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2. ABSTRACT 

After presenting the Risk-Oriented Taxonomy and Ontology of Urban Subsystems and Functional 

Models (DV 5.2.1), and the multi-criteria metrics and methodology for integrated exposure 

assessment (DV 5.2.2), the purpose of this Deliverable is to identify the relevant indicators and 

variables needed for risk assessment in the urban and metropolitan settlements, and relevant example 

algorithms available for risk assessment. Given the wide range of risks present in the urban areas, and 

the inherent complexities in tackling multi-risks also related with cascade and compound events, an 

approach based on event risk storylines and related impact chains is presented. As such, the aim of 

this Deliverable is to present the approach developed for a subset of relevant risk storylines among 

those presented and described in DV 5.2.1. To this aim, after recalling the main concepts of the 

previous Deliverables such as the risk definition in terms of hazard, exposure and vulnerability, and 

the usage of event storylines, a subset of storylines is described, and the main components are 

described in terms of indicators and variables needed to proceed with risk assessment. After that, 

some algorithms for risk quantification are outlined, with an aim of identifying characteristics and 

constraints for the data sources to be used for the risk assessment. In this way, the Deliverable 

demonstrates the capabilities and the advantages of the approach taken, mainly lying in its modularity 

and high flexibility thanks to the choice of lying on the event storylines and impact chains. In spite of 

being not fully exhaustive, as the approach is fully described only for selected branches of a few 

impact chains, the Deliverable successfully paves the way for the further development within the 

project, and in particular for the identification of data sources and development of smart data models 

(DV 5.2.4) and the integration of data from heterogenous sources in WP5, and the development of 

risk models in WP3. Similarly, as far as the evaluation of risk and the development of risk models are 

concerned, rather than being exhaustive in the algorithms presented, the Deliverable presents some 

recommendations and key characteristics on data uncertainty and constraints, thus guiding the next 

steps in the choice of data sources and development of risk models.  
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4. Introduction 

Environmental risk assessment is an approach that stems from ecology and evaluates the likelihood 

that adverse effects may occur, or are occurring, as a result of exposure of organisms or communities 

to one or more chemical compounds (e.g., EMA, 2018). The objectives of such assessment are to: 

i) Identify potential hazardous areas so that adequate safety measures can be adopted to reduce the 

likelihood of accidental events; 

ii) Identify the stakeholders and evaluate their risk along with proposing adequate control techniques; 

iii) Manage the emergency situation or a disastrous event. 

Although originally this concept excludes natural calamities and focuses on chemicals and pollutants, 

it can be quite easily extended to natural and climate hazards, and urban multi-risk evaluation to 

estimate the probability of an event causing an undesirable effect. Recently, the European 

Environment Agency and the Directorate-General for Climate Action of the European Commission 

(DG CLIMA) have launched the European Climate Risk Assessment (EUCRA)1, aiming at providing 

a comprehensive assessment of current and future climate change impacts and risks related to the 

environment, economy and wider society in Europe. Previously, the C40 Cities (C40 Cities, 2018) 

prepared a concise guide to help cities to conduct a climate change risk assessment (CCRA) in line 

with requirements of the Global Covenant of Mayors for Climate & Energy (GCoM). The climate risk 

assessment should include the following components: 

• The city’s demographic, socio-economic and environmental context, to understand potential 

impacts and priorities for the city. 

• Past climatic events. 

• Climate change trends and future scenarios, and research into the likelihood, consequence, 

frequency and impacts of each hazard type on people and sectors. 

• A map of climate risks and vulnerabilities, identifying how and where climate hazards will 

affect the city, sectors and assets. 

• Identification of priority risks, based on exposure, sensitivity, interdependencies and 

vulnerability. 

This simple guide, and the required specified components, clearly highlight that, although risk is a 

term in everyday use, it is difficult to define it in practice due to the complex interdependencies of its 

components (Jones and Boer, 2004). Risk is indeed the combination of the likelihood (the probability 

of occurrence) and the consequences of an adverse event (here, environmental and climate hazard). 

As such, the major elements of risk are respectively: hazard, probability and vulnerability or hazard, 

exposure and vulnerability. In both cases, there are two main approaches to assess climate risk, i.e. a 

natural hazards-based approach and a vulnerability-based approach, depending on the starting 

emphasis (Jones and Boer, 2004). As noted and detailed in previous RETURN Deliverables (e.g., 

5.2.1, 5.2.2), RETURN has adopted a vulnerability-based approach which emphasizes the socio-

economic aspect of environmental-related risk. 

We recall here briefly the main components of the risk, namely the hazard, vulnerability and exposure 

definitions.  

A hazard is an event with a potential to cause harm, such as tropical cyclones, droughts, floods, or 

conditions leading to an outbreak of disease-causing organisms (plant, animal or human).  The 

UNDRR (United Nations Office for Disaster Risk Reduction) defines hazard as a process, 

phenomenon or human activity that may cause loss of life, injury or other health impacts, property 



 

 

 

damage, social and economic disruption or environmental degradation. Within RETURN we refer to 

to the hazards´ taxonomy proposed by UNDRR-ISC in 2021 (UNDRR-ISC, 2021). 

Exposure According to IPCC (IPCC, 2022), the presence of people; livelihoods; species or 

ecosystems; environmental functions, services, and resources; infrastructure; or economic, social, or 

cultural assets in places and settings that could be adversely affected [by one or more hazards]. 

Exposure can be described in terms of the quantity (number, spatial distribution) and quality 

(structural and non-structural features) of the exposed assets and systems. 

Vulnerability According to IPCC (IPCC, 2022), vulnerability is the propensity or predisposition [of 

the exposed systems] to be adversely affected. Vulnerability encompasses a variety of concepts and 

elements, including sensitivity or susceptibility to harm and lack of capacity to cope and adapt. It can 

relate to flaw or weaknesses in the system under study, and denotes the likelihood that assets will be 

damaged/destroyed/affected when exposed to a hazard. 

Impacts. The consequences of realized risks on natural and human systems, where risks result from 

the interactions of hazards (including extreme weather/climate events), exposure, and vulnerability. 

Impacts generally refer to effects on lives, livelihoods, health and well-being, ecosystems and species, 

economic, social and cultural assets, services (including ecosystem services), and infrastructure. 

Impacts may be referred to as consequences or outcomes and can be adverse or beneficial (IPCC, 

2022).   

For each given hazard, it is possible to associate probability with the frequency and magnitude of a 

given hazard, or with the frequency of exceedance of a given socio-economic criterion (e.g., a 

threshold). Probability can also range from being qualitative (using descriptions such as “likely” or 

“highly confident”) to quantified ranges of possible outcomes, to single number probabilities. 

In any case and independently on the particular approach adopted, risk assessment and evaluation 

require not only knowledge of the climate change and environmental hazards across multiple space 

and timescales (e.g., likelihood of changes to extreme rain over Europe and more specifically over 

Italy over the next decade), but also knowledge of the exposures (e.g., location of assets and value 

chains), and of the vulnerabilities (e.g., response of communities to drought or response of supply 

chain to changes in carbon taxes). To conduct an appropriate assessment also requires the ability to 

integrate all these heterogeneous sources of information—and their associated and unavoidable 

uncertainties—to evaluate the effectiveness of possible interventions, helping to communicate risk 

and prioritise investments (Arribas et al., 2022).   

Given the inherent complexities present in risk assessment, and more so within urban environments 

where exposure and vulnerability elements are intimately related, RETURN has adopted an approach 

based on risk storylines and impact chains (cfr. Dv 5.2.1). Event-based storylines are defined as 

physically self-consistent unfoldings of past events, or of plausible future events (e.g., Sillman et al., 

2020; Shepherd et al., 2018). This approach is increasingly being adopted in climate risk due to the 

capability to explore future high-impact events while taking into account aspects of vulnerability and 

exposure of the considered system with an emphasis on plausibility rather than probability (Sillman et 

al., 2020). In addition, such an approach can tackle efficiently the uncertainties inherently present in 

risk assessment, and in particular is capable of:  

1) raising awareness on risks by framing risk in an event-oriented rather than in a probabilistic 

manner, i.e. in a way more directly related to risk perception and response;  

2) strengthening decision also addressing compound risks by allowing to work back and forth from a 

particular vulnerability or decision point, and providing the possibility to combine relevant factors 

together;  



 

 

 

3) providing a physical basis for understanding and estimating uncertainty;  

4) exploring the boundaries of plausibility, thus more naturally connected to false alarms, false 

precision and surprise (Shepherd et al., 2018).  

Due to its advantages, this approach has been recently proposed to assess socio-economic responses to 

remote events (van der Hurk et al., 2023) as well as to analyse and improve flood management (de 

Brujin et al., 2016) and to bridge the gap between information and decision-making in hydrological 

risk (Caviedes-Voullième and Shepherd, 2023).  

Thus, following the path initiated in RETURN DVs 5.2.1 and 5.2.2, and by adopting the event risk 

storyline approach, this Deliverable aims at identifying the relevant indicators needed for risk 

assessment, and the algorithms for quantification of the risk components, for a subset of risk 

storylines. To this aim, the Deliverable is structured as follows: Section 5 describes the goals and the 

adopted methodology; Section 6 describes the relevant risk storylines and impact chains selected; 

Section 7 illustrates the relevant indicators and variables to describe the risk components; Section 8 

discusses the algorithms for risk calculation, providing also recommendations in terms of data sources 

and data constraints; finally, Section 9 draws the main conclusions. 

 



 

 

 

5. Goal and methodology 

As stated in the Introduction, the aim of this Deliverable is to identify relevant indicators and 

algorithms for calculation of risk, with a specific focus on the multiple risks and vulnerability and 

exposure elements present in the urban environments. This will be taken further in the following DV 

5.2.4 (Template and smart data models for data interoperability and pre- and post-event phase 

collection (including example datasets)), which will describe example data sources, characteristics for 

the risk calculation. Due to the inherent complexities present in risk assessment, especially in the 

urban environment, and in order to construct a solid background for the following Tasks in WP3 and 

WP5, rather than exploring risk in a generic way we have adopted an approach based on risk 

storylines. In particular, this approach, which stems from climate change research, is increasingly 

being recognized as providing actionable information, thus very valuable for the aims of RETURN. 

Indeed, this approach was already successfully adopted in DV 5.2.1 to explore the connection 

between relevant risks and the specific elements and functions of urban and metropolitan systems.  In 

particular, risk storylines were discussed in a dedicated workshop and are fully described in DV5.2.1 

(cfr Appendix A of DV 5.2.1). Each storyline has been designed to focus on a specific urban context 

and on a specific combination of hazards (possible compound) and cascade impacts.  

Storylines are usually based on past events, which provides the opportunity to analyse specific 

processes and their consequences, highlighting the dependencies and vulnerabilities of the affected 

systems. However, possible alternative realizations can be equivalently explored, which proves very 

useful to comprehend and model the impact of relatively rare events with potentially severe 

consequences (Woo and Johnson, 2023). Event storylines can be alternatively constructed to represent 

a plausible scenario and have a natural capability of being modularly integrated. As such, RETURN 

existing storylines have the potential of being integrated in the future, for instance to integrate near 

misses. Storylines have an essential role of defining the regulative and application framework, the 

constraints on the risk metrics, aggregation and uncertainty. Thus, the adoption of this approach for 

this Deliverable will enable to address risk in a very pragmatic way, giving the possibility to extend 

and develop further the work along the project and beyond. This approach facilitates the adoption of a 

relatively standard and common methodology for the successive integration of heterogeneous data in 

RETURN (e.g., WP5, development of data platform and derivatives).  

In practice, the methodology of this Deliverable can be described as follows: by selecting a relevant 

subset of risk storylines among those proposed in DV 5.2.1, indicators for each risk components 

(hazard, vulnerability and exposure) will be described, along with the variables needed for their 

calculation; after that, algorithms for the risk calculation will be also described, with a specific focus 

on the uncertainty and constraints posed by the data. In this way, this Deliverable paves the way to 

replicate and develop further a concrete methodology for risk calculation for the aims of RETURN.  

 

 



 

 

 

6. Description of relevant risk storylines and impact chains  

In the following, we provide a synthetic description of selected risk storylines and briefly mention the 

reason of the choice. 

The first storyline (storyline 1.2 in DV 5.2.1) describes the risks posed by two independent hazards, 

namely: heatwave and compound urban and riverine flooding. Key exposed elements are represented 

by households, and key vulnerabilities are also represented. Below we recall the main urban context 

and stakeholders involved together with a representation of the impact chain (Figure 1), while for 

details the reader is referred to DV 5.2.1. 

Risk storyline 1: 

• Description of the urban context (urban configuration, building typologies, infrastructures, 

...): Social housing neighborhood, located on a flood plain.    

• Dimension / population (spatial extent in km², resident population, other measures, if known): 

~1 km2, 5,000 inhabitants   

• Stakeholders: Households, municipality, social housing managers. 

