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Methodology  

Preamble 
The Physical Risk Scores contains, for each type of physical risks, a score between 0 and 10. Although the 
output will keep the same format, it is possible that some parameters used to calculate the hazard level 
may be adjusted further incorporating historical financial data, so the scores better fit their purpose. 

For some risk types, there are also some alternatives available to explore different levels of risk: e.g. for 
a heatwave we may consider the classical definition of a heatwave event, or the number of hot days 
(days with a maximum temperature higher than 35°C). Likewise we may consider the wet bulb 
temperature, which also includes the effect of humidity. 

 

This methodology aims concurrently to be as transparent and complete as possible. However, the output 
is to remain the same (cf. Score between 0 and 10). We recommend using this to compare a certain type 
of hazard over different locations, as well as to identify places with a high level of risk (i.e. a score higher 
than 6, or non-zero scores for floods and tropical cyclones). 
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I. Introduction 

Physical risks can have negative impacts on corporate activity, whether it concerns the development of a 
particular project or in the different activities of a company. They can reduce its revenues by reducing 
production or by generating extra costs, they can also lead to costly damages. Two main categories of 
physical risks are considered: the chronic risks and the acute risks. 

The chronic risks are characterized by potential shifts, related to climate change, in the mean climate 
conditions. It can affect sectors that are dependent on climate conditions, such as the renewable energy 
sector, agriculture, tourism and other industrial activities. Different chronic risks are assessed for each 
of these activities. The water stress risk may also affect the industrial sector, which strongly relies on 
this resource.  

The acute risks are defined as extreme climate events that may reduce productivity or produce damage 
over physical assets. 

The utilized data is matched with the hazards that are being and is always selected by taking into 
account two aspects: a global coverage and a high resolution. The considered indexes are based on 
common practices from scientific literature. 

I.1 Typology of Risks 
Table 1 and 2 shows the different typology of risks considered as well as the variables they signify. 

Table 1: Typology of Physical chronic risks. 

Sector Sub-sector Materiality Source Resolution Type Time horizon 

Energy 

Wind energy  
(onshore / 
offshore) 

Energy 
production, 
Revenues 

Wind speed 
(CORDEX 
simulations) 

Asset based, 
11km Modeled 

Climate 
projection 
from 2030 to 
2050 

Solar energy 
Energy 
production, 
Revenues 

Solar 
Radiation 
(CORDEX 
simulations) 

Asset based, 
11km 

Modeled 

Climate 
projection 
2030, 2040, 
2050 

Dams 
Energy 
production, 
Revenues 

Aqueduct 
3.0 water 
stress 

HydroBASINS1 
level 6 
subbasins 
(median area 
per subbasin of 
5318 km2) 

Modeled 

Climate 
projection 
2030, 2040, 
2050 

Agriculture and Industry Production and 
costs 

Aqueduct 
3.0 water 
stress 

HydroBASINS 
level 6 
subbasins 
(median area 
per subbasin of 
5318 km2) 

Modeled 

Climate 
projection 
2030, 2040, 
2050 

 
1 Lehner, B., K. Verdin, and A. Jarvis. 2008. “New Global Hydrography Derived from Spaceborne Elevation 

Data.” Eos, Transactions, American Geophysical Union 89 (10): 93. doi:10.1029/2008EO100001 
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Mean sea level rise 
Physical 
damage, asset 
depreciation 

Global Tide 
and Surge 
Model 
(GTSM) 
simulations 
based on 
CMIP6 
simulations  

Asset based, 
10km on the 
coast for the 
sea level rise 
and 30 meters 
for the 
topography 

Modeled 

Climate 
projection 
2030, 2040, 
2050 

 
Table 2: Typology of Physical acute risks. 

Acute 
Risk 

Materiality Source Resolution Type Time 
horizon 

Flood 

Physical damage, 
supply chain 
disruption, asset 
depreciation, 
production loss 

1. High resolution 
flood hazard maps 
(EFAS GLOFAS) 
2. Regional 
riverine flood risk 
3. INFORM Global 
Risk Index (GRI) 

1. Asset based, 
100m (Europe), 
500m (World) 
2. HydroBASINS 
level 7 subbasins 
3. Country 

Modeled 
Short term 
(based on 
present risk) 

Heatwave 

Production loss 
(human health, 
power cut, 
interruption days) 

Maximum daily 
2m-temperature 
(ERA 5) 

Asset based, 25km Modeled 
Short term 
(based on 
present risk) 

Coldwave 

Supply chain 
disruption, 
production loss 
(human health, 
power cut, 
interruption days) 

Minimum daily 
2m-temperature 
(ERA 5) 

Asset based, 25km Modeled 
Short term 
(based on 
present risk) 

Wildfire 

Physical damage, 
Interruption days, 
legal liabilities, 
operational risk (if 
responsible) 

Fire weather index 
(from ERA 5) 

Asset based, 25km Modeled 
Short term 
(based on 
present risk) 

Drought Production loss 
and costs 

Standardized 
Precipitation Index 
(SPI) from the 
European Drought 
Observatory 

Asset based, 
100km Modeled 

Short term 
(based on 
present risk) 

Earthquake 
Physical damage, 
supply chain 
disruption 

Database of 
existing 
earthquakes 
(USGS) and 
GFDRR Peak 
Ground 
Acceleration 
return value map 
(EQ-GLOBAL-
GAR17) 

Asset based, exact 
locations of past 
events 
and 
Asset based, 1km 

Reported and 
Modeled 

Not relevant 

Extreme 
rainfall 

Physical damage, 
supply chain 
disruption, 

Daily precipitation 
(ERA 5) Asset based, 25km Modeled 

Short term 
(based on 
present risk) 
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production loss 
(interruption days) 

Extreme 
snowfall 

Physical damage, 
supply chain 
disruption, 
production loss 
(interruption days) 

Daily snowfall 
(ERA 5) 

Asset based, 25km Modeled 
Short term 
(based on 
present risk) 

Storms 
Physical damage, 
production loss 
(interruption days) 

10 meter wind 
gust (ERA 5) 

Asset based, 25km Modeled 
Short term 
(based on 
present risk) 

Tropical 
Cyclone 

Physical damage, 
supply chain 
disruption, 
production loss 
(interruption days) 

Database of 
STORMS 
(Bloemendaal et 
al. 2020) 
and GFDRR 
Tropical cyclone 
wind speed return 
value map (CY-
GLOBAL-GAR15) 

Asset based, exact 
location of these 
synthetic events 
and  
Asset based, 1km 

Modeled  
Short term 
(based on 
present risk) 

Coastal 
floods 

Physical damage, 
supply chain 
disruption, asset 
depreciation, 
production loss 

Coastal flood risk 
from 
AqueductFloods 
and GFDRR 
coastal flood 
depth for different 
return periods (SS-
GLOBAL-MUIS) 

Asset based, 1km Modeled 
Short term 
(based on 
present risk) 

Tsunami 
Physical damage, 
supply chain 
disruption 

Global Tsunami 
Hazard GTM 
RP500 (GFDRR) 

Asset based, 1km Modeled Not relevant 

Landslide Physical damage 
Global Landslide 
Hazard (World 
Bank) 

Asset based, 1km Modeled Not relevant 

I.2 Integration of physical risks into credit rating 
Our approach, of the assessment of physical risk on a quantitative basis, is based on the IPCC approach 
of risk Viner et al. (2020). The risk is subdivided into 3 components (cf. Figure 1): 

 the hazard, which include extreme weather events (acute risks) and the long term climate shift 
(chronic) 

 the exposure including the location of the asset, the type of asset and the type of activities 
occurring within the asset 

 the vulnerability to a specific event. For example, precarious housing is more vulnerable to 
tropical cyclones, compared to other buildings that may have been constructed to resist the 
stronger wind speeds. 

