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In recent decades,the increasein frequency and intensity of heat wave (HW) events
worldwide has posed growing threats to ecosystem well-being. This trend is
significantly affecting the human population, resulting in widespread thermal
discomfort, which is commonly assessed through heat stress(HS) metrics. This thesis
investigates the spacetime dynamics of HWs and HS in the Lombardy region
(Northern ltaly) , which is a suitable case study due to its climatic features and
topographically diverse landscape. Given this heterogeneity, the research adopts a
methodology for HW detection based on location-specific historical temperature
series For the same reasonfour HS indices are employed to provid e a comprehensive
overview of thermal discomfort acrossthe study area. The analysis is based onthe
VHR-REA_IT climate reanalysis dataset- available with hourly frequency and 2.2 km
resolution from 1981 to 2023 - dynamically downscaled from ERA5 by the Euro-
Mediterranean Center on Climate Change (CMCC). The methodology enables the
characterization of HW events in terms of their intensity, duration, frequency, and
spatial extent. Four selected HS indices| Humidex, Wet-Bulb Globe Temperature,
Universal Thermal Climate Index, and Lethal Heat StressIndex| are computed to
assessthe physiological response to extreme heat. The outcomes highlight a clear
increase over time in the frequency, intensity, and duration of HWSs, along with a
growing persistence of hazardous thermal conditions. Moreover, the study shows that
the most severe heat-induced discomfort exhibits spatial heterogeneity, reflecting the
regionz tbmplex topography. The researchresults also indicate a significant decadal
rise in the number of days characterized by thermal discomfort (up to +7 days per
decade). Lastly, this work underscores the need to integrate HW and HS analysis to
better inform public strategies, supporting the development of climate-resilient and
adaptive policies. The methodology developed in this work is fully documented and
releasedas gpen source,promoting transparency and encouraging further research in
other regions.

Key-words: heat waves, heat stress thermal discomfort , VHR-REA _IT dataset, climate
reanalysis data, spacetime analysis
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calore (heat waveHW) a livello globale ha rappresentato una crescente minaccia per
il benessere degli ecosistemi. Questo fenomeno sta influenzando in modo
significativo anche la popolazione umana, generando condizioni diffuse di
discomfortermico, comunemente valutate attraverso metriche di stress termico (heat
stress HS). Questa tesi analizza la dinamica spazictemporale di HW e HS nella
regione Lombardia (Italia settentri onale), considerata un caso studio
particolarmente adatto per le sue peculiari caratteristiche climatiche e la diversita
topografica del territorio. In considerazione di tale eterogeneita, la ricerca adotta
una metodologia di rilevamento di HW basata sulle serie storiche della temperatura
specifiche per ciascuna localita. Per lo stesso motivo, sono stati utilizzati quattro
indici di HS, al fine di offrire un quadro complessivo del discomfortermico O1 @&z
EPwUUUEDOG w +7 EOEODPUD w Wasiuckratidds VHRRPAUIHE UE UT U
disponibile con frequenza oraria erisoluzione di 2.2 kmdal 1981al 2023)- prodotto
dal Centro Euro-Mediterraneo sui Cambiamenti Climatici (CMCC) tramite
downscalingdinamico di ERA5. La metodologia consente di caratterizzare gli eventi
di HW in termini di intensita, durata, frequenza ed estensione spaziale. | quattro
indici di HS selezionati - Humidex WetBulb Globe Temperaturé&niversal Thermal
Climate Indexe Lethal Heat Stress Indexermettono di valutare la risposta fis iologica
alle condizioni di calore estremo. | risultati evidenziano un chiaro aumento, nel
corso del tempo, della frequenza, intensita e durata di HW, accompagnato da una
crescente persistenza di condizioni termiche critiche. Inoltre, lo studio dimostra che

il discomforttermico presenta una marcata eterogeneita spaziale, riflettendo la
complessita morfologica della regione. | risultati evidenziano anche un significativo
incremento nel numero di giorni caratterizzati da discomforttermico su base
decennale (fino a +7 giorni per decennio). Infine, questo lavoro sottolinea la
Ol El UUPUEWEPwWPOUITUEU]I wOzZEOEOPUDWEDW' 6 wi w'
strategie pubbliche e favorire lo sviluppo di politiche climaticamente resilienti e
adattive. La metodologia sviluppata € completamente documentata e resa
disponibile pubblicamente, promuovendo trasparenza e incoraggiando futuri
approfondimenti in altri contesti geografici.

Parole chiave: stress termico, ondate di calore, discomforttermico, dataset VHR-
REA _IT, dati di rianalisi climatica , analisi spazio-temporale
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1 Introduction

1.1. Background and motivation

The lastcentury has beencharacterized by an increasing trend in global temperatures,
a phenomenon that has been defined as global warming.

Global warming is continuously causing major harm to the Earth's environment. It is
and will severely affect ecosystems and disturb the ecological balance(Shahzad, 2015)
Urban areas are subject to higher temperatures due to factors such as the absorption
and re-emission of heat by buildings and pavement, reduced vegetation cover, air
pollution, and increased energy use (Rachid and Qureshi, 2023)

In this context of climate change, heat wave (HW) events are becoming more frequent
and intense. As highlighted by Perkins -Kirkpatrick and Lewis (2020 and by Schielicke
and Pfahl (2022) HW s have increased in intensity, frequency, and duration, with these
trends projected to worsen under enhanced global warming. There is a consensus that
this circumstances are arising both regionally and globally (Perkins-Kirkpatrick and
Lewis, 2020)

An HW is typically defined as a prolonged period of unusually high temperatures

above the local climatology (Mohammad and Weng, 2024; PerkinsKirkpatrick and
Lewis, 2020) The identification of these phenomena considers regional climate
variability and enables their consistent tracking in space(Rousi et al., 2022)

As highlighted in all the researchmentioned above, HWs are impacting and changing

both anthropological activities and human well -being, as well as the ecosystems of
flora and fauna. Severe hot conditions affect both the anthropized environment, from

the wide metropolis to the most rural countryside settlements, as well as the

untouched contexts, such as oceans, glaciersand forests. In both environments, the
increasing heat trend is negatively impacting the ecosystems.

One of the most ambitious challenges of the 2% century is to cope with the increasing
frequency, the astonishing duration, and the intensity of HW s.

Since the beginning of the new millennium , some extreme heat events have been
registered, such asthe European HW of summer 2003 the severe hot conditions
registered in Russia in 2010, and the most recent recordbreaking smothering events
recorded in 2022 and 2023 which highlighted the devastating negative potentialities

of these climatic trends (Schielicke and Pfahl, 2022) According to some recent
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estimates, almost 37% of the heatrelated deaths can be attribut ed to anthropogenic
climate change (Klingelhofer et al., 2023).

In light of these considerations, this thesis aims to deepen this resolutely sensible topic,
claiming to set up a possible methodology that could be further expanded. The spatial
focus of this research is based onthe Lombardy region in Italy , which has a unique
and composite geographical and topographical layout, with both extensive urbanized
and pristine natural areas For this reason,it is an ideal area of interest to be analysed.

Due to the recentness of this global warming issue, nowadays there is a great
availability of climate data and a constantly increasing number of scientific
publications regarding the HW topic (Klingelhofer et al., 2023). However , there are still
gaps regarding the definition and the monitoring of these phenomena

1.2. Conceptual distinction of heat waves (HWs) and
heat stress(HS)

The present work involves two key concepts, namely HW and heat stress HS).
Although these terms are often confused or misunderstood, they are defined
differently by the scientific community.

HS refers to the physiological state that the human body experiences when it is

exposed to excessive heatHS is a condition that can result from prolonged exposure

to high temperatures and humidity. It can range in severity from mild discomfort to a

life-UT UT EUT ODPOT wOl EPEEOQuwI O1 UT 1 OEaAOwETl x1 OEDPOT wod
the intensity and duration of the heat exposure. It usually occurs when the body is

unable to maintain a healthy temperature in response to a hot environment. HS can

negatively affect public health and quality of life in both urban and rural areas. It can

lead to heavy sweating, muscle cramps, headaches, and decreased productivity

(Rachid and Qureshi, 2023)

In particular, HS symptoms manifest when the body's ability to dissipate heat is
compromised by environmental conditions. HS embraces many factors and their
combined effects on the human body. Some of the most common parameters
considered are, for instance air temperature, humidity, wind speed, radiation,
individual metabolic rate, clothing, and other behavioural and physiological factors
individually different. HS can result in symptoms ranging from discomfort and
reduced performance to life-threatening conditions such as heat stroke (Epstein and
Moran, 2006; Rachid and Qureshi, 2023)

On the other hand, an HW is a meteorological phenomenon, typically occurring on a
regional or continental scale, which is defined relative to the climatology of the affected
area.
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HWs are prolonged periods of anomalously high temperatures that can have
devastating impacts on the environment, society, and economy. In recent history, HW s
have become more intense and more numerous over most continental areas, and it is
expected that this trend will continue due to the ongoing global temperature rise
(Schielicke and Pfahl, 2022)

HWSs can have huge socioeconomic impactsincluding an increased mortality (Guo et
al., 2017) an enhanced risk of wildfires due to hot and dry conditions accompanying
HW's (Jones et al., 2020), crop failures in connection with droughts(Zampieri et al.,
2017) and damage to the flora in general (Breshears et al., 2021)mpacts on the water,
transport, and energy infrastructures can lead to tremendous economic losses that are
expected to increase in the future (Schielicke and Pfahl, 2022)

Although various definitions exist in the scientific literature, a n HW generally refers
to a period during which observed temperatures exceed a threshold determined from
long-term climate data for that specific region. Thus, HW s are identified with a spatial
and temporal scale, affecting large regions and populations, and are primarily a
concern in climate science, public health, and disaster management.

This thesis aimsto contribute to HW identification and assessmentin the Lombardy
region through a reproducible, publicly accessible approach and a scalable
methodology. The thesis is based onVHR-REA _IT! climatological data provided by
the CMCC (Centro Euro-Mediterraneo sui Cambiamenti Climatici, Euro-Mediterranean
Center on Climate Chanyg€oundation, reaching a horizontal resolution of 2.2 km x 2.2
km. The dataset has a temporal resolution ofone hour from 1981 to 2023.This resource
is based on ERAB data, originally provided by Copernicus with a ~ 31 km x 31 km
horizontal resolution and subsequently downscaled and reanalysed for the Italian
territory by CMCC .

The main goals of this research are the following:

1. identify HW events in terms of their yearly frequency, intensity, and duration;
for this purpose, long -term climatological thresholds are computed;

2. assess HS spacdime patterns by computing HS indices for each year as well as
for selected HW events;

3. create a scalable and reproducible openrsource methodology.

1VHR-REA_IT by CMCC is available here
2 ERAS dataset by Copernicus is availablehere


https://dds.cmcc.it/#/dataset/era5-downscaled-over-italy/hourly
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=overview
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Moreover, by using open-source data and code and by providing the proposed
methodolo gy in open access this work aims to support future researchwithin this
framework . Ultimately, the goal is to contribute to bringing this topic to the attention
of the decision-makers and the public authorities .

1.4. Structure of the thesis

The initial part of the present work focuses on the literature review, which is reported
in Chapter 2.

This initial part is followed by Chapter 3, focusing on the study area and the datasets
utilized . The area of interest is presented in its geographical characteristics, and the
data are presented with their technical details.

Subsequently,in Chapter 4, the methodology is presented, explaining the details of all
steps carried out.

In Chapter 5, the densest part of this work, the findings and results of this researchare
documented.

Ultimately, Chapter 6 gathers the conclusionsand future perspectives.



2 Literature review

Due to the increasingly important attention given to global warming , the research
production about this topic is growing year by year (Klingelhofer et al., 2023). The
literature dealing with it encompassesa wide range of approaches and methodologies
to interpret it, from physical climate diagnostics to statistical detection algorithms, and
again from health impact assessments to integrated adaptation strategies(Klingelhofer
et al., 2023)

In this chapter, a short review is provided of the most significant methodologies
proposed for HW identification, measurement, and tracking, together with the most
relevant HS metrics that are adopted worldwide to assess thermal discomfort.

2.1. HWSs definition and scientific relevance

In the field of climate science, the term HW generally refers to an extended period of
abnormally high temperatures . To define such a heat anomaly, temperatures of a
specific location are compared with the historical temperature trend of th at location.

Generally, an HW occurs if the local temperature exceedsa defined threshold for at

least three consecutive days Typically, athreshold is determined as the 90" or the 95"

percentile of a set of daily maximum temperature s. This set of maximum values is

composed of the maximum temperature registered on a specific day, together with the
onesrecorded DO wUT I w? O T | EOO0OHOVAaEA UDOI EWEUW?ET O
in the literature ; the size of the window varies from study to study , as well as

depending on the chosen percentile. The duration of exceedance of the temperature

over its threshold is another variable that can bedefined differently depending on the

approach.

In general, decisions regarding which percentile, temporal window, and duration to
adopt for defining a heatwave event are typically made by researchers based on the
specific environmental context of the study. That said, the literature presents a wide
variety of approaches, some of which differ only slightly from the method described
here, while others adopt significantly different detection strategies.