 

Figure 1. Impact chain representing the key risk components for the first risk storyline selected in this 

Deliverable (in the following, storyline 1).  

 

The second risk storyline herein selected is the one representing the risks posed by seismic events and 

pluvial floods in a medium-sized town with high population density (Storyline 2 in DV 5.2.1). In this 

case, key exposed elements include not only the built-up elements, but also the inhabitants. 

Vulnerability elements are also included in the impact chain below (Figure 2). Again we recall the 

main urban context and stakeholders involved while for full details of the risk storyline the reader is 

referred to DV5.2.1. 

 

 



 

 

 

Risk storyline 2: 

• Description of the urban context (urban configuration, building typologies, infrastructures, 

...): A medium-sized town with high population density located on a vast low plain, with 

scattered vegetation and in the absence of rivers. The historic centre is mainly made up of 3 

and 4-stories buildings in a compact urban fabric, surrounded by a residential fabric of more 

recent expansion close to the road infrastructure. Presence of small manufacturing activities in 

the town and extended farming and agricultural activities in the surrounding lands. 

• Dimension / population (spatial extent in km², resident population, other measures, if known): 

~50 km2, 50’000 inhabitants 

• Stakeholders: Civil Protection department, municipality, inhabitants, small artisans, 

agricultural industry 

 

 

Figure 2. Impact chain representing the key risk components for the second risk storyline selected in this 

Deliverable (in the following, storyline 2). 
 

The two storylines have been selected as examples of different levels of complexity, with the first one 

relatively simple and the second one more complex.  They consider different types of hazards 

including geophysical and atmospheric hazards. As such, the development of the approach for these 

two storylines can showcase the capability and advantages of the approach adopted, while 

maintaining the potential of being extended for other storylines or further integration of these ones.  

 



 

 

 

7. Description of relevant indicators for risk storylines 

In the following, we describe the relevant indicators for each risk storyline and in particular for each 

risk component. For each risk component (colored box in the risk storyline), we start with a broad, but 

specific, definition, then we list and describe the main indicators.  

7.1 Risk storyline 1 

In this subsection, we describe relevant indicators for individual risk components in the risk storyline 

1. 

• Hazards  

o Heatwave 

According to the International Meteorological Vocabulary (WMO, 1992), a heatwave is “a marked 

warming of the air, or the invasion of very warm air, over a large area; it usually lasts from a few days 

to a few weeks”. The IPCC glossary (IPCC, 2022) defines heatwaves as “a period of abnormally hot 

weather, often defined with reference to a relative temperature threshold, lasting from two days to 

months”. A recent WMO report (WMO, 2023) providing guidelines for defining and identifying 

temperature and precipitation related extreme events defined generically a heatwave as “a period of 

marked and unusually hot weather persisting for at least two consecutive days”. Such overall 

definitions remain extremely broad, and similar to other types of extreme meteorological events, 

heatwaves should be defined in terms of their characteristics such as intensity (magnitude), duration 

and extent (geographical area interested). Accordingly, many different indicators exist for defining 

heatwaves, based on local climatological conditions and in particular on one specific climatological 

variable (e.g., minimum or maximum temperature) or computed using a combination of multiple 

variables such as temperature, humidity, and wind speed. Metrics can be also based on fixed or 

mobile thresholds to define the departure from normal conditions and the extremity of the event 

(WMO, 2023). Considering the multiple risks posed by heatwaves on human health and economic 

losses, many indices are also constructed to represent specific impacts or sectors (e.g., human health, 

agriculture, transport, electricity and power). For the purposes of this specific storyline and given the 

risks considered for the time being, we will focus mostly on metrics related to human health impacts 

which are explicitly mentioned in the related impact chain. In particular, as for the assessment of heat 

on human physiology, several indices are utilized and classified in the following categories: 

• Temperature depending indices; 

• Thermal comfort indices; 

• Spell length indices. 

Temperature depending indices group all the indices that depend only on temperature variation, thus 

not providing any information about the physiological stress but very easy to being computed. 

Thermal comfort indices combine also other atmospheric variables (e.g., wind speed, humidity) which 

affect the thermal perception of the human body and the consequent physiological stress. Spell length 

indices describe the duration and persistence of the events.  

A large body of literature is already available on the use of thermal comfort indices and of advantages 

and disadvantages (e.g., Staiger et al., 2019; Basarin et al., 2020; Costa et al., 2024), but in the 

following we try to capture the main elements of particular relevance within the context of the 

RETURN project.  

 

 



 

 

 

1) Heat and Cold Wave Index  

The Heat and Cold Wave Index (HCWI) is used to detect and monitor periods of extreme-temperature 

anomalies (i.e. heat and cold waves) that can have strong impacts on human activities and health. The 

HCWI indicator is computed for each location (grid-cell), using the methodology developed by 

Lavaysse et al. (2018), based on the persistence for at least three consecutive days of events with both 

daily minimum and maximum temperatures (Tmin and Tmax) above the 90th percentile daily threshold 

(for heat waves) or below the 10th percentile daily threshold (for cold waves). The threshold values of 

daily minimum and maximum temperature (Tmin and Tmax) that characterize a heat or cold wave are 

computed from the observed Tmin and Tmax for that calendar day during a 30-year baseline period 

(1981-2010). For heat waves, the daily threshold values for Tmin and Tmax are defined as the 90th 

percentile (“Q90”) of the 330 respective temperature values in an 11-day window centred on that day, 

for all years in the baseline period. For cold waves, the daily threshold values for Tmin and Tmax are 

defined as the 10th percentile (“Q10”) of the 330 temperature values in an 11-day window centred on 

that day, for all years in the baseline period. 

Given a fixed location and a i-th calendar day the HCWI may be computed as follows: 

Heat waves 

𝑇𝑚𝑎𝑥
𝑖 − 𝑇𝑚𝑎𝑥

90 > 0 

𝑇𝑚𝑖𝑛
𝑖 − 𝑇𝑚𝑖𝑛

90 > 0 

 

Heatwaves are defined on the persistence of 

these two conditions for at least three days. 

Cold waves 

𝑇𝑚𝑎𝑥
𝑖 − 𝑇𝑚𝑎𝑥

10 < 0 

𝑇𝑚𝑖𝑛
𝑖 − 𝑇𝑚𝑖𝑛

10 < 0 

 

Cold waves are defined on the persistence of 

these two conditions for at least three days. 

Here 𝑇𝑚𝑎𝑥
𝑖  and 𝑇𝑚𝑖𝑛

𝑖  represent the maximum and minimum temperatures measured in the i-th calendar 

day, 𝑇𝑚𝑎𝑥
90  and 𝑇𝑚𝑖𝑛

90  represent the 90th percentile computed for the i-th calendar day based on a 30-year 

period (1981-2010) in a 11-day window centered in that day, 𝑇𝑚𝑎𝑥
10  and 𝑇𝑚𝑖𝑛

10  represent the 10th percentile 

computed for the i-th calendar day based on a 30-year period (1981-2010) in a 11-day window centered 

in that day. 

 

2) Excess heat factor  

The excess heat factor (EHF) is a health-relevant heatwave (HW) indicator (Oliveira et al., 2022). The 

rationale supporting the EHF definition is to identify and quantify extreme temperatures as the three-

day mean air temperature deviation from the long-term percentile-based climatology, in a given day of 

the year (DOY), multiplied by the past month acclimatization index (if > 1) (Nairn and Fawcett, 2014). 

As a result, the EHF is a quadratic function of both the long-term and short-term air temperature 

anomalies, and its magnitude reflects the human acclimatization to the local climate. Although the EHF 

does not include humidity in its calculation, it uses daily mean temperature (TM) as the simple average 

between the daily maximum (TX) and minimum (TN) temperature values, which is implicitly affected 

by relative humidity changes; hence, according to the authors (Nairn and Fawcett, 2014), the EHF 

provides local public health stake-holders with a simpler but efficient method to estimate potential 

human excess heat exposure levels, compared to other bioclimatic indices, such as the Universal 

Thermal Climate Index (UTCI) (Zare et al., 2018), the Physiological Equivalent Temperature (PET) 

(Matzarakis et al., 1999) or Apparent Temperature (AT), which require additional weather variables in 

their calculations (this are usually used in thermal comfort studies).  



 

 

 

The EHF is computed using the daily mean temperature (T). If this temperature is not available through 

measures, it can be calculated as the average between the maximum and the minimum temperatures 

measured during the 24-hour period starting at 9 AM on i-th day (Nairn and Fawcett, 2014): 

𝑇 =
𝑇𝑚𝑎𝑥 + 𝑇𝑚𝑖𝑛

2
 

𝑇𝑚𝑎𝑥  – maximum air temperature (°C) 

𝑇𝑚𝑖𝑛  – minimum air temperature (°C) 

In this case the Tmax measure precedes temporally the Tmin measure in the 24-hour period (McGregor 

et al., 2015). 

As mentioned above, the EHF is the product of two components, which consider the temperature 

deviation from climatology and the month acclimatization of people. These two factors are called 

respectively Excess Heat Index significance (EHIsig) and Excess Heat Index acclimatization 

(EHIacc) (Nairn and Fawcett, 2014). 

The EHIsig for the i-th day is defined as the difference between the average daily mean temperature 

for a three-day window and the 95th percentile of daily mean temperature in the base period 1971-2000 

(𝑇𝑖
95) (Nairn and Fawcett, 2014; Loridan et al., 2016): 

𝐸𝐻𝐼𝑠𝑖𝑔 =
𝑇𝑖 + 𝑇𝑖−1 + 𝑇𝑖−2

3
− 𝑇𝑖

95 

𝑇𝑖 – daily mean temperature of i-th day (°C) 

𝑇𝑖
95 – 95th percentile of daily mean temperature in the base period 1971-2000 (°C) 

Negative EHIsig values indicate absence of significant difference with respect to the climatological 

average in terms of heatwaves (Nairn and Fawcett, 2014). 

The EHIacc for the i-th day is defined as the difference between the average daily mean temperature 

for a three-day window and the average daily mean temperature for the previous 30 days (Nairn and 

Fawcett, 2014, Loridan et al., 2016): 

𝐸𝐻𝐼𝑎𝑐𝑐  =
𝑇𝑖 + 𝑇𝑖−1 + 𝑇𝑖−2

3
−

∑ 𝑇𝑖−𝑘
30
𝑘 =1

30
  

Finally, the EHF can be computed as the product of the previous two indices (Nairn and Fawcett, 2014, 

Loridan et al., 2016): 

𝐸𝐻𝐹 = max(𝐸𝐻𝐼𝑠𝑖𝑔, 0) × max(𝐸𝐻𝐼𝑎𝑐𝑐, 1) 

A warm spell (or a heatwave) is identified when there are at least three consecutive days of positive 

EHF values (Nairn and Fawcett, 2014). 

Nairn and Fawcett defined a severity threshold for EHF computing the 85th percentile (𝐸𝐻𝐹85) from 

the EHF distribution obtained from a climatological period (in their case 1958-2011) for a certain 

location. They also designate an extreme severity threshold as 𝐸𝐻𝐹85
𝑒𝑥𝑡𝑟 = 𝐸𝐻𝐹85 × 3 (Nairn and 

Fawcett, 2014). 

 

3) Warm spell duration index  

The warm spell duration index is defined by WMO as the count of days in a span on at least six days 

where the maximum temperature exceeds the 90th percentile of daily maximum temperature calculated 



 

 

 

for a five-day window centered on each calendar day in the base period 1961-1990 (WMO, 2009). The 

calculation of this index requires the daily maximum temperature for the i-th day and the climatological 

30-year period considered. 

 

4) Heat wave duration index  

The heat wave duration index is defined as the period longer than 5 consecutive days in which daily 

maximum temperature exceeds the average maximum temperature by 5 °C (9 °F), the normal period 

being 1961–1990 (Frich et al. 2002). 

 

5) Heat index  

The heat index (HI), also known as the apparent temperature, is what the temperature feels like to the 

human body when relative humidity is combined with the air temperature. The heat index was 

developed in 1978 by George Winterling as the "humiture" and was adopted by the USA's National 

Weather Service a year later. It is derived from work carried out by Robert G. Steadman. 

