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1 Executive Summary 

 

This deliverable details site selection for single and multiple hazard analyses as part of Work 
Package 1, in the NARSIS project. Single hazard assessments (including the newly developed 
models of Deliverable 1.1) are undertaken for earthquakes, flooding, extreme weather (such 
as wind, rainfall, tornado, lightning and hail) for various temporal scales as well as spatial 
scales. These were chosen as they are generally the main hazards for which multiple hazards 
may occur and extensive secondary effects impact European NPPs. Extreme quantile 
estimates of environmental variables, such as earthquake ground motion, inundation depth 
and velocity, wind speeds, river discharges, etc., corresponding to return periods of the order 
of 50 to 100,000 years are used in the design and assessment of civil engineering 
infrastructures using the peaks-over-threshold (POT) method generally; or through physical 
analyses.  

The first part of the deliverable is dedicated to the choice of sites around Europe for further 
study. Here, care was taken as to the chosen sites, as a NPP would not make sense to be 
sited anywhere, and thus creating a generic set of locations is considered outside of the scope 
of this project given the wild and unrealistic results such an approach would give. Using the 
decommissioned and shutdown sites derived from this study, allows for a large testbed for 
hazard curves without many political issues with assumptions made for research purposes. 
Certain plants were removed as part of the analysis and a large amount of data has been 
scoped as part of this study for collecting site information.  

This will be used to refine the single hazard curves over the course of the project and in order 
to account for multi-hazard combinations.  

A collection of hazards datasets for Europe for the sites is examined to identify what is available 
for each of the hazards. These datasets are characterised including their resolution and what 
can be used for the analysis. A preliminary data analysis and examination has been made for 
earthquake (and secondary effects), tsunami, flood, hail, lightning, tornado, rainfall, 
temperature, volcano and wind; including screening. 

The detailed study of site location hazard curves is then presented:- 
a) Hazard curves are produced for Trino Vercellese in Italy for earthquake including 

disaggregation. The conditional mean spectrum method is used in order to provide 

adequate and representative time histories.  

b) In addition, earthquake hazard curves are calculated for Biblis and other sites which 

are deemed to have significant hazard along the same methodologies. 

c) Flood hazard is examined at sites including Trino Vercellese, Obrigheim, Biblis and 

Mülheim-Kärlich in order to create hazard curves and provide input. Flow data from 

stations is also examined as well as resolution of data.  

d) Station correlation analysis for extreme weather is undertaken, with temperature, 

wind, and rainfall examined for various stations. The station data around Europe was 

audited, and some examples for key sites are provided. 

e) Multivariate modelling is undertaken looking at the correlation between various 

parameters. 

It was found that many locations had relatively high hazard for tornadoes, earthquakes and 
flood. Wind, hail and lightning were also analysed using large empirical bases.  

The preliminary hazard curves produced as part of this study were for four main sites, however, 
the European datasets sourced as part of this study, enable plausible hazard curves to be 
derived for all of the decommissioned and shutdown sites. 
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Table 1: Overview of hazard developed for each site 

Site Latitude Longitude 
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Trino Vercellese 45.18313 8.27677 X X X X x  x x 

Mülheim Kärlich 50.40799 7.48592 X X X  x x x x 

Biblis 49.70879 8.41449 X X X  x  x x 

All decom sites European Scale Analyses 

 

These hazard curves and knowledge were included within the software setup for the first four 
hazards and sites. The software will present the single hazard curves for the various chosen 
sites, including different hazard parameters where applicable. These have been checked with 
WP2 and WP3 in order to ensure that the hazard curves as well as parameters are compatible 
with their outputs.  For each of the single hazard curves, the vulnerability components are to 
be examined in order to ensure that relevant hazard parameters are provided for each hazard 
in the final software. 

Further development of the single hazard curves will be made in Deliverables 1.2-1.5 and 
integrated within D1.7 (multi-hazard curve development). 
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2 Background and Introduction 

2.1 Scope and Objectives of the Deliverable 

The deliverable aims to examine the effects of single hazards across Europe with a view to 
producing multi-hazard curves later in the project. 

Single hazard assessments (including the newly developed models of Deliverable 1.1) are 
undertaken for earthquakes, flooding, extreme weather (such as wind, rainfall, tornado, 
lightning and hail) for various temporal scales as well as spatial scales. These were chosen as 
they are generally the main hazards for which multiple hazards may occur and extensive 
secondary effects impact European NPPs. Extreme quantile estimates of environmental 
variables, such as earthquake ground motion, inundation depth and velocity, wind speeds, 
river discharges, etc., corresponding to return periods of the order of 50 to 10,000 years are 
used in the design and assessment of civil engineering infrastructures using the peaks-over-
threshold (POT) method generally; or through physical analyses.  

The POT method is a widely used approach for extreme value estimation that includes peak 
values in the available data observed events exceeding a sufficiently high threshold. A greater 
amount of data is incorporated in this way compared to other methods resulting in a reduced 
sampling uncertainty. The extreme values typically follow asymptotically a Generalized Pareto 
Distribution (GPD). The actual application of this analysis and the identification of uncertainties 
is very much case-dependent (Scarrott & MacDonald, 2012) and will be studied for the different 
hazard types empirically. The format and parameters of the earthquake studies must be tuned 
to the needs of vector-valued fragility functions as developed in Deliverable 2.6. In this way 
multiple parameters from a hazard type are used at the same time and can portray a very 
different view of the same event. 

Comparison of hazards is only feasible via a risk metric. The metric that will be studied here is 
the unconditional annual probability of exceeding pre-defined limit states, the latter being 
characterized by fragility functions. Limit states should include large, moderate and minor 
permanent distortions and are one of the deliverables of work undertaken in Deliverable 2.1.  

Uncertainty quantification is taken into account at each step from the hazard source to the site, 
or an attempt is made to characterise this, where regression from historic information is 
undertaken. A stochastic approach to scenario development will be used, allowing 
characterization of the hazard curve to integrate all possible combinations for Design Basis 
Events. Hazards for NPPs are assessed for design, typically on the order of 10-4 to 10-5 per 
year level. The knowledge from Deliverable 1.1 will be taken into this, by examining single 
event impacts for various return periods. The scenario development will be based on the 
different uncertainty, temporal and spatial combinations of the input hazard. This will also be 
linked closely to the safety procedures including the severe accident management systems. 
The hazard curves for use in NPP assessment will therefore be examined looking at the 
uncertain and debatable model assumptions. 

From Deliverable 1.1, single hazards are defined to be primary hazards such as earthquake 
shaking. The secondary hazards associated with earthquake shaking (or ground motion) are 
defined to be processes like tsunami, landslide, liquefaction which are caused by the primary 
process. Correlated hazards on the other hand would be two individual hazards which have 
some dependence either temporally or spatially.  

There are a few clear objectives from this report: 
1) Define possible sites for analysis of single hazards within Europe upon which studies 

can be undertaken; 

2) Provide an examination of applicable single primary and secondary hazards; 

3) Development of single hazard methodology compatible with WP2 and WP3; 
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4) For each of the main hazard types, create hazard curves for these chosen sites; 

5) Show the integration with the multi-hazard explorer software being developed within 

WP1. 

2.2 Organisation of the Deliverable 

The first part of the deliverable is dedicated to the choice of sites around Europe for which 
hazard analysis will be carried out. Here, care was taken as an NPP would not make sense to 
be sited anywhere, and thus creating a generic set of locations is considered outside of the 
scope of this project. To this end, sites which have been considered previously for NPP siting, 
or NPP sites are considered around Europe.  

Decommissioned sites as well as current NPP sites would potentially therefore make good 
study locations. In addition, the research reactor sites around Europe were sourced, however, 
these are decided to not be examined because parameters such as vicinity to a university are 
not parameters of interest for NPP siting choice. Thus, the choice and scoping of the 
decommissioned, shutdown and current NPPs is explained in the first section. In addition, the 
reason for removal of certain plants is established.  

A background study on available hazards datasets for Europe for the sites is made, in order to 
examine what is available for each of the hazards. These datasets are characterised including 
their resolution and what can be used for the analysis.  

A preliminary data analysis and examination is made for earthquake (and secondary effects), 
tsunami, flood, hail, lightning, tornado, rainfall, temperature and wind; including screening for 
various representative NPP locations. 

The chosen sites for the detailed study are determined by taking the above points above and 
ensuring significant hazard combinations can be established. Through this thinking the 
following sites were selected as the first tranche of sites to be examined:- Trino Vercellese, 
Biblis, Markgrafenfeld, Mülheim, Kärlich, Caorso, Obrigheim and some Spanish and UK sites. 
The Spanish and UK sites have multiple sites, however the focus has been on the first 8 
mentioned during the single hazards phase. 

The detailed study of site location hazard curves is then presented:- 
a) Hazard curves are produced for Trino Vercellese in Italy for earthquake including 

disaggregation. The conditional mean spectrum method is used in order to provide 

adequate and representative time histories.  

b) In addition, earthquake hazard curves are calculated for Biblis and other sites which 

are deemed to have significant hazard along the same methodologies. 

c) Flood hazard is examined at sites including Trino Vercellese, Obrigheim, Biblis, and 

others in order to create hazard curves and provide input. Flow data from stations is 

also examined as well as resolution of data.  

d) Station correlation analysis for extreme weather is undertaken, with temperature, 

wind, and rainfall examined for various stations. The station data around Europe was 

audited, and some examples for key sites are provided. 

e) Multivariate modelling is undertaken looking at the correlation between various 

parameters. 

f) Finite volume modelling is shown for flash flood to look at the slope interaction 

These hazard curves and asscoiated information are to be included within the developed 
software. The software will present the single hazard curves for the various chosen sites, 
including different hazard parameters where applicable. Integration has been undertaken with 
work being undertaken in WP2 and WP3 in order to ensure that the hazard curves and 
parameters are compatible with their outputs.  For each of the single hazard curves, the 
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respective vulnerability components have been examined, such as (Loss of off-site power) 
LOOP, batteries, in order to ensure that relevant hazard parameters are provided for each 
hazard.  

2.3 Existing Guidance: Key Documents 

There exist a large amount of literature which are key background information pertaining to 
various hazard models associated with this analysis. Single hazards have been explored in 
this work along with overlaps to secondary hazards. 

The following ASAMPSA-E deliverables (www.asampsa-e.eu/deliverables-library) are seen as 
important: 

 PDF – D30.7 vol 1 Extended PSA and its Use in Decision Making (summary) 

 PDF – D30.7 vol 2 Methodology for Selecting Initiating Events and Hazards for 
Consideration in an Extended PSA 

 PDF – D50.15 vol 1 Report 1 – Guidance document on practices to model and 
implement EARTHQUAKE hazards in extended PSA (final version)- Volume 1 

 PDF – D50.15 vol 2 Report 1 – Guidance document on practices to model and 
implement EARTHQUAKE hazards in extended PSA (final version)-Volume 2 

 PDF – D50.16 Report 2 – Guidance document on practices to model and implement 
FLOODING hazards in extended PSA (final version) 

 PDF – D50.17 Report 3 – Guidance document on practices to model and implement 
EXTREME WEATHER hazards in extended PSA (final version) 

 PDF – D50.18 Report 4 – Guidance document on practices to model and implement 
LIGHTNING hazards in extended PSA (final version)  

 PDF – D40.7 vol2 ASAMPSA_E guidance for L2 PSA- Implementing External Events 
in L2 PSA 

 PDF – D21.1 Bibliography – Existing Guidance for External Hazard Modelling 

 PDF – D22.1 Summary report of already existing guidance on the implementation of 
External Hazards in extended Level 1 PSA 

 PDF – D40.2 Summary report of already published guidance on L2 PSA for external 
hazards, shutdown states, spent fuel storage 

A list of international and national standards including various IAEA reports is included in the 
bibliography. In particular, the following key documents summarise the state-of-art for single 
hazards: 

 IAEA, 2010. Development and application of level 1 probabilistic safety assessment 

for nuclear power plants : specific safety guide, IAEA safety standards series, ISSN 

1020–525X no. SSG-3. 

 IAEA, 2003. Site Evaluation for Nuclear Installations, IAEA Safety Standards Series 

No. NS-R-3, Vienna (2003). 

 IAEA, 2003. Consideration of external events in the design of nuclear facilities other 

than nuclear power plants, with emphasis on earthquakes. Tecdoc 1347, 113pp. 

 IAEA, 2003. Earthquake experience and seismic qualification by indirect methods in 

nuclear installations. Tecdoc 1333, 98pp. 

 IAEA, 2003. External Events Excluding Earthquakes in the Design of Nuclear Power 

Plants. Safety Guide NS-G-1.5, 105pp. 

 IAEA, 2003. Extreme External Events in the Design and Assessment of Nuclear 

Power Plants. Tecdoc 1341, 109pp. IAEA, 2003. Flood Hazard for Nuclear Power 

Plants on Coastal and River Sites. Safety Guide NS-G-3.5, 83pp. 

 IAEA, 2003. Meteorological Events in Site Evaluation for Nuclear Power Plants. 