An interesting study to clarify these methodological choices is the one by Perkins-
Kirkpatrick and Lewis (2020) who implemented the 90"-percentile-based approach
This procedure entails that, for each grid point in space (as defined by the dataset's
resolution) and for each day within the time frame, the 90 " percentile of maximum
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daily temperatures is computed from a set of values that includes not only all the
historical maxima at that specific location across the dataset years, but also the maxima
recorded on neighbouring days within a centred 15 -day window. The 15day window
is constructed by selecting a specific calendar day (e.g., Junes) and aggregating all
occurrences of that same date across althe years within a given reference period. For
each year in the timeframe, the method includes the 7 days preceding and the 7 days
following the selected date. Within this 15 -day window, the temperature percentile is
calculated, which serves as the threshold for identifying HW conditions at that specific
location on that specific day.

As mentioned above, the window might vary according to the approach used. For
example, Rousi et al. (2022) in their pan -European study, reinforced the use of relative
temperature percentiles to define thresholds dynamically rather than through fixed
absolute cut-offs, especially in a context of ongoing climate change.

Other studies highlighted the importance of spatial coherence and a minimum
duration. For example, the study conducted by Stefanon et al. (2012 highlights the fact
that an HW cannot be considered as a spatially isolated local phenomenon, unless it
exceeds aminimum spatial dimension to be considered. In this study, the spatial
threshold to consider an HW phenomenon should be equal to or above 40.000 km?2
Thus, the adopted approach tries to distinguish real events from cases involving a
residual and insuff icient spatial extent, which do not constitute an HW event. It must
be noted that the spatial minimum extent to define an HW is often a blurred aspect in
the literature.

Recently, the relevance of HWs has acquired growing interest from the scientific

community, since their negative effects impact a wide range of systems, such as the
ecological, economic and public health mechanisms. Klingelhdfer et al. (2023)
highlighted that a connection is there between anthropogenic climate change and

mortality trends related to abnormal heat growth. In this study , they reported that 37%
of the heat-related deaths are directly linked to human -caused warming. Moreover,

rising temperatures pose aserious threat to the agriculture and energy sectors, urban

infrastructures, and all natural ecosystems. These aspectshave been extensively
explored, such asin in Perkins et al. (2020 and Lo et al. (2021).

Another interesting study has been carried out by Breshears et al.(2021)and focuses
on the impact of the HW phenomena on natural ecosystems. As highlighted in such
research while the lethal effects of HW on humans are well-documented, the impacts
on flora are less well-understood, except perhapsfor crops. For this reason,this study
analyses thesublethal and lethal effects at leaf and plant scales

On the other hand, other studies strictly focus on urban settlements and cities,
analysing this phenomenon through the analysis of the Urban Heat Islands (UHI) . In



Literature review 7

the study by Ellena et al. (2023) also published by CMCC3, UHI is defined as a
temperature difference between urban and rural areas, caused by the excess oémitted
heat and by the solar gain trapped by the urbanized environment (de facto, intensified
by HW and urbanization ). Following this argumentation, in the study carried out by
Lemonsu et al. (2015) using the Paris urban area as a case studythey demonstrated
that evolutions towards a denser city could lead to increased HW when compared
with urban sprawl evolutions.

In light of these considerations HWs are considered as a climatedriven hazard . These

events have Ew OUOUPEDOI OUPOOEOWDPOXEEUW OOwWw. 51 wOEU!
previously stated, their impacts encompass many sectors and disciplines. The

spreading of awareness ofthis dramatic trend is important acrossdifferent fields, from

the most sciencerelated ones to the public decision-making ones. For this reason, the

detection of HWs (along with their communication, understanding, and
dissemination) plays a crucial role both in the long-term ambition of structurally

reversing climatic trends and in the immediate need to effectively manage the impacts

of individual events on the population.

HW metrics in climate science

Being able to identify and quantify HW s demands the adoption of different metrics
that can capture their multifaceted nature. Generally, the most common parameters
used to measure HW events are the frequency, the duration, the intensity, and the
spatial extent of the phenomena.

However, it is important to emphasize that these are not the only indicators used for
their assessment For instance, the Heat Wave Magnitude Index daily (HWMId) is also
introduced to combine duration and temperature excess above a given threshold into
a single, concise score(Russo et al., 2015) This index is meant to identify the most
impactful events across long time series, henceassesfng changes over time. Similarly,
in the research of Perkins and Alexander (2013) they distinguish between three basic
indicators, i.e., HW intensity, HW frequency, and HW maximum duration of any
single event, forming the backbone of many global and regional analyses.

Moreover, recent studies propose new approaches mainly based on cumulative
metrics, which assume the daily positive anomalies above a given threshold. These
approaches cancapture the overall thermal stress imposed by an event on a given
environment (Lo et al., 2021) The use of the mentioned approaches is particularly

important in the context of public health, where both the intensity and the persistence
of extreme temperatures can have negative effects on vulnerable populations.

3 This is the link to the publication


https://www.cmcc.it/article/a-detailed-map-of-urban-heat-islands
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The methods commonly employed to detect HWs may vary significantly depending
on the data availability, geographic scale, context, and climatological conditions of
each context(Perkins and Alexander, 2013) Traditionally, the main approaches often
rely on gridded daily temperature data (e.g. , ERA5 data or CMIP6-based datasets) and
thus identify the events characterized by extreme heat through grid -wise threshold
exceedance. Generally, this exceedance must persist for a minimum number of
consecutive days(e.g., 3 or 6)to constitute an HW. This method is widely used by the
scientific community in both observational and modelled research due to its simplicity
and adaptability (Perkins-Kirkpatrick and Lewis, 2020; Rousi et al., 2022)

However, more advanced methodologies, such as the one adopted by Lo et al. (2021),
include concepts of spatial aggregation and eventtracking, th e latter being based on
specific algorithms. As highlighted in the mentioned study , these methods can identify
HW s as contiguous regions exceeding thermal thresholds over time. Lo et al.(2021),
time using connected-component labelling. This enables researchers to identify and
deepen individual events as spatial-temporal elements, capturing their overall
evolution in both dimensions , which must be considered a significant step forward
from pixel -based approaches.

Moreover, other studies implemented population -weighted detection schemes. These
methods aim to align thermal extremes with exposure risk (Schielicke and Pfahl, 2022)
from this element, they observe that, even though HW and HS are different concepts,
they are still somehow interrelated. Other approaches detect the dangerous events
through a series of techniques, coupling, for instance, HW with droughts, poor air
quality, or nighttime heat, to identify threatening events (Rousi et al., 2022)However,
although these approaches add valuable complexity to the research, they also require
more detailed data and assumptions, thus limiting their transferability and
reproducibility in other contexts.

Hence, several methodologies are available for HW detection . The choice of the
window length for the percentile extraction (thresholds), the reference period, the
spatial domain, and the territorial context of analysis are all factors that significantly
influence the study results. These concepts are important aspects to consider,
highlighting the importance of reproducibility and standardization when comparing
different studies focusing , for instance, on distinct frameworks.

Unlike HWSs, which are defined by long -term atmospheric patterns, HS effects
generally manifest in a short-term and localised context. HS metrics have been
specifically developed to assess how environmental conditions impact the human
body, which is known as individual thermal comfort, comprising the individual
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physiological strain ! € ENIT NE & a O wThdseuciettd consitey toé ¢omplex
interactions between climate conditions and human body responses.

HS and HW concepts have different meaning; however, they both deal with
environmental heat conditions and can be used to describe an event of extraordinary
heat. An HS index is a single value that integrates the effects of the basic parameters
in any human thermal environment such that its value varies with the thermal strain
experienced by the individual (Epstein and Moran, 2006)

HS is a condition that can result from prolonged exposure to high temperatures and

humidity. It can range in severity from mild discomfort to a life -threatening medical

1 Ol UT 1 OEaAaOwEI x| OEDPOT woOOwUT T whbOEDPYPEUEOZUWU
duration of the heat exposure(Rachid and Qureshi, 2023)

Thus, while HW parameters can describe the environment under certain extreme

conditions 4, the HS indices aim at describing the human body's responsesin the same

conditions.

HS has been widely studied, and over the past century, researchers have developed
over 40 different indices (Rachid and Qureshi, 2023) HS indices quantify the

discomfort of the human body under certain atmospheric conditions. These indicators
range from simple temperature -based formulas to complex biophysical ones.
According to the research carried out by Epstein and Moran (2006) the indices can be
classified into three main categories: rational, empirical and direct

The rational ones are linked to the concept of heat balance meaning they attempt to

simulate the energy exchange between the human body and the environment (e.g.,
Predicted Mean Vote, PMV). The empirical ones are derived from statistical

relationships between climate variables and observed physiological responses. These
are easier tocompute, but with some calibration limits (e.g., Heat Index, Discomfort

Index) (Epstein and Moran, 2006) Finally, the direct indices use simple environmental

inputs like temperature, humidity, and radiation. Typical examples are the Wet -Bulb

Globe temperature (WBGT) and the Wet-Bulb Temperature (WBT). Direct indices are
very practical and widely used (Epstein and Moran, 2006)

Mohammad and Weng (2024) employed six temperature and humidity -based
indicators: maximum ai r temperature (Ta), Heat Index (HI), Humidex (Hu), Wet-Bulb
Globe Temperature (WBGT), Lethal Heat Stress Index (LHSI), and the widely adopted

4 It is very important to clarify that HW extreme conditions could be registered also during spring,
winter , or fall. If the temperatures of an event are higher than the threshold (even in winter , for instance)
for aminimum of three days, that is considered an HW event. Regarding HS indices instead, most likely,
they would not register dangerous values during a winter HW.
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Universal Thermal Climate Index (UTCI). In fact, since its first development in 2009
! € ENI NE & a ourcClthasbhézdetensivgliuémployed ; for instance, this is the
index adopted by the European Environment Agency (EEA)° (seeFigure 1). Notably,
the recently developed LHSI (Wouters et al., 2022) demonstrated accurate
performance, particularly under low -humidity conditions, due to its humidity
correction term that mitigates the offsetting effect of air dryness.

Each index integrates different environmental (e.g., air temperature, humidity, solar
radiation, wind speed, etc.), physiological (e.g., metabolic rate, sweat rate, etc.), and
behavioural (e.g., clothing, physical activity, etc.) variables to estimate levels of
discomfort or danger. As reported by Rachid et al. (2023, the most widely used indices
are the ones reported in Table 1. There, a short description of each of them is reported,
together with the author and the date of its first presentation.

Figure 1 shows the global distribution of outdoor HS indices by selected countries.
Some indices are adopted more than others WBGT is the most widely used index in
various countries, including Australia, the U.S.A., Europe, Japan, and Colombia
(Rachid and Qureshi, 2023) Furthermore, the map shows how some countries use
indices specific indices not used by other countries.

The use of specific indices in different contexts is motivated by the specific place-
related climatic conditions. In fact, according to the climatic conditions of a place , the
impact on the human body can vary significantly . For this reason,it is important to
resort to the right index for describing the local impacts related to HS. Otherwise, the
use of an improper index might lead to distorted results. Eachlocal authority seeks to
adopt the index that best describesthe local environmental condition of its territory.

Table 1: Most widely used HS indices definitions and au thors (Asghari et al., 2021,
' eENI NEd4aOwl DWEOSOw! Yht Ow$s xUUI DOWEOGE W, OUEOOuU

Index name Description Introduced by

Heat Index (HI) | Adaptable to a range of hot conditions, H. S.Belding &
especially in high humi dity. Simple T. F.Hatch,
calculations can be measured by sensors. 1955

Sensitive and might not be effective in dry or
extremely cold conditions. Useful for high -
humidity areas. It is widely used by public
health agencies in the U.S.

5 European Environment Agency website


https://www.eea.europa.eu/en
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Wet Bulb Globe | Effective with direct solar radiation and high C. P. Yaglou &
Temperature humidity, it is a comprehensive measure for D. Minard,
(WBGT) HS that can be calibrated directly by using 1957
sensors. It does not account for wind speed
and clothing insulation; it is recommended for
outdoor activities.
Universal Effective in a variety of climates and International
Thermal conditions, from cold to hot and dry to humid, Society of
Climate Index requires a complex calculation. Suitable for Biometeorology
(UTClI) urban planning and public health advisories. (IsB) and
European
COST Action
730, 2009
Discomfort Effective in various climates, simple to Tennenbaum et
Index (DI) calculate, and can be measured directly by al., 1959
using sensors. Primarily considers
temperature and humidity, which might not be
sufficient in extreme conditions. Limited scale
for indicating thermal discomfort. Suitable for
general weather forecasts and public
advisories.
Summer It is a temperature-humidity -basedindex that | J. W.Pepi, 1987
Simmer Index provides an indicator of HS concerns and
(SS)) discomfort using meaningful equivalent
temperature values for general public
acceptance
Corrected For humid and tropical regions, it incorporates | H. M. Vernon
Effective modern adjustments to older indices, and C. G. Warner,
Temperature improving calibration accuracy. 1932
(CET) Underestimates outdoor HS, best suited for

indoor environments.

Predicted Mean
Vote (PMV)

Effective in indoor environments, it provides a
complete scale to indicate the level of human
comfort. Requires detailed input data for
accurate prediction, making calibration
complex. Ideal for building design.