(https://www.weather.gov/ama/heatindex) Heat index is effective when the temperature is greater than 

26 °C (80 °F) and RH is at least 40%. (McGregor et al., 2015). The HI can be calculated as follows: 

𝐻𝑒𝑎𝑡 𝐼𝑛𝑑𝑒𝑥 (°𝐹) = −42.379 + 2.04901523 ∗ 𝑇 + 10.14333127 ∗ 𝑅 + 

−0.22475541 ∗ 𝑇 ∗ 𝑅 − 6.83783 ∗ 10−3 ∗ 𝑇2 − 5.481717 ∗ 10−2 ∗ 𝑅2 + 

+1.22874 ∗ 10−3 ∗ 𝑇2 ∗ 𝑅 + 8.5282 ∗ 10−4 ∗ 𝑇 ∗ 𝑅2 + 

−1.99 ∗ 10−6 ∗ 𝑇2 ∗ 𝑅2 

T - air temperature (°F) 

R - relative humidity (percentage, i.e. RH = 68.5% means R = 68.5) 

 

Alternatively, if T is expressed in °C: 

𝐻𝑒𝑎𝑡 𝐼𝑛𝑑𝑒𝑥 (°𝐶) = −8.7844 + 1.61139411 ∗ 𝑇 + 2.33854884 ∗ 𝑅 + 

−0.14611605 ∗ 𝑇 ∗ 𝑅 − 1.23081 ∗ 10−2 ∗ 𝑇2 − 1.642483 ∗ 10−2 ∗ 𝑅2 + 

+2.21173 ∗ 10−3 ∗ 𝑇2 ∗ 𝑅 + 7.2544 ∗ 10−4 ∗ 𝑇 ∗ 𝑅2 + 

−3.58 ∗ 10−6 ∗ 𝑇2 ∗ 𝑅2 

T - air temperature (°C) 

R - relative humidity (percentage, i.e. RH = 68.5% means R = 68.5) 

Heat index measures how the human body feels the hot weather: it is a measure of human body comfort 

due to the different evaporation rates under different temperature and humidity conditions.Higher 

values of Heat index result in higher stress on human body where it is also shown a table (Table 1; 

adapted from heatindex_chart_rh.pdf (noaa.gov)) with Heat index computed for different values of 

temperature and relative humidity). 

 

 

https://www.weather.gov/ama/heatindex
https://www.noaa.gov/sites/default/files/2022-05/heatindex_chart_rh.pdf


 

 

 
Table 1. Heat index range, classification and general effect on people in high risk groups. 

Classification 
Heat Index Range 

(°F or °C) 
General Effect on People in High Risk Groups 

Extremely Hot 
HI >= 130 °F  
HI >= 55 °C 

Heat/Sunstroke HIGHLY LIKELY with continued 
exposure 

Very Hot 
105 °F < HI < 130 °F 
40 °C < HI < 55 °C 

Sunstroke, heat cramps, or heat exhaustion 
LIKELY, and heatstroke POSSIBLE with prolonged 
exposure and/or physical activity 

Hot 
90 °F < HI < 105 °F 
32 °C < HI < 40 °C 

Sunstroke, heat cramps, or heat exhaustion 
POSSIBLE with prolonged exposure and/or 
physical activity 

Very Warm 
80 °F < HI < 89 °F 
27 °C < HI < 32 °C 

Fatigue POSSIBLE with prolonged exposure 
and/or physical activity 

 

6) Apparent Temperature  

Apparent temperature (AT) is defined as the temperature at the reference humidity level, which 

produces the same amount of discomfort as that experienced under the current ambient temperature and 

humidity. The reference is set to be the absolute humidity with dewpoint at 14 °C : when the humidity 

is higher than the reference then AT will be higher than Ta, otherwise AT will be lower than AT. 

(McGregor et al., 2015) The AT can be computed through an approximation of a mathematical model 

of human heat balance and can include the effect of temperature, humidity, wind speed and radiation. 

The effect of full sun produces a maximum increase in AT of about 8 °C under Australian conditions 

(McGregor et al., 2015). 

The AT can be calculated either with (first eq.) or without (second eq.) radiation: 

𝐴𝑇 = 𝑇𝑎 + 0.348 ∗ 𝑒 − 0.70 ∗ 𝑤 + 0.70 ∗
𝑄

𝑤 + 10
− 4.25 

𝐴𝑇 = 𝑇𝑎 + 0.33 ∗ 𝑒 − 0.70 ∗ 𝑤 − 4.00 

Ta - air temperature (°C) 

e - water vapor pressure (hPa) 

w – wind speed at an elevation of 10 m (m/s) 

Q – net radiation absorbed per unit area of body surface (W/m^2) 

The Heat Index itself can be considered a version of Apparent Temperature. 

 

7) Humidex  

The Humidex is similar to the Heat Index and based on an empirical formula considering air temperature 

and vapor tension instead of the relative humidity, this index calculates a perceived temperature taking 

into account temperature and humidity conditions. (Masterton J.M, Richardson F.A., 1979) 



 

 

 

Humidex can be computed as follows: 

𝐻𝑢𝑚𝑖𝑑𝑒𝑥 = 𝑇 + 0.5555 ∗ (𝑒 − 10) 

T - air temperature (°C) 

e – vapor tension (hPa) 

Humidex values can be associated to the degree of comfort according to the table below (Table 2; 

adapted from McGregor et al., 2015). In general, Humidex is considered extremely high when it reaches 

40. For Humidex values in the range 30-39 it is recommended to tone down or modify outdoor activities. 

(McGregor et al., 2015). 

Table 2. Range of the Humidex and associated degree of comfort.  

Humidex Range Degree of comfort 

Humidex > 54 Heatstroke imminent 

 46 < Humidex < 54 Dangerous, heatstroke possible 

40 < Humidex < 45 Great discomfort, avoid exertion 

30 < Humidex < 39 Some discomfort 

21 < Humidex < 29 Little discomfort 

Humidex <  20 No discomfort 

 

8) Thom discomfort index  

The Thom discomfort index indicates the level of discomfort due to the high temperature and its 

combined effect with relative humidity. It is based on dry-bulb and wet-bulb temperatures (Thom 1959; 

Epstein and Moran 2006).    

𝑇𝐷𝐼 = 0.5 ∗ 𝑇𝑤 + 0.5 ∗ 𝑇𝑎 

Here 𝑇𝑤 is wet-bulb temperature and 𝑇𝑎 is air temperature (Eq. 4, Epstein and Moran 2006). 𝑇𝑤 can be 

calculated from moisture information according to Stull (2011): 

𝑇𝑤 = 𝑇 ∗ arctan[0.151977 ∗ √𝑅 + 8.313659] + arctan[𝑇 + 𝑅] − arctan[𝑅 − 1.676331] + 

+0.00391838 ∗ 𝑅
3
2 ∗ arctan[0.023101 ∗ 𝑅] − 4.686035 

T - air temperature (°C) 

R - relative humidity (percentage, i.e. RH = 68.5% means R = 68.5) 

The arctangent function uses argument values as if they are in radiants (Stull, 2011). Table 3 presents 

ranges for TDI and related comfort degree. 

 

 

 

 



 

 

 
Table 3. Range of the TDI and associated degree of comfort.  

TDI Range Degree of comfort 

TDI > 32 
Sanitary emergency due to the very strong 

discomfort which may cause heat strokes 

 29 < TDI < 31 
The whole population feels a heavy 

discomfort 

27 < TDI < 28 
Most population feels discomfort and 

deterioration of psychophysical conditions 

24 < TDI < 26 More than half population feels discomfort 

21 < TDI < 23 Less than half population feels discomfort 

TDI <  20 No discomfort 

 

The thresholds of bioclimatic discomfort used for the Alert system of ARPAE (Zauli Sajani, S. et al. 

2016) were identified through a study of mortality conducted in the urban area of Bologna for the period 

1983-2003. In particular, discomfort can be classified as: 

• Weak discomfort (TDI < 24), under such condition the population feels discomfort but there 

are no increases in mortality. 

• Discomfort (daily average TDI ~ 25), under thede conditions the weaker sections of the 

population may experience health effects of various kinds (i.e. headaches, dehydration, etc.) 

which may result in fatalities in some extreme cases. The total mortality due to natural cases 

and cardiovascular diseases increases on average by about 15% and mortality due to respiratory 

causes up to 50%. 

• Strong discomfort (TDI ≥ 26 or TDI ≥ 25 for three or more days), under these conditions the 

categories of persons suffering from heat-related illnesses increase. The total mortality, natural 

causes and cardiovascular ailments, rise by an average of about 30 %. The mortality from 

respiratory causes rises of about 80 %.  

 

9) Wet-bulb globe temperature  

The Wet-Bulb Globe Temperature (WBGT) is a measure of the heat stress in direct sunlight, which 

takes into account: temperature, humidity, wind speed, sun angle and cloud cover (solar radiation). This 

differs from the heat index, which takes into consideration temperature and humidity and is calculated 

for shady areas. It is measured by a simple three-temperature element device, which consists in: a black-

globe thermometer measuring a temperature (𝑇𝑔) considering the integrated effects of radiation and 

wind, a thermometer measuring the natural wet-bulb temperature (𝑇𝑛𝑤𝑏), and finally a normal 

thermometer measuring the air temperature (𝑇𝑎) in a weather screen. (McGregor et al., 2015) These 

three elements are combined to compute the wet-bulb globe temperature (WBGT):  

𝑊𝐵𝐺𝑇 = 0.7 ∗ 𝑇𝑛𝑤𝑏 + 0.2 ∗ 𝑇𝑔 + 0.1 ∗ 𝑇𝑎 

𝑇𝑛𝑤𝑏 – natural wet-bulb temperature (°C) 

𝑇𝑔 – black-globe temperature (°C) 

𝑇𝑎 – air temperature (°C) 

Alternatively, there is a simplified formula considering air temperature and humidity which provides 

an approximation of WBGT under moderately sunny and light-wind conditions: 



 

 

 

𝑊𝐵𝐺𝑇 = 0.567 ∗ 𝑇𝑎 + 0.393 ∗ 𝑒 + 3.94 

𝑇𝑎 – air temperature (°C) 

e – water vapor pressure (hPa) 

This approximation may overestimate WBGT in cloudy or windy conditions, or when the sun is low or 

below horizon; on the other hand, it may underestimate WBGT under clear, full-sun and low-humidity 

conditions. (McGregor et al., 2015). Table 4 presents WBGT ranges and corresponding 

recommendations for sport activities. 

Table 4. Wet Bulb Globe Temperature index and corresponding recommendations for sport activities (Brocherie 

and Millet, 2015) 

WGBT  Recommended sporting activity  

<18  No recommendations, unlimited/normal activity  

18-24  Increase exercise-to-rest ratio; decrease intensity and total duration 
of activity 

24-28  Activity of unfit, unacclimatized, high-risk subjects should be 
curtailed 

28-30  Activity for all except well acclimatized should be stopped  

>30  Cancel or stop all practice  

 

10) Relative strain index  

The relative strain index (RSI) was developed by Lee and Henschel (Lee, 1965). It is also a measure of 

discomfort resulting from the combined effect of temperature and humidity. It assumes a person dressed 

in a light business suit, walking at a moderate pace in a very light air motion. It is applicable to assess 

heat stress of manual workers under shelter at various metabolic rates. The RSI can be expressed as 

(Garin A. et al., 2003; Giles B. D. et al., 1990): 

𝑅𝑆𝐼 =
10.7 + 0.74 ∗ (𝑇 − 35)

44 − 𝑒
 

T – air temperature (°C) 

e – partial water vapor pressure (mmHg) 

This expression takes as reference a set of standard conditions, namely a person wearing a light business 

suit, walking at 2 mph (1 m/s) with a wind speed set at 1 knot (0.5 m/s). The following table (Table 5; 

adapted from Giles et al., 1990) displays the RSI values which are considered the limits of various 

effects of relative strain (numbers = RSI * 10) for average, acclimatized and old people. 

Table 5. Relative strain index limits for the different persons categories. 

(numbers = RSI * 10) 
% of 

Populatio
n 

Averag
e 

Person 

Acclimatized 
Person 

Old 
Person 

Comfortable - < 1 < 2 1 

Discomfort - 2 ÷ 3 3 ÷ 5 2 

Distress - 4 ÷ 5 6 ÷ 10 3 

Failure - > 5 > 10 > 3 

 100 < 3 < 6 < 1 

Performance unaffected 50 < 6 < 11 < 3 



 

 

 

 0 > 8 > 14 > 3 

 0 < 6 < 8 < 2 

Tolerance ceases 50 < 11 < 12 < 5 

 100 > 14 > 15 > 5 

The terms are qualitatively described as follows (Giles et al., 1990): 

• Comfort – thermal neutrality, general satisfaction, no anxiety 

• Discomfort – sensation of heat and cold, uncomfortable, feeling unease 

• Distress – physical strain, lack of concentration and unsteadiness, pain and suffering 

• Failure – loss of physiological equilibrium, changes in pulse rate and temperature possibly 

leading to collapse, hospitalization 

• Performance – capability to perform useful work 

• Tolerance – level at which physiological and psychological responses become unacceptable 

The three models of people are described as follows (Giles B. D. et al., 1990): 

• Average Person – healthy Caucasian male, about 25 years of age, accustomed to a median USA 

culture with no particular acclimatization to heat 

• Acclimatized Person – Greek resident (the study of Giles B. D. et al., 1990 was carried out for 

Greek cities) 

• Old Person – Person over 65 years of age 

 

11) Standard effective temperature  

Standard effective temperature (SET) (Ji et al., 2022) is a commonly used index in thermal comfort 

evaluation. It was established based on two-node model which could reflect thermal regulation process 

of human body.  SET has advantages in environment evaluation compared with ET (only considered 

the air temperature and relative humidity), in which six parameters, air temperature, radiation 

temperature, relative humidity, air velocity, metabolic rate and clothing insulation, are converted into a 

SET index. In the paper published in 1986 (Gagge et al., 1986), Gagge et al. presented the new effective 

temperature (ET*) and the new standard effective temperature (SET*). Due to its complex definition 

and calculation method, SET has been revised many times since proposed, and it is necessary to analyze 

and unify the application of SET index thoroughly (Ji et al., 2022).   