Safety Guide NS-G-3.4, 34pp. 

http://www.asampsa-e.eu/deliverables-library
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D30.7-vol1_Extended-PSA_applications.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D30.7-vol-2-initiating-events-selection.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D30.7-vol-2-initiating-events-selection.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.15-REPORT-1-EARTHQUAKE-PSA-vol1.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.15-REPORT-1-EARTHQUAKE-PSA-vol1.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.15-REPORT1-EARTHQUAKEPSAvol-2.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.15-REPORT1-EARTHQUAKEPSAvol-2.pdf
http://asampsa.eu/wp-content/uploads/2017/03/ASAMPSA_E-D50.16-REPORT2-PSAFLOODING.pdf
http://asampsa.eu/wp-content/uploads/2017/03/ASAMPSA_E-D50.16-REPORT2-PSAFLOODING.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.17-REPORT-3-PSAEXTREME-WEATHER.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.17-REPORT-3-PSAEXTREME-WEATHER.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.18-REPORT-5-LIGHTNING-PSA.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D50.18-REPORT-5-LIGHTNING-PSA.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D40.7-vol2-External-Hazard-in-L2PSA.pdf
http://asampsa.eu/wp-content/uploads/2014/10/ASAMPSA_E-D40.7-vol2-External-Hazard-in-L2PSA.pdf
http://asampsa.eu/wp-content/uploads/2016/06/ASAMPSA_D21_1_External_Hazards_Bibliography.pdf
http://asampsa.eu/wp-content/uploads/2016/06/ASAMPSA_E-WP22-D22.1-extended-L1PSA-bibliography.pdf
http://asampsa.eu/wp-content/uploads/2016/06/ASAMPSA_E-WP22-D22.1-extended-L1PSA-bibliography.pdf
http://asampsa.eu/wp-content/uploads/2016/06/ASAMPSA_E-WP40-D40_2-extended-L2PSA-summary-on-published-guides.pdf
http://asampsa.eu/wp-content/uploads/2016/06/ASAMPSA_E-WP40-D40_2-extended-L2PSA-summary-on-published-guides.pdf
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 IAEA, 2011. Meteorological and Hydrological Hazards in Site Evaluation for Nuclear 

Installations Specific Safety Guide SSG-18, 146pp. 

 IAEA, 2012. Volcanic Hazards in Site Evaluation for Nuclear Installations. Specific 

Safety Guide SSG-21, 106pp. IAEA, 2014. Superseded Standards and Obsolete 

Standards. 21pp. 

 WENRA-RHWG, 2013. Report Safety of new NPP designs. Study by Reactor 

Harmonization Working Group RHWG, 52pp. 

 WENRA-RHWG, 2014. WENRA Safety Reference Levels for Existing Reactors. 

Update in Relation to Lessons Learned from TEPCO Fukushima Dai-ichi Accident. 

52pp. 
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3 Background of Site Selection for hazard curve locations 

In terms of the existing practice for NPP external hazards analysis, each country has different 
regulatory requirements regarding identification of single and combinations of external hazards 
in the frame of a probabilistic safety assessment (PSA). This report focuses on the European 
requirements. The state-of-the-practice external hazard analysis satisfies the Western 
European Nuclear Regulators Association (WENRA) safety expectations (see e.g. WENRA, 
2015). 

As defined through the first deliverable, external events are defined as the events that have 
originated from outside of the NPP and create an extreme environment with the potential of 
causing initiating events at the plant. External events are relevant if they affect the natural 
environment of the analysed plant, within its relevant surroundings, or on site. The natural 
environment may impact the plant itself directly (e.g. landslides), the site or other plants on the 
site.  

A framework approach has been undertaken to identify locations within Europe where nuclear 
power plant sites can be tested without using current sites but finding potential locations which 
are realistic to test external hazards as shown in Figure 1. 

 

Figure 1: Framework for choosing NPP sites which are relevant for analysis and which could be used as 
analysis sites. 

3.1 Identification of NPP sites 

Within Deliverable 1.1, a list of NPPs was used in order to examine the stress tests from 
various events. 224 research reactors (https://nucleus.iaea.org/Pages/rr-db.aspx) and 269 
NPPs were identified across Europe. It is expected that this list is not entirely complete, 
however it does include at least those covered in IAEA with respect to the research reactors. 

It includes those power plants which were sited, built, running, shut down, decommissioned 
and a few under construction sites within Europe (not including NPPs that were never sited or 
approved). This list is to be included in the final software as a downloadable and searchable 
table. See Figure 2 for the preliminary sites. 

The research reactors were then excluded from the analysis as the locations are not 
representative of production scale plants, and an examination was made of the 
decommissioned, shut down and existing plant locations, in order to classify the plants. Those 
with construction suspended or cancelled are also included, as they represented sites that had 
been selected, and therefore reasonable possible locations. 

Identification of NPP sites 
around Europe including 
current, decommissioned 
or shutdown reactors and 

research reactors

Screening out of sites 
where research reactors 

are present

Screening out of sites 
where there are both 

decommissioned, 
shutdown and current 

NPPs

Examination of hazard 
potential for the remaining 

NPP sites including 
potential thresholds and 

combinations

Choice of locations for 
detailed hazard analysis 

for use within the software 
and cross over with WP2 

and WP3

https://nucleus.iaea.org/Pages/rr-db.aspx
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Figure 2: Locations of identified NPPS, with countries shaded by number of NPPs. Red locations are where 
at least 1 decommissioned, shut down or suspended unit or NPP exists. 

The sites where nuclear power plants are in use were removed from the analysis (i.e. where 
both active and non-active units are present). This was done given that the operating sites 
have more extensive examination, and likely more details than we can glean from public data, 
thus it is not the purpose to disagree with such analysis. It would however be possible for such 
NPPs to apply the methodology characterised within this deliverable. Removing some of the 
never started Spanish plants such as Regodola yields in total 67 sites housing 86 units across 
Europe as seen in Figure 3. 
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Figure 3: Sites considered for analysis here where no existing running NPP or research location is present. 

It was decided to firstly implement the modelling of the occurrence of single natural hazards at 
the same time for test sites, in this case, sites of decommissioned NPPs. 

In total, there are 67 decommissioned or shutdown or suspended NPP sites in Europe (Table 
2 and Figure 3). Most of them are located in central and western Europe as seen in Figure 3. 
To decide on suitable and representative decommissioned sites as test sites, several criteria 
were set up to aid the decision-making process. One of the most important criteria was the 
availability of hazard databases containing recent and historic hazard events and already 
existing hazard maps of the surrounding areas of the decommissioned NPPs.  

The final column refers to those sites where detailed data is available. 

Table 2: List of sites examined as part of this study – decommissioned and shutdown sites 

  
NPP ISO 

Reactor 
Type 

Status 
Time of 

operation 

1 Zwentendorf AT BWR Never Operational never oper. 

2 BR-3 BE PWR Proto. Under Decommissioning 1962-1987 

3 Kozloduy-1/2/3/4 BU PWR Permanent Shutdown 1974-2006 

4 Lucens CH HWGCR Decommissioned 1966-1969 

5 Superphenix FR Fast breeder Permanent Shutdown 1985-1997 

6 EL 4 FR HWR Under Decommissioning 1966-1985 

7 G-1 FR GPR Under Decommissioning 1965-1968 

8 Chooz-A FR PWR Under Decommissioning 1967-1991 

9 St. Laurent A-1/2 FR GCR Permanent Shutdown 1969-1992 

10 Chinon A-1/2/3 FR GCR Permanent Shutdown 1963-1990 

11 Bugey-1 FR GCR Permanent Shutdown 1972-1994 

12 G-1/2/3 FR GCR Under Decommissioning 1958-1980 

13 KWB DE PWR Permanent Shutdown 1974-2011 

14 KKB DE BWR Permanent Shutdown 1976-2011 
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15 KKG DE PWR Permanent Shutdown 1982-2015 

16 Lubmin DE PWR Under Decommissioning 1973-1990 

17 VAK Kahl DE BWR Permanent Shutdown 1960-1985 

18 KKK DE BWR Permanent Shutdown 1983-2011 

19 KWL DE BWR Permanent Shutdown 1968-1977 

20 KMK DE PWR Under Decommissioning 1986-1988 

21 Obrigheim DE PWR Under Decommissioning 1968-2005 

22 KKR DE PWR Under Decommissioning 1966-1990 

23 KKS DE PWR Under Decommissioning 1972-2003 

24 Stendal DE WWER Never Operational never oper. 

25 Unterweser DE PWR Under Decommissioning 1978-2011 

26 THTR-300 DE HTGR Permanent Shutdown 1983-1988 

27 KWW DE BWR Under Decommissioning 1971-1994 

28 AVR Jülich DE PWR Under Decommissioning 1966-1988 

29 HDR Großwelzheim DE BWR Proto. Permanent Shutdown 1969-1971 

30 VAK Kahl DE BWR Permanent Shutdown 1960-1985 

31 KKP 1 DE BWR Permanent Shutdown 1976-2011 

32 KNK II DE FBR Under Decommissioning 1977-1991 

33 MZFR DE PHWR Under Decommissioning 1965-1984 

34 Isar-1 DE BWR Under Decommissioning 1977-2011 

35 KKN DE HWGCR Permanent Shutdown 1972-1974 

36 Gundremmingen-A/B DE BWR Under decommissioning 1966-2017 

37 Caorso IT BWR Permanent Shutdown 1978-1990 

38 Trino IT PWR Under Decommissioning 1964-1990 

39 Garigliano IT BWR Under Decommissioning 1964-1982 

40 Latina IT GCR Permanent Shutdown 1963-1987 

41 Montalto di Castro IT BWR Never Operational never oper. 

42 Ignalina LT LWGR Permanent Shutdown 1993-2009 

43 Dodewaard NL BWR Permanent Shutdown 1969-1997 

44 Zarnowiec PL PWR Never Operational never oper. 

45 Lemoniz SP PWR Never Operational never oper. 

46 Jose Cabrera SP PWR Under Decommissioning 1968-2006 

47 Valdecaballeros SP BWR Never Operational never oper. 

48 S. Maria de Garona SP BWR Permanent Shutdown 1970-2012 

49 Vandellos-1 SP GCR Permanent Shutdown 1972-1990 

50 Agesta SW PHWR Permanent Shutdown 1964-1974 

51 Barseback SW BWR Permanent Shutdown 1975-2005 

52 Bohunice A1/1/2 SK PWR Permanent Shutdown 1972-2008 

53 Berkeley UK GCR Permanent Shutdown 1962-1989 

54 Bradwell UK GCR Permanent Shutdown 1962-2002 

55 Calder Hall UK GCR Permanent Shutdown 1956-2003 

56 Chapelcross UK GCR Permanent Shutdown 1959-2004 

57 Trawsfynyd UK GCR Under Decommissioning 1965-1994 

58 Dounreay DFR UK Fast Breeder Under Decommissioning 1962-1977 

59 Dounreay PFR UK Fast Breeder Under Decommissioning 1975-1994 

60 Hunterston A-1/A-2 UK GCR Permanent Shutdown 1964-1990 

61 Windscale AGR UK GCR Permanent Shutdown 1963-1981 

62 WYLFA UK GCR Permanent Shutdown 1971-2012 

63 Sizewell A-1/A-2 UK GCR Permanent Shutdown 1966-2006 

64 Hinkley Point A-1/A-2 UK GCR Permanent Shutdown 1965-2000 

65 Dungeness A-2/A-1 UK GCR Permanent Shutdown 1965-2006 

66 Winfrith  UK SGHWR Permanent Shutdown 1967-1990 

67 Oldbury A-1/A-2 UK GCR Permanent Shutdown 1967-2012 

 

A set of criteria was established to further choose sites associated with external hazards. Apart 
from that, further research on the decommissioned sites themselves was conducted. Of 
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importance were, among other things, the reactor type (see figure 1), availability of stress tests 
and the year and state of decommissioning. The used criteria are: 

1) It was assumed that Boiling Water Reactors as well as Pressure Reactors are the 

most representative typologies from the sample of sites given the preference for Gen 

III reactors.  

2) Earlier decommissioning is preferred as this decreases the political nature of 

discussion associated with the NPPs. 

3) Decommissioned NPPs which are located in a hazard prone area are of special 

interest for the test modelling.  

4) The hazard that the decommissioned sites are exposed to can be assessed when 

evaluating the results of the research on hazard databases and hazard maps for 

different natural hazards.    

5) Sites should be exposed to 2 or more hazards at a potential hazard level of impacting 

operations at the plant  

The state-of-the-practice for the identification of potential external hazards and the screening 
analysis, which is conducted to identify the relevant single hazards for the particular site, is 
considered below in Section 3.2. The identification of relevant combinations of external 
hazards was presented in Deliverable 1.1. 

Comparing the results of different sites shows that many of the Italian sites fulfil the set criteria. 
For one, Italy in comparison to many other European countries is more affected by natural 
hazards, especially earthquakes. Also, the Italian sites were decommissioned already between 
1982 and 1990 and most of the Italian sites are furthermore equipped with Boiling Water 
Reactors. German sites also provide a very useful test bed for analysis also given high hydro-
meteorological hazards. Other scattered sites are also potentially of interest such as Marcoule. 
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3.2 General overview of European data and models covering the 
decommissioned sites 

Catalogues and databases containing information on recent and historic hazard events as 
well as already existing hazard maps built from models for the surrounding areas of the NPPs 
are important. To assess the availability and quality of existing and easily accessible 
databases and catalogues as well as the models via hazard maps and methodologies, an 
online research study was conducted over the last period of the project. The focus was 
thereby on global and European databases, as well as national databases. The research 
focused on the natural hazards listed below. This section investigates both models (inherently 
through hazard maps and existing studies) as well as databases and catalogues. 

The research showed that on a national level, the availability of datasets strongly varies from 
country to country and also varies strongly between the different natural hazards. The 
countries for which datasets were researched are Austria, France, Germany, Italy, Lithuania, 
the Netherlands, Poland, Spain, Sweden and the United Kingdom. These are the countries 
where the decommissioned NPPs are located which were considered as sites for the test 
modelling. On European and global level though, there are many datasets and catalogues as 
well as hazard maps available at lower resolution.  