P. O. Franger,
1970



https://pubmed.ncbi.nlm.nih.gov/?term=Vernon+HM&cauthor_id=20475150
https://pubmed.ncbi.nlm.nih.gov/?term=Warner+CG&cauthor_id=20475150
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Additionally, it is worth mentioning the Excess Heat Factor (EHF), which incorporates
humidity, radiation, and acclimatisation, and it is especially useful in tropical or
densely populated areas (Klingelhofer et al., 2023).

OUTDOOR HEAT STRESS INDICES OFFICIALLY USED AROUND THE WORLD
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Figure 1: Global distribution of outdoor HS indices by country , from Rachid et al. (2023)

A major contribution to scientific research has been carried out by Rachid et al. (2003,
who performed the sensitivity analysis of some of the most commonly used indices
concerning variations in the environmental conditions . In Figure 2, some of the most
widely used indices are presented together with their mathematical formulation . The
study results indicate that the HI¢is highly sensitive to small changes in temperature
and humidity, leading to rapid shifts in the perceived discomfort. On the opposite,

indices like WBGT and UTCI demonstrate more stable responses, which makesthem

preferable for monitoring under variable environmental Figure 2 conditions (Rachid
and Qureshi, 2023)

6 At the beginning of this work , HI was considered as part of the indices used to analyse the discomfort
conditions. Its specific sensitivity led to an extremely large increase in discomfort level, which was hard

to handle, especially if compared to the outputs of the other indices. For this reason, eventually it got
discarded for the final part of this work.
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Heat Stress Indices

Formula

13

Nomenclature

WBGT: Wet bulb globe
temperature

WBGT =0.7T,, + 02T; +0.1T,

Cres = heat exchange

UTCI: Universal Thermal
Climate Index

Calculated by 6*-order polynomial

UTCI = 3.21 + 0.872T, + 0.2459T e

UTCI = f(Ta ; Trnri; RH; )

2.5078v

0.0176RH

by convection
in breathing
E. = heat exchange by
evaporation on

the skin

! : — 100Eq
HSI: Heat stress index HSI = T Eres = evaporative heat
Out_SET: Outdoor exchange in breathing
standard effective OUT SET = (WBGT —11.76)/0.405 Eq = required
temperature evaporative heat
ESI: Environmental ~ ESI = 0.62T, — 0.007RH + 0.002.SR + 0.0043 - (T, - RH) — 0.078 ST

Stress Index

(014 8R) !

PMV: Predicted
Mean Vote

PMV = (0303e 21xmet 4 0.028)

X (met

mw)—~H — E¢

~

CYL’S EY(S
- "

3

CET: Corrected Effective

evaporative heat
H = sensitive
heat losses
met = metabolic rate
Tmrt = mean
radiant temperature
mw = effective

Bpeatiine CET= (1.21Tg — 021Ty) /(1 + 0.029(Ty — Tw)) el
DI: Discomfort Index DI = T, — 055(1 — 0.01RH)(T, — 14.5) RH = relative humidity
SR = solar radiation
TSI: ’lf'oplcal summer TSI = 1/3T,y + 3/4T, — 201/2 Tw = wet-bulb
index temperature
A 2 T, = air temperature
BCE: b‘}":zg("a' comfort ECI = 0.574T, + 0271op — 1.810'/2 1 42 T, = globe temperature
v = wind speed/
HU: Humidex e =i Ge—10) air velocity

e =611 x 770X (zin T ) vp = vapor pressure

SSI: Summer simmer
index

OI: Oxford index

ASV: Actual Sensation
Vote value for Europe

SSI = 1.98(T, — (0.55 — 0.0055.RH)(T; — 58)) — 56.83

OI =0.85Ty + 0.15T,

ASV = 0.049T, + 0.001.SR — 0.0512 + 0.014.RH — 2.079

AT: Australian apparent

0.70v — 4.00
temperature

AT = Ty + 0.33vp

1l = —42.379 + 2.05.T; + 10.14.RH — 0.22.T,.RH — 6.84 x 10 3.T2
548 x 10 2.RH? +1.23 x 10 3.T2.RH

+85x10 .T,.RHZ —1.99 x 10 6.T2.RH?

Figure 2: HSindicesz wi O U 8durGeERachid et al. (2023)

HI: Heat index

Thus, aspreviously outlined, the selection of an appropriate index is highly context-
dependent. For example, while HI is suitable for broad public communication, UTCI
provides a more accurate representation of the perceived temperature in outdoor
conditions. Some other indices, such as PMV, requireunique input parameters (e.g.,
clothing typology or activity level) that limit their applicability for large -scale
geospatial analysis due to the difficulty of collecti ng this kind of data, despite their
physiol ogical precision.

Considering these aspects,Rachid and Qureshi (2023)advocate for a careful use of
indices in the context of analysis, particularly when policy decisions, public health
alerts, or urban design strategies depend onHS information.
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Ultimately, compari ng and calibrating these indices is essential for ensuring that
scientific analyses accurately reflect real-world heat exposure conditions. This is
especially important in a changing climate, where thresholds of thermal danger are
increasingly being exceeded and are themselves evolving. The increasing trend of
employing multiple indices to capture various dimensions of HSis likely to define the
future direction of this research field.

Recently, we withessed a rapid growth of the scientific studies and research dealing
with HWs and HS . A study carried out by Klingelhéfer et al. (2023)highlight ed how
the number of publications on HWs is increasing. Despite that, several gapsexist in
both the theory and the methodology. One of the main limitations concerns the
absence of a stana@rdized, universally accepted scientific definition of HW.

Although the percentile-based approaches(such as using the90" or 95" percentile over
a moving window ) are widely adopted, their implementation varies. Differences exist
in the choice of reference period, the size of the moving window, and the minimum
duration. As a result, comparing HW studies across regions and timespans often
becomes problematic or impossible (Perkins-Kirkpatrick and Lewis, 2020; Schielicke
and Pfahl, 2022) Moreover, fixed absolute thresholds are still employed in some
operational contexts, which do not fit well with the local climatology or the ongoing
climate change, leading to anunderdetection or an overdetection of events.

Another important gap lies in the spatial and temporal definition of the HW
phenomenon. Despite recent approaches deepening event-based tracking using
spatial-temporal clustering methods (e.g., Lo et al., 2021), most of the HW detection
methods are still based on grid-wise exceedance, lacking consideration of the full
spatial footprint of those events. As aresult, these events and their development and
evolution, are often inadequately captured by simple threshold exceedance models.

For what concerns HS, despite the availability of over forty HS indices (Rachid et al.,
2023, currently , there is no consensus on whichspecific indices are most appropriate
for each geographic context. Many indices (particularly the rational and empirical
models) require comprehensive inputs (e.g., the metabolic rate, individual clothing, or
solar radiation) that are difficult to obtain, limiting their application in large geospatial
studies. Moreover, the sensitivity of HS indices to environmental condit ions may vary
widely, often producing inconsistent results when HS indices are applied across
different climate s. This inconsistency complicates the intercomparison, validation, and
integration.

Another methodological issueis the limited integration between HW and HS indices.
Most studies treat these two concepts independently: climatological research focuses
on the spatial-temporal behaviour of extreme heat (HW), while bioclimatic and health
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research emphasize the physiological impacts of these extreme events (HS). Only a few
studies, like the one carried out by Murari et al. (2015)and the one elaborated by
Lemonsu et al. (2015, attempted to bridge these two perspectives by quantifying how
specific HW events translated into thermal stress exposure for the local population.
This disconnect limits the potential for interdisciplinary insights and undermines the
development of integrated early warning systems.

Finally, many methodological pipelines lack transparency and reproducibility . This
mainly refers to omitting or poorly document ing important aspects such asthe exact
calculation methods adopted, the handling of missing data, the choice of baseline
period, index sensitivity calibration, or the spatial threshold that defines an event .
Although the spatial sciences areincreasingly moving toward an open-source
approach to tools and data, many studies still fail to share their code, hindering peer
validation, replication, and cross-study learning.

In summary, advancing HW and HS research demands more standardized
frameworks, context-sensitive index definition s, open-methodology approaches, and
cross-disciplinary approaches Ensuring open access to data, methods, and code will
be essential for fostering a more coherent transparent, and actionable body of
knowledge.
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3 Study area and data

This chapter presents the geographical and environmental context of the Lombardy
regiont the target of this study t and the datasets used for the analysis.

The Lombardy region, located in Northern Italy, represents a particularly suitable
study area for investigating HW s and HS due to its pronounced topographical
variability, high population density, and the presence of highly urbanized areas
mountain systems, and natural territories .

The contrast between its Alpine ridges in the north and the vast lowlands of the Po
Valley in the south creates a sharp altitudinal and climatic gradient, allowing for the
analysis of extreme heat events across diverse morphological contexts. Furthermore,
this region plays a key hydrological and environmental role within the broader Po

River basin, since it significantly contributes to the regional water balance through

glacial and snowmelt processes(Faquseh and Grossi, 2024) These geographical and
ecological characteristics, combined with the availability of high -resolution climate

data over this territory, make Lombardy an ideal case study for assessingboth the
spatial and temporal evolution of HW events and HS conditions.

3.1. Geographical context of the Lombardy region

The morphological and climatic characteristics of Lombardy are of fundamental

importance for interpreting the HW dynamics and HS spacetime patter ns. The sudy

area has a fair size toanalyse HW events, and it is ideal to inspect HS phenomena.

Lombardy is a region located in the northwestern part of Italy and is one of the most

Ul O1 YEOUWUI T POOUWI OUwUT T wE O UWIth & surfddanieE @O0 0 a w
approximately 23,861 kmz, it is the fourth Italian region in terms of spatial extent; it is

also the most populous one, hosting more than 10 million inhabitants.

The region is administratively divided into twelve provinces, among which Milan,

Brescia, Bergamo, and VareseApproximately 10.5 million people live in Lombardy,

representing slightly more than one-UDR UT wOi w( UECaz UwxOxUOEUDPOC
xOxUOOUUwWUI T pOOwWPOwWUT T wEOUOUUAG W, DPOEOZzUwOI UL
after Naples and Rome, and the third most populated functional urban area in the

European Union (EU) (Fazzini et al., 2020)

From a geomorphological perspective, the Lombardy region is characterised by a
highly diversified range of contexts . Roughly 40.5% of the region is mountainous,
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47.1% lies in the plains, and the remaining 12.4% consists of hilly terrain(Faguseh and
Grossi, 2024) The northern part is primarily occupied by the Alpine chain, with several
peaks surpassing 3000 metres of elevation, including Piz Berning which rises to
4020m on the border with Switzerland. These peaks are crucial for snow accumulation
and glacial existence, feeding theregional river system (seeFigure 3).
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@: 44.679°N 0 50 100 km @: 44.654°N

Figure 3: The Lombardy region

Moving toward the central part of the region , the elevation decreases from thehilly
zonesto the vast flatlands of the Po Valley in the southern half of the region. These
lowland areas are intersected by numerous rivers and artificial canals (mainly built for
farming), forming a dense and historically significant hydraulic network.

From a hydrological point of view, Lombardy plays a strategic role within the Po River
basin. Rivers such as the Adda, Oglio, Serio, Ticino, and Mincio flow from the
mountain areas toward the southern plains, where their water is used for irrigation,
industrial processes, and potable drinking. Seasonal variations in snow cover and
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Snow Water Equivalent (SWE)’ affect the availability of these water resources. Faquseh
et al. (2023) highlight ed the hydrological relevance of the mountain systems and
stressed how changing snowfall and snowmelt behaviours are already impacting
downstream availability.

3.2. Climatic context of the Lombardy region

The varied topography of the Lombardy region shapes a complex and diverse climatic
system. This particular layout plays a central role in the definition of the regional
climate, which can be classified as continental with cold winters, hot summers, and
moderate annual precipitation (~947 mm per year) (Fazzini et al., 2020)

Over the last decades, the region has experienced significant climate changes and
unusually warm temperatures. In the research carried out by Faquseh and Grossi
(2024) a significant annual temperature increase is reported, amounting to +0.0436
°Clyear between 1990 and 2020. The seasonal analysis underlined that the most
marked warming trends occur during autumn (+0.0565 °C/year) and summer (+0.0421
°Clyear), while winter and spring show milder trends. These findings underline new
warming patterns that raise concerns for future climatic conditions in the region.

For what concerns precipitation, the same study identifie s a slight annual increase of
approximately +5.42 mm/year of rainfall. However , this finding is not statistically
significant and thus could be disregarded. Hence, the seasonal precipitation trends can
be considered stable, with no detectable alterations or shifts over the last 30 years
(Todeschini, 2012)

As described by Fazzini et al. (2020) the regional climate is mainly humid subtropical,
but it is truly humid subcontinental along the Po valley. This is due to the co-presence
of multiple factors ; the collocation of the region onto the Italian peninsula , craning into
the Mediterranean Sea guaranteesconstant exposure to thesea breezes. Moreover,the
region is particularly dense with rivers, creeks, glaciers and lakes, contributing to a
climate that, despite fluctuations, is generally characterized by high humidity . The
phenomenon is intensified with seasonal temperature shifts, due to evaporation
phenomena.