ASHRAE Standard 55-2017 defines SET as the temperature of an imaginary environment at RH = 50 

%, air speed <  0.1 m/s, and [the mean radiant temperature equals the air temperature], in which the 

total heat loss from the skin of an imaginary occupant with an activity level of 1.0 met and a clothing 

level of 0.6 clo is the same as that from a person in the actual environment, with actual clothing and 

activity level.  

SET can be calculated with tools such as the thermal sensation prediction tool by Fountain and Huizenga 

(1997), the Python package “pythermalcomfort” by Tartarini and Schiavon (2020), or the online CBE 

Thermal Comfort Tool for ASHRAE 55 by Tartarini et al. (2020) available at 

https://comfort.cbe.berkeley.edu. The following Table presents SET ranges and corresponding thermal 

perception and physiological stress. 

Table 6. Standard Effective Temperature (SET) index, the corresponding thermal perception and physiological 

stress. The colour scale goes from cool (blue) to very hot (dark red).  

SET  Thermal perception  Physiological stress  

<17  Cool  Moderate hazard  



 

 

 

17-30  Comfortable  No danger  

30-34  Warm  Caution  

34-37  Hot  Extreme caution  

>37  Very hot  Danger  

 
12) Perceived temperature  

Perceived Temperature (PT) is an equivalent temperature based on a complete heat budget model of the 

human body. It has proved its suitability for numerous applications across a wide variety of scales from 

micro to global and is successfully used both in daily forecasts and climatological studies (Staiger et 

al., 2012). PT (°C) is the air temperature of a reference environment in which the thermal perception 

assessed by Predicted Mean Vote (PMV) would be the same as in the actual environment. PT enables 

an adjustment of clothing from wintry, Icl =1.75 clo, to summery, Icl = 0.50 clo, in order to achieve 

thermal comfort (PMV = 0). If this is not possible, cold stress or heat stress will occur. In the reference 

environment, Tmrt (mean radiant temperature) equals Ta (air temperature), and wind velocity is reduced 

to a slight draught. Water vapor pressure is the same as in the actual environment. In case of 

condensation in the reference environment, the dew point temperature is set to PT.   

PT is calculated according to PMV and Icl values in the three intervals (Staiger et al. 2012; Table 7). 

Table 7. PT calculation based on PMV and Icl in the three intervals. 

Interval Regression PT 

Cold Stress PMV < 0 ; Icl = 1.75 clo PT = 5.805 + 12.6784 * PMV 

Comfort PMV = 0 ; 0.50 < Icl < 1.75 clo PT = 21.258 - 9.558 * Icl 

Heat Load PMV > 0 ; Icl = 0.50 clo PT = 16.826 + 6.183 * PMV 

 

PMV = A * L 

A = 0.303 * exp[- 0.036 * M] + 0.0275 

L = M – W - (C + R + Ecomf + Ediff) - (Cres + Eres) 

Icl: clothing insulation (1 clo = 0.155 m^ 2 K W^-1) 

M - metabolic heat produced within the body (W/m^2) 

W - portion of mechanic work expended from M (W/m^2) 

C - convective loss of sensible heat (W/m^2) 

R - loss of sensible heat through radiation (W/m^2) 

Ecomf - latent heat loss from sweating under thermal comfort conditions (W/m^2) 

Ediff - latent heat transfer from skin due to the natural diffusion of water through the skin (W/m^2) 

Cres - convective loss of sensible heat through respiration (W/m^2) 

Eres - loss of latent heat through respiration (W/m^2) 

PMV may be difficult to compute, hence it can be calculated through the Python package 

“pythermalcomfort” by Tartarini and Schiavon (2020). 

The following table (Table 8; adapted from Staiger et al. 2012) shows the thermo-physiological 

meaning of PT. 

 



 

 

 
Table 8. Thermo-physiological meaning of Perceived Temperature (PT) adapted from Staiger et al. (2012) 

PT (°C) Thermal perception Thermo-physiological stress 

 > 38 Very hot Extreme heat stress 

32 ÷ 38 Hot Great heat stress 

26 ÷ 32   Warm Moderate heat stress 

20 ÷ 26 Slightly warm Slight heat stress 

0 ÷ 20 Comfortable Comfort possible 

-13 ÷ 0 Slightly cool Slight cold stress 

-26 ÷ -13 Cool Moderate cold stress 

-39 ÷ -26 Cold Great cold stress 

< -39 Very cold Extreme cold stress 

 

13) Physiological equivalent temperature  

PET is defined as the air temperature at which, in a typical indoor setting (without wind and solar 

radiation), the heat budget of the human body is balanced with the same core and skin temperature as 

under the complex outdoor conditions to be assessed (Höppe, 1999).To calculate PET, it is necessary 

to calculate the thermal conditions of the body with the Munich Energy-balance Model for Individuals 

(MEMI), which is an equation system that depends on Tcl (mean surface temperature of clothing), Tsk 

(mean skin temperature) and Tc (core temperature). PET is the air temperature Ta calculated by 

considering mean radiant temperature equal to air temperature (Tmrt = Ta), air velocity 0.1 m/s, water 

vapor pressure 12 hPa (approximately RH = 50% for Ta = 20°C). 

Predicted mean vote (PMV) and physiological equivalent temperature (PET) for different grades of 

thermal perception by human beings and physiological stress on human beings for internal heat 

production: 80 W and heat transfer resistance of the clothing: 0.9 clo are shown in the following table 

(Table 9, adapted from Matzarakis A, 1999). 

Table 9. Predicted mean vote (PMV) and Physiological Equivalent Temperature (PET) for different grades of 

thermal perception and physiological stress on human beings for internal heat production (adapted from 

Matzarakis, 1999). 

PMV (°C) PET (°C) Thermal perception 
Grade of physiological 

stress 

< -3.5 > 4 Very cold Extreme cold stress 

-3.5 ÷ -2.5 4 ÷ 8 Cold Strong cold stress 

-2.5 ÷ -1.5 8 ÷ 13 Cool Moderate cold stress 

-1.5 ÷ -0.5 13 ÷ 18 Slightly cool Slight cold stress 

-0.5 ÷ 0.5 18 ÷ 23 Comfortable No thermal stress 

0.5 ÷ 1.5 23 ÷ 29 Slightly warm Slight heat stress 



 

 

 

1.5 ÷ 2.5 29 ÷ 35 Warm Moderate heat stress 

2.5 ÷ 3.5 35 ÷ 41 Hot Strong heat stress 

> 3.5 > 41 Very hot Extreme heat stress 

The Python package “pythermalcomfort” by Tartarini and Schiavon (2020) provides a useful function 

which allows the calculation of PET. 

 

14) Universal thermal climate index  

The Universal Thermal Climate Index (UTCI) is an equivalent temperature (°C), it is a measure of the 

human physiological response to the thermal environment. The universal thermal climate index (UTCI) 

describes the synergistic heat exchanges between the thermal environment and the human body, namely 

its energy budget, physiology and clothing. UTCI takes into consideration the clothing adaptation of 

the population in response to actual environmental temperature. There are four variables required to 

calculate the UTCI: 2m air temperature, 2m dew point temperature (or relative humidity), wind speed 

at 10m above ground level and mean radiant temperature (MRT). Verification metrics has demonstrated 

that UTCI city point thresholds at the 95th percentile, exceeded for at least 3 consecutive days both at 

day- and nighttime (15± 2°C and 34.5 ± 1.5°C, respectively), are successful in identifying the number 

of the days with excess mortality while minimizing misses and false alarm (Di Napoli et al., 2019). 

The UTCI can be expressed in mathematical terms in this way (Bröde P. et al., 2012): 

UTCI = Ta + Offset(Ta, Tr, va, pa) 

Ta – air temperature 

Tr – mean radiant temperature 

va – wind speed 

pa – water vapor pressure (may be replaced with relative humidity) 

The Offset function can be calculated through a sixth-order polynomial (Di Napoli at al., 2020). The 

Python package “pythermalcomfort” by Tartarini and Schiavon (2020) provides a useful function which 

allows the calculation of UTCI. The following Table presents UTCI values and corresponding 

physiological stress. 

Table 10. Universal Thermal Climate Index (UTCI) and the corresponding physiological stress. The colour scale goes from 

extreme cold stress (dark blue) to extreme heat stress (dark red).  (Bröde P. et al., 2012) 

UTCI  Physiological stress  

<-40  Extreme cold stress  

-27/-40  Very strong cold stress  

-13/-27  Strong cold stress  

0/-13  Moderate cold stress  

0/9  Slight cold stress  

9/26  No thermal stress  

26/32  Moderate heat stress  

32/38  Strong heat stress  

38/46  Very strong heat stress  

>46  Extreme heat stress  

 



 

 

 

15) Heat Stress Index  

The Heat Stress Index (HSI) is a quantitative composite measure which integrates into a single number 

one or more of the thermal, and/or physical, and personal factors affecting heat transfer between the 

person and the environment. Many heat stress indices have been developed and these can be classified 

as those based on physical factors of the environment, thermal comfort assessment, "rational" heat 

balance equations, and physiological strain (Witherspoon and Goldman, 1974). The daily HSI is 

evaluated through five parameters (Watts and Kalkstein, 2004): 

1. The daily maximum and minimum Apparent Temperature (ATmax and ATmin), i.e. the highest 

and the lowest values of AT recorded over a 24-hour period. 

2. The cooling degree days (CDD), i.e. the sum of the number of degrees above an hourly AT of 

18.3 °C over a 24-hour period. This value considers the temperature fluctuations such as the 

temperature drop due to the onset, a thunderstorm or a cold front. High values of CDD are often 

associated to periods of lower ATmax but without cooling activity (thunderstorms, cold fronts, 

etc.). 

3. The mean cloud cover (CCmean) represents the average hourly cloud cover values between 

1000 to 1800 at LST, which is the daytime during which solar radiation can be affected by 

cloud cover. CCmean scale is 0.0-8.0, assuming discrete values (0.0, 0.5, 1.0, 1.5 and so on). 

4. The number of consecutive days of extreme heat (CONS), i.e. the count of consecutive days in 

which the ATmax value is at least one standard deviation above a 10-day period (or the 

reference period chosen). 

Each variable distribution is fitted with a statistical distribution, in particular ATmax, ATmin and CDD 

are approximated by a beta function, CONS by a negative binomial distribution and for CCmean is used 

an empirical fit (Watts and Kalkstein, 2004). Then the daily percentile of each distribution is calculated 

and it is defined a SUM function that is defined as the sum of daily percentile: 

SUM = ATmax + ATmin + CDD + CONS + (1 – CCmean) 

Then the SUM variable is fitted with a beta function. The final step is to calculate the index values for 

every summer day within each station's 30-yeart dataset based on the percentile of each SUM value 

(Watts and Kalkstein, 2004). The daily HSI value is the percentile associated with the location and the 

daily summed value under the SUM curve (McGregor et al., 2015). 

 

16) Heat wave magnitude index  

The Heat Wave Magnitude Index (HWMI) is defined as the maximum magnitude of the heat waves in 

a year, where heat wave is the period ≥ 3 consecutive days with maximum temperature above the daily 

threshold for the reference period 1981–2010 (Russo et al., 2014). 

The process of calculation of HWMI is structured into the following stages (Russo et al., 2014): 

1. Define a daily threshold and calculate it for the reference period 1981-2010. 

2. For each specific year select all the heat waves lasting 3 consecutive days or more with the 

daily temperature exceeding the threshold. 

3. Decompose each heat wave into subheat waves lasting 3 days, if the heat wave has a length 

which is not a multiple of 3 days the last days remaining are grouped into a subheat wave with 

the consecutive calendar days so that this subheat wave includes 3 days as well. 

4. For each subheat wave sum the three daily maximum temperatures. 

5. Transform the value obtained for each subheat wave into a probability value (from 0 to 1), this 

value is now defined as the magnitude of the subheat wave. 



 

 

 

6. The magnitude of a heat wave is calculated as the sum of the magnitudes of each subheat waves 

it contains. 

7. The HWMI is then the maximum of all heat wave magnitude for a given year. 

 

17) Mora’s threshold  

The deadliness threshold is a product of a classification model based on heat-related mortality data from 

around the world and the associated climatic data, it is simple to use since the threshold can be 

represented using only dry bulb temperature and relative humidity (Mora et al., 2017). With regard to 

adding more environmental variables to the model, Mora et al. (2017) was only able to marginally 

increase classification accuracy when other variables (such as mean daily wind speed, and/or mean 

daily solar radiation) are added. One of the limitations of this metric is the classification model is only 

trained with mortality and climatic data, in which other factors such as age and socio-economic 

conditions are not considered.  