Below, an overview of the quality of the retrieved databases and hazard maps is made. It was 
assessed by using provided metadata as well as the characteristics of the individual datasets, 
e.g. whether downloading is possible, and if so, which formats are offered and whether the 
download worked. Generally, a wide range of different download formats are available for the 
different databases. Common are kml or geotiff layers and excel or tab delimited files but only 
rarely GIS shapefiles were offered for download. These links are going to be included in the 
D1.8 software package as a searchable link in order to provide a state of the art in datasets 
given the size of the dataset. A quick summary is shown in Table 3. 

Table 3: Quality of the European and global datasets that were found readily and easily available online. 
Green means high quality, yellow means medium quality and red means either that no dataset was found 
or that the quality was poor. The terms Recent and Historic describe the temporal classification of the data 
that are contained in the data sets. The quality was assessed by using provided metadata as well as 
experiences when working with the individual datasets. 

Type of 
data 

Earth-
quakes 

Tsunami Land-
slides 

Flood Forest 
Fires 

Drought Extreme 
Weather 

Volcano 

Recent         
Historic         
Hazard 

Map 
        

The datasets can be characterised as one of three types: recent – indicating whether station 
data and other measured data is present; historic – representing documented evidence of past 
events including hazard metrics; and hazard maps developed via event set combinations for 
various return periods. A fourth type could be considered to be event sets without a hazard 
map as such, like a stochastic event set. 

A generalised set of the uncertainties associated with such analyses was introduced through 
ASAMPSA-E including a) data completeness, b) the impact on the SSCs (Systems, Structures 
and Components) in terms of the phenomena and mechanisms occurring, c) secondary effects 
such as flooding, landslides (via vegetation removal) etc., d) developer assumptions, e) 
engineering assessment reliability and f) human actions. These interact with the various 
datasets types above.  
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4 Available data, models and methodologies for production of 
hazard curves 

The available data, models and methodologies across Europe are now discussed in order to 
create a basis for the hazard curve production as part of Section 5. 

4.1 Individual Hazard Types and their applicability 

4.1.1 Earthquake 

There are a number of datasets covering the locations across Europe. Models have been 
developed by various entities over the last few decades taking into account the faults and 
uncertainties close to NPPs, such that they are usable for analysis. 

Current Probabilistic Seismic Hazard Assessment (PSHA) ignores correlations between 
various hazard parameters but also spatial correlations of ground motion (Crowley, 2014; 
Wagener et al., 2016). For a comprehensive evaluation of potential threats, hazard (and risk) 
assessment has to incorporate the internal NPP structures (reactor & auxiliary buildings, spent 
fuel tank) and the way they can possibly interact (e.g. damage caused by ground shaking to a 
spent fuel pool leading to an internal flood). Methods are provided in D1.1 to analyse extreme 
hazards in multi-varied ways (e.g. in space) using statistical analysis based on few collected 
data samples. Additionally, secondary hazards associated with each component separately 
will be taken into account using analytical approaches. 

The SHARE model as part of the Global Earthquake Model is the most common of these 
models, which can be used as part of site-specific studies. Important at the sites is, of course, 
the site effects data, however in most cases the detailed data is not available. Thus in certain 
locations, it is only possible to use Vs,30 (shear wave velocity in the first 30m of soil) as a 
proxy. The PGA and spectral ordinates have been derived for each of the locations for the 
various return periods (73, 102, 475, 975, 2475, 4975 years defined using Poisson process). 
The mean and 95th percentile of the 4975 year hazard map, are shown in Figure 5 and Figure 
6. 

For Italy, the MPS19 model (Meletti et al., 2019) is the newest model for the official country 
codes as seen in Figure 4 with little changes from previous models (MPS04) and SHARE. It is 
one example that SHARE is a reasonable representation for a first pass screening model and 
for hazard curves.  
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Figure 4: 475-year hazard model – MPS19 vs. MPS04 via Meletti et al. 

 

Figure 5: Spatial distribution of average expected ground motions with a return period of 5000 years 
based on the SHARE model 
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Figure 6: Spatial distribution of 95th percentile of expected ground motions with a return period of 5000 
years based on the SHARE model 

Although regional models have been developed in addition to SHARE; these are mostly along 
the same methodological lines.  

 

4.1.2 Earthquake – Secondary Effects 

The significant site modification made during NPP construction, generally precludes common 
secondary effects such as slope failure, ground loading and ground failures as seen in Table 
4. 

Table 4: Secondary and tertiary effects of earthquakes 

Type of Effect Name Key Elements 

Secondary Effects Tsunami Wave height 
Size of fault rupture and proximity 
to coastline 

 
Landslide, Slope Failure Slope of the location 

Soil typologies and stability of 
regolith 
Geological map 

 
Liquefaction Sand/Soil type (Grain size) Water 

Table location (Saturation) 

 
Changes in Ground Level Ground Loading 

 
Fire Flammability Index and 

susceptible components 

 
Flooding, Dam Breaks Location of shaking with respect 

to water bodies 
Susceptible dams and potential 
earth locations. 

Tertiary Effects Epidemics Susceptibility of Population and 
Climate 
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Socio-psychological Age, Cultural and Socio-economic 

Status 

 
Economical Economic status of the region 

 
Environmental Environmental Susceptibility of 

the region 

 

Liquefaction in the near field would likely also be screened out due to the quality of foundations 
and ground stabilisation, but should be taken into account using detailed site conditions, rather 
than as a scoping analysis if detailed information is available at sites. However, there exist a 
number of datasets which take into account some of the following secondary effects as part of 
an earthquake analysis beyond ground motion and fault rupture. Similarly to this, landslide 
should also not be used on the resolutions where data is available. In general, in the plant 
siting, landslide is also excluded. A rough guide as to locations can be made through the work 
of the Pan-European Landslide Susceptibility Mapping: ELSUS Version 2 project, where 
historic landslides were checked (shown in Figure 7). However it cannot be used for local 
landslide susceptibility. KKW Mühleberg (to be shutdown on 20th December 2019) and Lucens 
were the only sites within a high or very high classification across all plants in terms of 
classification via this methodology. As such, combining the results with any seismic slope 
stability would, at this resolution, be redundant.  

 

Figure 7: The ELSUS v2 200m resolution landslide susceptibility model with the NPPs around Europe 
(black circles) 
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4.1.3 Tsunami 

A scoping analysis for tsunami around Europe, determined that there are no sites where 
significant impacts will occur. This was undertaken using two models – 1) the model of Schäfer 
(2018), and 2) the model using the TSUMAPS NEAM project. The model of Schäfer (2018) 
(an example EU tsunami is shown in Figure 8) was detailed in Deliverable 1.1 and thus will not 
be explained further. Such scenarios can be created and probabilistic modelling was also 
undertaken. 

 

Figure 8: Tsunami scenario example for a Mediterranean earthquake. 

 

The NEAM Tsunami Hazard Model 2018 (NEAMTHM18) is a probabilistic hazard model for 
tsunamis generated by earthquakes. It covers the coastlines of the North-East Atlantic, the 
Mediterranean, and connected Seas (NEAM). The hazard results are provided by hazard 
curves calculated at 2,343 Points of Interest (POI), distributed in the North-East Atlantic (1,076 
POIs), the Mediterranean Sea (1,130 POIs), and the Black Sea (137 POIs) at an average 
spacing of ~20 km as seen in Figure 9. For each POI, hazard curves are given for the mean, 
2nd, 16th, 50th, 84th, and 98th percentiles. 
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Figure 9: The TSUMAPS-NEAM project model portal where hazard curves are produced based on the 
model. 

 

Maps derived from hazard curves are Probability maps for Maximum Inundation Heights (MIH) 
of 1, 2, 5, 10, 20 meters; Hazard maps for Average Return Periods (ARP) of 500, 1,000, 2,500, 
5,000, 10,000 years, for example with the 10,000 year hazard map shown in Figure 10.These 
have been then extrapolated to onshore locations to check the hazard compared to the plant 
height. The TSUMAPS NEAM project modelled inundation height around Europe from 2016-
2018 allowing for inundation heights (peak coastal amplitudes) as shown in Figure 10 for 
Hinkley Point A NPP. 

 

 

Figure 10: The TSUMAPS-NEAM hazard curve for the offshore point leading to Hinkley Point A NPP. 
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Through this analysis, it becomes apparent that work to find representative NPP sites in 
Europe is difficult given that sites are all designed for wave and surge which also acts to limit 
tsunami impact. A join to a European 25m DEM (EU-DEM), identifies a number of sites which 
have a potential for issues as shown in Figure 11. Vandellos NPP is the lowest of these, 
however it can be seen that this is usually accounted for in design, where they place all the 
alternative sinks and pumping system, cooling towers etc., at heights of 24m and above, 
although the pump house is at 1m above sea level. More can be viewed in the study in 
Deliverable 1.1 or in the Spanish stress test documentation.  

 

Figure 11: Elevations of the decommissioned and shutdown NPPs above sea level 

Hinkley Point B details the key margins in their stress test within potential tsunamis (a 1 in 
10000-year tsunami at 7.9m asl). The maximum design basis was made at 8.3m AOD, and 
the physical elevation of the main nuclear island is at 10.21m. Hinkley Point A-1 and A-2 are 
identified via the EU-DEM, but using the DSM and DTM data at 1m resolution from DEFRA 
identifies the quality difference. 

Among the decommissioned or shutdown plants, Hunterston, Greifswald and Zarnowiec are 
all likely well shielded from seismically induced major tsunamis.  Brunsbüttel on the Elbe River 
in Germany, has a height of 2.5m, but is shielded via the 8.45m AOD dike, where a 10000 
year event is measured to be 7.5m from storm surge (6.7m for 10000 years, with 0.8m wave 
height) – calculated via KTA 2207/L-57. 

Indeed, it has been decided that the modelling of these sites cannot be adequately assessed 
with the simple 30m DEM data and other global models and thus, for this scoping study, hazard 
curves are only presented as peak coastal amplitudes before more detailed modelling (as in 
WP1.2.1) will be undertaken. 
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4.1.4 Extreme Weather - Wind Speed, Temperature and Precipitation 

There exist a number of datasets for station data across Europe. As stated in D1.1, station 
data is required in order to develop the extreme value statistics in order to derive the possible 
wind speeds at the site.  

These methods may employ taking a group of close stations to the site in order to derive the 
most likely correlation of site conditions. It may also be however that similar stations inside of 
a certain radius could be used where station heights, aspect and type match well.  

Using the methodology from D1.1, most NPP assessments involve some form of extreme 
value statistical modelling of the different perils, the most common involving annual maxima or 
the PoT (peak- over-threshold) methods. These have been described extensively as part of 
D50.17 of ASAMPSA-E and will only be briefly summarised in this document.  

Where data are incomplete, finding ways to complete the data can be difficult. Given that 
extreme values are the key data there is no simple way to impute data. Asymptotic estimators 
and/or expectation-maximization algorithms can be used but gives no clear increase in 
completeness – similarly maximum likelihood estimators can be used, but also provide only 
marked improvements when looking at EV statistics. Thus, collection of historical data is crucial 
to the stochastic modelling and simulations, and examination of whether neighbouring site data 
can be applied is required. Estimation of uncertainties along the whole data chain is required. 

A number of observational data time-series have been identified across Europe from the 
review of ASAMPSA_E, and through research undertaken during the NARSIS project.  

These datasets are shown in Table 5 and have been used within the station data analysis 
using extreme value statistics. 

Table 5: European wide extreme weather statistics 

Name Datasets Link Resolution 

ECA&D Wind speed (gust and sustained) 
Temperature (min, mean, max) 

http://eca.knmi.nl/, 
downloaded 

Germany, Netherlands, 
Ireland, Estonia, Norway, 
Spain; 745 stations total 
for Europe.  

GSOD Mean temperature (.1 Fahrenheit),  
Mean dew point (.1 Fahrenheit),  Mean 
sea level pressure (.1 mb), Mean 
station pressure (.1 mb), Mean visibility 
(.1 miles), Mean wind speed (.1 knots), 
Maximum sustained wind speed (.1 
knots), Maximum wind gust (.1 knots), 
Maximum temperature (.1 Fahrenheit), 
Minimum temperature (.1 Fahrenheit), 
Precipitation amount (.01 inches), 
Snow depth (.1 inches) 

https://catalog.data.gov/data
set/global-surface-summary-
of-the-day-gsod, downloaded 

9000+ stations around the 
world; with varying hourly 
quality and completeness.  