 

 

 

We have: 
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 Risk = Hazard * Exposure * Vulnerability 

The hazard can be reduced through mitigation actions. In the case of climate risk, it can be reduced 
through GHG reduction, to limit the impact of climate change, which tends to increase both the intensity 
and likelihood of extreme events (Seneviratne et al., 2021).  

Exposure and vulnerability can be reduced through adaptation measures and by building resilience to 
climate risk. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Representation of climate risk and its different components based on the IPCC definition, Viner 
et al. (2020). 

 

The representation of the three components applied to economic activities is shown in Figure 2. 

 

 

 

 

 

 

 

 

 

 

Figure 2: Illustration of the three components of climate risk in the case of economic activities. 
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In the case of negative climate events, it can have different impacts on an asset and on the company (cf. 
illustration Figure 3). These impacts can be direct or indirect. Direct impacts include: 

 Physical damage on the assets that needs to be replaced or repaired 
 Supply chain disruption due to damage on infrastructure or transport 
 Legal liabilities, in case the company is responsible for an aggravated consequence such as due 

to a lack of security for employees, or being partly responsible for the events due to negligence 
(e.g. companies operating with material / components that can start / feed a fire) 

 Human health, in case the extreme events affect the health of employees 
 Productivity loss due to difficult conditions for employees, bad weather conditions for climate 

dependent activities, or disruption days 
 Sales reduction due to unfavorable climate conditions 

 

 

 

 

 

 

 

 

 

 

Figure 3: Illustration of different types of impacts on economic activities. 

I.3 Hazard Conversion into Score Functions 
The report “Towards climate-related statistical indicators” published by the European Central bank 
suggests that, in order to estimate the physical risks, the potential damage caused by different hazards 
can be assessed using a damage function, when it is available, and to assess the other type of risk 
through a score. These scores are a proxy to evaluate the potential financial impacts of different 
physical hazards. 

There are varying ways to convert a physical hazard properties into a score: 

 manual construction of the score using the hazard properties based on typical thresholds, for 
example, for heatwaves we combine different characteristics of a heatwave event (length, 
magnitude and occurrence) to construct a score parametrized by typical thresholds.  

 comparison of the value of the hazard property in a specific place compared to the distribution 
of values for this hazard [comparative scoring method]. It is possible to use different 
distributions depending on the desired risk reference. In this case we reason in terms of region 
of reference. 
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Figure 4: Illustration of the comparative scoring method using different regions of 
comparison. 

 conversion of the hazard value into a score using damage functions (sometimes called 
vulnerability functions). These functions convert the physical risk intensities (such as wind 
speed or flood-depth) into (1) a Proportion of Assets Affected (PAA), and (2) a Mean Damage 
Degree (MDD) with a value between 0 and 1. A value of zero corresponds to 0% of assets 
affected for PAA and 0% of damage on the assets affected. A value of 1 means 100% of assets 
affected for PAA and total destruction for MDD. 
In this case, we use default damage functions which are usually sigmoid functions. Some more 
appropriate functions can be used taking into account the type of buildings and the 
geographical areas; based on historical events. Although PAA and MDD have a similar evolution 
in the damage functions we use, PAA converges to 1, which is not always the case for MDD.  

Therefore, to obtain a score of between 0 and 1 that can be easily converted between 0 and 10, 
we use the PAA functions. 
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Figure 5: Illustration of a damage function converting surge height into a fraction of 
an asset affected (PAA) and the mean damage fraction (MDD) 

 

I.4 Radiative Concentration Pathways 
The chronic risks evaluate possible climate change scenarios using different Radiative Concentration 
Pathways (RCP; van Vuuren et al., 2011), which are used by the Intergovernmental Panel on Climate 
Change (IPCC). They consist of a specific increase in the radiative concentration. The two scenarios 
considered are the RCP 4.5 (increase of 4.5 W/m²) and the RCP 8.5 (increase of 8.5 W/m²) and are, 
respectively, the moderate and extreme scenarios. 

II.5 Climate Data Types 
 Climate reanalysis: climate simulations over past periods integrating available observations. 

 
 Gridded observations: construction of gridded datasets integrating the in-situ observations (e.g. 

Global Precipitation Climatology Centre - GPCC - for precipitation). 
 

 Bias-corrected climate data: output of climate models in which biases are adjusted with in-situ 
observations. 
 

 Climate models: there are different components of climate models, which can be run separately 
or can be coupled.  E.g: Land Surface Models, Atmospheric Models, Ocean models, cryosphere 
models and hydrological models. If a model is used alone, it is forced by other data (e.g. 
hydrological model forced by runoff and drainage) and by other static inputs (topography etc.). 
The coupled models are used in the CMIP6 climate projection and include the different 
component models. The latter are referred to as Earth System Models. 
 

 Flood models: Floods can be modeled using directly a hydrological model integrating floods, or 
hydrological models can be coupled with a hydrodynamic model simulating floods for more 
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precision (such as is done with the coupling of LISFLOOD and LISFLOOD-FP). 
 

 Forecast: there are different types of forecast such as weather forecasts (forecast for the next 
days / weeks) and seasonal forecasts (from weeks to years). 
 

 Climate projection: climate projections are climate simulations for future periods related to, in 
general, climate change scenarios. They have a large uncertainty in relation to: models, 
scenarios, and internal variability (climate variability). These uncertainties are assessed by the 
consideration of different scenarios, using different models, and with different members 
(simulations) for the same model-scenario combinations. 

I.6 Limitations 
The different physical risks are quantified over a 30-year period, to respect the World Meteorological 
Organization (WMO, 2017) recommendations about calculations based on climate normals, therefore, 
integrating full climate variability; within present and future climates. One limitation of this approach is 
that the 30-year time periods may involve some trends related to climate change.  

There are also important intrinsic uncertainties related to climate change projections.  

It also does not integrate any type of forecast; therefore it gives an overview of the potential level of 
risks based on historical data and on long term future climate projections. However, cannot reflect the 
exact tendency from forecast, for the years to come. 

The final score calculations are based on some parameters, which were selected based on scientific 
references and on common references. Still, these parameters can be discussed and could be adjusted 
based on specific results for certain regions.  