 

In addition, there are indexes that may be used as statistical means to assess climatological changes 

(also in forecasts and projections) and trends rather than to diagnose and identify heat wave events 

adverse conditions for exposed people. They are reported in the following. 

 

18) Number of Hot Days  

The Number of Hot Days (NHD) is important to assess the heat stress and human discomfort and it 

represents the number of days per year with a mean air temperature at 2 m above the 75th percentile 

during the summer months (April to September). The number of days is computed over all months of 

the year, while the percentile is only computed over the summer months (Copernicus Climate Change 

Service, https://urbansis.eu/hot-days-per-year/). To be consistent with health impact calculations, the 

threshold that has been chosen to identify a hot day is the 75th percentile of daily mean temperature 

during summer. The term hot days has been chosen instead of the more commonly used heat-wave days 

since we focus on events that happen many times every year. The commonly used term heat wave is 

usually defined as a more extreme event.   

The European Environment Agency in ETC-CCA Technical Paper 1/2020 (Climate-related hazard 

indices for Europe — Eionet Portal (europa.eu) ) describes a similar index based on the exceedances of 

the daily maximum temperature on a fixed suitable threshold (30 °C) for pan-European applications.  

 

19) Number of Tropical Nights  

The Number of Tropical Nights is an index based on the days in which the minimum temperature 

exceeds 20 °C, according to the European Environment Agency in ETC-CCA Technical Paper 1/2020 

(Climate-related hazard indices for Europe — Eionet Portal (europa.eu) )  

 

20) Heat Wave Index  

 The Heat Wave Index (HWI) defines a heat wave as a period lasting at least four days with an average 

temperature that would only be expected to persist over four days once every 10 years, based on the 

historical record (United States Environmental Protection Agency, https://www.epa.gov/climate-

https://www.eionet.europa.eu/etcs/etc-cca/products/etc-cca-reports/climate-related-hazard-indices-for-europe
https://www.eionet.europa.eu/etcs/etc-cca/products/etc-cca-reports/climate-related-hazard-indices-for-europe
https://www.eionet.europa.eu/etcs/etc-cca/products/etc-cca-reports/climate-related-hazard-indices-for-europe


 

 

 

indicators/climate-change-indicators-heat-waves). The index value for a given year depends on how 

often the severe heat waves occur and how widespread they are.   

The following Table (Table 11) summarizes the heatwave indicators described in this Deliverable, 

presenting the main variables needed for their calculation and a color code for the level of complexity 

for the calculation of the index. 

Table 11. Summary table for the heatwave indicators with variables needed for their calculation and main 

reference. The color code indicates the level of complexity for the calculation of the indicator (green = easy; 

yellow = intermediate; red = complex; white = other). 

Indicator Variables Reference(s) 

Heat and Cold 

wave index 

Daily maximum temperature (°C), 

Daily minimum temperature (°C) 
Lavaysse et al., 2018 

Excess Heat 

Factor (EHF) 

Daily mean temperature (°C) 

OR 

Daily maximum temperature (°C), 

Daily minimum temperature (°C) 

Oliveira et al., 2022 

Zare et al., 2018 

Loridan et al., 2016 

McGregor et al., 2015 

Nairn and Fawcett, 2014 

Warm Spell 

Duration Index 

(WSDI) 

Daily maximum temperature (°C) WMO, 2009 

Heat Wave 

Duration Index  
Daily maximum temperature (°C) Frich et al., 2002 

Heat Index 
Air temperature (°F or °C), 

Relative Humidity (%) 

McGregor et al., 2015 

https://www.weather.gov/ama/h

eatindex 

Apparent 

Temperature  

Air temperature (°C), 

Water vapor pressure (hPa), 

Wind speed at 10 m (m/s), 

Net radiation absorbed (W/m^2) 

McGregor et al., 2015 

Humidex 
Temperature (°C),  

Vapor tension (hPa) 

McGregor et al., 2015 

Masterton and Richardson, 

1979 

Thom Discomfort 

Temperature 

Wet bulb temperature (°C), 

Air temperature (°C), 

Relative Humidity (%) 

Stull, 2011 

Epstein and Moran 2006, 

Thom, 1976 

Wet-Bulb Globe 

Temperature 

Natural wet-bulb temperature (°C), 

Black-globe temperature (°C), 

Air temperature (°C), 

OR 

Air temperature (°C) 

Water vapor pressure (hPa) 

McGregor et al., 2015 

Relative Strain 

Index (RSI) 

Air temperature (°C), 

Partial water vapor pressure 

(mmHg) 

Garin et al., 2003 

Giles et al., 1990 

Lee, 1965 

Standard Effective 

Temperature 

(SET) 

Air temperature (°C), 

Radiation temperature (°C), 

Relative Humidity (%), 

Air velocity (m/s), 

Metabolic rate, 

Ji et al. 2022 

Tartarini and Schiavon, 2020 

Tartarini, 2020 

ASHRAE standard, 2017 

Fountain and Huizenga, 1997 

https://www.weather.gov/ama/heatindex
https://www.weather.gov/ama/heatindex


 

 

 

Clothing insulation (clo) Gagge et al., 1986 

Perceived 

Temperature (PT) 

Predicted Mean Vote PMV (°C), 

Clothing insulation (clo) 

Tartarini and Schiavon, 2020 

Tartarini, 2020 

Steiger et al. 2012 

Physiological 

Equivalent 

Temperature 

(PET) 

Thermal condition of the body 

given by the Munich Energy-

balance Model for Individuals 

(MEMI) 

Tartarini and Schiavon, 2020 

Tartarini, 2020 

Höppe, 1999 

Matzarakis, 1999 

Universal Thermal 

Climate Index 

(UTCI) 

Air temperature at 2 m (°C), 

Relative Humidity (%) or Dew point 

temperature (°C), 

Wind speed at 10 m (m/s) 

Mean radiant temperature (°C) 

Tartarini and Schiavon, 2020 

Tartarini, 2020 

Di Napoli et al., 2020 

Di Napoli et al., 2019 

Bröde et al., 2012 

Heat Stress Index 

(HSI) 

Maximum apparent temperature 

(°C), 

Minimum apparent temperature 

(°C), 

Cooling degree days (°C), 

Mean cloud cover, 

Number of consecutive days of 

extreme heat 

McGregor et al., 2015 

Watts and Kalkstein, 2004 

Heat Wave 

Magnitude Index 

(HWMI) 

Daily Maximum temperature (°C) Russo et al., 2014 

Mora’s threshold - Mora et al., 2017 

Number of Hot 

Days 

Daily Mean Temperature (°C) 

OR 

Daily Maximum Temperature (°C) 

ETC-CCA Technical Paper 1/2020 

Number of 

Tropical Nights 
Daily Minimum Temperature (°C) ETC-CCA Technical Paper 1/2020 

Heat Wave Index Daily Mean Temperature (°C) 
https://www.epa.gov/climate-

indicators/climate-change-

indicators-heat-waves 

 

o Compound riverine and urban flood 

A fluvial (or riverine) flood (MH0007 in the UNDRR-ISC Taxonomy) is a rise, usually brief, in the 

water level of a stream or water body to a peak from which the water level recedes at a slower rate 

(WMO, 2012).   

Fluvial (riverine) flooding primarily results from an extended precipitation event that occurs at, or 

upstream from, the affected area. It can also occur when traditional flood-control structures, such as 

levees and dikes, are overtopped. 

Flood indicators are generally used to understand floods from management perspective (Wang et al., 

2015). The intensity of specific flood events in a river basin is best described by the use of multiple 

flood indicators. In general flood events are grouped with cluster analysis techniques to detect groups 

sharing similar characteristics. Indicators mostly refer to different characteristics related to flood 

intensity: typical examples are peak discharge (the maximum discharge of the flood event), peak 

water level (he water level corresponding to the peak discharge), the maximum 24-h volume (the 

maximum water quantity of a 24-h period of the flood event), the maximum 72-h volume and the 



 

 

 

total flood volume (the total water quantity of the flood event) and their changes over time. Also, 

flood duration (i.e., the time span from the beginning to the end of a flood event) is another very 

important factor that has to be taken into account. 

Vojtek (2023) developed a fluvial floods risk index (FFRI) composed of a hazard component and a 

vulnerability component. In particular, the fluvial flood hazard index (FFHI) was computed based on 

eight physical-geographical indicators and land cover representing the riverine flood potential and 

also the frequency of flood events in individual municipalities. 

As for the FFHI, eight indicators were chosen, namely: lithology, slope angle, curvature, 5-day 

maximum rainfall, river density, soil texture, land cover, and number of flood events in 

municipalities. As for lithology, this is due to the fact that different rock types present a varying 

degree of permeability. The indicator of the number of flood events by municipalities enables to 

differentiate the fluvial flood hazard among the municipalities in the study area. Hazard indicators 

were firstly classified in categories, then their importance was ranked (with 1 as the most important 

class), and finally the share of each class of the six indicators was calculated for the extent of the 

municipalities. The share of the class was then multiplied with the corresponding weight using the 

rank sum method. In the next step, the weighted classes of each of the six hazard indicators were 

summed in order to have one quantitative value for each indicator and then normalized to the scale [0, 

1] using the min–max method. 

Furthermore, the rest of the hazard indicators (i.e. river density and number of flood events) contain 

quantitative data, which were not classified into intervals and, therefore, they were directly 

normalized to the range [0, 1] using the min–max method. 

The FFHI was then calculated based on the weighted linear combination technique, where individual 

indicators were multiplied with their corresponding normalized weights and then aggregated into the 

respective index. 

 

• Exposure 

In general, the evaluation of the exposed assets in the urban and metropolitan settlements require 

description of the population, characteristics of buildings, roads and railroads, and other types of built-

up areas.  

o Built-up area 

The extent, spatial and morphological features characterizing the built-up area possibly exposed to the 

considered hazards. This might include the number and typologies of single buildings, as well as more 

spatially aggregated descriptions at a district scale. The recorded structural and non-structural 

characteristics should be relevant to describe the vulnerability of the structures to the specific hazards. 

For instance, in the case of heatvawes, insulation properties, type of windows and presence/absence of 

climatization systems would be required to better estimate the impact on the inhabitants. Especially in 

the case of floods, it is particularly relevant to divide built-up areas in terms of presence and number 

of strategic buildings, residential buildings, commercial and industrial buildings, cultural heritage, 

roads and railroads and environment. As for roads and railroads, the approach developed in the 

MOVIDA project (https://sites.google.com/view/movida-project/methodology/exposed-

assets?authuser=0) and then transposed to the VS1 Water in RETURN stems from the fact that the 

functional damage linked to the practicability of a road or a railway is often more relevant than the 

physical damages to the infrastructure. In this case, thus, a damage matrix resulting from the 

combination of the impact of the flood event in terms of slowdown or interruption of vehicular transit 

(depending on the hazardous variables; i.e. hydraulic load or water depth) and the uniqueness of the 

https://sites.google.com/view/movida-project/methodology/exposed-assets?authuser=0
https://sites.google.com/view/movida-project/methodology/exposed-assets?authuser=0


 

 

 

performance services offered by the infrastructure, depending on the type of flooded section is 

calculated as a weighted average. This requires the identification of the transport networks in Open 

Street Map (OSM), further integrated with information from the Regional Geoportal on technical and 

mechanical characteristics of the network. In this way, transport networks and sections are 

characterized in terms of importance (e.g., highways, main, secondary, ...) and topographic 

characteristics (elevation, bridges, viaducts, tunnels, ...). 

As for strategic buildings, it is important to distinguish them according to their function for civil 

protection purposes and for housing vulnerable groups of population, with potential implication in the 

emergency management. This type of information is generally gathered from national and regional 

databases, eventually combined with non-institutional sources such as OSM. 

In the case of residential buildings, characteristics in terms of footprint area, number of floors, 

building use, construction material, maintenance level are generally gathered from census data 

provided by ISTAT. Conversely, in the case of commercial and industrial activities not only the 

structure of the buildings but also their contents such as machinery, tools and equipment are 

evaluated.  

In terms of environmental areas it is important to classify areas according to the main ecosystem 

service provided (provisioning, regulation, recreational). Information is gathered from international, 

national and local open data repositories. 

 

o Inhabitants 

The number, spatial distribution and characteristics of the people residing in the target area and 

possibly exposed to the hazards. The specific characteristics could refer to demographic or socio-

economic traits or other features relevant for describing the vulnerability of inhabitants to the 

considered hazards. For instance, to estimate impacts related to heatwaves, but also to some extent for 

floods, age would be a relevant parameter. Such information can be found in censuses, albeit usually 

in aggregated form. In this case, uniform population distribution within the census section can be 

assumed. 