Agri4cast Numerous – see 
https://marswiki.jrc.ec.europa.eu/agri4
castwiki/index.php/Analysis_of_weath
er_indicators – temperature and rainfall 
mainly. Sum of precipitation, 2m air 
temperature. Maximum of 2m air 
temperature, Minimum of 2m air 
temperature, Downward directed solar 
radiation measured at earth's surface 
(global radiation), Duration of 
sunshine, Total cloud cover, Water 
vapour pressure, Relative humidity, 
10m mean wind speed, Snow depth 

https://agri4cast.jrc.ec.europ
a.eu/DataPortal/Index.aspx?
o=d, not downloaded 

25x25km gridded result 
based on station data, 
STATIONS holds over 
9377 stations distributed 
over 40 countries in 
Europe and neighboring 
countries. Data from 1975 
onwards as seen in Figure 
12 

ESWD Historical event based data for various 
typologies. 
tornado, severe winds, large hail, 
heavy rain, vortex, dust devil, heavy 

http://www.eswd.eu. Hazard parameters differ 
depending on hazard. 
Generally point location 
with maxima.  

http://eca.knmi.nl/
https://catalog.data.gov/dataset/global-surface-summary-of-the-day-gsod
https://catalog.data.gov/dataset/global-surface-summary-of-the-day-gsod
https://catalog.data.gov/dataset/global-surface-summary-of-the-day-gsod
https://marswiki.jrc.ec.europa.eu/agri4castwiki/index.php/Analysis_of_weather_indicators
https://marswiki.jrc.ec.europa.eu/agri4castwiki/index.php/Analysis_of_weather_indicators
https://marswiki.jrc.ec.europa.eu/agri4castwiki/index.php/Analysis_of_weather_indicators
https://agri4cast.jrc.ec.europa.eu/DataPortal/Index.aspx?o=d
https://agri4cast.jrc.ec.europa.eu/DataPortal/Index.aspx?o=d
https://agri4cast.jrc.ec.europa.eu/DataPortal/Index.aspx?o=d
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snowfall/snowstorm, ice accumulation, 
avalanche and lightning 
 

RAIN 
Project 

Historical freezing rain cases in Europe 
based on the ERA-Interim reanalysis in 
1979–2017 
annual number of situations conducive 
to thunderstorm formation 
blizzard 
coastal flood 
convective windstorms 
forest fire 
freezing rain under present and 
projected future climate 
heavy crown snow load 
heavy snowfall under present and 
projected future climate 
large hail 
river flood 
tornado 
windstorm 
heavy precipitation 

European Severe Storms 
Laboratory; TU Delft, Faculty 
of Civil Engineering and 
Geosciences, Department of 
Hydraulic Engineering; Freie 
Universität Berlin, Institute of 
Meteorology; Finnish 
Meteorological Institute 
(2016) RAIN: Pan-European 
gridded data sets of extreme 
weather probability of 
occurrence under present 
and future climate. 
4TU.Centre for Research 
Data. Dataset. 
https://doi.org/1 
0.4121/collection :ab70dbf9-
ac4f-40a7 -9859-
9552d38fdccd, downloaded. 

25km resolution 
Static parameter of data, 
Gridded data sets 
.nc files. 
 

 

 

Figure 12: JRC Station Data via the Agric4cast Wiki for various station data parameters as per the table 

Including networks of voluntary observers, meteorological services and the general public, 
ESWD has as objective to collect and provide detailed and quality-controlled information on 
severe storm events over Europe (information on the tornado, severe winds, large hail, heavy 
rain, vortex, dust devil, heavy snowfall/snowstorm, ice accumulation, avalanche and lightning). 
Data collection is based on information from reports received by e-mail, newspapers etc. 

https://doi.org/1%200.4121/collection%20:ab70dbf9-ac4f-40a7
https://doi.org/1%200.4121/collection%20:ab70dbf9-ac4f-40a7
https://doi.org/1%200.4121/collection%20:ab70dbf9-ac4f-40a7
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The Hitachi ABWR Generic Design (Hitachi GE, 2017) assessment provides details regarding 
external hazards and provides a good check of the key input parameters compared to the 
characterisation within ASAMPSA-E. 

Station data also plays a role with respect to building extreme event data. For design basis 
events, the worst events in the historical record are often ported to the NPP, and then scaled; 
however due to anthropogenic effects, it may be necessary to scale events that occurred a 
long time ago. In addition, the interaction between correlated hazards may cause additional 
issues in defining the extreme events. 

To do so, physical or statistical models can be used. Stott et al. (2016) describes key behaviour 
of physical models across extreme weather. Similarly, Sillmann, et al. (2017) describe the 
feedback between models and observations. 

For example, a stochastic model for air temperature reliably reproducing extreme events has 
been proposed by EDF R&D and can be used to produce larger samples of frost events. From 
ASAMPSA-E, the following numerical simulation data is suggested for event modelling: 

In general, one can consider the following possibilities of using data from numerical 
simulations: 

- Meteorological data from numerical weather forecasts made in the past. Most national 
weather services have sets of prognostic data from simulations performed over many years. 
These data can be useful for reanalysis. For example, there are the following projects from 
ECMWF (European Centre for Medium Weather Forecast): ERA-40 – data for period 1957-
2002; ERA-15 - data for period 1979-1993; ERA-Interim - global atmospheric reanalysis from 
1979; ERA-20C - first ECMWF atmospheric reanalysis of the 20th century i.e. from 1900-2010. 

- The aforementioned data can be applied in ensemble systems, allowing the estimation 
of probabilities of the occurrence of rare meteorological phenomena under consideration. This 
takes account of extreme conditions that could have happened in the past with some 
probability (even when this is very small). Additionally, the data are available on grids that are 
much denser than the monitoring meteorological network. As such, geo-statistical techniques 
can be easily applied to obtain data for the whole area of interest. 

- Data from reanalysis can also be applied for performing climatic modelling, i.e. by 
providing projection of the development of weather conditions in the period of the future 
operation of NPPs. 

- Simulations can also be performed for facilities other than NPPs, and then geo-
statistical methods can be applied to provide an estimate at a NPP. However, this is of very 
limited use, as good data are needed for such simulations to avoid big uncertainties. 

 

For extreme wind analysis, along the lines of modelling the accident sequence, the hazard and 
vulnerability components are mostly examined in tandem by looking at the equipment 
vulnerable to external extreme hazards.  

With respect to extreme weather aspects like wind, there are also methods for reduction of 
speeds via protective structures at the site and thus, this also needs to be taken into account 
when defining the final hazard. This then feeds into the changes needing to be made in terms 
of the probability of personnel action failures, event tree changes and the calculation of 
accident sequences. 

Extreme weather phenomena are very difficult to model. This is due to the complexity of the 
meteorological phenomena due to rapid changes. Synoptic situations are generally not 
recorded with past extreme events, which means it is difficult beyond extreme value statistics 
of the wind speed and other meteorological parameters to provide the meteorological setting 
as part of the hazard analysis. Similarly with climate change impacts this is not well 
understood. 
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The station data, which are often used, have a limitation in that the values between stations is 
an unknown beyond interpolation and downscaling methodologies. Site-specific data is often 
needed in order to have a realistic curve for wind speed (or other extreme weather 
parameters). For tornadoes and the likes this is not possible, and the time series is often very 
limited.  

In most cases in reality there is no probabilistic distribution which fits perfectly for extremes, 
and thus, mixed distributions would be optimal. However they are also more difficult to apply. 
For smaller events, or more frequent events, there is often not enough information to 
characterise all parameters. However for sequential events the parameters may be important 
to combine to a large event where much more is known. In the same sense, the quantification 
of aleatory variability and epistemic uncertainty is often difficult. 

A number of wind tunnel tests have been made for studying rotating winds and pressure 
difference, however the model validation has been limited due to the difficulty to create such 
models of complex wind. Similar problems have been seen for mimicking other styles of 
meteorological hazards. However, on the vulnerability side, looking at the wind loads acting 
upon various components of NPP infrastructure can be related to other existing literature. 
There are a number of important parameters such as the geometry of the NPP which plays an 
important role, looking at the pressure gradient and other parameters, but is very difficult to 
model in the absence of empirical data. 

 

 

Figure 13: Probability of annual occurrence (rate/yr) for winds exceeding 32m/s via the RAIN Project. 

The typical PSA analyses undertaken for extreme weather hazards involve station data as 
previously mentioned and extreme value theory. The lack of observation data and the need to 
quantify the significant uncertainties is a key task that will be examined in this study.  

These uncertainties often propagate through to the fragility curves for such analyses of 
extreme weather with a lack of fragility curves for many extreme weather types due to the lack 
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of observation or testing. This difficulty is particularly relevant with respect to temperature 
hazards where the outdoor temperature and indoor temperature need to be examined by 
looking at the HVAC system and other components, not just the ambient outdoor temperature. 
In addition, the human reliability analysis associated with an extreme temperature event is key. 

Within a particular hazard there is unfortunately a lack of studies looking at the correlation 
coefficients between various failure modes. Indeed, although multiple parameter correlations 
have not been handled, single hazard methodologies for wind and tornado induced missiles 
also require further research. 

Beyond, station data analyses of temperature, rainfall and wind, several key extreme weather 
types exist which will now be detailed.  

 

4.1.5 Tornado 

For extreme weather the ASAMPSA-E report 3 on Extreme Weather provides the key 
assessment methodologies for different types of extreme weather. It provides an overview of 
the existing work using extreme value theory and past results to determine hazard 
assessment. In past events, according to ASAMPSA-E, systems and equipment are mostly 
affected via extreme weather hazards like tornado. This could be due to electrical 
disturbances, LOOP, cooling function problems, difficulties in implementing emergency plans 
and accident measures and site accessibility issues.  

Events have been detailed in deliverable D1.1.  

Site specific data has been sourced across Europe for the decommissioned sites, with 
operational experience often playing a role. However, weather data is often only available over 
a short time period, and station data assessment and past events are often sparse. Off-site 
data thus needs to be used to supplement the onsite event data. This empirical data is clearly 
required, or simulation techniques need to be used. It should be noted that the rotational 
speeds have huge uncertainties associated with them as very few measurements have been 
made. In addition the dynamics of tornadoes and randomness of debris loads make the 
estimates very uncertain. In most cases, the recording equipment also fails or is destroyed. 

Time-series data from meteorological stations can be used to determine the hazard at a site. 
The homogeneity of the data is the key issue. Pre-disaster, radar reflectivity and other methods 
can be used where available. However, convective storms often occur at very short notice. 

For the tornado analysis in this study, historical data is used and analysed with the knowledge 
that extreme events occurred a long time ago in the past. Although past tornado data is 
available, it is difficult to derive the key instrumental data of rotational and translational wind 
speed, duration of the wind intensity, radius of maximum rotational wind speed, pressure rates, 
and debris initiation.  

At best for the European cases, historical data with Fujita scales are derived from eyewitness 
reports, damage evaluations and in rare cases, readings. Hazard curves have been historically 
derived during the tornado assessment of NPPs.  

The importance of maximum values has been explained in D1.1, and it is recommended in 
most cases that a Type 1 Extreme Value distribution is used. This is either known as a Gumbel 
or less commonly Fisher-Tippett: 

𝐺(𝑧, 𝑎, 𝑏) = 𝑒𝑥𝑝 {−𝑒𝑥𝑝 [− (
𝑧−𝑏

𝑎
)]} , −∞ < 𝑧 < ∞, where for the cumulative distribution 

function, z = the random variable, b = mode value (location parameter) and a is the scale 
parameter  

Clustering of events should be taken into account, and thus in most cases for tornado, the 
peak over threshold approach is most suited vs. an annual maxima, where some clustering 
occurs.  
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Starting rates have been derived via Groenemeijer and Kühne (2014). Indeed, there have been 
many tornado events over the last few centuries as characterised within their database. 
Physical models of the genesis of tornadoes are at present limited for Europe. Severe 
convective storms have been modelled as part of linearised models (Kunz et al., 2011), 
however tornado models are not commonplace and can only be applied on the basis of historic 
event data at present.  

 

The ESWD (European Severe Weather Database) provides historical accounts of tornado 
data, and as such we can use this database in combination with some more local databases 
to build the probability of a damaging tornado occurring, and what the windspeed reoccurrence 
rates will be. Most of the datasets use Fujita scale, however the Enhanced Fujita Scale has 
been used in most cases since the 2000s.The following annual probability of occurrence of 
tornadoes is interpolated from the work of ESSL through the EU-RAIN Project. It can be seen 
that it differs from the data above, mainly due to the issue that the F0 events are 
underestimated through time; and that the time period used (i.e. 1971-2000) was not as 
representative of the completeness of the original data (Figure 14). 

 

Figure 14: Probability of annual occurrence (rate/yr) for tornadoes from the RAIN project reanalysis of 
historical data 

4.1.6 Hail 

For hail modelling, the European setting has been detailed within Punge and Kunz (2016). 
There they present not only the work of authors such as Mohr et al. (2015) in terms of a logistic 
hail model for Europe, but also present a state-of-art in country level assessments for hail 
hazard across Europe. Here the peak signatures are seen over the Trino and Caorso sites. In 
this way, derivations can be made to extract the probability of major hailstorms affecting the 
various plants.  

As part of the model of Punge et al. (2014), the peak signatures are seen as well in the Po 
Valley at the Trino and Caorso sites, as well as towards the south of Germany and through 
Switzerland. As part of the work of Punge and Kunz (2016), they identify multiple hail events 
across Europe with hail stones exceeding 1kg, and 15cm in diameter. This can be converted 
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to either kinetic energy or other parameters. The ESWD also provides such data around the 
plants. 

Although not being of interest directly for power plant components; the operational aspects of 
NPPs can be affected by hail, and thus integrating it in the multi-hazard system should be 
considered and a good base rate is shown by Figure 15. 

 

 

 

Figure 15: Hail event frequencies as estimated by Punge et al. (2014) 

 

4.1.7 Lightning 

As described in the D1.1, previous lightning events have occurred around Europe with strikes 
causing problems for loss of external power, tripping various circulation pumps or voltage 
transient. The standard for analysis of lightning is as part of the IEC 62305-2, which is valid for 
all large industrial sites. The objective for the hazard assessment in this standard is the 
frequency of dangerous events.  

Within Germany there is the KTA 2206 (2009-11) standard applied in Germany for design 
against lightning. Within the lightning assessment we need to first examine the metrics used 
for assessment. As lightning is the charge potential equalisation between the cloud mass and 
the earth’s surface, the positive charge is the measured unit. The most accepted 
characteristics of lightning are the absolute peak current (in kA) and the intensity of the 
discharge (this can be measured via meteorological stations). Current is usually in the order 
of 20-25kA, but can be as high as 300kA. 

However, lightning does not have to strike a plant directly to cause damage. 