The climate hazard score represents an a priori level of hazard for the exposed asset, to the different 
physical risks considered. This score allows us to evaluate the importance level for risks, for which the 
company should justify some adaptation measures and/or an adapted insurance contract. 
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II. Aggregation 

The geographical location of the asset is the main input to evaluating the climate hazards. There are 
different ways to process risks depending on the precision of the geographical location. The 
methodology is illustrated in Figure 6. 

For projects with a defined spatial shape, this shape* can be considered. If no specific location or shape 
are provided, climate hazards can be assessed using the region of the project, if available, or, if not, even 
the country.  

* For example, if it is a road, the spatial line of the road layout can be considered. For a forest 
exploitation project, the spatial polygon of the explored area can be used. 

For most of the variables (all except floods), the aggregation is performed by considering all grid points 
within the specific geographical region, which overlaps with more than 30% of their areas (cf. Figure 7). 
Then, different scores can be used: the median, the percentile 75, and 90 as well as the maximum (cf. 
Figure 8). 

 

Figure 6: Methodology based on the level of spatial information about a project 
 

 
Figure 7: Example of the selection of a particular region of grid points where scores 
will be aggregated to estimate the final score 
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Median:   7.9 / 10 

Percentile 75:   8.7 / 10 

Percentile 90:   9.6 / 10 

Maximum:   10 / 10 

 

Figure 8: different methods to aggregate scores 

 

The quality of the location information can be assessed using the scale presented in Table 3. 

Table 3: Quality levels for the different precisions of asset location 

Quality level Description 
1 Exact coordinates or exact Polygon, Linear Ring 

2 Street address 

3 City 

4 Zip Code 

5 Region 

6 Country 
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III. Chronic Risks 

III.1 Energy 
For energy production, some proxies of energy production methods are used, in order to evaluate if the 
future climate is estimated to be significantly more or less productive for these energy production 
means, than the present period. 

a) Wind Energy 

For large wind turbines, the typical height is 80-100m. Therefore, we consider a typical height of 80m 
for wind turbines such as in Cai and Bréon (2021) and Dalla Longa et al. (2018) and use the wind speed 
at 80m as a proxy for wind energy production.  

In this case, the proxy to assess the wind power energy production is the number of hours with a mean 
wind speed above a specific threshold, above which the wind turbines start producing energy. The 
threshold considered here is 5 m/s2 (18km/h). 

80 m wind speed can be interpolated from another wind speed height considering a power law 
(Schallenberg-Rodriguez et al. 2013): 

v2 = v1(h2/h1) ** alpha (1) 

with v1, v2 the respective wind speed at h1, h2 and alpha the wind shear coefficient. This coefficient 
depends on surface roughness as well as wind velocity, and can be estimated if the wind speed is known 
at two different height: 

α = ln(v2 /v1) / ln(z2 /z1) (2) 

Wind speeds at 10 and 100 m are directly available in Copernicus at a 3-hourly temporal scale with an 
approximative spatial resolution of 25km for Europe, for different regional simulations. 

For other regions, the lower level wind speed can be interpolated to a 80 m height using the CMIP6 
simulations at a 50 km resolution (Eyring et al., 2016), or some CORDEX-CORE simulations at a 25 km 
resolution (Ciarlo et al., 2021). The surface roughness can be approximated using typical values for 
different type of terrain (based on Cai and Bréon, 2021)  

 0.03 for open flat terrain, grass, few isolated obstacles 
 0.0061 for offshore wind turbines 

From Schmitz et al. (2022), we can use the following assumptions to translate the 3-hourly mean speed 
into a proxy for energy production: 

 the power increases by the cube of wind speed starting from 3.5m/s to 14 m/s 
 is constant up to 25 m/s 
 is 0 above 25 m/s  

The opportunity or risk related to wind power energy production is evaluated by comparing the times 
series of this proxy in a 30 years period, both in the present and future climate; in order to evaluate if the 

 
2 https://www.eia.gov/energyexplained/wind/where-wind-power-is-harnessed.php 
https://www.daera-ni.gov.uk/articles/energy-wind 

https://www.eia.gov/energyexplained/wind/where-wind-power-is-harnessed.php
https://www.daera-ni.gov.uk/articles/energy-wind
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distribution of values is significantly higher or lower. This basic evolution disregards future potential 
technology changes and the wind direction. It is a simple proxy to evaluate the chronic risk related to 
wind power production. 

Different simulations are considered using two different climate scenarios (RCP 4.5 and RCP 8.5) over 
two different time periods: 1990-2020 and 2020-2050. 

b) Solar Energy 

For solar energy, the variable used is the mean annual surface downwelling shortwave radiation. 
Different simulations are considered using two different climate scenarios (RCP 4.5 and RCP 8.5), to 
evaluate if there is a significant change in the distribution of annual mean surface downwelling 
shortwave radiation. 

The data is directly available in Copernicus at an approximative spatial resolution of 25km for Europe in 
different regional simulations.   

For other regions, this variable can be found in CMIP6 simulations at a 50 km resolution (Eyring et al., 
2016) or in some CORDEX-CORE simulations at a 25 km resolution (Ciarlo et al., 2021).  

We compare the distribution of mean annual surface downwelling shortwave radiation over the last 30 
years, with the distribution in the next 30. We can assess if there is a significant evolution of the mean 
value in addition to the variability of this annual variable. 

c) Dams 

The productivity of dams is evaluated through the projection of the water stress indicator from the 
Aqueduct Water Stress Projections dataset (Luck et al., 2015), and taking into account different climate 
change scenarios. 

III.2 Agriculture and Industry 
This section considers (1) the agriculture sector and, (2) industries with an important water use 
dependency; following the ENCORE Platform. The risk is evaluated through the projections of the water 
stress indicator from the Aqueduct Water Stress Projections Data, and using different climate change 
scenarios and time horizons. 

III.3 Mean Sea level rise 
For precise locations only, otherwise consider the Coastal floods acute risk score 

1. Using the HydroSHEDS Digital Elevation Model, we first identify the coastal point, which is 
hydrologically connected to the position of the asset. 

2. We consider the mean sea level variable from the global sea level change indicators from 1950 
to 2050, derived from re-analysis and high resolution CMIP6 climate projections3 (Muis et al., 

 
3https://cds.climate.copernicus.eu/cdsapp#!/dataset/sis-water-level-change-indicators-
cmip6?tab=overview 

https://cds.climate.copernicus.eu/cdsapp#!/dataset/sis-water-level-change-indicators-cmip6?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/sis-water-level-change-indicators-cmip6?tab=overview
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2022).  This is for the coastal grid point that is closer to the coastal location previously 
identified. 

3. The mean sea level increase, compared to the present period, can be compared to the elevation 
of the asset above the sea level, using the precise elevation of the asset from the EU-DEM 
dataset to determine if the asset is affected.  

III.4 Climate Types 
Use the precipitation and temperature to determine the type of climate, from Koppen Climate 
classification, and evaluate if it changes for the different climate change scenarios. 