 

o Households 

A household consists of one or more persons who live in the same dwelling. It may be of a single 

family or another type of person group. Size, composition, socio-cultural and economic characteristics 

of households are important to describe social and economic vulnerability. As for inhabitants, this 

information can be found in censuses, albeit usually in aggregated form.  

 

• Vulnerability 

o Fuel poverty 

It refers to the fuel poverty population density (non-income earners, unemployed and households with 

more than five members) by census area. In general, this results from three key factors, namely: low 

household income, poor heating and insulation standards, and high energy prices. In general, fuel 

poverty measures are classified in: (i) Non-income-based objective/quantitative indicators; (ii) 

income-based objective/quantitative indicators; (iii) subjective/qualitative indicators; and (iv) 

subjective/qualitative indicators (Besagni and Borgarello, 2019). To gain a complete of fuel poverty 

issues, it is necessary to compute all of them. However, from a practical point of view, indicators are 



 

 

 

primarily objective/income based and include: (i) The “10% indicator”; (ii) the “minimum income 

standard (MIS) indicator”; and (iii) the “low income/high cost indicator”. According to the “10% 

indicator” (Boardman, 1991), a household is classified as fuel poor if more than 10% of the income 

is devoted to energy supply. Despite this measure having the great advantage of simplicity, it suffers 

from different shortcomings: (i) it is highly related to energy prices (which are variable with time); (ii) 

the 10% threshold is related to the UK economic situation in the 1980s; (iii) the income value is not 

considered; (iv) socio-demographic and geographic dimensions are not considered; and (v) the 

dwelling characteristics and type are not taken into account.  The MIS indicator (Moore, 2012) 

overcomes some of these limitations, and classifies a household as fuel poor if it does not have 

enough income to pay for the “basic” energy costs, after covering housing and other needs. Although 

this measure overcomes some of the limitations, a major disadvantage is still present due to the 

analytical representation of the relationships between the “Minimum Income Standard” value and the 

dwelling characteristics and socio-demographic variables. Finally, the low income/high cost 

indicator (Hills, 2012) identifies a fuel poor situation to be when the household income is lower than 

a “poverty threshold” and the energy-consumption expenditure is higher than a certain threshold. In 

spite this measure is quite precise, it is affected by relevant limitations: (i) the necessity to define two  

thresholds; (ii) the negligence of the effects of energy expenditure/consumption reduction (i.e., 

energy-efficiency measures); (iii) the fact of being based on a theoretical cost (i.e., the requested 

energy consumption/expenditure to ensure certain internal conditions) rather than on the actual energy 

consumption/expenditure; and (iv) the potential lack of attention of the most vulnerable people (i.e., 

the elderly) (Middlemiss, 2017). Alternative measures include for instance: the after fuel cost 

poverty indicator (Heindl, 2015; Hills, 2012; Romero et al., 2015), which defines a household as fuel 

poor when its income, after energy-consumption and household expenditures, is below a minimum 

value (defined based on the household variables); the hidden energy poverty indicator 

(Rademaekers et al., 2016), which defines fuel poor households when their energy expenditure is 

below half of the median expenditure for households with similar characteristics. Recent research 

(Besagni and Borgarello, 2019) has suggested to use a multiscale approach, by applying different 

indicators of fuel poverty to a household segmentation, based on a nationally-representative survey, 

and the adoption of a novel indicator based on the “minimum thermal comfort” constraint (Faiella et 

al., 2017). This constraint compares the minimum energy expenditure to reach a minimum level of 

comfort conditions with the annual real energy expenditure. While the former represents a theoretical 

household thermal requirement which can be derived from the application of a lumped parameter 

model to the whole national building stock, the latter can be based on data available from nationally 

representative surveys (e.g., “Household Budget Survey” from the Italian National Institute of 

Statistics (ISTAT, 2017). In this way, this indicator combines the demand and the supply sides.  

 Thus, the “minimum thermal comfort” constraint indicator couples the demand side and the supply 

side and potentially appliable to multiple spatial scales from the “household scale” up to the whole 

“country scale”. 

 

o Flood vulnerability 

The previously cited paper from Vojtek (2023) developed a fluvial flood risk index (FFRI) from a 

hazard component (previously described) and a vulnerability component. The fluvial flood 

vulnerability index (FFVI) was calculated using seven indicators representing the economic and social 

vulnerability of municipalities, including assets and people. In particular, these are: (1) population 

density of urban areas of municipalities, (2) share of population included in the age category 65+ from 

the total population of municipality, (3) share of unemployed persons from the total number of 

economically active population in municipality, (4) share of the Roma ethnicity from the total 



 

 

 

population of municipality, (5) the number of buildings within 100 m from a river, (6) length of roads 

within 100 m from a river, and (7) number of bridges in municipality.  

In particular, indicators for economic vulnerability are represented by distance from a river, length of 

roads within 100 m from a river, number of bridges. Age was considered crucial for social 

vulnerability to pluvial floods because of the inherent decline in physical strength and mobility and 

the tendency for elderly people to live alone. In addition, employment level represents a further 

central characteristic due to the reduced possibility of recovering from a flood event for people with 

low or no income. The Roma ethnicity was associated with increased vulnerability, mainly due to the 

construction of colonies close to water streams, poor quality of dwelling and overcrowding.  

Similar to the construction of the FFHI, and considering that all vulnerability indicators contain 

quantitative data, they were normalized to the range [0, 1] using the min–max method. The FFVI was 

finally calculated as the FFHI based on the weighted linear combination technique, where individual 

indicators were multiplied with their corresponding normalized weights and then aggregated into the 

respective index. 

Usman Kaoje et al. (2021) also considered flood and building characteristics together with 

environment characteristics to describe flood vulnerability. In particular, the choice of the indicators 

and subindicators to develop flood vulnerability indicators was based on a preliminary expert opinion 

survey form conducted on all the potential indicators obtained from the literature review. The experts 

assigned a score of relevance (10 point scale) to the indicators and sub-indicators based on their 

understanding, expertise, and experience on flood vulnerability in the study area. Table 12 presents 

the preliminary identified indicators for flood vulnerability and the final choice in the paper of Usman 

Kaoje et al. (2021). Of relevance here it is important to note that they included also flood hazard 

intensity and related indicators among vulnerability indicators for convenience.  

 

Table 12. Expert opinion agreement on physical flood vulnerability indicators from Usman Kaoje et al. (2021). 

Description Indicators 
 

Decision 
 

Characteristics of 
buildings 

Construction type and material Selected 

Number of floors Selected 

Presence of basement Rejected 

Basement windows/opening Rejected 

Height of opening from the ground Rejected 

Age of building Rejected 

Type/Use of building Rejected 

Building size Rejected 

Level of Maintenance/condition Rejected 

Height of the building Rejected 

Stilts/Elevated buildings Selected 

Ground floor foundation material Selected 

Flood hazard 
intensity (I) 

Flood water depth Selected 

Flood duration Selected 

Flood water Velocity Selected 

Water sedimentation Rejected 

Flood return period Rejected 

Building distance from the coasts Rejected 



 

 

 

Surrounding 
environment (E) 

Building row towards river Rejected 

Building surrounding fence Rejected 

Building surrounding vegetation Rejected 

Distance from main river Selected 

Terrain elevation Rejected 

Drainage system Rejected 

Existence of mitigation measures Rejected 

After selection, a model for the weighting and aggregation of the indicators into the vulnerability 

index was developed, considering that the physical flood vulnerability of buildings have different 

levels of relevance in generating flood vulnerability. 

 

o Socioeconomic vulnerability 

Socioeconomic vulnerability to heatwaves describes the fact that heatwaves particularly endanger 

low-income households (Osberghaus and Abeling, 2022). To depict this aspect, it is generally needed 

to obtain statistics of population and/or GDP in the heatwave area (Cai et al., 2021), or data on health 

status. 

In the following we report some of the indicators we plan to use in RETURN. 

A widely used metric to reflect socioeconomic vulnerability to extreme heat is the deprivation index 

(Rosano et al., 2020), sometimes used in combination with heat exposure index (Rey et al., 2009) or 

with other variables reflecting social vulnerability (Krstic et al., 2017; Lopez-Bueno et al., 2021). This 

index can be computed at the municipality level or at administrative levels below municipality, from 

the permanent population census. In general, it is constructed from a combination of different 

indicators of social and economic status, including for instance employment level, age, and education 

level (e.g., Henderson et al., 2022; Lopez-Bueno et al., 2021). One of the most widely used index for 

deprivation index is the Townsend Score (Townsend, 1987), which is based on four variables, i.e.: 

unemployed residents as a percentage of all economically active residents; households that do not 

own a car as a percentage of all households; households that do not own a home as a percentage of all 

households; and household overcrowding, i.e., more than one person per room. This indicator is used 

in combination with social isolation proxies (e.g., proportion of single households) and educational 

level (e.g., proportion of population with no high school diploma) (Buscail et al., 2012). For instance, 

in the UK (Townsend deprivation index (restore.ac.uk)) the index is constructed from the following 

four census variables, each of which must be divided by the appropriate count of households or 

persons to obtain a percentage score. The exact census counts to be used will vary slightly for 

different censuses. 

• Households without a car 

• Overcrowded households 

• Households not owner-occupied 

• Persons unemployed 

The unemployment and overcrowding percentages (+1) are then subjected to a log transformation in 

order to normalise the raw values, which tend to be highly skewed. All four variables are then 

standardized using a Z-score (subtract the mean value and divide by the standard deviation). These 

four standardized scores are then summed to obtain a single value which is the Townsend deprivation 

index. Positive values of the index will indicate areas with high material deprivation, whereas those 

with negative values will indicate relative affluence. A score of 0 represents an area with overall mean 

values. 

https://www.restore.ac.uk/geo-refer/36229dtuks00y19810000.php#:~:text=The%20Townsend%20deprivation%20index%20is,has%20seen%20extremely%20widespread%20use.


 

 

 

When calculating Townsend scores, it is necessary to know the mean and standard deviation for each 

variable for the appropriate geographical units across a large reference area - typically the whole 

country. The score can be standardized over smaller areas, such as a region, but this will not produce 

nationally comparable values. 

Typical indicators for the health status include: the mortality by cause, the hospital admissions and in 

particular the number of accesses to emergency district, and health atlases published by local health 

authorities. However, these indicators are often available only at municipality level, and subjected to 

several privacy and ethical restrictions which potentially hinder their possible use.    

 

• Risks 

o Short-term health issues   

In this case, although heatwaves can result in many risks to several sectors including human health, 

ecosystems, economic losses due to shortages of the power system and agricultural production, we are 

mainly concerned with the prediction of the short-term health issues. Relevant indicators to be 

quantified include the short term increase in mortality/morbidity. 

o Injuries & loss of human lives   

o Physical damage of buildings    

o Physical loss of buildings   

o Socio-economic damage to households   

o  

7.2 Risk storyline 2 

In this subsection, we describe relevant indicators for individual risk components in the risk storyline 

2. 

• Hazards 

o Earthquake 

An earthquake is “a violent and abrupt shaking of the ground, caused by movement between tectonic 

plates along a fault line in the earth's crust”1. Seismic indicators are generally computed using the 

temporal sequence of past earthquakes, recorded in earthquake catalog (Asim et al., 2018). In order to 

generate earthquake predictions, seismic indicators are provided to computationally intelligent 

algorithms eventually leading to creation of Earthquake Predictor System regarding forthcoming 

earthquakes. Seismic hazard indicator can be derived from a measure of earthquake-induced ground 

shaking at the selected scale (e.g., census tract level, district level, municipal level), which is 

quantified according to a selected hazard map. For instance, the value of peak ground acceleration 

(PGA) or spectral acceleration at reference elastic periods (Sa(T)) corresponding to an exceedance 

probability in a given period of time or, equally, to an assigned return period (e.g., 475 years return 

period or 10% probability of exceedance in 50 years) can be selected as measure of ground shaking. 

In Italy the official reference for seismic hazard is the MPS04 model proposed by Stucchi et al. 

(2004; 2011). MPS04 hazard maps (provided by INGV2) report the seismic hazard (PGA and Sa(T)) 

corresponding to nine different probabilities of exceedance of the ground motion intensity in 50 years 

(2%, 5%, 10%, 22%, 30%, 39%, 50%, 63%, 81%), over a grid of more than 16,000 points.  

   

 

1 Earthquakes (who.int) 
2 http://esse1.mi.ingv.it/d2.html 

https://www.who.int/health-topics/earthquakes


 

 

 

o Extreme precipitation 

The ETTCDI (Expert Team on Climate Change Detection and Indices3) has defined several extreme 

precipitation indices, which are reported in the following Table. Similar to heat waves, indices can 

describe different hazard characteristics such as duration indices, counter indices, percentile-based 

indices, absolute indices. 

 

Table 13. Extreme precipitation climate indices recommended by the ETCDDI. 