There are secondary effects of lightning (direct energisation, electromagnetic pulse, ground 
potential rise) which should also be mentioned. Direct energisation of electrical cables, wires, 
fencing, railroad tracks, piping concerns the electrification of near NPP circuits and conductors. 
Near field coupling from the highly charged cloud which induces voltages in conductors is 
another such secondary effect. This is otherwise known as LEMP or Lightning Electro 
Magnetic Pulse. Ground potential rise can occur near the point where a strike occurs which 
puts a high voltage on ground wires. These conductors can become pathways for equipment 
being exposed to high voltage. 
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The various types of lightning should be discussed as the definition is critical to the hazard at 
the plant. Cloud to ground lightning is that which is comprised of one or more strokes 
propagating from the cloud to ground with positive charge occurring between cloud and 
ground, as opposed to cloud lightning which is only within the cloud.  

Along these lines, for NPPs, we are mostly only interested in the first type. Within this type, 
multiple strikes generally occur (a first strike hits the ground and then subsequent strikes 
generally occur numbering from 2-40, with an average of 4). These multiple strikes allow for 
large distances to be reached. The duration is from 20-50ms, but this repeating and multiple 
strikes can reach up to 2s, and up to 40,000 °C.  

The definitions from the standard on KTA2206 Page 1 should be used: 

The basis for this safety standard is formed by  

a) deriving and specifying lightning strike characteristics from the measurement results of 
actual lightning strikes,  

b) evaluating specific experiments with pulse generators that simulate lightning strikes by 
inducing voltage pulses into cables and conductors of existing nuclear power plants which are 
already protected by defined and relevant lightning protection measures,  

c) specifying analytical procedures for the determination of that portion of the lightning current 
that must be considered for the induced voltage pulses,  

d) evaluating results from analytical and numeric procedures regarding the lightning-based 
voltage pulses induced into cables of cable ducts and into ground-routed cables [1], [2]. 

Within the standard, these are defined in three lightning waves and the current parameters are 
described and are required for analysis. Each of the characteristics is required as they all relate 
to the final discharge. These design units are then examined based on the height of the 
structure as either being higher than 60m or lower. 

Table 6: Parameters for the lightning current pulse (KTA2206) 

 

Table 7: Factors for the charge and duration of the pulse based on the height of the structure (KTA2206) 
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Lightning is generally characterised in isokeraunic maps (distribution of lightning intensities per 
area (i.e. average storm days). Based on the number of storm days the probability of 
occurrence parameters can be derived as in IEC 62305, in Figure 16. 

 

Figure 16: Storm day conversion to number of strikes via the IEC62305 

A study of NPPs in France (Duqueroy et al., 2014) characterised number of storm days and 
then used the density of arcs (arcs of lightning per km2 per year). The density of flashes was 
then calculated via Da/2.1, based on empirical data. Importantly 50% of lightning strikes were 
deemed to be 50kA and 99% lower than 200kA as seen in Figure 17. This matches reasonably 
well with Table A.3 of IEC 62305-1:2010. 



NARSIS Project (Grant Agreement No. 755439) Del 1.6 

 

42 - 

 

 

Figure 17: Probability of a certain current per strike via the IEC62305 and via IEEE 

Following the work of Franc et al. (2014) in line with IEC 62305, the probability of the 
cumulative frequency of the current peak of the first negative stroke is given in Figure 18.  

 

Figure 18: Probability of a certain current per strike via Franc et al. (2014) 

A standard exists for collection and quantification of lightning networks via lightning location 
networks (IEC 62858:2015).  

For lightning impact, beyond the fraction of lightning flashes, no. of thunderstorm days, ground 
flash density, peak current, and height of the structure, relationships of the parameters can be 
derived from the aforementioned standards. Empirical data exists for striking distance vs. 
return stroke peak current. Specific data should be used from local networks if possible, 
however, if lightning strike density and current data is known, this should be used. However, 
for the case of the decommissioned plants this has not been found. 
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Lightning data has been used from various reanalysis sources. Within the RAIN Project, a 
25km resolution dataset was created for the annual number of situations conducive to 
thunderstorm formation (Figure 19). The siting of these NPPs, are not in high-thunderstorm 
activity locations, with Caorso being on the fringe of such locations. For the vulnerability side 
however, data including the civil structures and the equipment need to be defined. For 
lightning, forests and flammability also needs to be defined. 

 

Figure 19: Annual number of situations conducive to thunderstorm formation in the period from 1971-
2000 (developed from RAIN Project Data). 

 

Following PSA steps for Trino Vercellese: 

 Lightning (magnitudes of the hazard parameters) is examined as well as the 

secondary effects. 

 The hazard probabilities associated with the various hazards need to be determined.  

 Based on fragilities, the cutoff percentages need to be examined with regard to 

damage.  

Based on the strike location, using the work of ASAMPSA_E D50.18, the possibility for impact 
is shown as a risk matrix based on the location of strike and the four different hazard types 
(direct impact and the 3 secondary effects).  

As not many measurements have been made, the uncertainties in data remain very high, and 
although a bit of information exists over the last few centuries via the ESWD database, there 
is no consistent basis for anything beyond defining the number of storm days.  
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Figure 20: Probability of a certain current per strike using different methods (Taszarek et al., 2019) 

4.1.8 Riverine Flood 

Data on flows upstream and downstream of plants are housed generally by the Global Runoff 
Database for the large rivers around Europe (Figure 21). For these stations however, a large 
amount of daily data is missing (Figure 22). This means that simply using station data through 
time is difficult where missing data exists, as there are no clear ways to fill in data.  

In riverine flooding, modelling is generally used rather than direct historic regression, using 
rainfall and other parameters as described in Deliverable 1.1. These approaches still rely on 
station data for the rainfall, thus the points made above with completeness of station data play 
a major role as to the quality of fit expected. 



NARSIS Project (Grant Agreement No. 755439) Del 1.6 

 

45 - 

 

 

Figure 21: GRDC station data around Europe in terms of flow data 

 

The relative daily completeness of each station over the time period is shown with the missing 
data percentage provided for the stations. Most stations can be seen to have less than 12% 
data missing. However, this shows the need for local station data measurements and historical 
point observations.  

 

Figure 22: Percentage completeness of station flow data across Europe 
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There is a large amount of flow data which has been sourced from GRDC for analysis as part 
of this project. This allowed us to examine the completeness of flow data around 
decommissioned plants. An important thing to recognise however, is the quality of analysis of 
global sources vs. that of local analysis with better data.  

Using the JRC European flood modelling, only 5 of the 86 units (and 4 locations) around 
Europe can be seen to have flood hazard (via this large scale modelling) in Figure 23, which 
likely shows the site characteristics of each NPP in terms of elevation. 

 

Figure 23: Shutdown NPPs with flood hazard via large scale JRC modelling.  

Country Flow data Additional Comments 

Austria State and station based – i.e. 
https://ehyd.gv.at/?g_suche=203075 

Extraction possible via Ehyd 

Belgium State-based - http://infocrue.wallonie.be/  

Bulgaria http://hydro.bg/indexen.html  

Czech 
Republic 

http://hydro.chmi.cz/hpps/index.php?lng=
ENG&lng=CZE 

 

France http://www.hydro.eaufrance.fr/, 
http://www.vigicrues.gouv.fr/niveau2.php?
CdEntVigiCru=2 

 

Germany State-based – i.e. 
https://www.hochwasserzentralen.de/ 

 

Hungary http://hidromet.vizugy.hu/Defa 
ult.aspx 

 

Italy   

Luxembourg https://www.inondations.lu/  

Netherlands http://waterinfo.rws.nl/#!/kaart/waterhoogt
e-t-o-v-nap/ 

 

Poland http://monitor.pogodynka.pl/#map/19.5,51.
5,7,true,false,0 

 

Slovenia http://vode.arso.gov.si/hidarhiv/pov_arhiv_
tab.php 

 

http://infocrue.wallonie.be/
http://hydro.bg/indexen.html
https://www.researchgate.net/deref/http%3A%2F%2Fwww.hydro.eaufrance.fr%2F
https://www.hochwasserzentralen.de/
http://waterinfo.rws.nl/#!/kaart/waterhoogte-t-o-v-nap/
http://waterinfo.rws.nl/#!/kaart/waterhoogte-t-o-v-nap/
http://vode.arso.gov.si/hidarhiv/pov_arhiv_tab.php
http://vode.arso.gov.si/hidarhiv/pov_arhiv_tab.php
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Spain http://ceh-
flumen64.cedex.es/anuarioaforos/default.
asp 

 

Sweden https://vattenwebb.smhi.se/station/ SMHI also provides modelled data 

Switzerland https://www.hydrodaten.admin.ch/de  

UK https://nrfa.ceh.ac.uk/ Figure 24 

 

30-year daily time series are also available via the SMHI hypeweb - 
https://hypeweb.smhi.se/explore-water/historical-data/europe-time-series/. 

 

 

Figure 24: Flow gauge locations across the UK (NFRA, 2019) 

Additional methodological analyses will be included in each of the reports from 1.2.1-1.2.4, 
detailing additional detailed features. The scoping of the plants is then defined within the next 
chapter, looking at the key decommissioned plants with highest hazard parameters. 

 

 

https://vattenwebb.smhi.se/station/
https://nrfa.ceh.ac.uk/
https://hypeweb.smhi.se/explore-water/historical-data/europe-time-series/
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4.2 Definition of event inundation for flood analysis beyond extreme value 
statistics of flow data in German sites 

The site selection for the German sites was done as part of the scoping study using JRC 
modelling. This identified three sites where flood hazard was expected to be high – Obrigheim, 
Biblis and Mülheim-Kärlich. 

A full model has been undertaken over the past years within Germany, using 1m resolution 
data, river reach modelling and hydrologic-hydraulic coupling along various stretches, with 2D 
modelling employed. Over €500 million was spent across Germany to undertake this. As such, 
the difference between global scale analyses such as JRC vs. these are not comparable. The 
modelling in the states by engineering firms using 2D hydraulic modelling, LARSIM (a 
hydrologic modelling framework) and accounting for flood control structures. 

In France, the reference flood flow is generally characterized as the 70% confidence interval 
of the 1000yr return period flow, and then adding 15%. For the beyond design case, 30% is 
generally added to the reference return period flow.  

An example can be made for the Biblis NPP, where using the JRC analysis (Figure 27), the 
following flood model hazard curve from 10-year to 500-year this would show no flooding, 
however using the extreme flood level (1000-year) via the  “Hochwassergefahrenkarten”, 
official flood maps of each state of Germany, it can be seen the NPP would be expected to 
have between 1 and 50cm of water across the facility (which likely is taken care of via mobile 
flood protection fences or other measures) as seen in Figure 25 and Figure 26. 

 

Figure 25: Extreme event (1000-year) flooding at the Biblis NPP site via HLNUG (Hessen State Institute for 
the Environment, Survey and Nature Conservation Flood Portal Hazard Maps) modelled at a 1m resolution.  

 



NARSIS Project (Grant Agreement No. 755439) Del 1.6 

 

49 - 

 

 

Figure 26: Zoomed version of Extreme event (1000-year) flooding at the Biblis NPP site via HLNUG (Hessen  
State Institute for the Environment, Survey and Nature Conservation Flood Portal Hazard Maps) modelled 

at a 1m resolution.  

 

Figure 27: Extreme event (500-year) flooding at the Biblis NPP site via JRC Flood portal modelling. 
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In terms of Mülheim-Kärlich, similar flood modelling is seen for the NPP, with the flood pattern 
moving to the northern side of the Rhine (with the NPP being built on the higher side of the 
embankment and thus greater flooding occurs away from the NPP). The main local model is 
shown in Figure 28 and the JRC model in Figure 29. 

 

Figure 28: Zoomed version of Extreme event (1000-year) flooding at the Mülheim-Kärlich NPP site via  
Rhineland-Palatinate for the Environment, Energy, Food and Nature Conservation Flood Portal Hazard 
Maps modelled at a 1m resolution.  

 

Figure 29: Extreme event (500-year) flooding at the Mülheim-Kärlich NPP site via JRC Flood portal 
modelling. 

The only location where anything more than 1.5m water results, is Kernkraftwerk Obrigheim, 
where the flood modelling seems to be offset from JRC, and thus there is a large difference – 
10y=1.369m, 20y=3.381m, 50y=5.122m, 100y=5.634m, 200y=5.961m and 500y=6.231m. 
Within the more detailed modelling, no flooding is seen for 1000y (Figure 30). 
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Figure 30: Left: Extreme event (500-year) flooding at the Obrigheim NPP site via JRC Flood portal modelling; 
Right: Zoomed version of Extreme event (1000-year) flooding at the Obrigheim NPP site via LUBW (Baden-
Württemberg State Institute for the Environment, Survey and Nature Conservation Flood Portal Hazard 
Maps) modelled at a 1m resolution. 

It can be seen in these studies, that resolution plays a major role in the analysis as well as the 
quality of flood control structure and flow modelling from past event data. Other detailed 
models exist, and a highly specific model for flood is needed using flow data and design 
parameters of the stream, land, buildings and other such data. 

 

4.3 Univariate extreme value analysis of weather hazards 

4.3.1 Motivation and methodology 

To understand the impact that a weather hazard may have on a nuclear power plant, it is 
necessary to estimate the frequency and intensity of the hazard of interest. In most situations 
we are not interested in the ‘normal’ levels for a hazard (e.g. the daily mean air temperature), 
but instead the largest events within the data series. This presents a couple of problems when 
striving to model this type of phenomena using statistical approaches: 

1. Rare events (by definition) don’t occur very often and as such, if we focus on these 

values then we won’t have much data available; 

2. Most common statistical models (e.g. Normal distribution) provide a good fit to 

‘normal’ values but are poor when it comes to extrapolating beyond the range of the 

dataset. 

