shows the non-linearities at play in the total contribution of the CAPE difference to the final PI anomaly.
The markers indicate the anomalies that are not significantly different from 0 at a 95% confidence level.

Fig. B.12 Temperature profiles 36h before the time of minimum SLP. The value is the mean temperature
over a 10° by 10° box centered on the cyclone, but only the points over the sea are considered. The
equilibrium level (EL) averaged over the same box is also indicated. For all variables, dashed lines
correspond to climatological values and full lines indicate the actual values emerging from the composites.
It can be appreciated how DWCC present the biggest anomaly in mid-tropospheric temperatures, compared
to WETC and SETC.
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Fig. B.13 Time evolution of the percentage of cyclones over land with respect to time of minimum SLP
(black dashed line).

Fig. B.14 Composite time evolution of the translation speed for WETC (light blue solid line), SETC (dark
blue dashed line), and DWCC (red solid line) with respect to their minimum SLP (black dashed line).
Shading around the solid line indicates the standard error of the mean.
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Fig. B.15 Time series of the PV anomaly average computed in a 4° by 4° box centered on each IETC, 36h
before their minimum SLP.
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