Evolution of the aridity index change within the climate change scenarios, to determine if a climate gets 
drier for a specific area. 
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IV. Acute Risks 

IV.1 Flood 
a) Exact location 

The dataset used as an input is the flood hazard map from Dottori et al. (2022), available from the Joint 
Research Center at https://data.jrc.ec.europa.eu/collection/id-0054). This dataset includes the flood 
hazard map for six different flood return periods. These maps are produced through the coupling of the 
hydrological model LISFLOOD with LISFLOOD-FP, which performs the inundation simulations. The data 
is the cell values indicating water depth (in m) for a certain return period. 

These outputs have been validated with official hazard maps for Hungary, Italy, Norway, Spain and the 
UK. This dataset can identify, on average, two thirds of the reference flood extent. However, it is 
susceptible to overestimates flood-prone areas with below 1-in-100 year probabilities. 

In this case, the 10-year return period is used to calculate the Flood Score. It has a value of between 0 
and 10. 

There are 2 dataset that can be used, the 1st limited to Europe and the Mediterranean basin, which is 
available at a 100m resolution, and the other: a global dataset which is available at a 30 arc-seconds 
resolution (approx. 1km). 

The Score considers the mean value of the 100-year return period flood hazard map, over a 500m radius 
circle surrounding the location of the building being considered (cf. Figure 9). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: Illustration of the flood hazard estimate method. 

 

https://data.jrc.ec.europa.eu/collection/id-0054
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Although the original dataset is between 0 and 10, averaging it over a larger surface significantly 
reduces the flood hazard level. As the objective is to obtain an index between 0 and 10, the average 
value is re-scaled. 

For a given building at the location x_0, equation 3 shows the definition of the hazard. Equation 4 shows 
how the re-scaling is performed to obtain the final Score. 

FLOOD depth (asset in x0) = mean (flood(x)) for x such as |x-x_0| <500m (3) 

SCORE_{flood} = min (FLOOD depth(asset in x0) * 10 / 3, 10) (4) 

* We consider that a 3 meter flood depth is critical, therefore it is the limit we use to rescale the score. This approach allows the 

integration of asset depreciation even if the asset is not directly damaged. 

b) Regional aggregation 

The flood risk is evaluated at a regional level using the Aqueduct Riverine Flood Risk (Hofste et al., 
2019), which contains a score between 0 and 5; representing the flood risk in an average year from river 
overflow based on a hazard quantification (Winsemius et al., 2013) It also takes into account the 
population exposed and their vulnerability (binary variable: people affected or not), and accounts for 
existing flood protection standards (from FLOPROS model;  Scussolini et al., 2016). It is based on data 
from 2010 and is defined per sub-basin level (HydroBASIN level 6 ; Lehner et al., 2008) proportion of the 
population, which is expected to be affected by the river overflow; based on data from 2010. It also 
accounts for existing flood protection standards.  

We consider this score as a good proxy of the regional risk level. This score is multiplied by 2 to obtain a 
score between 0 and 10.  

c) National estimate 

This country-level of flood risk may not be the most appropriate, however it can provide an indication of 
high flood risk. It is based on the INFORM Global Risk Index4 (GRI; JRC, 2022; Marin-Ferrer et al., 2017) 
model used in the IPCC Sixth assessment report (WGII Chapter 8; Birkmann et al., 2022). It integrates 
different risk dimensions: Hazard & Exposure, Vulnerability, and Lack of Coping Capacity. 

IV.2 Heatwave 
The Heatwave Score is calculated using the hourly temperature from the ERA5 reanalysis data 
(Hersbach et al., 2020) between 1990 and 2021. The hourly temperature is used to calculate the 
maximum daily temperature. This dataset is at a 0.25° resolution (approx. 25 km). 

We consider the following factors for a heatwave event (Oliveira et al., 2022) 

 a particular day is considered as a day with an excessive temperature if its temperature is above 
the 90 percentile of the monthly maximum temperature 

 there is a heatwave if there are 3 or more consecutive days with an excessive temperature 
 each heatwave event is defined by its length and its maximum temperature 

the average annual occurrence of heatwave is also calculated 

 
4 https://sedac.ciesin.columbia.edu/data/set/ipcc-inform-gri-2019-v0-3-7/data-download 

https://sedac.ciesin.columbia.edu/data/set/ipcc-inform-gri-2019-v0-3-7/data-download
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The Heatwave Score considers the heatwave events occurring between May and September for the 
Northern hemisphere (extended northern hemisphere summer), between November and March in the 
Southern Hemisphere and during all the year for equatorial latitude (between 20°S and 20°N).   

The following characteristic of the events are considered: 

 mean number of heatwave per year 
 mean length of the events 
 mean maximal temperature of the events 

pre_score = mean_number_of_events *  

(rescaled(mean_length_event, 3 days, 8 days)*0.5 + rescaled(mean_max_temperature, 32°C, 

42°C)*0.5) 

How a dataset is rescaled between a and b [rescaled(data, a, b)]: 

data<a = a 

data>b = b 

rescaled_data = (data-a)/(b-a) 

The pre_score is used to calculate the final score using  a comparative scoring method. 

Another alternative, also implemented, concerns the use of the average annual number of days above 
35°C; used to calculate the final score using a comparative scoring method. 

IV.3 Coldwave 
The methodology and data used for Coldwave is similar to the methodology used for heatwave, except 
that as an event we use a series of consecutive days with a minimum daily temperature below 5 
percentile of the monthly minimum temperature over the considered period. 

The Coldwave Score assumes the coldwave events occurring between November and March for the 
Northern hemisphere (extended northern hemisphere winter) and between May and September for the 
Southern hemisphere. 

The following characteristics for the events are used: 

 mean number of coldwaves per year 
 mean length of the events 
 mean minimal temperature of the events 

pre_score = mean_number_of_events *  

(rescaled (mean_length_event, 3 days, 8 days)*0.5 + rescaled(mean_min_temperature,-18°C,-5°C)*0.5) 

The pre_score is used to calculate the final score using a comparative scoring method. 

Another alternative, also implemented, is the use of the average annual number of days below 0°C, used 
to calculate the final score using a comparative scoring method. 

IV.4 Wildfire 
The Wildfire score is based on a commonly used index: the Canadian Forest Fire Weather Index (FWI; 
Lawson et al., 2008), which has been adopted by the European Forest Fire Information System (EFFIS, 
https://effis.jrc.ec.europa.eu/). This index is a synthesis of different indexes and variables. Its 

https://effis.jrc.ec.europa.eu/
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calculation includes: (1) the total amount of fuel available for combustion, (2) drought conditions, and 
(3) the numeric rating for the expected rate of fire spread (based on the wind speed and on the moisture 
content of litter and other cured fine fuels). The structure of the FWI calculation is summarized in Figure 
10. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10: Construction of the Fire Weather Index. 

The value of FWI is between 0 and +∞. The higher the value, the higher the risk. Different levels exist to 
characterize the level of risk. These are presented in Table 4.  