In our situation it is very important to be able to extrapolate beyond the range of our data as 
we are seeking to design and protect nuclear infrastructure. Industry regulation across different 
countries often requires a level of protection between the 100-year and 10,000-year return 
level (depending on the hazard of interest), with levels up to the 10,000,000-year return level 
sometimes required for beyond design basis studies. Extrapolation is also very important given 
the occurrence of climate change and the likelihood that future hazards (such as extreme air 
temperature) are likely to be more intense that those observed before (this type of extrapolation 
will be possible using covariates to introduce non-stationarity into statistical models, see 
Section 5.6.3 for an example).  
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For this reason, we need to use a set of statistical models that are specially built for the purpose 
of extrapolating and that can be used to draw inferences from a small sample of data. Extreme 
value analysis (EVA) is a commonly used statistical technique for the estimation of extremes 
that may be possible in the future, but may not necessarily have been previously observed. 
The general principle of EVA is to fit a statistical model to extremes within observed data and 
use this model to extrapolate to higher levels to estimate very rare extreme levels. 

There are two EVA approaches for determining extremes within the observational data record: 
(i) block maxima; (ii) threshold exceedances. The block maxima approach divides the data into 
sections or blocks, which commonly represent time (e.g. years) and then the maximum value 
in each block is retained. Threshold exceedance methods set a high threshold, often taken as 
a quantile of the observational data (for example the 95th quantile) and exceedances above 
the threshold are retained. Threshold exceedance approaches are often regarded the superior 
methods as they allow more data points to be retained, leading to more robust statistical 
inferences. However, the choice of threshold is subjective and should be made carefully to 
ensure that there are sufficient values falling above the threshold to permit a robust analysis, 
but also high enough so that focus is still given to the extremes. 

Once the extremes have been determined a distribution is fitted. The generalised extreme 
value (GEV) distribution is fitted to extremes defined by the block maxima approach, while a 
generalised Pareto distribution (GPD) is fitted to extremes defined by the threshold 
exceedance method. The distribution is then used to extrapolate from the observed data to 
extreme levels and estimate return levels of rare events. 

For the rest of this section and subsequent analyses we focus on threshold exceedance 
methods. EVA is based upon asymptotic theorems which only hold true for “sufficiently” 
extreme values. The choice of what constitutes a “sufficiently” extreme value is often difficult 
and subjective. Many different approaches exist for choosing a suitable threshold for an 
extreme value study. Within statistical literature, mean residual life plots and parameter stability 
plots are used for threshold choice. Broadly, these plots aim to suggest levels above which the 
fitted extreme value model is stable. If this is the case, extrapolations obtained using the fitted 
model will be valid. Other approaches are based upon physical constraints, for example setting 
a threshold such that there is on average one extreme event each year. 

Modern studies into the estimation of extreme environmental variables all use threshold-based 
approaches. Let 𝑋 be a random variable with distribution function 𝐹. The distribution of the 

exceedances of a high threshold 𝑢, i.e. 𝑋|𝑋 > 𝑢, follow a GPD(𝜎𝑢, 𝛾) which has the form 

𝐺(𝑥) = 𝑃(𝑋 ≤ 𝑥|𝑋 > 𝑢) = 1 − (1 + 𝛾
𝑥 − 𝑢

𝜎𝑢
)

+

−
1
𝛾

, 

for 𝑥 > 𝑢, where 𝜎𝑢 > 0 is the scale parameter and −∞ < 𝛾 < ∞ is the shape parameter. The 

GPD is fitted above the threshold 𝑢 and an empirical distribution function is fitted to all value 
that fall below 𝑢. As such the probability distribution is given as 

𝐹(𝑥) = {
1 − 𝛿𝑢[1 − 𝐺(𝑥)],           𝑥 ≥ 𝑢,

�̃�(𝑥),                                   𝑥 < 𝑢,
 

where 𝛿𝑢 = 𝑃(𝑋 > 𝑢) is the rate parameter and �̃�(𝑥) is the empirical distribution function. The 

𝑇-year return level 𝑥𝑇 can be obtained directly as 

𝑥𝑇 = {
𝑢 +  

𝜎𝑢

𝛾
[(𝑇𝑛𝑇𝛿𝑢)𝛾 − 1]    if  𝛾 ≠ 0,

𝑢 + 𝜎𝑢 log(𝑚𝛿𝑢)               if  𝛾 = 0,
 

where 𝑛𝑇 is the number of observations within a year. EVA is usually conducted with packages 
built in the R statistical programming language; popular packages are ismev, extRemes and 
texmex packages. 
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4.3.2 Estimating confidence intervals 

It is important to provide estimates of the uncertainty associated with estimates of parameters 
and return levels. This is especially important when estimating very extreme return levels as 
these extrapolations can be very uncertain. There are three main approaches to deriving 
confidence intervals: 

1. Delta method; 
2. Bootstrapping; 
3. Profile likelihood. 

The delta method is commonly used as the default approach to confidence interval estimation 
within most extreme value packages in R. Broadly, the sampling variability (standard error) in 
the quantity of interest (i.e. parameter or return level) is estimated and this is used to create a 
symmetric interval around the best estimate. So for a parameter 𝜃, the (1−𝛼)×100% confidence 
interval can be estimated as 

𝜃 ± 𝑧1−𝛼/2𝑠𝑒(𝜃) 

where 𝜃 is the best estimate of the parameter 𝜃 and 𝑧1−𝛼/2 is the 1 − 𝛼/2 quantile of the 

standard normal distribution. This approach for estimating confidence intervals is relatively 
easy computationally but does always lead to symmetric confidence intervals. There is no 
restriction to the value that these confidence intervals can take and as such, given the correct 
conditions, it is possible to estimate confidence intervals which contain negative extreme hot 
temperature or negative precipitation for example. 

Bootstrapping is an alternate approach for estimating confidence intervals and it is the method 
applied in this study. This approach models the underlying uncertainty in the observed data by 
creating multiple bootstrap data sets (often at least 1000 data sets need to be created) by 
resampling the original data set. Extreme value models are then fitted to each separate 
bootstrapped data set and the relevant parameter or return level is estimated for each data set 
with replacement. The estimates obtained from each bootstrapped data set are then collected 
and percentiles of these values are taken; for example, to get a 95% confidence interval the 
2.5 and 97.5 percentiles are taken. Since each model is fitted to a resampled version of the 
original data, this approach avoids unrealistic estimates falling within the confidence intervals. 
It is not necessary for the intervals to be symmetric around the best estimate. 

The profile likelihood approach is not commonly used within applied extreme value analysis 
studies and as such is not discussed in this report. 

Bootstrapping was performed with 10,000 iterations to minimise the variation between 
bootstraps with the aim of making the results as replicable as possible. Attention is drawn to 
the fact that although the differences between confidence intervals obtained from different runs 
have been minimised, some variance may remain in replications, mostly in the high return level 
estimations (10-5, 10-6 and 10-7) for the high confidence intervals (e.g. 99%). 
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5 Key Examples of Curve production for Decommissioned Sites 

The goal of the analysis is to produce hazard curves and scenarios for NPPs for use in the this 
deliverable as shown below.  

Trino Vercellese has been chosen as the first site to examine the single hazard curves. In 
addition the sites of Biblis, Markgrafenfeld and Mülheim-Kärlich, were also seen to be 
significant in terms of hazard.  

As a start, these sites are examined within the curve production for decommissioned sites.  

 

 

Following the definition of OpenQuake, the stochastic event sets are defined as collections of 
event ruptures where each event rupture consists of a magnitude value,  

 tectonic region type 

 source type (indicating whether the rupture originated from a point/area source or from 

a fault source) 

 details of the rupture geometry (including lat/lon/depth coordinates, strike, dip, and 

rake) 

Each stochastic event set contains a number of ruptures as set by the amount of years that 
are wanting to be tested but are not equally distributed across the sources and are a function 
of the Magnitude-Frequency Distribution (MFD) (occurrence rate) each seismic source 
considered as well as investigation time (aids the probability of rupture occurrence). 

 

 

5.1 Multiple single hazard assessment for Trino Vercellese  

5.1.1 Site Description 

The decommissioned nuclear power plant of Trino Vercellese is located in Northern Italy along 
the Po river between Turin and Milan. Northern Italy is, compared to Europe in general, known 
for its frequent and moderate seismic activity.  
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The site is surrounded by various moderate seismic source zones and a small number of 
relevant fault lines. Right at the power plant is the Western Monferrato thrust fault line with an 
estimated maximum magnitude of about Mw5.5. To the North and South, the fault systems of 
the Southern Alps and the Northern Apennine can trigger the largest earthquakes in the site’s 
vicinity with magnitudes of up to Mw6.7 (Basili, et al. 2008) on discrete fault lines. Within the 
applied seismic hazard model, based on the European SHARE model (Giardini et al. (2014), 
the site is located within a major seismic source zone. Including uncertainties, the largest 
possible magnitude in this model can be Mw6.9 close to the power plant, Mw7.2 for the Alps 
and Mw7.5 in the Apennines.  

Historically, various moderate earthquakes occurred in the site’s vicinity, as in 1541 (Mw5.3, 
Valle Scivia) or 1828 (Mw 5.7, Oltrepo Pavese) and various small earthquakes as on 1987 
(Mw4.8, Lomellina).  

5.1.2 Probabilistic/Stochastic Hazard Model for earthquake 

The seismic hazard model underlying the assessment for any examples in this chapter was 
based on the European SHARE model (Giardini et al. (2014). It provides both area and simple 
fault sources for the assessed locations. Ground motions are inferred using a logic tree of 
ground motion prediction equation differentiating between e.g. active shallow crust and stable 
continental crust. To estimate the seismic hazard at the site and its inter-event uncertainties, 
10 100,000-year stochastic earthquake catalogues have been simulated which allows a 
sufficient estimate of up to 10,000-year return period ground motions closely following the 
model description of the SHARE model. Figure 31 shows the resulting hazard curves for peak 
ground acceleration and 8 different spectral components from 0.1 to 5.0s and the general 
correlation among peak ground acceleration and the 0.5s spectral component using rock site 
conditions. Here, the 0.5s ground motion is on median 50% higher than the peak ground 
motion. The 0.5sec spectral period is close to the fundamental period of many NPP 
components. 

 

Figure 31: Ground Acceleration at Trino Vercellese location, assuming rock site conditions, for various 
spectral ordinates and peak ground acceleration for return periods of up to 10.000 years (left). Comparison 
between 0.5s spectral acceleration and peak ground acceleration. (right) 



NARSIS Project (Grant Agreement No. 755439) Del 1.6 

 

56 - 

 

 

Figure 32: Ground Acceleration at Trino Vercellese location for various spectral ordinates, assuming soft 
soil site conditions, and peak ground acceleration for return periods of up to 10.000 years (left). Comparison 
between 0.5s spectral acceleration and peak ground acceleration. (right) 

In addition, Figure 32, shows ground motion return period curves for soft soil site conditions. 
While the initial rock site condition assumes a Vs30 site amplification of 720m/s, the soft soil 
conditions were set to 380m/s as estimated via soil samples at the Trino Vercellese site. The 
softer site conditions lead to an increase of ground motion velocities of about 10-20% and a 
stronger increase of ground motion acceleration for longer periods. The latter can be well seen 
in the comparison for PGA and Sa0.5s, where the median acceleration factor between both 
periods increased from 50 % to 75 %. The soft soil site is the closest to actual site conditions. 

5.1.3 Disaggregation and Conditional Event Spectra for earthquake 

For both peak ground acceleration and the 0.5s spectral component the ground motion 
disaggregation in regards to magnitude and distance shows that especially the longer period 
ground motion is dominated by larger (Mw>6) and more distant events (>100 km) while the 
ground motion contribution of peak ground acceleration is received by mostly close (<150 km) 
and moderate (Mw<6.5) events. Very strong events of Mw>6.5 still influence the site even 
when >250 km away. The disaggregation plots can be seen in Figure 33. The distribution of 
strong seismic events on long distances can be also seen in the disaggregated earthquake 
return period curves of Figure 34. 

  

Figure 33: Ground Motion disaggregation for peak ground acceleration (left) and 0.5s spectral acceleration 
(right) for the Trino Vercellese site 
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Figure 34: Earthquake return period curves for various distances around the Trino Vercellese site 

Conditional mean spectra have been computed after the methodology of Baker (2010) and the 
respective conditional spectra after Baker and Lee (2018). The used system selects ground-
motions from a large database of observed earthquake spectra and adjusts those to a synthetic 
demand spectrum based on a conditional period. First, it screens a given database of ground 
motions and identifies those which match the conditional mean spectrum of a stochastic 
earthquake scenario. To acquire the conditional mean spectrum, the median response 
spectrum of various stochastic simulations of the same earthquake are used and conditional 
on a target period using the equations of Baker (2010). The conditional mean spectrum is also 
used to compute the conditional response spectra. 

In Figure 35, 2 samples for conditional spectra are shown. One represents a strong seismic 
event about 70 km from the site, while the other one highlights the ground motion from a very 
close moderate seismic event. The spectra highlight the variability of individual events and that 
especially for short periods of 0.1 - 0.3s, the ground motion sigma can be twice as large as the 
average. Thus, it is highly relevant to assess individual event spectra instead of the uniform 
median spectra to avoid underestimation of potential ground motions. The uncertainty can be 
propagated by using various combinations of conditional spectra and propagating it through to 
risk.  

 

Figure 35: 2 Samples for conditional spectra on a conditional period of 0.5s for Trino Vercellese site 
computed for 2 representative earthquake scenarios: A distance M7.3 earthquake and a close M4.6 event. 

 

5.1.4 Flood analysis 

As mentioned in the third chapter, Trino Vercellese was one of the plants with higher flood 
hazard via the JRC scoping. However, this was due to the point location (shown in blue in 
Figure 36). For Trino Vercellese, the analysis was undertaken using various flood maps shown 
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via JRC and local authorities. Unfortunately, for this stretch of the Po River, very little flow 
information exists via the GRDC (Global Runoff Data Center) directly to test the flow data 
assumptions. From the “Bacino del Po”, some station data is present. 