Category Index Name Definition Unit 

Duration 
indices 

CWD Consecutive 
Wet days 

Maximum 
number of 
consecutive wet 
days (i.e. when 
R ≥ 1 mm) 

Days 

Counter 
indices 

R10mm Number of 
heavy 
precipitation 
days 

Annual count of 
days when 
precipitation ≥ 
10 mm 

Days 

R20mm Number of very 
heavy 
precipitation 
days 

Annual count of 
days when 
precipitation ≥ 
20 mm 

Days 

Percentile-
based indices 

R95p Very wet days Annual total 
precipitation 
when daily 
precipitation > 
95th percentile 

mm 

R99p Extremely wet 
days 

Annual total 
precipitation 
when daily 
precipitation > 
99th percentile 

mm 

Absolute 
indices 

Rx1day Maximum 1-day 
rainfall total 

Annual 
maximum 1-day 
precipitation 

mm 

Rx5day Max 5-day 
precipitation 
amount 

Annual 
maximum 
consecutive 5-
day 
precipitation 

mm 

PRCPTOT Annual wet-day 
precipitation 

Annual total 
precipitation in 
wet day (rainfall 
≥ 1 mm) 

mm 

Simple index SDII Simple daily 
intensity index 

Total rainfall 
divided by the 
number of wet 
days (i.e. 
average rainfall 

mm/day 

 

3 https://etccdi.pacificclimate.org/list_27_indices.shtml 



 

 

 

of the on days 
with rainfall ≥ 1 
mm) 

 

Those indices have been widely used to study observed and modeled climate variability across the 

globe (e.g., Eini et al., 2022; de Medeiros et al., 2022; Myhre et al., 2019) can be calculated through 

dedicated R or Python libraries (e.g., “CDT: Climate Data Tools.” and “RClimDex” in R, 

“ClimateIndex” in Pyhton). 

 

o Pluvial flood 

See risk storyline 1. 

 

• Exposure  

o Built-up area 

The characterization of the exposed built-up area can be generic, just including the number of 

buildings and surface area/living area at census tract level (from ISTAT4) or aggregated at larger scale 

(e.g., municipal level), or also considering the use of specific construction material (i.e., masonry, 

reinforced concrete, other), number of floors and age of construction.   

o Inhabitants   

In this case, indicators for the exposed population may be generic including just the number of 

inhabitants at census tract level (from ISTAT). 

 

o Households  

o Socioeconomic wellbeing 

 

o Vulnerability 

▪ Compact, old historical center  // earthquake vulnerability   

Under this item, we need to describe the physical vulnerability to earthquakes such as: information on 

structural system, e.g., the construction material of vertical structure and the code design level; 

building height; horizontal structure types (e.g., flexible or rigid slabs, vaults). Index-based based 

approaches to evaluate seismic vulnerability of buildings are also available (e.g., the Risk-UE 

approach by Lagomarsino & Giovinazzi, 2006). Other indicators potentially of interest, if data are 

available, include the following: Infills (fragility, mass); Roof cornice (shape factor, mass); Balcony 

(shape factor, mass); Roof covering (mass, fragility, joints characteristics); Openings/windows (area, 

wedge gasket); Household drain system (changes in direction, element span).   

▪ Soil sealing   

▪ Poor sewage system   

▪ Flood vulnerability   

▪ Lack of MH design in recovery   

 

4 National Institute of Statistics 



 

 

 

▪ Socioeconomic vulnerability 

As previously illustrated for heatwaves, socioeconomic status may amplify risks to earthquake and 

flood hazards. In addition to the indicators previously described for risk storyline 1, in the case of 

earthquakes and pluvial floods, indicators for socioeconomic vulnerability include the Social 

vulnerability indicator (SoVI), derived using the approach proposed by Frigerio et al. (2018). The 

SoVI is specifically composed of sub-indicators that capture municipality-level information on 

population age (e.g., rate of elderly older than 65 years), family structure (e.g., family with more than 

five members), employment (e.g., unemployment rate), socioeconomic status (e.g., commuting rate), 

ethnicity (i.e., foreign resident), education level and population density, which are obtained from the 

latest census, and others. In particular, the original formulation of this index (Cutter et al., 2003) 

considers 42 independent variables subsequently reduced to 11 components applying principal 

component analysis (PCA). Frigerio et al. (2018) adapted the formulation to the Italian context, 

starting from the same basic constructs but based on data available in Italy and their relevance to the 

country’s situation. Specifically, the variables were chosen to describe aspects of the Italian 

population’s socioeconomic characteristics that increase or decrease social vulnerability. In particular, 

the final variables’ selection is based on a compromise between data availability for the three census 

periods considered (the same variables for each year) and their contribution to better explain the social 

vulnerability of the Italian population. The following Table (Table 14), extracted from Frigerio et al. 

(2018) represents the variables used in the SoVI index for Italy. 

Table 14. Variables used in the social vulnerability index for Italy (Frigerio et al., 2018) 

Variables Indicators Impact on social 
vulnerability 

Family with more than 6 members Family structure Increase 

High education index Education Decrease 

Low education index Increase 

Quality of buildings (buildings from 
1972) 

Socioeconomic 
status 

Decrease 

Commuting rate Increase 

Employed female labor force Employment Decrease 

Employed labor force 

Unemployment rate Increase 

Rate of children < 14 years Age Increase 

Rate of elderly > 65 years 

Aging index 

Dependency ratio 

Population density Population growth Increase 

Built-up areas 

Crowding index   

Foreign residents Race/Ethnicity Increase 

 

Due to the use of different measurement units in the subindicators, prior to applying the PCA, 

subindicators need to be normalized. Specifically, the approach foresees the normalization via the 

djusted Mazziotta–Pareto index (AMPI) method, which enables to appreciate absolute change over 

time (Mazziotta and Pareto, 2015). Ater that, indicators were input to PCA in order to reduce the 

dimensionality of the indicators and extract the first principal components by year. A final composite 

indicator is then extracted as a result of the PCA, providingthe Social Vulnerability Index for each 



 

 

 

year. In general the results show that, in agreement with previous research from Frigerio and De 

Amicis (2016) and Frigerio et al. (2016), vulnerability of the Italian population is best described by 

age and employment rate.  

 

o Impact 

▪ Physical damage of buildings   

This specific impact refers to the seismic physical damage to buildings, which can be calculated as the 

damage attained by structural and non-structural elements (e.g., infills). For characterizing the damage 

to buildings, a damage scale is usually defined. The European Macroseismic Scale (EMS-98) 

(Grünthal 1998) is often utilized. It defines five damage states Dk (k = 1–5), describing the damage to 

both structural and non-structural components. For this, a final indicator could consist in the number 

of buildings reaching a given damage state. To this aim, also the mean damage value can be adopted, 

which considers the damage distribution for a given intensity level (Lagomarsino & Giovinazzi, 

2006).   

As an alternative or additional impact indicator, buildings usability determines if people can return 

home or need to find temporary shelter, and whether buildings can be occupied, either wholly or in 

part. Building usability is often determined by damage attained by structural and non-structural 

elements. This aspect is generally described in terms of number of short-term unusable buildings 

(which required short-term counter-measures to make them safe for use) and number of long-term 

unusable buildings (they required important structural interventions or even demolition).  

A third item refers to the physical damage of building envelope technical elements, which can be 

considered as a subset of the main impact “physical damage of buildings”. In this case, the indicator is 

the number of performed interventions (e.g., from the fire safety department). 

▪ Physical damage to roads   

As previously reported, the functional damage linked to the practicability of a road or railway section 

is in many cases of greater importance than the physical damages suffered by the infrastructure, thus, 

a specific methodology needs to be developed for the estimation of the functional damage (i.e., null, 

low, medium, high impact) expected to the network. 

o Risk 

▪ Physical loss of buildings   

This includes the direct economic losses (€/m2) due to buildings structural damage, and a relevant 

subset describing the economic losses due to collapsed building envelope technical elements. In both 

cases, the indicator to be quantified is the money spent for the interventions. As described previously, 

specific methods need to be developed according to the different building types and the specific 

services they provide (residential, commercial and industrial, cultural heritage). 

 

▪ Injuries and loss of human lives   

In this case, this risk includes the injuries and loss of human lives due building structural damages, 

and its subset injuries and loss of human lives due to collapsed building envelope technical elements 

(this is a sub-set of the main risk “injuries and loss of human lives”. In both cases, the indicator to be 

quantified is the number of injuries or loss of human lives (e.g., pre-hospital emergency services data 

sources). 

▪ Loss of productive systems 



 

 

 

In the case of commercial and industrial activities, the damages and risks need to consider both the 

building structure as well as the content. In particular, the economic value of the assets is obtained by 

multiplying the number of employees within each census block by the unitary net capital (per 

employee), whose value is derived from data provided by the Italian National Institute of Statistics 

(ISTAT) at the national level.    

▪ Socio-economic damage to households   

▪ Temporary increase of urbanization   

 

The following Table summarizes the main individual seismic risk components in the risk storyline 2. 

 

Table 15. Summary table for the individual seismic risk components in the risk storyline 2. The table shows the 

indicators with variables needed for their calculation and main reference. 

INDICATOR VARIABLES REFERENCES 

Seismic hazard Peak ground acceleration 

(PGA) or spectral 

acceleration at reference 

elastic periods (Sa(T)) 

Stucchi et al. (2004;2011) 

Seismic vulnerability Material of vertical 

Structures, lateral load 

resisting system, type of 

horizontal structure, roofs. 

Di Pasquale et al. (2005); 

Rosti et al. (2022); Del 

Gaudio et al., (2019; 2020); 

Lagomarsino and 

Giovinazzo, (2006). 

Social vulnerability Population age, socio-

economic status, family 

structure, employment, 

population growth, ethnicity.  

Frigerio et al. (2018) 

Exposure – built-up area Number of buildings and 

living area; number of 

inhabitants. 

ISTAT (2011) 

Exposure - Inhabitants Number of inhabitants. ISTAT (2011) 

Physical damage Number/percentages of 

buildings reaching a given 

damage state; Mean damage 

considering the damage 

distribution for a given 

intensity level. 

Grünthal, (1998); FEMA, 

(2015); Lagomarsino and 

Giovinazzi, (2006).  

Physical loss of buildings Losses (€/m2) due to 

buildings structural damage 

Dolce et al. (2021); FEMA 

(2003). 

Injuries and loss of 

human lives 

Injuries and casualties 

caused by collapsed or 

severe damaged buildings. 

Zuccaro and Cacace 

(2011), Dolce et al. (2021). 

 

 



 

 

 

8. Description of relevant algorithms for risk calculation  

In this section, we describe relevant algorithms for risk calculation in the two selected risk storylines, 

with a specific aim to highlight constraints on data and uncertainties deriving from the use of the 

previously described indicators. Risk assessment and development of quantitative risk maps require 

the use of data on the indicators previously described. The final output is a quantitative risk 

assessment expressed in terms of a number (Papathoma-Köhle et al. 2016a, b). In cases data are not 

available, alternative qualitative risk assessments resulting in a qualitative description (very high, 

high, medium, low) are possible (Papathoma-Köhle et al. 2016a).  

8.1 Risk storyline 1 

Several research works have worked on the quantification of the short term health issues arising from 

extreme heat temperatures. Indeed, also due to the increasing frequency and severity of this type of 

extreme events, several authors have attempted to construct models for the quantification, and 

eventually prediction, of their impacts. While the methods generally differ in terms of the indicators 

adopted, in all cases the final aim is to construct a map of health risk. To this scope, all methods for 

risk calculation rely on combination (i.e., products or sums) of the risk components, following 

normalization and association of weighting factors to each of the components. In the following, we 

present some relevant examples extracted from literature, with an aim to identify key algorithms and 

data constraints of particular relevance to the successive work of DV 5.2.4. 

Jedlovec et al. (2017) utilized a combination of satellite-derived ambient temperature maps, 

temperature thresholds derived from climatological percentiles of the ambient temperature and 

demographic information on population density, age and income for calculating heat wave risk maps 

(Figure 3).  

 

 

Figure 3.  Schematic showing the combination of satellite data and demographic information to produce the 

Heat Wave Risk (HWR) product (Source: Jedlovec et al., 2017) 

 



 

 

 

Savić et al (2018) utilized a risk evaluation based on qualitative and quantitative procedures presented 

in the following Figure (Figure 4). 

 

 

Figure 4. Risk assessment and mapping procedure for heat waves utilized in Savić et al (2018). 

Their methodology combined description of land use based on the Local Climate Zone (Local Climate 

Zone) classification system (Stewart and Oke, 2012), air temperature data and specific criteria on 

duration and severity for identification of the days within very strong and intensive heat wave periods, 

and population data on mortality and spatial residence. On the basis of daily mortality data and urban 

heat island (UHI) intensity, the authors developed a risk matrix for the city of Novi Sad in Serbia, 

with the vertical axis showing the impact level in terms of average daily number of deaths in 

heatwave, and a standardized UHI intensity index value on the horizontal axis. Both axes were scaled 

from insignificant to very high, and the resulting risk level has five levels.  