Table 4: Correspondence between the values of the Fire Weather Index (FWI) and 
different levels of risk. 

Danger Class FWI range 
Very Low [0 , 5.2[ 

Low [5.2 , 11.2[ 

Moderate [11.2 , 21.3[ 

High [21.3 , 38[ 

Very High [38 , 50[ 

Extreme [50 , ∞[ 
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The data used is issued by the Copernicus Emergency Management Service and is calculated from ERA5 
reanalysis at an approximate resolution of 25 km. 

The following characteristics of the events are utilised: 

 mean annual number of days with a high level of fire risk 
 mean annual number of days with a very high level of fire risk 
 mean annual number of days with an extreme level of fire risk 

 

high_risk = max(mean_high_firerisk_days!, 60) 

very_high_risk = max(mean_very_high_firerisk_days!, 40) 

extreme_risk = max(mean_extreme_firerisk_days!, 10) 

 
SCORE wildfire(asset) = high_risk 1/*10 + very_high_risk *3/10 + extreme_risk * 6/10 

COMPLEMENT 

In addition, we assess if the region has sufficient vegetation for the wildfire risk to occur, if the asset is 
in a Wildfire Urban Interface (WUI), and the historical wildfire events. The indicator of burnable 
vegetation and of historical events used is the gridded monthly burned area product, is provided by 
Copernicus, and is constructed from the MODIS derived dataset by the ESA-CCI (European Space 
Agency Climate Change Initiative). It contains the monthly burned as well as the fraction of burned area.  

The WUI can be assessed through the use of the high resolution CORINE Land Cover inventory.  

IV.5 Drought 
The data used to characterize drought is the widely adopted Standardized Precipitation Index (SPI; 
WMO, 2012). This index can be estimated over different timescales (from 1 to 36 months): over short 
timescales (1-3 months) it is related to soil moisture, over large time scales (6 months to years and 
more) it is related to groundwater and reservoir storage. 

The index compares precipitation to the typical distribution of precipitation. The input of precipitation is 
fitted to a gamma distribution (Pearson Type III), which is then transformed to a normal distribution. This 
process is illustrated in Figure 11. 
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Figure 11: Calculation of the SPI index from the Gamma distribution 

The SPI values can be interpreted as the number of standard deviations by which the observed anomaly 
deviates from the long-term mean. The value of the SPI is related to different conditions: from extreme 
drought to extremely wet. These levels are illustrated in Table 5. 

Table 5: Table of Wet / Drought conditions depending on the SPI index 

Condition  SPI range 
Extremely Wet  2 and above 

Severely Wet 1.5 to 2 

Moderately Wet 1 to 2 

Near Normal -1 to 1 

Moderate Drought -1.5 to -1 

Severe Drought -2 to -1.5 

Extreme Drought Below -2 

 

The SPI 3 and 6, respectively, use a 3- and 6-month timescale. The monthly SPI index used, is calculated 
by the European Drought Observatory from the Global Precipitation Climatology Centre (GPCC; 
Schneider, 2017). 

The SPI 3-months compares the precipitation of a 3-month period to historical conditions. For example, 
the SPI-3 for February compares precipitation to the historical record over the December to February 
period. It reflects the short and mid-term moisture conditions and is a seasonal indicator. The SPI 6-
months does the same over a 6-month period. It is associated with anomalous river streamflows and to 
anomalous reservoir levels. 

In this case, we categorize that a severe (resp. extreme) event starts when the SPI is below -1.5 (resp. -2) 
and lasts until the SPI returns to values higher or equal to -1. We can then define, for each event, the 
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length of the events, and their intensity (mean of the SPI index during the event). From this we can 
determine the mean intensity of the events (mean intensity) and their occurrence (occurrence), which is 
the ratio of the sum of the length of the events to the total length of the period considered (% of months 
in a drought event). 

For each SPI (3 and 6), we can determine a score of risk from the mean intensity and occurrence. The 
mean intensity and occurrence are re-scaled between 0 and 1. The Score is then calculated from these 
scaled indexes. 

For a given SPI (3 or 6): 

 magnitude_rescaled = rescaled(mean_magnitude, –2.5, -1.2) 

 occurrence_rescaled = rescaled(mean_occurrence, 0, 0.12) 

 prescore = occurrence_rescaled*0.5 + magnitude_rescaled*0.5 

The pre_score is used to calculate the final score using a comparative scoring method. 

IV.6 Earthquake 

METHOD 1 

The EQ-GLOBAL-GAR17-475 dataset5 (Cardona et al., 2015), which contains the return value for a 
period of 475 year from the GAR 17 ATLAS (a probabilistic flood hazard analysis produced by CIMNE and 
INGENIAR Ltda based on the CRISIS2014 program) can be used as an alternative to characterize 
earthquake hazard. 

It contains the peak ground acceleration 10-3 g. The values are rescaled from the [0, 400] interval to 
values between 0 and 10. Values higher than 400 have a 10 score. 

This score can also be constructed, using a proper damage function, for the PGA variable. 

METHOD 2 

This method uses the United States Geological Survey (USGS) earthquake database and applies an 
Extreme Value Theory analysis to the historical earthquake events in a 200 km radius region around the 
point of interest.  

The Score calculation uses the real event data following the steps presented below: 

 Retrieve the events that have occurred in a 200 km radius with a magnitude over 3 on the 
Richter Scale; 

 Resample the data by keeping only the maximum value over each week in order to not double 
count two events from a single earthquake; 

 Fit an Extreme Value Analysis (EVA) distribution, with the Block Maxima method using a yearly 
block size approach; 

Table of correspondence of score and value for 100 years return period. The final score is established 
using the range, in which the value is, and doing a linear combination to obtain a continuous score 
between 0 and 10. 

 
5 License Open Data Commons Open Database License / OSM (ODbL/OSM) 
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Table 6: Thresholds for earthquake scores 

Value Magnitude 

0 2.5 

1 4 

2 5.5 

3 6 

4 7 

5 8 

IV.7 Extreme rainfall 
As seen previously, a positive rainfall anomaly over a large region may cause excessive river discharge, 
which can lead to river floods events. In this particular case, we consider a different type of floods: flash 
floods that occur due to local extreme rainfall events over low-lying regions. These events can also 
provoke landslides events over vulnerable areas. They also are related to operational risks as they may 
impact productivity and supply chains. 

The datasets that can be used are: 

 the rainfall from WFDE5-GPCC between 1985 and 2015. It contains the rainfall from the ERA5 
reanalysis (at a 25 km resolution) bias corrected by GPCC gridded observations.  

 the rainfall calculated from convective rainfall rate and the large scale rainfall rate from ERA5 
reanalysis (25 km resolution) 

Local extremes of daily rainfall will be used along with vulnerability maps (local slope and landslide 
vulnerability). 

The following variables, characterizing these events, can be used: 

 99 Percentile of extreme daily rainfall 
 Return value for a 10y return period of extreme daily rainfall, based on a Peak-Over-Threshold 

method whose threshold is the 95th percentile value (such as used in Kim et al. (2021) to assess 
the extreme during the present period - therefore having a smaller sample of years for present). 
These values are fitted into a stationary generalized Pareto distribution (GPD). 