 

Figure 36: Flow rates measured in cubic metres per second vs. return period for the two upstream stations 
of Trino Vercellese on the river Po (Comune di Trino, Analisi Territoriale, P19 Vol 2)  

The Comune di Trino, the commune around the Enrico Fermi plant released their flood maps 
as part of the “Idrogeologico ed Idraulico” Rischio S1 work, to allow for a view of flood hazard.  

Flow data from http://www.regione.piemonte.it/meteo/idrometri/473.htm, the station 
Crescentino Po, can be used however no GRDC stations are upstream on the Po, meaning 
that this resource cannot be used. Only two stations on the Tanaro River could potentially be 
used. JRC modelling also shows coarse results, but no flooding at the site for 500-year RPs 
(Figure 37). 

http://www.regione.piemonte.it/meteo/idrometri/473.htm
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Figure 37: Flood heights for the Trino Vercellese NPP 500 year RP (JRC, 2019) 

An artificial embankment of sands and gravels was built to raise the countryside from 130m to 
134.80m above sea level. In addition, many artificial water channels exist which deviate water 
around the structure in the order of 200m3/s. This drains the flood waters from the plain into 
the canals and eventually into the river Po, which runs just south of the plant. In this way, the 
modification of the site has caused a change to the system which influences the final flood 
hazard. 

Indeed, these banks were modified after the 1994 flood, and substantial hydraulic defence 
systems were employed. There are also sewage pipes to the east collecting flow from irrigation 
ditches, and preventing backflow. The year 2000 event represents the maximum flow of the 
series, and the closest station is the Palazzolo Vercellese (however measured from 1981 to 
1994).  

In this time period, the maximum flow was measured on the 5th November 1994 at 7815 m3/s 
with a height of 139.99m at Palazzolo Vercellese (3.8m higher than other measured flows i.e. 
4th September 1993 at 5900 m3/s) – around 25km upstream of the Enrico Fermi (Trino 
Vercellese) plant.  

A calculation of Q100 (the 100-year flow) =7463m3/s (132.95m asl) and Q200=8344m3/s 
(133.26m asl) were made with the 1994 event being estimated at 9000m3/s (133.49m asl). 

As part of the PAI project by the “Autorita di Bacino del Fiume Po”, flows were revisited and 
modelling from Q10-Q1000 were investigated. These use Q20=4200m3/s, Q100=5600m3/s, 
Q200=6100m3/s and Q500=6900m3/s. 

HYDRODATA (2004) modelled the various intervention changes via hydraulic modelling with 
transverses above and below the NPP. In terms of flow rate, Q200=6100m3/s, 
Q500=6900m3/s and Q1000=8800m3/s.  

The year 2000 event at Palazzolo Vercellese is the event which influences the choice of return 
period with a flow derived via three methods ((a) local estimates by statistically processing 
historical stations; (b) local regionalization models between Crescentino and Tanaro; (c) 
regionalization between Moncaliere and Isola San Antonio on the Po river. The flow at Q200 
had significant differences (8000m3/s using October 2000 event, 8500m3/s using the 
regionalization (b), 9800m3/s from local estimates (a) and 10100m3/s using (c). The variability 
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comes from the lack of basic data such as flow rates, runoff scales, and the lack of 
measurement stations). The revisiting of this study, was reported during the reanalysis for the 
stations of Crescentino and Palazzolo Vercellese. This fits well with historical observations 
over the last 30 years.  

The synthetic analysis gives flow estimates on the basis of the 3 methods above as shown in 
Figure 38. 

 

 

Figure 38: Flow rates measured in cubic metres per second vs. return period for the two upstream stations 
of Trino Vercellese on the river Po 

Due to the complexity of modelling such event flows in terms of inundation patterns, only water 
heights can be derived from existing studies as part of this analysis.  

  

Figure 39: Left: Synthetic hydrographs for the Crescentino station, Right: Synthetic hydrographs for the 
Palazzolo Vercellese station, based on existing studies of historic event durations and maxima. It should 
be expected that durations would follow such an event schema (Autorita di Bacino del Fiume Po via Trino 
Commune territorial analysis, 2013) 

This would mean for events in the order of 13250m3/s, the limit needed to cause flooding at 
the site would be outside the expected hydrographs as produced synthetically at Palazzolo or 
Crescentino as seen in Figure 39. 

The derived water height on the basis of extrapolation of the river flows is as shown in Figure 
40 (it can be assumed that the rainfall events that could lead to such events would approach 
the Italian maxima in the basin towards 1,000,000 year RP – the Italian maxima was 
948mm/24hr in Genova in 1970). 
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Figure 40: Inundation height at Trino Vercellese NPP vs. return period (duration is determined by the flow 
over 13250m3/s, with the duration of inundation generally being between 0 and 36 hrs at the site. 

 

5.1.5 Tornado and Lightning analysis 

Around the Trino Vercellese plant in a 40-45km radius (ca. 6000km2), 61 tornadoes have 
occurred since 1980, meaning an annualised rate of 2.6 tornadoes per 10000km2. 25 F1; 4 
F2 and some F0s. Using the rates of this, and the fact that in 1952, one F3 was recorded; it 
matches reasonably well with the Europe wide probabilities of events. If we assume the rest 
in the time period to be F0, then 32 F0 events, 25 F1 events, 4 F2 events have been recorded 
over the time period. This analysis is presented in Table 8. 

Matching the distribution over a 10000 year period, we would expect the following wind speeds 
at Trino Vercellese, in terms of probability over a 10000 year period. 

Table 8: Tornado analysis for Trino Vercellese in terms of the hazard probability for a F0-F5 tornado 

F
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hit) 

1km2 
pixel 

(Trino) 
- over 
10,000 
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Lower 
wind 

speed 
(kph) 

Upper 
wind 

speed 
(kph) 

F
0 32 82.05% 2.6 122 

0.03
5 59 0.048 77 0.091 746.67 12.4% 80 116 

F
1 25 64.10% 6.9 418 

0.08
2 185 0.111 253 

0.565
8 3626.92 60.4% 117 180 

F
2 4 10.26% 10.2 371 

0.12
4 123 0.182 249 

1.264
8 1297.23 21.6% 181 253 

F
3  2.35% 17.5 142 

0.34
3 39 0.394 103 

6.002
5 1410.84 23.5% 254 332 

F
4   0.18% 23.1 29 

0.38
3 7 0.6 21 

8.847
3 162.58 2.7% 333 418 

F
5   0.03% 53.4 6 0.45 2 0.44 5 24.03 71.88 1.2% 419 512 
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For the site of Trino Vercellese, the following values are shown for the lightning data. On the 
basis of the RAIN dataset, as well as some existing datasets, the value of 15.7 storm days 
per year are expected. Then accounting for IEC 62305, and using the probability of strikes 
occurring in the 1km2 zone, thus taking into account the four styles of lightning damage, the 
probability of lightning was calculated as seen in Figure 41. 

It is generally said that 200kA is the current which is required for any potential issues, which 
is in the order of 100+ years for a singular strike. 

 

Figure 41: Lightning current (in kA) vs. return period for the Trino Vercellese plant 

 

 

 

5.2 Earthquake hazard for a different decommissioned site showing 
derivation from source 

5.2.1 Site Descriptions 

The decommissioned nuclear power plant site of Biblis in Germany is located in the Middle 
Rhine Valley.  

The Biblis region is prone to frequent low to moderate seismicity with less frequent events and 
lower maximum magnitudes compared to the Northern Italy site. Due to the stable tectonic 
crust conditions, the GMPE selection of the SHARE model leads to higher ground motions of 
same earthquake characteristics compared to active crust sources.  

5.2.2 Key Metrics 

For comparison, ground motion return period curves and disaggregation plots are used to 
highlight the differences between Biblis and Trino Vercellese. 

The Biblis decommissioned sites show stronger ground motions compared to the Trino 
Vercellese site as seen in Figure 42. Even though earthquake return periods are lower, the 
selected ground motion prediction equations for stable continental crust lead to stronger 
amplification than those for active shallow crust. In the disaggregation, the Biblis site is mostly 
affected by far-field moderate and strong seismicity. However, the Trino Vercellese site shows 
disaggregation results, where both near and far-field sources contribute to the overall hazard. 
The influence of strong seismic events in the far field, for long period ground motion compared 
to PGA, is visible in all 3 locations as seen in Figure 43. 
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Figure 42: Ground Acceleration at Biblis location for various spectral ordinates and peak ground 
acceleration for return periods of up to 10.000 years  

 

 

Figure 43: Ground Motion disaggregation for peak ground acceleration (left) and 0.5s spectral acceleration 
(right) for Biblis site. 

The biggest difference between Trino Vercellese and this comparison site is the tectonic 
setting, where stable tectonic crust leads to higher ground motions compared to similar events 
in active shallow crust. Because, both the maximum possible magnitude in the site vicinity and 
the return periods are smaller for the comparison sites. This can be well seen in the 
disaggregation plots, where Biblis by close and shallow similarly sized events but further away. 
For Trino Vercellese, the hazard is almost equally distributed among small and close events, 
but also distant strong seismic activity. 

5.3 Station correlation analysis for extreme weather 

The reader is urged to refer to Chapter 2 of the thesis of Winter (2016), if additional background 
on extreme value theory is sought including descriptions of multivariate EVM and extremal 
dependence measures; copulas, parametric joint tails approach, semi-parametric conditional 
extremes approach. 

ASAMPSA-E (50.17 pages 32-34) describes the approach for estimation of the probability of 
annual extreme events in terms of the special case of non-annual extreme events data. 

To use an EVM of Gumbel 1 distribution of consistent spatial nature for extreme weather, the 
governing criteria of independence and identical distribution need to be kept ensuring 
converging asymptotic behaviour. Meteorological data are generally independent when 
modelling annual maxima but as described in ASAMPSA-E 50.17, as long as “weak mixing 
conditions” are met, then the “identically distributed” nature and unchanging asymptotic 
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distributions hold true. However, in many cases the identically distributed assumption does not 
hold due to interannual variability, trends and other issues; in this situation covariates need to 
be used. An example of clustering where the independent assumption does not hold true are 
the daily extreme temperatures over the summer. 

An ever-present issue when modelling using extreme value models is that data is hard to 
obtain. For example, in some locations there are few snow depth event observations, and thus, 
a difficulty results in estimating the severity of long return period events. 

When modelling more than 1 extreme weather variable, multivariate distributions need to be 
found where possible, or coupled models explored. If empirical data are not able to provide a 
good enough basis to build a GPD or GEV result, then event modelling is often needed. 

Winter & Tawn (2017) examine kth order Markov extremal models when examining heatwave 
risks (a peril where the length of the event plays a major role in losses). Previous models had 
either used a first-order Markov or asymptotic dependence which the authors deem to be 
inappropriate for their data. 

Droughts are also examined within Winter (2016) by the usual process of fitting a GPD to the 
upper tail, however the definition of the end point of the event is often a clear difference 
between heatwaves and droughts given the issue that even with certain precipitation signalling 
the end of drought, groundwater and other key parameters may still be at drought levels. 
Heatwaves, droughts and low water form important hazards for NPPs. 

 

5.4 Application of Univariate Extremes for extreme precipitation 

This section provides an analysis of extreme precipitation in the vicinity of the decommissioned 
nuclear power plant (NPP) site at Mülheim-Kärlich. The aim of this analysis is to illustrate how 
extreme value analysis (EVA) can be used to provide an estimate of extreme return levels for 
precipitation. The analysis will also highlight important modelling assumptions such as the 
choice of threshold and declustering alongside different approaches used to derive confidence 
intervals. 

5.4.1 Data 

Daily precipitation observations have been provided from several rain gauges near to Mülheim-
Kärlich NPP as can be observed in Figure 44. The available data are quality controlled 
measurements and observations derived from Deutscher Wetterdienst (DWD) stations and 
legally and qualitatively equivalent partner stations operated for climatological and climate 
related applications. The nearest station to the NPP site is the Andernach gauge which is 
located approximately 5 km away; the furthest station is Asbach which is approximately 30 km 
away. The gauges vary in altitude from 75 m above sea level (ASL) at Andernach to 328 m 
ASL for Oberbachheim and Hummerich (Table 9). The altitude of the NPP site under 
consideration is approximately 65 m ASL. 
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Figure 44: Location of weather gauges with precipitation data series (blue dots), representative site used 
for most of the study (red square) and Mülheim-Kärlich NPP (black triangle).   

Table 9: Gauge information for the different weather gauges used for the precipitation analysis. 

Gauge name Gauge ID Altitude (m) Latitude Longitude 

Neitersen 00121 218 50.6654 7.5765 

Andernach 00161 75 50.4237 7.4202 

Asbach 00201 255 50.6661 7.4459 

Bad Boppard-Salzig 00610 77 50.2028 7.6366 

Oberbachheim 01598 328 50.2480 7.7456 

Harschbach 02025 306 50.5787 7.5964 

Hummerich 02362 328 50.5651 7.4843 

Montabaur 03340 265 50.4383 7.8061 

Munstermaifeld 03410 255 50.2449 7.3605 

Polch 14320 235 50.3041 7.3100 

Selters-Westerwald 14323 232 50.5218 7.7374 

Figure 45 illustrates the amount of data available for each weather gauge within our selection. 
A few sites seem to have data from the 1930s until the present day with many other sites 
containing data from the 1950s onwards. The shortest gauge record is found at Hummerich 
with only 30 years’ worth of data; however even this gauge seems to have enough data to 
undertake EVA in an appropriate manner. It should be noted that Figure 45 simply plots the 
start and end points of the dataset; there may be missing values within the dataset which are 
not shown in this plot and this will be investigated later. 
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Figure 45: Time period over which precipitation data are available for each site; the plot only shows the 
start and end date of each of the series, there may be additional missing gaps within the series which are 

checked later in the analysis. 