The cryosphere® also provides key insight into the climatic dynamics of Lombardy.
SWE data relative to eight Alpine basins in the region reveal weak but significant
variation in snowpack composition during the period from 2006 to 2019. The study
presented by Faquseh et al.(2023 reveals that winter SWE trends are mostly negative
N 3%), corresponding to a delay in snow accumulation. Moreover , in the spring

7 Full definition of Snow Water Equivalent: https://www.arpa.vda.it/dati/clima/snow  -water-equivalent-
regionale
8 Full definition of cryosphere: https://nsidc.org/learn/what -cryosphere
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months, such as June, SWE shows a statistically significant positive trend, which
possibly indicates earlier snowmelt. These seasonal shifts are particularly relevant due
to the impact that the melting phenomenon has onthe hydrological regime of the Po
River basin (Faquseh et al., 2023).

Overall, these climate tendencies highlight the vulnerability of the Lombardy region
to the broader impacts of climate change. The combination of increasing temperatures,
evolving precipitation regimes, and changes in snow and ice dynamics has several
environmental implications, including hydrology, agriculture, energy use and
production, urban and territorial planning , and public health. This reinforces the
necessity of localized climate assessments and adaptive planning strategies in the
region (Faguseh and Grossi, 2024)

3.3. Datasetdescription

This study utilizes a high -resolution reanalysis dataset derived from the dynamical

downscaling of the ERA5 datasetto capture the spatiotemporal patterns of HWs and

HS over the Lombardy region. The original ERA5 dataset was developed by the
European Centre for Medium -Range Weather Forecasts (ECMWF) and offers hourly
data on a global scale with a ~31 km horizontal resolution.

This datasetis an important resource for climate monitoring and modelling purposes
(Hersbach et al., 2020 However, when studying phenomena with local effects,
especially in heterogeneous territories like the Italian Peninsula| and more
specifically the Lombardy region | , the resolution of the ERA5 product may not be
sufficient for tracking small -scale patterns (Prein et al., 2015) The researchersfocusing
on the UHI generally employ much finer data resolutions; for instance, 1 km in the
study carried out by Lemonsu et al. (2015)and 30 meters in the one published by
Rendana et al.(2023)

3.3.1. The VHR-REA _IT dataset

To cope with th e limitation highlighted in the previous paragraph, this study is based

on the VHR-REA_IT (Very High -Resolution dynamical downscaling of ERA5S
REAnalysis over Italy) dataset, which has a horizontal resolution of ~2.2 km. The
dataset was developed by the CMCC Foundation by dynamically downscaling the

ERAS product through the COSMO Regional Climate Model (RCL)®. This is a non-
hydrostatic, limited -area model designed for climate simulations at different
horizontal resolution s, varying from the meso-¢ wU E E €200ukm)td the mesoww O O1 w

9 Full description of the model: https://www.cmcc.it/it/models/cosmo -clm-climate-limited -area-
modelling -community
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(~2 20 km). Such a model exploits finite difference methods to solve fully compressible
governing equations of fluid dynamics on a structured grid (Raffa et al., 2021)

The dataset, which coversthe entire Italian territory for the period 19814 2023 at hourly
frequency, is particularly suitable for identifying HS dynamics at the local scale due to
its capacity to represent convection-permitting atmospheric processes and landt

atmosphere interactions (Cavalleri et al., 2024; Raffa et al., 2021)

The VHR-REA _IT dataset represents a notable enhancement of the ERA5 datdt was
developed in the framework of the HIGHLANDER project ° using the GALILEO

supercomputing facilities ** at CINECA (Consorzio Interuniversitario del NorEst per il
Calcolo Automaticp It is publicly accessible via the CMCC Data Delivery System (DDS)
(Raffa et al., 2021).

VHR-REA_IT includes a broad set of meteorological variables (asreported in Table 2),
provided in NetCDF format follow ing the CF metadata conventionst?. The coordinate
reference system is WGS84 and the data is on a rotated grid (2.2 km,
irregular/rotated pole grid) (Raffa et al., 2021)All output variables (reported in Table
2) are on single levels except soil water content which is provided for 7 soil levels.

As mentioned above, the dataset is basedon the COSMO-CLM regional climate model

with a convection-permitting configuration. The model setup includes the TERRA -
URB module (Wouters et al., 2017)to consider urban land use and surface flux
adjustments and thus accurately track HW s (Raffa et al., 2021) TERRA-URB is a bulk
scheme tailored for properly parameterizing urban physics in COSMO -CLM. Such a
schemeexploits a tile approach to discern, for each grid cell, between urban canopy
and natural land cover and compute adjusted soil and water fluxes considering urban

environment features (Raffa et al., 2021)

Table 2: Available variables in the VHR -REA_IT dataset

Variable Name Units
2m temperature K

2m dew point temperature K
Total precipitation kg/m?2
U-component of 10m wind m/s

10 Full description of the project: https://highlanderproject.eu/
11 Full description of this facility: https://www.hpc.cineca.it/systems/hardware/galilec100/
12 Details of the convention: https://cfconventions.org/
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V-component of 10m wind m/s
2m maximum temperature K
2m minimum temperature K
Mean sea level pressure Pa
Specific humidity kg/kg

Total cloud cover

Dimensionless

Surface evaporation

kg/m?

Averaged surface net downward shortwave radiation W/m2

Averaged surface net downward longwave radiation W/m?
Surface snow amount m
Soil (multi -levels) water content m

VHR-REA _IT has been recently compared with other high -resolution regional
products. Such comparisons highlighted that VHR-REA_IT improves the
representation of temperature extremes, reduces bias and better captures spatial
variability across complex orographic and coastal zones (Raffa et al., 2021)

This makes VHR-REA_IT a robust dataset for conducting climate impact studies in the
Italian context, particularly for analysing localized phenomena such as UHI and
extreme heat events, which require fine spatial and temporal resolution.

3.3.2. Limitations of the VHR-REA IT dataset

As discussed above, VHR-REA _IT offers a remarkable improvement in spatial and
temporal resolution compared to its parent ERA5S product. Despite these significant
advancements, some limitations must be considered when interpreting the results
derived from this dataset.

The native horizontal resolution of ERA5 (~31 km) remains a constraint even after
downscaling. While the VHR -REA_IT dataset relies on the dynamical downscaling
through the COSMO-CLM RCM and integrates the TERRAURB, it still inherits the
structural limitations of the ERAS5 forcing, especially in representing mesoscale
atmospheric processes and local phenomengRaffa et al., 2021)
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Cavalleri et al. (20249 carried out a comparison study of the temperature biases present
in 5 datasets,including VHR-REA IT, ERA5, ERA5Land, MERIDA ,®* and CERRA".

As for the VHR-REA_IT dataset, this study highlighted the presence of biases
especially in complex terrain. For instance, over the Alps and Apennines, ERAS5-based

products exhibit cold biases during winter seasons that can exceed 3°C. These
discrepancies are particularly relevant when analysing altitude -dependent climate

zones, as in the case oHW impacts on topographically elevated areas.

Moreover, Cavalleri et al. (2024 demonstrated that even in lowland areas, such as the
Po Valley, the dataset exhibits a bias of up to 3°C during summer (seeFigure 4). This
overestimation is likely related to limitations in representing land ¢atmosphere
interactions and urban effects, despite the inclusion of urban physics schemes
(Cavalleri et al., 2024) Thus, these biasesshould be considered when interpreting

extreme heat patterns or evaluating temperature-based indices.

Another critical aspect concerns the reliability of daily temperature anomalies,

especially in regions with strong spatial heterogeneity. Although VHR -REA_IT shows
overall good performance, residual errors persist due to uncertainties in the original

assimilated data, differences in vertical resolution, and smoothing of local features
(Cavalleri et al., 2024; Raffa et al., 2021).

13 MEteorological Reanalysis Italian DAtaset
14 Copernicus European Regional ReAnalysis
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Figure 4: Bias maps of the seasonal 1992020 surface air temperature (t2m) climatology for
the five reanalysis products. Biases are obtained aghe difference between reanalysis and
observational fields. Image from Cavalleri et al. (2024

Moreover, the ERA5 dataset, and by extension its downscaled versions, are influenced
by model errors and biases connected with satellite data limitations and interpolation
choices. These can affect the physical consistency of the reanalysis, introducing
uncertainties that propagate into downstream analyses, particularly those involving
climate extremes (Cavalleri et al., 2024).

In conclusion, while VHR -REA _IT constitutes a stateof-the-art tool for regional
climate research and is rightly praised for its detail and accessibility, its limitations
must be considered whenever the dataset is used Crossvalidation with observational
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datasets and the cautious interpretation of fine-scale anomalies are essential steps to
ensure robustness and scientific rigor.

3.3.3. Considered timeframe and variables

For the present research, the2m temperatur@nd 2m dew point temperatuneariables of
VHR-REA_IT have been primarily exploited. Temperatures are originally expressed
in Kelvin (K), but they were converted to Celsius (°C) degreesby subtracting 273.15
In the following, a short description?®s of the two variables is provided :

1 2mtemperature temperature of air at 2m above the surface of land, sea or inland
waters; it is calculated by interpolating between the lowest model level and the
Earth's surface, taking account of the atmospheric conditions;

1 2m dew point temperatureemperature at which the air, at 2 metres above the surface
of the Earth, would have to be cooled for saturation to occur; it is a measure of the
air humidity ; combined with air temperature, it can be used to calculate the relative
humidity (RH); the variable 2m dew point temperatutis calculated by interpolating
between the lowest model level and the Earth's surface, taking account of the
atmospheric conditions.

Other variables available have been usedcyclically too, suchas the wind speed, mean
sea level pressure and radiance. Data has been downloaded for eachday between 198L
and 2023,from 11 a.m. to 5 p.m., which corresponds to the warmest timeframe of the
day.

For each of these two variables the dataset has the following dimensions:

1 103 latitudes per 114 longitudes, with a total pixel number per eachtimestamp of

huhuz A K|
1 huk z A Y kwitlk ERols per day, for a total timestamp EOOUOU wOF whuy Nz Nt K
1 atotal amount of temperature values equal to huz 1886770,

15 From Copernicus Climate Data Store



https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=overview
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4 Methodology

The methodology behind this thesis followed a cyclical and iterative process according
to an Agile-inspired logic, rather than a linear and static approach. This has enabled a
progressive understanding of the topic, allowing methodological choices to evolve
through continuous integrations, correction s, and refinements.

Thus, rather than proceeding from a fixed and predefined pipeline, this project
followed a sequence of exploratory cycles, where each step of the process was re
evaluated multiple times in the light of intermediate outputs, new insights, or technical
findi ngs. This iterative structure turned out to be beneficial. Indeed, it permitted a
constant reassessment of tools used, methods adopted, and interpretations given,
responding dynamically to the new challenges that emerged while developing the
study. This approach reflects the structure of the codes utilized to extract valuable
insights; all of them have been restructured multiple times to optimize the runtime of
each of their parts.

For example, as explained in this chapter later, the definition of climatological
thresholds or the application of different HS indices was not the result of a single
decision. The methodologies and their outputs have been assessed and tested across
multiple configurations and adjusted based on their performance. This dynamic and
continuous review ensured both conceptual consistency and computational stability.

This iterative, flexible mode of work , which is typical of Agile practices, has ultimately
ensured transparency and traceability throughout the workflow that will be described.
The methodology and its results presented in the following sections are therefore the
outcome of this rigorously adaptive process, marked by continuous recalibration,
validation, and critical dialogue between data, methods, and research objectives.

One of the goals of this research is the reproducibility of the code used to carry it out,
and the possible scalability of it toward a national or continental domain through the
employment of ERAS data. For this reason, all the implemented codes are publicly
accessible at the following GitHub repository ; all the materials contained in the
repository are carefully commented in this README file.



https://github.com/fillobissi/Polimi_thesis/tree/main
https://github.com/fillobissi/Polimi_thesis/blob/main/README.md
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4.1. Data download and exploration

Data download procedure

The VHR-REA IT data was retrieved through the official CMCC DDS, with the
dedicated Python library ddsapié. This library, developed and maintained by CMCC,

provides authenticated access to their DDS via Application Programming Interface
(API) and enables users to submit structured data requests and download large
volumes of data in an automated manner.

The ddsapiPython package facilitates interaction with the CMCC data services through
a dedicated client interface. After importing the library and authenticating via API key,
the client object (ddsapi.Clieny is initialized and configured with the desired dataset
information.

In the request, the area of interest boundaries must be specified (in this case, the
Lombardy region, roughly bounded between latitudes 44.6°N and 46.6°N, and
longitudes 8.4°E and 11.6°E), as well as the temporal range it this case, the full
timeframe from 1981 to 2023), and specific time steps (hours, daysand months). This
approach ensures that only the strictly necessary datais requested, reducing data
volume and computational load.

In Figure 5, a simplified version of the request used for data retrieval is shown.

import ddsapi

c = ddsapi.Client(key="your_api_key_here")

c.retrieve("era5-downscaled-over-italy", "hourly", f{
"area": {"north": 46.65, "south": d4U.6U4,6 "east": 11.6, "west": 8.4},
"time": {
"year": ["1981", ..., "2080"],
"month": ["1", ..., "12"],
"day": ["1", ..., "31"],
"hour": ["11", ..., "17"]
}
)}

Figure 5: Simplified version of the data request

The data is returned in NetCDF format. All operations concerning the download were
conducted by employing a Linux -based computational environment, made accessible
via the Windows Subsystem for Linux (WSL), configured using the official Ubuntu

16 Documentation of ddsapi available here


https://dds.cmcc.it/#/docs
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distribution. This setup enables a seamless integration of Linux command-line utilities
and Python environments within a Windows -based host machine.