99 percentile events are used and are rescaled between 0 and 10, using the cumulative distribution 
function of values over land over a specific region. 

IV.8 Extreme snowfall 
Extreme snowfall can cause damages through avalanches or through excessive accumulation of snow 
on assets. They are considered an important level of operational risk, as they impact mobility and 
productivity with strong consequences for supply chains. 
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The datasets that can be used are: 

 the snowfall from WFDE5-GPCC between 1985 and 2015. It contains the rainfall from the ERA5 
reanalysis (at a 25 km resolution) bias corrected by GPCC gridded observations.  

 the snowfall calculated from snowfall rate from ERA5 reanalysis (25 km resolution) 

Local extremes of daily snowfall will be considered along with vulnerability maps (local slope and 
landslide vulnerability). 

The following characteristic of the events are considered: 

 99 Percentile of daily snowfall 
 Return value for a 10y return period of extreme daily rainfall based on a Peak-Over-Threshold 

method, whose threshold is the 95th percentile value such as used for rainfall in Kim et al., 2021 
to assess the extreme during the present period - and therefore having a smaller sample of years 
for present). These values are fitted into a stationary generalized Pareto distribution (GPD). 

99 percentile events are used and are rescaled between 0 and 10, using the cumulative distribution 
function of values over land over a specific region. 

IV.9 Storms 
Storms cause significant damages on physical assets and may affect supply chains to an important level 
of operational risk. This is because they can reduce mobility leading to strong consequences in the 
supply chains. 

The wind gust is a variable representing a sudden increase of wind speed and is characterized by the 
maximum 3 second wind speed. It is one of the main causes of damage to assets related to the wind 
(Koks 2020 + JRC technical report). The wind gust is not always available from climate simulations, in 
these cases the daily maximum wind speed can be used to assess extreme winds. 

The datasets that can be used are: 

  the daily maximum of the winds at a 10 meters height from WFDE5-GPCC between 1985 and 
2015. It contains the wind from the ERA5 reanalysis (at a 25 km resolution) bias corrected by 
GPCC gridded observations.  

 using the maximum of the 10 meter wind gust from the ERA5 reanalysis (25 km resolution). 

The following characteristic of the events are considered: 

 99 percentile of daily maximum wind speed or maximum wind gust. 
 Return value for a 10y return period of extreme 10-m wind based on an Extreme Value Analysis 

(EVA) distribution, with the Block Maxima method using a yearly block size approach, as well as 
a Gumbel distribution; which is the most adapted to extreme wind studies (Kang et al., 2015) 

99 percentile  events are used and are rescaled between 0 and 10, using the cumulative distribution 
function of values over land over a specific region. 

SCORING ALTERNATIVE 

A PDD function can also be used to assess the potential impact between 0 and 1 (cf. Figure 12). This 
score is multiplied by 10 to obtain a score between 0 and 10. However, this approach may be more 
adapted to the EVA based value. 
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Figure 12: Damage function for storm wind speeds 

IV.10 Tropical Cyclone 
Tropical Cyclone events are rare ones, which can have a very large uncertainty factor; as their 
trajectories can vary significantly. Therefore, the historical dataset of events may not be enough to 
evaluate tropical cyclone hazards. Thus, we use a dataset composed of 10,000 years of synthetic 
tropical cyclone tracks from the Synthetic Tropical cyclOne geneRation Model (STORM) algorithm 
(Bloemendaal et al., 2020), which is based on historical data from the International Best Track Archive 
for Climate Stewardship (IBTrACS; Knapp et al., 2010). Although it also contains synthetic events, this 
dataset represents present-climate tropical cyclone events.  

The first step consists of determining if the location is within a tropical cyclone basin and if it is the case, 
within which one (cf. Figure 9). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: Tropical cyclones events in the IBTrACS dataset over the different tropical cyclone basins, 
from Bloemendaal et al., 2020 
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Then, a subset of 1000 years of tropical cyclones over this basin is used as an input in the Climada 
model in order to extrapolate these events over a spatial grid. This is to isolate the values over the grid 
point, which is closer to the location of the asset. 

Then the Peak-Over-Threshold method is used to fit a generalized Pareto distribution over the extreme 
values of these events. The thresholds considered are the 10 percentile  of the tropical cyclone wind 
values (cf. Siumiu et al., 2003). This allows us to estimate the return value for a 5 years return period for 
a tropical cyclone event and to convert it into a value between 0 and 1 using the Proportion of Assets 
Affected (PAA), from a generic tropical cyclone damage function (cf. Figure 10). The Score can then be 
calculated by multiplying this value by 10. 

It is possible to integrate more uncertainty in the calculation of this Score by calculating the 5 years 
return period for 10 sets of 1000 years events, and use either the median value or the 90 percentile  of 
these values, depending on the desired degree of conservatism.  

 

ALTERNATIVE 

The CY-GLOBAL-GAR156 datasets from GFDRR containing the tropical cyclone wind speed for different 
return periods, over the different basins that can be used as an alternative. 

SCORING ALTERNATIVE 

A PDD function can also be used to assess the potential impact between 0 and 1 (cf. Figure 13). This 
score is multiplied by 10 to obtain a score between 0 and 10. 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: Damage function for tropical cyclones 

 
6  License Open Data Commons Open Database License / OSM (ODbL/OSM) 
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IV.11 Coastal floods 
The coastal flood risk is evaluated through the projection of the Aqueduct Coastal Flood risk score 
(Hofste et al., 2019). This data is available over different regions, considering both the political limits 
and the HydroBASIN sub-basin at level 6 [(check Ward et al. forthcoming)]. The average hazard is 
defined taking into account different magnitudes of flood events with return periods between 2 and 
1000 years. It then considers the exposure, through the affected population and their vulnerability, with 
the flood protection level from the FLOPROS model (Scussolini et al. 2016). 

The output is the percentage of the population affected annually on average (considering the probable 
occurrence of different return period events). 

ALTERNATIVE 

The SS-GLOBAL-MUIS7 datasets from GFDRR, containing the flood depth for coastal floods for different 
return periods over the different basins, can also be used as an alternative. 

In this case, a PDD function can be used to assess the potential impact between 0 and 1 (cf. Figure 14). 
This score is multiplied by 10 to obtain a score between 0 and 10. 

 

 

 

 

 

 

 

 

 

 

Figure 14: Damage function for surge height 

IV.12 Tsunami 
Tsunami risk is assessed through the tsunami hazard 500 years return period from the Global Tsunami 
Hazard model (Global Tsunami Hazard GTM RP5008; Davies et al., 2017; Løvholt et al., 2016). This is 
based on the global hazard analysis from Davies et al. (2017), which contains maximum flood heights at 
offshore hazard points. These are then projected to a shoreline by simple interpolation. This tsunami 
Maximum Inundation Height (MIH) is evaluated for different return periods. 