Tong et al. (2014) identified heatwaves as two or more days with mean temperature above the 98th 

percentile. After identification of the heat wave days, they were associated with a 1 (and non 

heatwave days were associated with 0). After that, heatwave effects on mortality and emergency 

hospital admissions were analysed with the Poisson General Additive Model. The sample population 

was categorized into different classes according to age. The results demonstrate that mortality and 

emergency hospital admissions significantly increase for heatwave days, with a higher vulnerability 

for the elderly group (≥75 years).  

Buscail et al. (2012) utilized the risk framework developed by Crichton (1999), and represented the 

hazard as the increase in temperature as estimated from satellite derived land surface temperature, 

exposure from population census data from the areas affected by the hazard, and vulnerability from a 

combination of individual risk factors and building characteristics. The final risk map derives from the 

hazard index with the indices for exposure and vulnerability, following appropriate scaling through 

linear transformation. Four vulnerability dimensions (socio-economic status, extreme age –both 

extremes-, population density and building obsolescence) were combined. Specifically, socio-

economic status was described through deprivation (Townsend score previously described), social 



 

 

 

isolation (proportion of single households) and low education (proportion of population with no high 

school diploma). As scarcely inhabited areas would yield unreliable estimates for exposure and 

vulnerability, vulnerability and exposure indices were set to zero for areas with less than 200 

inhabitants (Figure 5).  

 

Figure 5.  Flowchart of the spatial risk assessment framework (Buscail et al. 2012). 

 

The heatwave risk model from Liu et al (2023) developed a heatwave risk index (HRI) combining 

heat wave days and population age as follows:  

HRI = days * (n1 + n2 +n3) 

where n1 is the total number of people of a street, n2 is the number of young people aged 0–14 of a 

street, and n3 is the elderly population aged above 65 of a street. days refers to the number of days 

with daily maximum temperature higher than 35 °C each year. 

The risk framework of Holec et al. (2021) is particularly interesting as it obtains an adjusted hazard 

layer combining the hazard layer represented by surface temperature data with the mitigation layer 

describing tree density; exposure layer was represented by mobile phone density while vulnerability 

layer was represented by population over 65 years (Figure 6). 



 

 

 

 

Figure 6. Flow chart of risk index creation in Holec et al. (2021). 

Specifically, the calculation for the risk index followed the approach of Tomlinson et al. (2011) and 

Morabito et al. (2015). The modified hazard layer is represented by the UHI layer corrected with a 

tree vegetation layer (with a proper parameterization of the cooling effect associated with the tree 

cover), weighted with a 0.5 factor; the exposure layer, represented by base transceiver station 

centroids, weighted with a 0.25 factor; the vulnerability layer was described as the number of elderly 

people aged over 65, was weighted with 0.25 factor. Each layer was normalized with the min-max 

approach before weighting, and the risk index was calculated as the sum of weighted layers. 

Aubrecht and Özceylan (2013) defined risk only from hazard and vulnerability. Heat wave indicators 

were chosen based on data availability and required spatial resolution. Specifically, a univariate 

temperature-based heat wave index was adopted, focused on thresholds on duration (at least 3 days) 

and intensity (daily maximum temperature above 30°C). Temperature maps were constructed by 

universal kriging applied to data coming from station observations in the study area. The Heat Stress 

Index was obtained by merging heat stress duration and frequency over time, normalized by 

maximum and minimum records ([value] − [min] / [max] − [min]), in order to have an index domain 

ranging from 0 to 1. Vulnerability was assessed through 6 indicators, namely age, social isolation, 

poverty, linguistic isolation, education and land cover characteristics. A composite heat stress 

vulnerability index was then obtained as the sum of the six indicators and normalized within the 0-1 

range. The final heat stress risk index was calculated as the product of the two normalized risk 

components. 

Dong et al. (2020) calculated an integrated score of heatwave-induced human health risk as follows: 

𝐻𝐻𝑅 = √𝑆 ⋅ 𝐸 ⋅ 𝑉
3

 

Where HHR is the integrated risk score and S, E, V are the standardized indices for heat stress, 

exposure, vulnerability. Heat stress was expressed as the UTCI which combines a multi-node 

thermoregulation model with an adaptive clothing model (Bröde et al. 2012). Exposure was expressed 

through population density normalized with the min-max method. Social vulnerability was assessed 

through GDP per capita, convenience (distance) to reach medical assistance, age (proportion of people 

under 14 and over 65), proportion of female, proportion of population with education level below high 

school, proportion of population engaged in agriculture, forestry, animal husbandry and fishery. 

Following normalization, the indicators were subjected to PCA to extract a single social vulnerability 

score.  



 

 

 

Alternative methods also exist, similarly combining hazard, exposure and vulnerability to heat waves 

into a unique index (e.g., Johnson et al., 2013; Keramitsoglu et al., 2013; Apreda et al., 2019; Zhang 

et al., 2019; Zemtsov et al., 2020; Wu et al., 2022; Cheval et al., 2023; Sabrin et al., 2022; Dai et al., 

2021).  

Table 16 shows a synthesis of the indicators and methods for heatwave risk calculation used in the 

previously mentioned papers. 

Table 16. Synthesis of indicators and methods for heatwave risk calculation used in the referenced papers. 

Hazard 
indicator 

Exposure 
indicator 

Vulnerability 
indicator 

Risk algorithm Reference 

Land surface 
temperature 

Census 

population 

Deprivation 
(Townsend 
score); social 
isolation; 
education; age 

Weighted 
combination of 
four 
vulnerability 
dimensions into 
unique exposed 
and 
vulnerability 
index; weighted 
hazard index.  

Buscail et al., 
2012 

Satellite land 
surface 
temperature  
scaled with 
station data 

Population 
density 

percentage of 
the population 
over 65 years of 
age; mean 
income 

Product of 

demographic 

and hazard 

indicators 

following 

scaling and 

weighting. 

Jedlovec et al., 
2017 

Temperature 
mapping + 
satellite data on 
vegetation, 
imperviousness
, elevation 

Census 
population 

Age; population 
density 

Combination 
(product) of 
heatwave days 
and population 
age 

Liu et al., 2023 

Average 
Heatwave 
frequency, 
duration and 
intensity  

Average of 
night time 
lights,  People 
under 14 and 
People over 65 

Average of 
Distance from 
water, Distance 
from hospital,  
Inverse(NDVI), 
and 
Inverse(GDP) 

Average of 
indicators 

Yin et al., 2020 

air temperature 
differences 
between urban 
and non-
urbanized areas 

// Land use, 
population, 
socio-economic 
status, building 
height and 
health status 

Product of 

normalized 

indicators 

Savić et al., 
2018; 
Papathoma-
Koehle et al., 
2016a,b 

// Satellite land 
surface data; 
Proportional 
vegetation; 
Normalized 
difference 

Population 
density,  
People living in 
poverty 
Unemployment 
rate 

PCA on social 
and health 
vulnerability; 
regression 
analysis on 
environmental 

Sabrin et al., 
2022 



 

 

 

Water Index; 
Digital Elevation 
Model; 
Imperviousness 
 

Minority races  
Foreign-born 
residents 
Vulnerable age 
(over 65, under 
5) 
Health 
Uninsured 
Disability in 
adults 
Mode of 
commuting 
Structures built 
before 1980 
% Population 
with Asthma 
% Population 
with Diabetes  
% Population 
with Heart 
diseases  
% Population 
with Obesity  
% Population 
with Chronic 
Obstructive 
Pulmonary 
Disease 
(COPD) 

data for 
producing 
exposure index; 
risk as product 
of exposure and 
social and 
health 
vulnerability 

Intensity 
indicator from 
satellite land 
surface 
temperature 

Population 
density 

Population age; 
economic 
status; 
vegetation and 
water coverage;  

Normalization 
of the indicators 
and weighted 
sum 

Dai et al., 2021 

cumulated 
number of 
cases when the 
satellite land 
surface 
temperature 
LST values 
exceed either 
40 °C during 
the daytime , 
and/or 20 °C 
during nighttime   

 Average 
between land 
climate zone 
and population 
density 

Product of 
hazard and 
vulnerability 

Cheval et al., 
2022 

Physiologically 
equivalent 
temperature 

Population 
density 

Age; sedentary 
population; 
migrants; 
population 
income 

Product of 
normalized 
indices 

Zemtsov et al., 
2020 

Satellite 
daytime and 
nighttime 

Population age; 
population 
income 

Vegetation; 
water bodies; 
terrain 

Product of 
normalized 
indices 

Zhang et al., 
2019 



 

 

 

temperature; 
high 
temperature 
days (>35°C); 
air quality  

conditions; 
housing 
condition; traffic 
convenience; 
medical 
facilities 

Very Hot 
Weather 
Warnings from 
the Hong Kong 
Observatory 

Constituency 
population 

Population age; 
education; 
employment 
status; income; 
percent of 
households 

Compound 
hazard indicator 
and 
classification of 
hazard indicator 
into 5 classes 

Johnson et al., 
2016 

Maximum 
apparent 
temperature 
and high 
nighttime 
temperatures; 
classification of 
severity with 
fuzzy logic 
model 

 population 
density and 
percentage of 
non-proper 
dwellings; fuzzy 
model 

Sum of event 
scores provide 
the the monthly 
spatial 
distribution of 
heat wave 
hazard then 
multiplied with 
spatial 
distribution of 
population 
vulnerability 

Keramitsoglou 
et al., 2013 

Land surface 
temperature; 
parameterized 
cooling effect 
from trees  

Building’s 
volume and 
distance from 
ase Transceiver 
Station centroid 

Population age Product of 
scaled and 
normalized 
indicators 

Holec et al., 
2021 

Universal 
Thermal 
Climate Index 
(UTCI) 

Population 
density 

Social 
vulnerability: 
Proportion of 
population 
under 14-year 
old (SV1) 
Proportion of 
population over 
65-year old 
(SV2) 
Proportion of 
female 
population 
(SV3) 
Proportion of 
population with 
education level 
below high 
school (SV4) 
Proportion of 
population 
engaged in 
agriculture, 
forestry, animal 

Cubic root of 
standardized 
indices 

Dong et al., 
2020 



 

 

 

husbandry and 
fishery (SV5) 
Adaptivity: GDP 
per capita 
(SV6) 

 

Quite similar approaches and necessity to associate weights and normalization to the indicators for 

developing risk indices are also shared by the risk of floods depicted in the other branch of the 

storyline (e.g., Vojtek, 2023; Usman Koje et al., 2021).  

In spite of the differences described in terms of the indicators adopted and risk calculation algorithms, 

a few items emerge which have to be carefully taken into account in the choice of the risk calculation 

factor and based on the available data: 

• Spatial resolution of the data is crucial: as the risk is a combination (sum or product) of the 

hazard, exposure and vulnerability, it is of paramount importance to search for the highest 

spatial resolution and disaggregation level for the input data. 

• Spatial interpolation of point data sources (e.g., from station data) can be helpful especially 

for the hazard layer. 

• The appropriate choice of the indicators adopted can partially mitigate the case of missing 

data. For example, if the application of a certain index requires data for solar radiation which 

are not available in the study area, the choice of an alternative indicator which is based on 

other meteorological variables can mitigate the lack of data. 

• Data scarcity can be also mitigated through appropriate regionalization or downscaling 

(dynamic and/or statistical) techniques. 

• The representation of the population vulnerability requires spatially resoluted (e.g., 

neighborhood) information on diverse categories such as age, education level, economic 

status. 

• Parallel to the risk assessment, it is crucial to carry out an estimation of the uncertainty to be 

associated with hazard, exposure and vulnerability components. 

• Risk can be assessed using quantitative, semi-quantitative and qualitative approaches, which 

correspond to different associated uncertainties. 



 

 

 

9. Conclusions 

By adopting a pragmatic approach based on risk storylines and related impact chains, this Deliverable 

showcases the development of a methodology for risk calculation suitable for the needs of RETURN 

and in particular within urban and metropolitan settlements. In practice, after selecting a relevant 

subset of risk storylines among those originally proposed in DV 5.2.1, indicators for each risk 

components are successively described, along with variables needed for their calculation. After that, 

algorithms and methods for risk assessment and quantification are presented utilizing the heatwave 

risk as a relevant example. After detailing the steps and methods for heatwave risk calculation, key 

principles and needs for the data sources, with specific references to uncertainty and constraints on 

data are drawn. In spite the Deliverable is far from complete as only two impact chains are herein 

described and the description of some specific items in the selected impact chains is still missing, the 

Deliverable successfully demonstrates the capabilities of the proposed approach for the development 

and the adoption of a standardized, flexible and modular methodology based on risk storylines and 

impact chains for the integration of heterogenous data in RETURN and for the development of smart 

data models for risk quantification, which will be the subject of following RETURN Deliverables 

(DV 5.2.4). This will be crucial for the development of the data platform in WP5, and for the 

development of risk models in WP3. 
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