This hybrid configuration is especially useful for interacting with the CMCC DDS
(ddsap), managing large NetCDF datasets, thanks to the relevant file handling and
package management capabilities provided by the Linux subsystem.

The full code performing the data download operation is available in the GitHub
repository of this project *".

Initial data exploration

Following the download phase, an exploratory analysis of the datasets was carried out
using JupyterLab. This phase served both to validate the structural integrity of the
downloaded NetCDF files and get familiar with the temporal and spatial features of
the variables provided.

The initial exploration consisted of loading and analysing the NetCDF files by relying
on the xarray library 8 which is suitable for dealing with multi -dimensional datasets.
Once the datasets were loaded, several basic checks were performed, such as:

1 inspecting the dimensions and coordinates (time, rlon, rlat) ;

1 checking the presence and consistency of key variables (e.g.T_2M, TD_2M,
which contain the 2m air temperaturand the 2m dewpoint temperaturezariables,
respectively);

1 extracting metadata about variable units and attributes.

Following this, statistical summaries and several visualizations were generated to
understand the trends and variability in the climatological data (see Figure 6 and
Figure 7).
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Figure 6: Annual mean temperature *standard deviation in the study area

17 The codefor data download is available at 00 Data download.ipynb
18 Full xarray documentation here



https://github.com/fillobissi/Polimi_thesis/blob/main/00_Data_dowload.ipynb
https://docs.xarray.dev/en/stable/
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These operations included spatial slicing, time indexing, and plotting temperature
maps with different levels of aggregations. Figure 6 represents the averageyearly
temperatures * the standard deviation; while data variability appears stable across the
years, a general trend of yearly mean temperature is evident. Additional libraries used
at this stage are matplotlib®, folium?°, and geopand&$ enabling spatial mapping of
temperature patterns (see Figure 8), providing insights for the study area, and
temporal trend analysis (see Figure 7).

Figure 7 represents the average of monthly temperatures over the whole study period,
with the corresponding trend line. An overall growing trend is recognizable since none
of the months exhibits a stable or decreasing temperature tendency.Moreover, some
months reveal stronger temperature increase (for example Junebut also November)
indicating different annual climatic trends.

19 Full matplotlib documentation here
20 Full folium documentation here
21 Full geopandas documentation here


https://matplotlib.org/stable/index.html
https://python-visualization.github.io/folium/latest/
https://geopandas.org/en/stable/docs.html
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Daily maximum temperature across four selected dates

Max temperature - 2017-01-01

W

20 25 30 35 25 0 5 [ L 20 25 30 35

-5 0 5 10 15 10 15
Air Temperature (°C) Air Temperature (°C)
~ Max temperatu 2017-10-01

. w3
q |_ _

-5 0 5 10 15 20 25 30 35 = 0 5 0 15
Air Temperature (°C) Air Temperature (°C)

[1 Regional boundary

Figure 8: Daily maximum temperature in four example dates

Figure 8 depicts the maximum daily temperature at defined quarters of the year 2017,
displayed by adapting the data representation of each plot using the global maximum
and global minimum temperature. This allows for the visualization and comparison
of the seasonal differences.

This phase offered a first overview of possible anomalies or edge cases (e.gmissing
values, outliers). Thus, the knowledge gained in this stage informed the subsequent
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operative steps, particularly in the design of climatological threshold estimation and
HW events identification.

The codedeveloped to perform th eseexplorational activities is available in the GitHub
repository of this project 22

Notes on data preprocessing

At the early stages of this research,we decided not to apply any preprocessing to the
raw VHR -REA_IT datasetfor the following reasons .

As highlighted in previous sections, the advantages of the VHR-REA_IT dataset
include its very high spatial resolution (2.2 km), the hourly temporal granularity, and
the urban physics parameterization via TERRA-URB. However, it also presents known
warm and cold biases in specific geographical contexts such as the Po Valley and
Alpine regions, as discovered in (Cavalleri et al., 2024)

However, the complexity of the models used by CMCC Foundation to generate this
dataset is such that any further external intervention could pose the risk of introducing
new, uncontrolled biases, potentially more harmful than those already present.
Cavalleri et al. (20249 and Raffa et al. (2021) extensively demonstrate that the data
assimilation systems, the land-surface models, and the urban parameterization
schemes employed in the construction of VHR-REA IT rely on high -performance
computing environments. Moreover, the overall data management and manipulation
stand on rigorous physical modelling, and domain -specific sensitivity analyses
performed by multidisciplinary research teams.

37T 1T WwEUUTI Ox0wOOw?» EOI EOCO? wOUw? EOUUI EUPwWUUET wWEWE
of Cavalleri et al. (2024, would deserve a careful and well -structured work itself. By
modifying the original data, the result could be affected by a propagation of artificial
biases in the downstream analysis. In contrast, this study employed raw data,
preserving the integrity of the original output (CMCC Foundation), allowing the
known limitations to remain identifiable and recognizable.

Ultimately, this approach reinforces the transparency and reproducibility of the
results, making it clear where potential inaccuracies may come from, either from the
Ul Ul EUETT Uz UwbOUIT UYI OUPOOWOUWEOGEUOI OUI EwWEOE WL

4.2. HW detection and classification

In this section, we will delve into the methodolog y employed for analysing climate
data, focusing specifically on the construction of climatological thresholds essential for
detecting HW events.

22The codefor data exploration is available at 01_Data_exploration.ipynb



https://github.com/fillobissi/Polimi_thesis/blob/main/01_Data_exploration.ipynb
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4.2.1. Construction of climatological thresholds

The construction of climatological thresholds is a crucial initial step in identifying HW
events. These thresholds serve as the statistical benchmark against which the available
temperature values must be evaluated to detect anomalous temperatures as
extensively discussed in the literature (Perkins-Kirkpatrick and Lewis, 2020; Rousi et
al., 2022; Russo et al., 2014)Also, considering the different temperature patterns
characterizing highly heterogeneous and topographically complex areas, such as the
Lombardy region, the thresholds should be location-specific.

In this study, the construction of climatological thresholds was designed to operate at
the highest possible resolution, i.e., at the pixel level. In this way, the computation
accounts for the local climatological variability and ensures that the detection of
extreme heat events is not biased by broaderscale or regional averaging.

The Python code used for this operation was developed using the xarray, numpy, and
pandas libraries. In particular, the use of xarray enabled a memory -efficient,
parallelized flow of operations across the temporal dimension, a key requirement
given the data volume.

Preparatory dataset generation

The threshold computation started with the extraction of the daily maximum
temperature from each grid cell and timestamp. Accordingly, the initial step involved
generating a data cube with huhuz Al#titude -longitude pairs (pixels), each
corresponding to one maximum daily temperature value. The reference period is
between 15t of January 1981 and 3% of December 2023. Due to the substantial
computational load requested by such a high-resolution and long -duration dataset
extraction, the entire operation was performed on Google Colab, exploiting its free
GPU/TPU support and the ease of parallel computation in a cloud-based
environment %,

After constructing the daily maximum temperature data cube, the threshold for each
pixel and day of the year (DOY)?* was computed using a percentile-based approach.

2 The code is available here02_Pixelwise threshods_extraction.ipynb
24|n this researchwill be widely used the DOY notation. The DOY is an integer ranging from 1 to 365
(or 366 in leap years), where:

1 DOY 1 corresponds to January Ft of all years

1 DOY 32 corresponds to February ¥t of all years

1

I DOY 365 corresponds to December 3% in all non-leap years
This representation is useful for enabling the comparison of values across different years based on their
calendar position, independently of the specific year. For instance, all the observations recorded on
February 28 across multiple decades will share the same DOY (i.e.,59). Finally, t hroughout this work,
whenever will be a referenceto the "threshold of a given DOY," it is meant the climatological reference



https://github.com/fillobissi/Polimi_thesis/blob/main/02_Pixelwise_threshods_extraction.ipynb
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For each pixeland day, a £7-day window around the same DOY of the reference period
1981 2023 was applied, corresponding to approximately 600 values for each pixel
within the moving window, the 90" percentile was extracted, representing the
reference threshold for that pixel and DOY, throughout the whole period. This
approach, commonly definedas U1 1T w? E O b OERIGE mtpdE (Eot al., 2021;
Russo et al., 2015), ensures temporal smoothingnd preservesstatistical robustness by
aggregating a larger sample size around each pixelday combination.

Specifically, for a given pixel p and calendar day d, the 90" percentile climatological
threshold "Y; is mathematically defined as:

Yo 0 “Yps0NM ohd ZOO &N Q xHQ x

where Y, is the daily maximum temperature recorded at pixel pon day t; w =1981,
w =2023 0 is the 90" percentile function .

The conditon 00 @M Q xHQ x includes all days within a +15-day window
centered on d, across all 42 years A modulo -365 logic is used to wrap the window
around the start and end of the calendar year (and the first and last 15 days of the
dataset).

This procedure required a high computational burden, and it generated a threshold
data cube with the following shape number of latitude values, number of longitude
values, 366 (because is accounting also the leap yeark In this data cube, each slice
contains the spatial distribution of the threshold values for that DOY. For downstream
analysis, this method turned out to be efficient as it facilitates direct comparison with
the temperature values of any target year.

Notes on the window size

The choice of the temporal window size is crucial as it directly influences the definition
of the derived thresholds. In the scientific literature, two common window sizes are
adopted, namely a +15day window (total of 31 days) and a +7-day window (total o f
15 days).

For instance, Russo et al.(2015)and Russo et al.(2014) adopted a £15day moving
window, thus collecting daily maximum temperatures from 31 calendar days around
each DOY across a multryear baseline. Similarly, the same window size has been
employed by Schielicke and Pfahl (2022)

value for that calendar day, derived by aggregating data from the entire baseline period (198142023
around that same DOY using a cantered window approach.
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However, other studies opted for shorter windows. In the research elaborated by
Stefanon et al.(2012) the local threshold is defined using temperature data over a 21-
day window (£10 days). Narrower windows, such as +£7 days as used in Rousi et al.
(2022, enhance sensitivity to seasonal variability.

In the present study, the 15-day window (£7 days) has been adopted following the
approach of Rousi et al. (2022, as it proved to be more effective than wider windows
in reflecting local conditions and seasonal variability , avoiding a uniformity effect 2.
By aggregating temperature values from 42 years of data across all days per DOY,it
allows for the construction of meaningful climatological thresholds, considering that
typically the climate trend is defined on a 30year basis as mentioned in Russo et al.
(2014)

Exploration of the thresholds and maxima datasets

Once the maximum temperature and threshold datasets have been generated, a
preliminary exploration hasbeen carried out?.

To better understand how the threshold dataset is composed, an initial 3D
visualisation was produced for the representative longitude of 10.04E. This is
represented in Figure 9, which d epicts a surfaceproduced by the 103latitudes located
on 10.04°EpbP D UT POwWUT PUWUUUEA WEUI EAWEOEwWUT I PUwt t t w
values shaping the surface). This can be considered as a sort of latitude crosssection
of the regional thresholds for longitude 10.04°E For each of theselatitudes, reported
on the y-axis all yearly DOY thresholds are reported along the z-axis (namely
237 Ul UT OO0breapdr, h& thréshold s expressed in°C are also differentiated by
the colour bar, where darker colours represent lower temperature thresholds and
brighter colours higher temperature thresholds. Along the x-axis the months are
represented.

25 At this link are available both thresholds per DOY, the one extracted with the 15 days window
(employed in this work) and the one extracted using the 31 days window. All measurements are in
Kelvin.

26 The code is available here03_Heatwaves_identification_advanced.ipynb



https://github.com/fillobissi/Polimi_thesis/blob/main/thresholds_15_31.csv
https://github.com/fillobissi/Polimi_thesis/blob/main/03_Heatwaves_identification_advanced.ipynb
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Figure 9: Threshold for each DOY for all pixels at lon 10.04°E¢ 3D visualization

The pixels with longitude 10.04°E span very different topographical locations as
represented in Figure 10.
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Figure 10: 10.04°E longitude over Lombardy
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371 wl Ol YEUPOOUWEUOUUI EwEawlUi PUWOOGOT PUUET wYEU
This difference in the elevation layout is also visible in the section of the Digital Terrain

Model (DTM) in Figure 11. Thus, generally, higher latitudes (left side of Figure 11) are

mostly characterized by higher elevations above sea level and typically lower

threshold temperatures. This is visible in Figure 9 since higher latitudes are

represented by lower spots within the 3D surfaceQw Ol EODPOT wOOPT UwUOT Ul UI

Hence, this specific longitude has been chosen since it can represent both the flat plan
and the elevated contexts in the mountain areas. Infact, in Figure 11 the Engadina
valley, identified by arrow number 1, is visible along with the Valtellina valley ,
identified by arrow number 2 , and Mignano lake, identified by arrow number 3.

DTM section at 10.04°E
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Figure 11: Cross section of the DTM at longitude 10.04°E

The same elements highlighted by the arrows in Figure 11 are visible in Figure 9; from
a careful look is possible to notice that the high temperature thresholds of the vast Po
valley can be distinguished, occupying the largest slice of latitudes (corresponding
roughly in both images to latitudes spanning from 44.88°N to 45.57°N) Moreover, it
is interesting to notice some sharpvariations of the 3D surfacetoward higher latitudes
representing the mentioned valleys and Mignano lake.