 
7  License Open Data Commons Open Database License / OSM (ODbL/OSM) 
8 Open Data Commons Open Database License / OSM (ODbL/OSM)  
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The value uses the maximum value in a 100km radius. The value is used as it is, a value of 3 corresponds 
to a score of 10. 

The value can be rescaled between 0 and 1, using the PAA from a default damage function for surge 
height (see Figure 11).  

IV.13 Landslide 
Landslides vulnerabilities are assessed using the Global Landslide Hazard Map* (World Bank, 2020) In 
particular, it shows the landslide hazards that are rainfall-triggered and earthquake-triggered, 
classifying them into four rank categories. 

The rank value is the maximum value over a 1km radius around the asset location. 

There are three different scores issued for this type of risk: 

 the rainfall triggered landslide risk: converted from a scale of [0,0.1] to [0,10] 
 the earthquake triggered landslide risk: converted from a scale of [0,0.03] to [0,10] 
 the combined risk: score between 1 and 4 rescaled between 0 and 10 

 

* Open Data Commons Open Database License / OSM (ODbL/OSM)  

IV.14 Additional data from Aqueduct 

The Aqueduct 3.0 water risk indicator (WRI, 2019) contains information at a sub-basin level for three 
large categories of risk: 

 Physical risk quantity 
 Physical risk quality 
 Regulatory and reputational risk 

PHYSICAL RISK QUANTITY 

The indicators retained in this category are: the water stress, the riverine and coastal floods, and the 
drought risk. 

The water stress is based on the ratio of total water withdrawals to available renewable surface as well 
as groundwater supplies. 

The riverine flood risk is based on the percentage of population expected to be affected by a riverine 
flood in an average year, using hydrological simulations from GLOFRIS (Ward et al, ). These account for 
existing flood protection standards (FLOPROS, Scussolini et al., 2016). Similar simulations are used for 
coastal flood risk. 

The drought risk is based on population and assets exposed to drought, including the vulnerability of the 
population. It uses the methodology from Carrao et al., (2016). 

PHYSICAL RISK QUALITY 

The untreated connected wastewater indicator is based on the percentage of domestic wastewater that 
is connected through a sewerage system, and not treated to at least a primary treatment level. 
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The coastal eutrophication potential is based on different riveting loading components that may 
stimulate harmful algal blooms in coastal waters. 

REGULATORY AND REPUTATIONAL RISK 

The 3 last indexes concern more with the regional / country levels, they are the following:  

 Unimproved/No Drinking Water: concerns water consumption from the population 
 Unimproved/No Sanitation: concerns water waste from the population  
 Peak RepRisk Country ESG Risk Index: The ESG risk exposure related to water 

  



Physical Risks Scores - Methodology 

 

 30 

References 
Bashfield, A., & Keim, A. (2011). Continent-wide DEM creation for the European Union. In the 34th 
International Symposium on Remote Sensing of Environment. The GEOSS Era: Towards Operational 
Environmental Monitoring. Sydney, Australia (pp. 10-15). 

Birkmann, J., E. Liwenga, R. Pandey, E. Boyd, R. Djalante, F. Gemenne, W. Leal Filho, P.F. Pinho, L. 
Stringer, and D.Wrathall, 2022: Poverty, Livelihoods and Sustainable Development. In: Climate Change 
2022: Impacts, Adaptation and Vulnerability. Contribution of Working Group II to the Sixth Assessment 
Report of the Intergovernmental Panel on Climate Change [H.-O. Pörtner, D.C. Roberts, M. Tignor, E.S. 
Poloczanska, K. Mintenbeck, A. Alegría, M. Craig, S. Langsdorf, S. Löschke, V. Möller, A. Okem, B. Rama 
(eds.)]. Cambridge University Press, Cambridge, UK and New York, NY, USA, pp. 1171–1274, 
doi:10.1017/9781009325844.010. 

Bloemendaal, N., Haigh, I.D., de Moel, H. et al. Generation of a global synthetic tropical cyclone hazard 
dataset using STORM. Sci Data 7, 40 (2020). https://doi.org/10.1038/s41597-020-0381-2 

Cai, Y., & Breon, F. M. (2021). Wind power potential and intermittency issues in the context of climate 
change. Energy Conversion and Management, 240, 114276. 

Cardona, O. D., Ordaz, M. G., Mora, M. G., Salgado-Gálvez, M. A., Bernal, G. A., Zuloaga-Romero, D., ... & 
González, D. (2014). Global risk assessment: A fully probabilistic seismic and tropical cyclone wind risk 
assessment. International journal of disaster risk reduction, 10, 461-476. 

Ciarlo, J.M., Coppola, E., Fantini, A. et al. A new spatially distributed added value index for regional 
climate models: the EURO-CORDEX and the CORDEX-CORE highest resolution ensembles. Clim Dyn 57, 
1403–1424 (2021). https://doi.org/10.1007/s00382-020-05400-5 

Dalla Longa, F., Kober, T., Badger, J., Volker, P., Hoyer-Klick, C., Hidalgo, I., Medarac, H., Nijs, W., Politis, 
S., Tarvydas, D. and Zucker, A., Wind potentials for EU and neighbouring countries: Input datasets for 
the JRC-EU-TIMES Model, EUR 29083 EN, Publications Office of the European Union, Luxembourg, 
2018, ISBN 978-92-79-77811-7, doi:10.2760/041705, JRC109698. 

Davies, G., Griffin, J., Løvholt, F., Glimsdal, S., Harbitz C., Thio, H.K., Lorito, S., Basili, R., Selva, J., Geist, 
E., and Baptista, M.A. (2017), A global probabilistic tsunami hazard assessment from earthquake 
sources, Geological Society, London, Special Publications, 456, doi:10.1144/SP456.5  

Dottori, F., Alfieri, L., Bianchi, A., Skoien, J., and Salamon, P.: A new dataset of river flood hazard maps 
for Europe and the Mediterranean Basin, Earth Syst. Sci. Data, 14, 1549–1569, 
https://doi.org/10.5194/essd-14-1549-2022, 2022. 

Eyring, V., Bony, S., Meehl, G. A., Senior, C. A., Stevens, B., Stouffer, R. J., and Taylor, K. E.: Overview of 
the Coupled Model Intercomparison Project Phase 6 (CMIP6) experimental design and organization, 
Geosci. Model Dev., 9, 1937–1958, https://doi.org/10.5194/gmd-9-1937-2016, 2016. 

Farr TG, Rosen PA, Caro E, Crippen R, Duren R, Hensley S, Kobrick Paller M, Rodriguez R, Roth L, Seal D, 
Shaffer S, Shimada J, Umland J, Werner M, Oskin M, Burbank D, Alsdorf D. The Shuttle Radar 
Topography Mission. 2007. 