By looking at central-lower latitudes in Figure 9, the temperature thresholds
corresponding to the Po Valley pixels for the summer months might seem to be slightly
high. Two reasons can be found to explain this, and the first one deals with the bias in
the temperature values, which has been extensively explained in paragraph 3.3.2

The second explanation, further clarifying the first, could be found by observing
Figure 12, which reveals median maximum temperatures almost always above 35 °C
and the 75" percentile very often above 40 °C. This is compliant with the above
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threshold representation since they are defined as the90" percentile of the maximum
for each DOY within a 15-day window.

Daily Boxplot of Max Temperatures — July & August all years
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Figure 12 Boxplot of daily maximum temperatures for July and August across all available
years

Computation of difference between daily temperature maxima and
thresholds

In the following step, the difference between the daily maximum temperatures and the
corresponding climatological thresholds for each pixel was computed; thus, every
daily maximum temperature has been compared with its DOY threshold. Such a
difference is hereafter denoted as residual.

This stage began with an initial exploration of a sample day, the 15t of August 2017,
being part of a HW stared the same day and lasteduntil the 5" of August of the same
year (and with an Average Dalily Intensity (ADI) value of 3.21 °C) Figure 13 reports
the comparison between daily maximum temperatures on the, the corresponding 90"
percentile climatic thresholds (corresponding to DOY number 213), and their
difference (residuals).

For the selected sample day, itis notable that the pixels with a positive residual (i.e.,
maximum daily temperature exceedingthe threshold) are widespread throughout the
entire region. In fact, in the plot of the residuals, the warm colours are evenly located
over the study area witnessing that most of the locations analysed registered higher
temperatures than their local thresholds. Given that this is a sample output showing
the procedure adopted, the peculiar concentration of positive residual does not serve
a research purpose in this case.
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Daily Maximum Temperature (°C) Threshold 90th percentile (°C)
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Figure 13: Daily maximum temperature °C (left), threshold 90t percentile °C (center), and
difference between the previous two (right), for the 1st of August 2017

Hence, for each day d of the datasetphuk zimitofak) and spatial location i,j (vhuz MK |
total), the residual has been compted as the difference between the daily maximum
temperature and the corresponding climatological threshold:

Yin  Yr YR

where'Yypy is the residual for pixel (i,j) on day d, Yy is the observed daily maximum
temperature, and "Y;; is the climatological threshold corresponding to the DOY of
day d.

This operation generated a new dataset of the same tempoal and spatial resolution as
the original temperaU UUT wEE UE Ul U w gohhlhg A AYK | wulsYDRI RN UK WDIX BRIz hut
total values), but where each value reflects how much the maximum temperature
exceeded (or fell below) the temperature threshold value for that specific pixel and

day.

The resulting residual dataset is crucial to the following HW identification phasefrom
a computational point of view , as it allows for a quicker aggregation of the residuals,
which under certain conditions can constitute an HW event. It allows for operation on
the residuals that are already computed to carry out further outputs.

Finally, in the residual dataset, positive values suggest temperatures exceeding
beyond climatological expectations, while negative values indicate cooler -than-usual
days.
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This section presents the final stage of the HW detection pipeline. The residual dataset
(previously computed as the difference between observed daily maximum
temperatures and their historical thresholds ) has beenused to identify HW events. The
adopted approach defines an HW as a persistent period of climatic temperature
threshold exceedance involving an adequate spatial extent. Thus, the method
employed here follows a two -step rule combining a minimum number of consecutive
days and a minimum area involved .

An HW event is here identified when the following two conditions are met
simultaneously :

1. 60% of the pixelsin the area of interest exceedthe DOY temperature threshold
or , equivalently, 60% of the residuals are positive (Stefanon et al., 2012)

2. the above condition is true for at least three consecutive days (Perkins-
Kirkpatrick and Lewis, 2020; Russo et al., 2015, 2014; Schielicke and Pfahl, 2022)

These conditions guarantee thatan extremely warm event is classified as an HW only
if it has a minimum spatial size and duration.

Technically, the operation consists of scanning the residual dataset for each pixel
across the spatial grid. Thus, a sliding window of three days is employed to scan the
residual dataset:

7 if, for each day in the window , 60% of the residuals are positive, those days are
marked as an HW event;

71 if only two consecutive days present 60% of positive residuals, those days are
marked as HW only if attached to another event already marked HW ;

71 if only one day presents 60% of the residuals as positive it must be attached to
an already marked HW event or to a couple of consecutive daysthat exceeded
the 60%threshold to be part of an HW event.

Only these sequences are retained and marked asHW events; sngle-day or two -day
anomalies (which potentially could be eligible as part of a HW but do not comply with
the temporal requirement) are discarded for the final classification as proper HW
events, as they are considered transient fluctuations . Those two instances are thus
marked as Isolated Hot Event (IHE), if constituted by two days in a row , and Hot Day
(HD) if constituted by a single day (this last definition provided following the one
given by Ding et al., 2010) This rule ensures the identification of prolonged and
meteorologically significant episodes, avoiding false positives caused by daily noise
or temporary spikes.

The outcome of this process is a list ofHW s with the start and end dates, duration, and
ADI value. As it will be explained in depth in paragraph 4.5.1,the ADI value is the
sum of the averages of the residualsdivided by the duration of the HW . The ADI value
is one of the valuable indicators that is used to rank HW episodes. The complete list of
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the HW events throughout the whole period of study is reported in  Annex AAZ?" (the
list also includes those events <3 days, which have been technically classified asiIHE s
or HDs).

4.2.3. HW classification : frequency, duration, and intensity

To classify and rank HW events, three main measurement methods have been applied
in this research: frequency of the events, duration, and intensity.

HW frequency and duration are fundamental for understanding this phenomenon and

its impact. HWs are becoming increasingly frequent and long-lasting, with severe
implications for the ecosystems. As highlighted by Rousi et al. (2022) persistent heat
extremes can have severe impacts on ecosystems and societies, including excess
mortality, wildfires, and harvest failures. Moreover, as mentioned in Perkins-
Kirkpatrick and Lewis (2020) there are many adverse impacts ofHWSs, including on
human health, agriculture, workplace productivity, wildfire frequency and intensity,

and public infrastructure.

To analyse these dimensions in an interpretable way, a matrix of the HW events
categorised by duration class was developed (and is reported in paragraph 5.1.1). The
matrix aims to classify both frequency and duration of all HW events across the period
1981 2023 by crosstabulating each event by year (rows) and duration class (columns).
The duration classes are divided into nine bins, including the IHEs and HDs, with a
duration of less than three days, which are formally isolated cases and not classified
asHWs. IHE, as previously mentioned, are composed of the so-called HDs meaning
those dayseligible to be part of an HW but where the consequentiality of three days is
not confirmed. The subdivision in such classes waschosen to reflect increasing levels
of persistence with uniform bin widths of two days per class.

The intensity of an HW is another factor assessing its potential impact, and it is
assessal through the ADI . In this study, the intensity of each detected HW was
measured as the average daily exceedance above the local climatological threshold:

000

Olo
Ci|o

27The list in csv format is available also at the following link


https://github.com/fillobissi/Polimi_thesis/blob/main/heat_waves_events_81_23.csv
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where 'O is the duration of the event expressed in days, 0 is the number of pixels
pEOPEaUwl @U,Edaykk:Gsute mesidu#l for pixel (i,j) on day d computed as
B T -

This metric reflects how far temperatures align away from threshold values, on
average, during the development of an HW.

Only HW s were included in this analysis, thus removing IHEsand HDs, to ensure that
short fluctuations were filtered out. Each event was then assigned to an ADI class,
using 1°C-wide bins ranging from 0°C up to 5°C. The result is summarized in the heat

matrix reported in paragraph 5.1.1in Figure 16; in that output , darker intensity colours

stand for more frequent events of eachADI class.

4.3. HS assessment and analysis

In this section, we delve into the methodology used for the computation and utilization
of HS metrics, highlighting the technical details. The approach aims to estimate the
physiological impact of HW s based onselectedHS indices?.

4.3.1. Employed HS indices definition

For the HS assessment, we used multiple indices for several reasonsFirst of all, the
territory of the Lombardy region is very heterogeneous, with diverse topographic
layout, elevations, urbanization ratio, and consequently also vegetation share and
typology. Thus, to have a better overall understanding of HS conditions in such
different c ontexts, four indices have been selected. Secondly, different indices may be
suitable to represent different conditions. For example, in the case of high humidity
and moderate temperature, a humidity -oriented index could generate an alarming
value. Thus, the four employed indices that this work is based on are the following.

1 HU, defined as:
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where “Y is air temperature (°C), "Y is dew point temperature (K) .
Note that this thermal comfort index is often used in Canada (as shown in
Figure 1).

28 The code used for the following elaborations is available here: 04_Specific_events_analysis.ipynb


https://github.com/fillobissi/Polimi_thesis/blob/main/04_Specific_events_analysis.ipynb
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1 WBGT, defined as:
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where @ & “¥ the Wet Bulb Temperature (°C) andy "Gs the relative humidity (%).

1 LHSI, defined as:
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1 UTCI, defined as:
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where "Y is the radiant temp erature, & the wind speed, 0 the vapor pressure;
note: Offsetis derived from complex polynomial ap proximation.

All of them have been computed in Python2°. For eachindex, refer to Table 3 (located
in the next page) for their individual danger and discomfort thresholds (Mohammad
and Weng, 2024) The mentioned study reports different thresholds defining

increasing discomfort conditions. The results reported in that study (see Table 3) are

EEUI EwOOwUIT 1 wOOUUwWIT EAEUEOUUWOOBI UOwbi PET WEUI
UO0UT UU2 Owbdwli PUWUUUVUEaAOWUT 1 wEBGEOGAUDPUWUT ECWI E
EOQOEUUwWDOOI EPEUI QA wEI OO6pPOwPT PET WEBUOEWEIT wWEI I B

29 Refer to this code05 Entire period analysis.ipynb

UO0UT UU2 wbT 1 Owa3" (wWwYEOUI UWwUEDT T wi UOOwWt AS" wOOwKt S" Owi Ob
concerns WBGT, which classifies in this same class those values ranging from 29°C to 30°C. In this

source, only the two mentioned indices within the ones analyzed in this work are mentioned and
classified into different intensity classes.


https://github.com/fillobissi/Polimi_thesis/blob/main/05_Entire_period_analysis.ipynb

4| Methodology 45

Table 3: HS index thresholds

Index Strong Dangerous heat stress
heat stress | (thresholds)

Humidex (HU) > 40°C > 45°C

Wet-Bulb Globe temperature (WBGT) | >27°C >30°C

Lethal Heat Stress Index (LHSI) > 25°C >27°C

Universal Thermal Climate Index > 38°C > 46°C

(UTCI)

4.3.2. Computation of HS indices during HW events

While earlier chapters explored the frequency, duration, and intensity of HW's, the
final part of this chapter explores how the human responseto severeevents has been
estimated. As detailed in paragraph 2.3, HS indices can describe the compound effects
that often determine health outcomes and vulnerability levels during extreme events.
Therefore, this chapter bridges the gap between climatological HW detection and its
implications on the human body, offering a more human -centred perspective.

By examining how indices such as HU, WBGT, UTCI, and the LHSI behave during
two selected HW events, it is possible to assess how intensely people are exposed to
extreme heat. Interpreting the indices' performances allows for the estimation of the
perceived discomfort and physiological danger to which humans are exposed.

HW event selection criteria

Two significant HW episodes were selected to analyze the performance of HS indices.
Their selection was supported by a broader temporal analysis of the ADI values of all
HW from 1983 to 2023. This analysis revealed an increasing trend in HW intensity over
the decades, with several peaks observedespecially in recent years.

Among all episodes, two HWs emerged due to their comparable extreme ADI values.
The first, occurring from August 1 stto August 5", 2017, reached a ADI value of 3.21°C
The secondepisode occurred between August 19" and August 25™, 2023,and recorded
an ADI value of 3.00°C.

In addition to intensity, other criteria reinforced the rationale for selection: the two
events span a duration of, respectively, 5 to 7 consecutive days, allowing for temporal
comparisons. Moreover, their occurrencein early and late August, the period typically
associated with the annual thermal maximum in the Mediterranean basin, ensures
comparability under similar seasonal forcing.
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To further investigate these two events, the study focused on an hourly -scale analysis
of the air temperature data. For each day within the selected HW's, and each hour
between 11:00 and 17:00, five key summary statistics have been computed (across all
grid points): mean temperature, median temperature, 95" percentile, 99" percentile,
and maximum temperature . The output of this analysis is reported in paragraph 5.2.1

To evaluate the long-term spatial patterns of HS indices threshold exceedance, awo -

phase methodology was followed . First, a spatial frequency analysis was performed

to detect how often each pixel experienced HS threshold exceedances in the entire
period. Second, a temporal trend analysis was carried out to estimate how these
exceedances evolved across time at each pixel location, thereby identifying places of
increasing or decreasing exposure b hazardous thermal conditions. Both analyses

were conducted independently for all selected indices, namely HU, WBGT, LHSI, and

UTCIL.

Initially , four data cubes have been created as follows:

1 Oy p denotesthe maximum value of a given HS index | at pixel coordinates
(lat, lon) in day d.
1 “Ydenotesthe fixed threshold associated with index |, applied uniformly across
all pixels and days (the utili zed thresholds are the ones reported in Table 3
PPDUT DPOwWUT T wi UOUXx WEEOOI Ew?2U0UOO0T wi 1 ECwUOUI

The exceedance condition is defined as:

o & - pFl E'®E; i Y
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The output are four Boolean exceedance cubge O N  T1ip h R where each entry
encodes whether HS conditions were present at a specific time and location for the

selected index. The output has been used to extract promptly both the frequency of HS
indices exceedance and their temporal slope of variation.

Frequencyof HS indices exceedance

To compute the average frequency of HS exceedance, each Boolean exceedance cube
o~ Tip h h (one per each index) was first temporally aggregated yearly. For
every year y, and each pixel at coordinates (lat,lon), the total number of exceedance
days was calculated as:
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where 0  j denotes the annual number of days in which the HS index | exceeded
its threshold at the given pixel.

Subsequently, the average annual frequency of exceedance was computed within each
decadal time frame _ vy (i.e., 19811990, 19942000, 20042010, and 20142023) as:

'O  represents the average number of exceedance days per year during the
decade, vy, thus capturing the long-term frequency of HS conditions at each location.

Decadal change inHS threshold exceedance

To assess theHS exceedances over time, a pixelwise linear regression was applied to
estimate the rate of change in the number of hazardous days across the study period.
The linear regression model has been fitted at each grid cell using the yearsy as the
independent variable and the annual exceedance values0 as the dependent
variable. The estimated slope] i Of the regression line captures the average
yearly change in the number of exceedance days for indexl.

To express this temporal trend in terms of decadal change, the slope was scaled by a
factor of 10:

W  ar I 5 Ppm

The resulting layer w provides a spatially explicit estimate of how the frequency
of dangerous HS events evolves, highlighting areas of significant increase (positive
values) or decrease (negative values).In addition to identifying regions undergoing
significant trends, this decadal-scale analysis supports a more nuanced understanding
of spatial disparities in HS exposure. For instance, it would be insightful to reveal if
variations may depend on land cover characteristics or topographical features of each
area, with urbanized zones potentially showing stronger upward trends due to
accumulated heat, while regions with natu ral vegetation or complex terrain experience
more stable or even declining patterns.
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5 Results and discussion

This chapter reports the results of this study, which have been derived from the
methodology described in Chapter 4. Itis divided into two main sectionsreflecting the
methodological part. The first one focuses on the results obtained from the HW
analysis, while the second presentsthe HS assessmenbutputs.

In the first section, the first subsection focuses on theoutputs of the HW indicators,
followed by the analysis of the IHEsand HDs. In the second section the first paragraph
analyses thespatial distribution of HS conditions during two selected HW events; the
second paragraph aims to close the discussion regarding HW and HS. The third
paragraph offers a broader perspective, exploring how frequent HS conditions have
evolved over the past four decades; eventually, the fourth paragraph focuses onHS
during the complete 19812023period.

The four HS indices (HU, WBGT, LHSI, and UTCI) are considered, allowing for cross-
comparison and spatial interpretation of differences in behaviour and sensitivity. The
last two analyses reportedoffer a comprehensive framework to evaluate where HS has
been most persistentand where it is intensifying the fastest.

5.1. HW analysis results

5.1.1. HW classification results

To better contextualize the classification results presented in this section, the following
visualization (represented in Figure 14) provides an overview of the temporal
evolution of HW events over the entire study period 3.

This representation shows both the yearly count of HW episodes,and the cumulative
number of days involved in them, allowing to assesstheir interannual variability as

well as long-term tendencies. While the number of events, although rising, fluctuates
year by year, the total amount of days involved highlights a clear upward trend,

particularly from the 2000s onwards 32.

31 Thus, in this analysis only those events characterized by a duration equal or greater than three days
are considered.

32 This increasing persistence of extreme heat conditions will be further explored in the subsequent
paragraph, where IHEs and HDs will be assessedaccording to their temporal developments .
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HW events count and total days involved per year
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Figure 14: Yearly HW events count, and total days involved

HW events have been classified and ranked according to some specific indicators
reported in Chapter 4.2.3 namely frequency of occurrence, duration , and intensity.

Starting with the analysis of the duration and frequency of the events, these indicators
have been reported in the matrix reported in Figure 15. Each event is assigned to a
duration class using a categorical binning procedure, then visualized with a pivot table
using a diverging colour scale, where warmer hues (orange, red) indicate higher
counts of events in each cell.

Visually , this matrix reveals a clear temporal asymmetry: in the first two decades of
the dataset (1980s and 1990s)}{W events were generally less frequent and mostly
concentrated in the shortest duration class (35 days). Despite that, during this period,

it is uncommon to observe any event exceeding 7 days in length. Despite that, in this
decade, the two longest events occurred, namely the one in 1985 with a duration of 18
days and the one in 1987 with a duration of 11 days. Thus, even if the trend toward
more recent decades highlights an increase in duration and frequency, this does not
exclude the occurrence in the past of sensibly long episodes.
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Heatwave Events by Duration Class
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Figure 15: HW events by duration class

However, during the early 2000s and particularly after 2010, the trend shown in the
matrix began to shift. Several years show a marked increase not only in the total
number of events but also in the frequency of events within longer duration classes
Years such as 2012, 2015, 2017, 2019, and 2023 are characterized by numerous events
and the presence ofHWs lasting well beyond 7 days. On the other hand, growth of
IHE s and HDs is astonishing, especially for 2011, 2016, 2017, 2019, and 2028.2022,

for instance, a total of7HW events were recorded, 2 of which lasted more than 5 days;

this year is well recognized to have been extremely warm and presents the absolute
maximum number of IHEsand HDs events throughout the entire period of analysis.

To complement the insights drawn from the duration -based classification, the
following matrix introduces an intensity -based categorization, allowing for a more
nuanced view of HW severity over the years.

HW events are subdivided into equally sized intensity bins, based on the formulation
of ADI that has been provided in paragraph 4.2.3(for simplicity , reported copied also
here®). In Figure 16, the classification is reported in a matrix format, indicating the

33 This is the formula forthe 0 0 Q1 O VWA&O Q& & ‘@O w-B -B Y

=x
=x
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number of events by ADI class Following the same logic of the previous matrix, a
pivot table using a diverging colour scale has been used, with darker colours
corresponding to a higher number of events.

Heatwave Events by Average Daily Intensity Class
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Figure 16: HW events by average daily intensity

The visualization highlights several important features. In the earlier decades (1980s
and early 1990s), events were less frequent and confined almost exclusively to the
lowest intensity bins (mainly 1t 2°C), meaning relatively stable summer climates across
the study area during that time. However, from the early 2000s, an intensification in
the distribution started, with events increasingly shifting toward higher intensity
classes Moreover, the 0-1°C bin gets populated basically after the 2000s, witnessing
the increase in the new century also for this ADI class.

where:

9 Ois the duration of the event expressed in days
f 6 PUWUT T wOUOET Uwli wxbPRT OUwpEOPEa Uwi @U
1 Yrii is the residual for pixel (i,j) on day d computed as “Y5 "V

O\
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Years such as 2005, 2015, 2017, 2020, and 2023 are particularly relevant. For instance,
in 2017, six separate events fell within the % 2°C bin, which is the highest count across
the entire matrix. Similarly, 2015 recorded events in the 2¢ 3°C and even 34°C bins,
highlighting a transition toward stronger heat anomalies. In 2023, two events fell into

the 3t 4°C intensity class. These occurrences weg extremely rare or absent in the earlier
decades, reinforcing the conclusion that HW s, aside from becoming more frequent and
longer, are also becoming more intense. As a final consideration, the uppermost
intensity class (4 5°C) appearsonly once in 2007.

Thus, considering all the aspects highlighted above , while most HW s still fall below
the 3°C threshold, the emergence of extreme anomalies may become more common
under projected warming scenarios. In conclusion, the implementation of these
matri ces permitted to capture the progressive shift toward higher intensities and
longer and more frequent events acrossthe four decades of observation.

5.1.2. Temporal variation of Isolated Hot Events (IHEs) and Hot days
(HDs)

Beyond the analysis of actual HW events, it is significant to consider shorter episodes
of anomalous heat, which, although not meeting the formal duration threshold , may
still pose health and environmental risks while being indicators of the overall warming
trend. These short events, often overlooked in traditional HW assessments, are here
classified asIHE sor HDs, and examined to provide a more nuanced picture of thermal
stress dynamics in the region.

Figure 17focuses onthe count of IHEs and HDs, and their total duration expressed in
days in each year of the time domain analysed.
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Figure 17: IHEs and HDs count and cumulated duration per year

The days classified within a n IHE, called HDs, are potentially eligible to be part of an
HW event, but where the minimum consequentiality of 3 days did not occur. Thus, as
previously defined, a day eligible to be part of an HW event must report a t least 60%
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of its temperature higher than its local threshold. The bar plot (orange) shows the
annual count of IHEs and HDs (thus, a two-day IHE counts as one hereexactly asan
HD), while the overlaid red bar indicates the total number of days involved in these
events per year. A linear trendline (black dashed) referring to the events count has
been added to highlight long -term patterns.

The visualization reveals that in the early decades (1980$1990s), standalone
extremely warm events were relatively rare and irregular, with most years recording
fewer than five occurrences and limited temporal persistence. From the early 2000s
(particularly since 2010) an increase in both the number and total duration of events
can be seenYears such as 2015, 2017, and 2022 are characterized by a high number of
short episodes, with 2022 recording the maximum cumulative duration: over 20 days
involved in these events. The year 2022as also been classified as very warmin the
HW average intensity analysis.

The presence of a positive trend in the number of events suggests thathot day events
are becoming more frequent in recent years. This indicates that, in recent years, overall
temperatures have generally increased compared to past climatic conditions. Given
that short events (1t 2 days) are not classified asHW by definition , these findings
suggest that even outside ofHW periods| typically linked in this region to subtropical
anticyclonic conditions | the underlying temperature trend is progressively warmer.

The red line, representing the total number of events per year, reveals that in some
years (e.g., 2011, 2018, 2022), a relatively small number of events resulted in a large
number of affected days. This witnesses that many events lasting a single day occurred
in those years.

These considerations strengthen the choice ofconsidering IHEs and HDs in the
duration classes analysis reported in Figure 15 In conclusion, although IHEs and

HDs by definition lack durability , and in the past, they could be ? OY T U O @de@i E »
their low frequency, nowadays , given that their frequency is increasing significantly ,
they have becomea category worthy being mentioned.

5.2. HS analysis results

5.2.1. HS patterns during selected HW events

This section presents the results ofthe HS indices for two specific HWSs identified in
paragraph 4.3.1 This case studies aim to showhow thermal discomfort conditions can
spatially vary within the study area during an HW event. The analysis focuses on
spatial indices exceedance patterns and shows how each index reacts differently to the

34 Regarding the output of the ADI classes reported in Figure 16 instead, IHEs and HDs have been
intentionally discarded to avoid a biased output.
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same climatic conditions. These snapshots serve as a qualitative yet informative
preamble to the long-term aggregated analyses presented in the following part of this
chapter.

The first selected case study is the HW event from August 1st to August 5th, 2017; the
second one is the HW event that took place between August 19th and August 25th,
2023.Theseevents have been selected for similarities in duration and intensity level.

For both events, the hourly evolution of air temperature was analyzed over the full
duration of the HW, in each available hour of the day. The mean, median, 93"
percentile, 99" percentile, and maximum temperature were extracted for each hour.
The statistics valuesindicate that mean hourly temperatures often exceeded 33 35°C
in the early afternoon, particularly around 2 pm, which was consistently identified as
the warmest hour of the day for both cases The absolute maximum values for each
statistical indicator, notably the 99t percentile and maximum, occasionally surpassed
45°C. Thesevalues, although exceptionally high , can be partially attributed to known
biases in the dataset, as explained in paragraph3.3.2 Hence, accounting for these
limitations, it is plausible to identify August 1 s, 2017 at 2pm as the moment of peak
thermal stress during this event.

The 2023 event shows a persistent accumulation of highintensity hours over multiple
consecutive days. The 2017 event, while slightly shorterthan 2023 exhibits similarl y
critical temperatures; in this case asin | Y tui z,lha @&imum among the d aily
maximums (registered temperature 45.279 seemsto be the result of biases.Similarly ,
the 95" percentile, mean, and median may still be influenced by biases.

Thus, by a general overview of both these casesit is insightful to notice that the highest

Ul Ox1 UEUUUI UwEUIT wUI BnHinlthé sef &ndl that @ekerallythe dags? wWE E a
before the peakrecord increasingly rising temperatures, while the opposite occurs on

the days right after it.