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A., Muñoz‐Sabater, J., ... & Thépaut, J. N. 
(2020). The ERA5 global reanalysis. Quarterly Journal of the Royal Meteorological Society, 146(730), 
1999-2049. 

https://doi.org/10.1038/s41597-020-0381-2


Physical Risks Scores - Methodology 

 

 31 

Hofste, R., S. Kuzma, S. Walker, E.H. Sutanudjaja, et. al. 2019. “Aqueduct 3.0: Updated Decision 
Relevant Global Water Risk Indicators.” Technical Note. 

Joint Research Centre - JRC - European Commission. 2022. INFORM Global Risk Index 2019 Mid Year, 
v0.3.7. Palisades, New York: NASA Socioeconomic Data and Applications Center (SEDAC). 
https://doi.org/10.7927/yzp7-sm30. Accessed DAY MONTH YEAR. ENW 

Kang, D., Ko, K., & Huh, J. (2015). Determination of extreme wind values using the Gumbel distribution. 
Energy, 86, 51-58. 

Kim, W. M., Blender, R., Sigl, M., Messmer, M., & Raible, C. C. (2021). Statistical characteristics of 
extreme daily precipitation during 1501 BCE–1849 CE in the Community Earth System Model. Climate 
of the Past, 17(5), 2031-2053. 

Knapp, K. R., Kruk, M. C., Levinson, D. H., Diamond, H. J., & Neumann, C. J. (2010). The International 
Best Track Archive for Climate Stewardship (IBTrACS), Bulletin of the American Meteorological Society, 
91(3), 363-376. 

Koks, E. E. (2020). A high-resolution wind damage model for Europe. Scientific reports, 10(1), 1-11. 

Lehner, B., K. Verdin, and A. Jarvis. 2008. “New Global Hydrography Derived from Spaceborne Elevation 
Data.” Eos, Transactions, American Geophysical Union 89 (10): 93. doi:10.1029/2008EO100001. 

Løvholt, F., Griffin, J. & Salgado-Gàlvez, M. (2016). Tsunami hazard and risk assessment at a global 
scale. In: Meyers, R. (ed.) Encyclopedia of Complexity and Systems Science. Springer Science Business 
Media, New York, https://doi.org/10.1007/978-3-642-27737-5_642-1 NGI and Geoscience Australia 
(2015) UNISDR Global Assessment Report 2015 - GAR15, Tsunami methodology and result overview. 
NGI report 20120052-03-R 

Luck, M., M. Landis, F. Gassert. 2015. “Aqueduct Water Stress Projections: Decadal projections of water 
supply and demand using CMIP5 GCMs.” Washington, DC: World Resources Institute. 

Marin-Ferrer, M., L. Vernaccini, and K. Poljansek. 2017. Index for Risk Management INFORM Concept 
and Methodology Report - Version 2017. EUR 28655 EN . https://doi.org/10.2760/094023. 

Munoz-Sabater J, Dutra E, Agusti-Panareda A, Albergel C, Arduini G, Balsamo G, Boussetta S, Choulga 
M, Harrigan S, Hersbach H, Martens B, Miralles DG, Piles M, Rodr ́ıguez-Fern ́andez NJ, Zsoter E, 
Buontempo C, Th ́epaut JN (2021) ERA5-Land: A state-of-the-art global reanalysis dataset for land 
applications. Earth System Science Data 13(9):4349–4383, DOI 10.5194/essd-13-4349-2021 

Muis S., Apecechea M.I, Álvarez J.A, Verlaan M., Yan K., Dullaart J., Aerts J., Duong Y., Ranasinghe R., 
Bars D., Haarsma R., Roberts M., 2022: Global sea level change indicators from 1950 to 2050 derived 
from reanalysis and high resolution CMIP6 climate projections. Copernicus Climate Change Service 
(C3S) Climate Data Store (CDS). (Accessed on DD-MMM-YYYY), DOI: 10.24381/cds.6edf04e0 

Oliveira A, Lopes A, Correia E (2022) Annual summaries dataset of Heatwaves in Europe, as defined by 
the Excess Heat Factor. Data in Brief p 108511, DOI 10.1016/j.dib.2022.10851 

Schallenberg-Rodriguez J. A methodological review to estimate techno-economical wind energy 
production. Renew Sustain Energy Rev 2013;21:272–87. https://doi. org/10.1016/j.rser.2012.12.032. 

Schmitz, A., Després, J., Global temporal power data collection: electricity load and power generation 
from solar and wind, Publications Office of the European Union, Luxembourg, 2022, 
doi:10.2760/182749, JRC129563. 



Physical Risks Scores - Methodology 

 

 32 

Scussolini, P., Aerts, J. C. J. H., Jongman, B., Bouwer, L. M., Winsemius, H. C., de Moel, H., and Ward, P. 
J.: FLOPROS: an evolving global database of flood protection standards, Nat. Hazards Earth Syst. Sci., 
16, 1049–1061, https://doi.org/10.5194/nhess-16-1049-2016, 2016. 

Seneviratne, S.I., X. Zhang, M. Adnan, W. Badi, C. Dereczynski, A. Di Luca, S. Ghosh, I. Iskandar, J. 
Kossin, S. Lewis, F.  Otto, I.  Pinto, M. Satoh, S.M. Vicente-Serrano, M. Wehner, and B. Zhou, 2021: 
Weather and Climate Extreme Events in a Changing Climate. In Climate Change 2021: The Physical 
Science Basis. Contribution of Working Group I  to the Sixth Assessment Report of the 
Intergovernmental Panel on Climate Change [Masson-Delmotte, V., P. Zhai, A. Pirani, S.L. Connors, C. 
Péan, S. Berger, N. Caud, Y. Chen, L. Goldfarb, M.I. Gomis, M. Huang, K. Leitzell, E. Lonnoy, J.B.R.  
Matthews, T.K. Maycock, T. Waterfield, O. Yelekçi, R. Yu, and B. Zhou (eds.)]. Cambridge University Press, 
Cambridge, United Kingdom and New York, NY, USA, pp. 1513–1766, doi:10.1017/9781009157896.013. 

Viner, D, Ekstrom, M, Hulbert, M, Warner, NK, Wreford, A, Zommers, Z. Understanding the dynamic 
nature of risk in climate change assessments—A new starting point for discussion. Atmos Sci Lett. 2020; 
21:e958. https://doi.org/10.1002/asl.958 

van Vuuren, D.P., Edmonds, J., Kainuma, M. et al. The representative concentration pathways: an 
overview. Climatic Change 109, 5 (2011). https://doi.org/10.1007/s10584-011-0148-z 

Winsemius, H. C., Van Beek, L. P. H., Jongman, B., Ward, P. J., & Bouwman, A. (2013). A framework for 
global river flood risk assessments. Hydrology and Earth System Sciences, 17(5), 1871-1892. 

The World Bank (2020). The Global Landslide Hazard Map. Final Project Report. 

WMO Guidelines on the calculation of Climate Normals, WMO-No. 1203 (2017) 

World Resources Institute. Available online at: https://www.wri.org/publication/aqueduct-30. 

 

 

 

 

 

 

 

 

 

https://doi.org/10.1007/s10584-011-0148-z
https://www.wri.org/publication/aqueduct-30