Starting from the identification of the warmest timestamp for each of the two events

an in-depth analysis has been carried out individually through the POEDEIT Uz w
spatialization ; thus, the analyses have beenrun over the specific identified warmest

date and time of each HW. Figure 18 refers to the 1t of August ¢ 5" of August 2017

HW event. Figure 19refers to the HW that occurred from 19® to 25" August 2023.
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Heat stress indices threshold exceedance in 2017-08-03 at 14:00
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Figure 18 HS indices exceedance duringthe 3¢ of August 2017 HW

Regarding the first event, specifically 201708-03 at 14:00(Figure 18), the following
considerations can be drawn. WBGT values over the thresholds are just a few, with a
patchy layout, mostly in the areas of province of Ferrara. Moreover, LHSI shows
widespread and intense exceedance conditions across most of the central and southern
spatial domain, particularly affecting the surroundings of Crema, and the provinces of
Modena, Ferrara, Verona, and Mantova. It is interesting to notice that Lake Garda and
Lake dZseo arealso involved .
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HU presents a similar pattern to LHSI but with a more compact layout; UTCI displays
a notable exceedance, particularly in the provinces of Modena, Parma and Cremona.

Heat stress indices threshold exceedance in 2023-08-23 at 14:00
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Figure 19: HS indices exceedance analysis during 23rd of August 2@3HW

Regarding the second event 202308-23 at 14:00 Figure 19), HU again marks a large
area of exceedance, but itsnorthern boundary is pushed further north and west

compared to 2017 Even cities such as Monza and the provinces of Novara and
Alessandria in Piedmont are involved, highlighting a broader impact zone.
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WBGT, the exceedancein this caseis almost inexistent, and thus notably interesting
from the methodological point of view . Even though both HU and WBGT are
considering dew point temperature in their formulation 3% (the latter through WBT ,
which incorporates RH), on this specific day and time, they performed very
differently , also compared tothe first event.

LHSI is the most alarming in terms of geographical spread, with vast exceedance over
the entire southern half of the map, reaching up to Brescied w( UWEEUDPEEOOa wEOYI
areas except a small area between Cremona and Piacenza, and the soutbastern side
of the province of Brescia. The isopleths delineate a clear thermal front between the Po

Valley and the Alpine foothills.

The summary of the exceedances in the two events is reported in thefollowing Table

4.
Table 4: Summary of HS indices exceedance
Index | 201708-03 exceedance 202308-23 Comments
exceedance

HU Wide exceedance over Po| Wider and more Clear north -westward
Valley: Lodi, Piacenza, northern coverage expansion, quite easily
Cremona, Mantova, includes Monza, exceeckd during these
Parma, Modena, Reggio | Novara, Alessandria | HW
Emilia

WBGT | Patchy exceedance, Nearly absent Involving the
limited to the Ferrara exceedance lowlands of the Po
area valley, low exceedance

LHSI | Extensive coverage Extremely Compact and huge
acrossthe Po Valley and | widespread; all exceedance areas in
up to mostly Ferrara and | lowlands except both cases
Modena province, and some Brescia
Crema city. Cremona-Piacenza

corridor

UTCI | Moderate exceedance in | Sparse exceedance; | Only index where the
Modena, Parma, and behaviour similarto | exceedanceayout is
Cremona WBGT notably different in

the two events

35 The formulations of all the indices employed in this analysis are available in paragraph 4.3.1
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The comparison of the four maps (for each event)indicates how generally all indices
are exceeded inlowland areas, water basins, and the initial part of Alpine valleys. This
also reveals some key differences: LHSI index consistently identifies larger areas of
danger, suggesting its greater responsiveness to combined humidity and temperature
effectss WBGT appears more restrictive; HU and UTCI occupy intermediate positions.
These results underline the importance of index selection, as different formulations
may significantly affect the diagnosis of thermal risk areas.

The differences highlighted by the indices exceedance outputs is caused by a
combination of factors: the first one is the broad presence inthe Po Valley of the highest
temperatures (despite biased as evidenced in paragraph3.3.2, and the second is the
general concentration of moist in this are (which have been extensively analysed also
with the contribution of Fazzini et al. (2020)in paragraphs 3.1and 3.2). The presence
of humidity , as specified in paragraph 2.3, is one of the main factors contributing to
higher discomfort conditions (especially during warm periods and particularly for the
selected indices.

The analysis reported above needsto be considered in the light of the impact thermal
discomfort hason the natural and human ecosystems.Exposure to HS conditions leads
to significant physiological and psychological strain, directly affecting human health
and well-being. Epstein and Moran (2006) describe how HS deteriorates work
efficiency and productivity and may even threaten survival in extreme conditions.
Mohammad and Weng (2024)document how increasingly intense and frequent HW
(as previously analyzed in the literature review ) have verified health impacts,
including fatalities, hospitalizations, and widespread disruption of daily activities.
Moreover, Rachid and Qureshi (2023)emphasize that HS could lead to muscle cramps,
respiratory distress, and productivity loss even at moderate exposure levels.

These effects are further exacerbated in cities, where the UHI phenomenon intensifies
ambient temperatures. As Ellena et al. (2023)demonstrated how under HS conditions,
the combination of building type , socio-economic disparities, and limited green
infrastructure increases the vulnerability of urban populations (particularly the elderly
and socially isolated). This is influenced by neighborhood design, vegetation cover,
and built environment characteristics, all aspects that directly shape the spatial
distribution of thermal stress.

In parallel, the disruption of thermal discomfort extends beyond human populations:
Epstein and Moran (2006)highlight that it impacts both human and biological systems.
Breshears et al.(2021)indicate that the impacts of thermal discomfort on plants can
have repercussions on their physiology, reproduction, and survival, potentially
triggering ecosystem-scale tipping points and cascading effects onthe ecosystem.

Thus, these findings underscore that the discomfort and risks associated with extreme
heat events represent a tangible and multifaceted threat to both citizens and
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ecosystems (particularly in urban areas) and call for the development of targeted
mitigation and adaptation strategies within the framework of climate -resiliency.

Throughout previous chapters were explored the physiological responses of the
human body during the warmest hour and day of two selected similar -intensity HW.
The analysis reported has demonstrated that during HW events (or at least during the
two selected ones) the HS indices thresholds are reasonably overpassed. However,
while the exceedances of HU and LHSI are reasonable,those of WBGT and UTCI are
particularly marginal; th esecurious facts have beenthe focus of further investigation ,
which results are reported in the current paragraph . This study, so far, hasapplied the
theories of HS indicesonly to HW events, and this has been an experimental approach.
What is meant here isthat it is important not to take for granted that the most extreme
HS conditions are happening precisely during HW events , since there is no clear
evidence about that yet.

Thus, the remaining and yet unexplored matter concerns the most dangerous HS

conditions. This focus has started through the elaboration of a series of GIF images,

showing in a very fast motion the evolution of the HW s, and when they ? 1 Btfig?

territory. On top of these, those places] RET | EDOT wEwl DY Gavdoddal Rz Uwl
overlayed, with a dynamic boundary 3.

However, the point is: are the yearly highest discomfort values for the four indices

reached exactly during an HW event? Are HS and HW somehow correlated, at least
in the selected case studiesTo answer this question is mandatory to start from the full

picture of HS performance per se, and from those extracting the most extreme yearly
conditions reached. Only at that point , a subordinate check to see if these conditions
are reachedprecisely during an HW event needsto be carried out.

Figure 20and Figure 21representthe peaks (date and time) reached by each HS index
respectively, in 2017 and 2023 (years analysed previously).This means that those
analysesare reported when the highest discomfort conditions for each index have been
reached for those two years.

This analysis aimed to check if the peak conditions (the yearly highest discomfort
condition of each index) have been reached during the previously selected HW, but
most importantly during any of the HW events (the complete list of HW events,
including the IHEs and HDs lasting less than 3 days is reported in Annex AA). The
final purpose is to find or reject an initial correlation between HW and HS (limited to
this basic methodology).

3 The GIF with HU dynamic boundary is available at this link ; the GIF with LHSI dynamic boundary
is available at this link .



https://github.com/fillobissi/Polimi_thesis/blob/main/heatwave_evolution_2023_masked_Humidex.gif
https://github.com/fillobissi/Polimi_thesis/blob/main/heatwave_evolution_2023_masked_Lethal%20Heat%20Stress%20Index.gif

5| Results and discussion 61

In 2017,for HU and WBGT, the most severe conditions were registered on the 5" of
August at 2 pm, the last day of the same HW. LHSIz peak has been registered on the
5" of August at midday , the last day of the same HW. Eventually, for UTCI, the peak
has been registered on the same timestampasthe analyzed HW timestamp .

In 2023, for HU, WBGT, and UTCI, the peaks have been registered on the same

timestamp as the analyzed HW timestamp. LHSIz Uw OOUUwUIl YI Ul wEOOEDU
have been registered on the 2% of August at midday , the second day of the same HW

(started the 19"), and two days before the analyzed HW timestamp .

Peak heat stress exceedance in 2017

Humidex (°C) WBGT (°C)
Maximum values reached: 2017-08-05 14:00 Maximum values reached: 2017-08-05 14:00
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3 ",5’7 Goschun S ) A (

.,,}n/ubr‘ P f o,

B

100 125 150 175 200 225 250
—=—- Threshold [ Over threshold

25 30 35
—=—: Threshold [ Over threshold

Figure 20: PeakHS exceedance 2017
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Thus, the results evidence that in the case of 2017 and 2023, there is a singular
EOOOI EUPOOWET UPIT 1 OwUT 1T wxi EQwI RET T EEOQET woOi wlT
of HW events. By pure chance, in these two examples, those two peaks have been

reached during the analyzed HWs. However, this simple analysis does not claim

scientific evidence of the connection between the two phenomena, and this could bea

hint for further and more refined research on this topic.

Peak heat stress exceedance in 2023

Humidex (°C) WBGT (°C)
Maximum values reached: 2023-08-23 14:00 Maximum values reached: 2023-08-23 14:00
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Figure 21: Peak HS exceedance 2023
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To better understand how HS conditions have evolved in time and space, a decadal
analysis has beenconducted. This seeks to highlight both the frequency and trend of
dangerous HS conditions. The objective is twofold . On the one hand, to quantify and
visualize the average annual number of days in which each HS index overpassedits
critical threshold across four defined decades; on the other hand, to compute the
decadal change in the number of dangerous HS days

Four exceedance frequency mapshave been elaborated each representing a decade
besides the final period, which is prolonged until last year within the dataset (198H%
1990, 19942000, 20012010, and 20142023. Thesehave beenderived by averaging
the annual count of threshold exceedance daysfor each pixel. Thanks to this initial
evidence, a further decadal change analysiswas carried out for each index, in which
the decadal increase in the number of days with threshold exceedance was computed
(and the output of it is reported in the next paragraph) . The latter indicator was
obtained by applying a linear regression to the annual counts of exceedance days. Tk
EOOEDPOI EwPOUI UxUI UEUDPOOWOI wlT 1 Udentifedidh©fa Ul Uz wi
areas where conditions are becoming increasingly hazardous or, conversely,
improving over time.

During the earliest period, 198H% 1990 (reported in Figure 22), exceedances were
relatively limited in both frequency and spatial extent. TheHU and WBGT maps show
sparse occurrences mostly concentrated in the southern Po Valley UTCI compared to
HU and WBGT has a higher frequency, and has a wider expansion, involving , for
instance, also the city of Milan. For this decade, UTCI is the only index whose
frequencies are relevant to the Milanese municipality. LHSI frequencies are higher
EOOXxEUI EwUOOwWUT 1 wérd the addeadi idfiénée lexitnosidd @ithe Gilieys
of northern Varese, Como, Leccq and toward the Adige valley.

In the second decade 1994 200Q asreported in Figure 23, the spatial extent of the
threshold exceedancefor WBGT remains largely consistent with the previous decade,
showing only a slight expansion. However, within this area, the frequency of
occurrence increases noticeably In contrast, all other indices exhibit an expansion in
the affected areas during this period, with UTCI showing the most pronounced
growth. A general increase in frequency is evident across all indices, particularly
marked for LHSI and especially significa nt for UTCI.

By the decade200X 201Q asreported in Figure 24, the spatial pattern becomes denser,
and zones of high frequency start to consolidate. A clear expansion of the areas
experiencing exceedancefrequenciesis evident for all indices, as well as asubstantial

rise in their values. While WBGT frequencies appear to increase constantly compared

to previous decades, the other indices (especially for LHSI and UTCI) exhibit a marked

leap in frequency levels. Lake Garda area,which remained unaffected in the previous

decade, now records significant frequency values across multiple indices.
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In the most recent period, 2014 2023 (reported in Figure 25), the increase inintensity
growth is quite evident; in the valleys of the Alpine foothills exceedance frequency
zones expand in all directions. LHSI shows a marked frequency increase, with the
Adige Valley (as well as the valleys north of Como, Varese, and Lecc now exhibiting
significant frequency values. This is the first decade in which the Adige Valley displays
considerable frequency values across all indices. Additionally, frequencies recorded
over the city of Vicenza, previously isolated from the main cluster, are now integrated
into it. Lastly, western Piedmont also appears to be experiencing serious exceedance
frequencies at this stage.
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Average annual frequency of Heat Stress threshold exceedance (1981-1990)

Measures expressed in days per year

Humidex

Lethal Heat Stress Index uTCcl*

30 20 25 30 35 40
[ Regional boundary (*) note that the legend is different in this case

Figure 22: Average annual frequency of HS threshold exceedance (19811990)
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Figure 23: Average annual frequency of HS threshold exceedance (19912000)






























































































