The data series for the Andernach site is show in Figure 46. We observe that there are two 
short gaps in the data series, but generally there are observations for most years. A different 
pattern can be seen at Polch weather gauge (Figure 47); here there is a very large gap in the 
observational series between the early 1960s and the early 2000s.    

 

Figure 46: Daily precipitation accumulation time series at the Andernach weather gauge. A threshold for 
EVA is shown (blue line) with exceedances used in the extreme value model (red dots), exceedances 

filtered out after declustering (solid black dots) and non-exceedances (translucent black dots). 
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Figure 47: Daily precipitation accumulation time series at the Polch weather gauge. A threshold for EVA is 
shown (blue line) with exceedances used in the extreme value model (red dots), exceedances filtered out 

after declustering (solid black dots) and non-exceedances (translucent black dots). 

Having looked through the data series for each of the separate sites, we shall illustrate the 
application of the EVA approach using the data at the Andernach gauge. This gauge is chosen 
for three reasons: (i) it gives a good temporal coverage; (ii) it is the closest site to the NPP; (iii) 
it is at a similar altitude to the NPP.   

5.4.2 Results for a single weather gauge 

This section presents results from EVA applied to the precipitation data outlined above. 
Specific results and diagnostic plots will be provided for the Andernach site, but return level 
estimates and hazard curves will also be provided for each of the gauges for information. 

5.4.2.1 Threshold choice 

Before fitting the GPD to extremes from our data set it is necessary to put a suitable threshold. 
This is done using the MRL plot (Figure 48) and parameter stability plot (Figure 49). In both 
plots we are looking to set the threshold at a low enough level to admit as many data points 
as possible, but high enough such that the limit theorems that the GPD are built upon still hold. 
For the Andernach site, both diagnostics are not particularly selective and suggest that most 
levels could be chosen. However, we also look across the different sites (not shown) and find 
that setting the threshold at the 99th quantile for each site provides the best compromise across 
the sites. For the Andernach site, the 99th quantile is given as 17.36 mm and is shown as the 
blue line on Figure 48 and Figure 49. For illustrative purposes, we shall show an analysis of 
the sensitivity to this choice below. 
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Figure 48: Mean residual life (MRL) plot for the daily precipitation data at the Andernach weather gauge. 
The 99th quantile for the data is shown (solid blue line). 

 

Figure 49: Parameter stability plot for the daily precipitation data at the Andernach weather gauge. The 
99th quantile for the data is shown (solid blue line). 

5.4.2.2 Declustering 

The GPD distribution is built upon the assumption that the data supplied are independent and 
identically distributed (IID). Clearly, in many practical examples this is not the case (e.g. we 
may expect rainy conditions to persist across a number of hours/days). To ensure that we have 
IID data it is necessary to decluster the data. There are many different types of declustering 
but here we use runs declustering with a run length of 3 days (i.e. we assume that on average 
that an event commencing at least 3 days after the last event is part of a distinct weather 
system). The sensitivity of the analysis to the choice of run length has been tested but does 
not have a significant effect on the final results and as such is omitted for expediency. 

5.4.2.3 GPD model fit 

The main diagnostic to assess the fit of the GPD is a quantile-quantile plot (QQ plot); see 
Figure 50. This plot seems to suggest that our model fits the data quite well, although does 
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seem to suggest that our model may be underestimating some of the most extreme values 
within the observational record. However, such deviations are not uncommon given we are 
looking at the upper tail of the distribution and as such we continue. Table 10 shows the 
parameter estimates for the GPD model fit. Both parameters are in a sensible range with a 
relatively small standard error (the standard error provides an estimate of the variability in a 
parameter estimate based upon the underlying sample). The shape parameter is positive 
which will lead to an unbounded extrapolation in the hazard curve; results should be carefully 
questioned if the shape parameter is greater than 0.3 or if a model with a positive shape 
parameter is being used to extrapolate to very rare return levels (e.g. for beyond design basis 
studies). 

 

Figure 50: Quantile-quantile (QQ) plot comparing empirical and model quantiles for daily precipitation 
data at the Andernach weather gauge.   

Table 10: Best estimates and standard errors for the GPD model parameters applied to daily rainfall 
accumulations from the Andernach weather gauge. 

 Scale Shape 

Best estimate 7.44 0.12 

Standard error 0.63 0.06 

 

5.4.2.4 Return level estimation and hazard curve 

The fitted GPD model can now be used to estimate return levels of interest. Return level 
estimates are provided in Table 11 for a variety of return periods with a 70% confidence interval 
given using two approaches: (i) the delta method; (ii) bootstrapping. We observe that the best 
estimates are gradually increasing with return level; the positive shape parameter leads to 
unbounded extrapolations and therefore as the return period is increased to very high levels 
the values start to become very large. This is especially true if we start to look at the upper 
bounds of the associated 70% confidence intervals (CIs). It should also be noted that the 
bootstrapping approach does seem to reduce the width of the 70% CIs, but mainly by 
increasing the lower bound; the upper bound of the CIs does not seem to change much. This 
lower bound behaviour is observed as the delta method needs to provide symmetric 
confidence intervals around the best estimate; this unrealistic symmetric assumption is why 
bootstrap intervals are often preferred. 

Table 11: Return level estimates for daily rainfall accumulations (mm) at the Andernach weather gauge. 
All estimates provided from the fitted GPD model, best estimate using the maximum likelihood estimates 

and 70% confidence intervals (CIs) estimated using the delta method and bootstrap approaches. 
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 Daily rainfall accumulation (mm) 

Return period Best estimate 70% CI Delta Method 70% CI Bootstrap 

10 49.6 (45.4, 53.8) (46.1, 52.9) 

100 79.1 (65.0, 93.1) (67.7, 90.5) 

1,000 117.5 (82.8, 152.2) (90.6, 147.2) 

10,000 167.6 (95.8, 239.4) (115.2, 232.0) 

100,000 233.0 (99.7, 366.4) (141.3, 360.7) 

1,000,000 318.4 (87.5, 549.2) (170.6, 553.7) 

10,000,000 429.7 (49.3, 810.0) (201.9, 843.8) 

Figure 51 illustrates the hazard curve for the Andernach weather gauge. This provides a 
slightly different way to illustrate the return level estimates provided in Table 11.  

 

Figure 51: Hazard curve (left) for daily rainfall accumulations (mm) at the Andernach weather gauge with 
focus on estimation of 10,000-year return level (i.e. event with 10-4 annual exceedance probability, AEP) 

using the different uncertainty estimation approaches (right). 

5.4.2.5 Sensitivity to initial threshold choice 

As mentioned above, the choice of threshold can have an impact on the final results. In this 
section, we test a couple of different threshold choices to illustrate the impact that they have.  

Initially we choose thresholds of 3.5 mm (which is the 85th quantile of the Andernach 
precipitation series) and 35.29 mm (the 99.9th quantile). Figure 52 and Figure 53 show the 
different threshold choices and the impact on the number of data points available for the 
extreme value analysis. When using the lower threshold it is clear that we have a lot of 
additional data available, however this extra data doesn’t seem to be particularly extreme. On 
the other hand, when using a higher threshold we have few data points available but they are 
definitely extreme values. 
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Figure 52: Daily precipitation accumulation time series at the Andernach weather gauge. The 85th quantile 
is shown (blue line) with exceedances used in the extreme value model (red dots), exceedances filtered 
out after declustering (solid black dots) and non-exceedances (translucent black dots below blue line). 

 

Figure 53: Daily precipitation accumulation time series at the Andernach weather gauge. The 99.9th 
quantile is shown (blue line) with exceedances used in the extreme value model (red dots), exceedances 

filtered out after declustering (solid black dots) and non-exceedances (translucent black dots). 

Figure 54 illustrates the model fits with the different threshold choices. We clearly see that the 
model with the low threshold does not seem to fit any of the observed data well. The model is 
overestimating at less extreme levels and then still underestimates the very largest values. 
When using the high threshold the model fit diagnostics seem to be much better and seem to 
perform just as well as those provided in Figure 50.  
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Figure 54: QQ plot for daily precipitation data at the Andernach weather gauge using a threshold set at 
the 85th quantile (left) and the 99.9th quantile (right). 

The hazard curves for each of the threshold choices are provided in Figure 55. When using 
the lower threshold, since there is a lot more data available the uncertainty in return level 
estimates is greatly reduced. However, as mentioned above the model fit is very poor and as 
such this extrapolation should not be trusted. Using a higher threshold may have provided a 
better model fit (according to the QQ plot in Figure 54), but the lack of available data for the 
model leads to very wide confidence intervals and an unreliable return level estimate. 

  

Figure 55: Hazard curve for daily rainfall accumulations (mm) at the Andernach weather gauge using a 
threshold set at the 85th quantile (left) and the 99.9th quantile (right). 

5.4.3 Results for multiple sites 

Having stepped through the main parts of an extreme value analysis study at a single site, we 
now show equivalent results for all the sites in the vicinity of Mülheim-Kärlich NPP. As 
mentioned above, a threshold of the 99th quantile has been taken for each weather gauge. 

5.4.3.1 Parameter estimates 

Figure 56 shows scale and shape parameter estimates from fitting a GPD model to threshold 
exceedances at each site separately. We observe some interesting behaviour in the shape 
parameter estimates with some sites having a positive shape parameter and some sites with 
a negative shape parameter. In fact, the sites at Bad Boppard-Salzig and Oberbachheim 
(which are separated by approximately 10 km) seem to have a very different estimated 
distribution of extremes. This is maybe not overly surprising since we have not imposed any 
spatial model and as such analysis at each site is undertaken independent of any information 
for the other sites. It should also be noted that we have not taken altitude into account in our 
study either. The behaviour of the scale parameter seems to mirror that for the shape 
parameter, but this is not surprising as there is a trade-off between these two parameters. 
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Figure 56: GPD scale and shape parameter estimates for daily rainfall accumulations (mm) at all the sites 
in the vicinity of Mülheim-Kärlich NPP (black triangle) where precipitation data are available. 

The fitted extreme value models can then be used to estimate return levels at each of the sites. 
Figure 57 provides maps of the best estimate return levels for all of the sites in the vicinity of 
the NPP. At the 10-year return level, most estimates seem to be quite consistent with one 
another. However, as the return period is increased to the 10,000-year level there does seem 
to be some larger discrepancies in the estimates from station to station. This is especially clear 
between the sites at Bad Boppard-Salzig and Oberbachheim and this behaviour is driven by 
the difference in the sign of the shape parameter between the different sites. If undertaking a 
fuller analysis across the whole region it would be useful to either fit a spatial model or to 
incorporate underlying covariates (such as altitude) to try and give a more consistent picture.  

 

Figure 57: Best estimate return levels (10-, 100-, 1000- and 10000-year return periods) for daily rainfall 
accumulations (mm) at all the sites in the vicinity of Mülheim-Kärlich NPP (black triangle) where 

precipitation data are available. 
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5.4.3.2 Hazard curves 

It is also possible to produce hazard curves for each of the separate sites to give a better feel 
of the uncertainty associated with the return levels provided in Figure 58. We observe very 
different extrapolations depending on the site under consideration. As mentioned above, this 
is mainly caused by the shape parameter estimates from the fitted GPD models. Aside from 
that behavior, we observe that the use of bootstrapping reduces the width of uncertainty 
bounds at all of the sites when compared to the delta method. 

 

  

Asbach Bad Boppard-Salzig 

 
 

Harschbach Hummerich 

 
 

Montabaur Munstermaifeld 
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Neitersen Oberbachheim 

  

Polch Selters-Westerwald 

Figure 58: Hazard curves for each of the weather gauges in the vicinity of Mülheim-Kärlich NPP. 

 

5.5 Application for extreme air temperature 

In this section we undertake a similar analysis as above but for extreme air temperature 
observations taken from weather gauges in the vicinity of Mülheim-Kärlich NPP. In this analysis 
we do not focus so closely on the different steps in the analysis (for more information see the 
analysis above undertaken for extreme precipitation data); instead we provide the headline 
results. 

5.5.1 Data 

Extreme air temperature observations are available at a different set of sites in the vicinity of 
Mülheim-Kärlich NPP than for the analysis of extreme precipitation. Again, the available data 
are quality controlled measurements and observations derived from Deutscher Wetterdienst 
(DWD) stations and legally and qualitatively equivalent partner stations operated for 
climatological and climate related applications. As we are focusing on extreme hot 
temperature, daily maxima air temperature during summer months (June, July and August) 
are kept for the analysis, as it allows to remove the seasonality of the observations. Figure 60 
shows the locations of different sites where air temperature observation data are available and 
Table 12 specifies the altitudes of each gauge that varies from 62 m ASL at Bonn-Friesdorf to 
627 m ASL at Nurberg. As a reminder, the altitude of the NPP site under consideration is 
approximately 65 m ASL. 
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Figure 59: Location of weather gauges with air temperature data series (blue dots), representative site 
used for most of the study (red square) and Mülheim-Kärlich NPP (black triangle). 

 

Table 12: Gauge information for the different weather gauges used for the air temperature analysis. 

Gauge name Gauge ID Altitude (m) Latitude Longitude 

Andernach 00161 75 50.4237 7.4202 

Bendorf 00348 127 50.4135 7.5886 

Blankenrath 00535 417 50.0372 7.3079 

Bonn-Friesdorf 00599 62 50.7055 7.1467 

Bonn-Roleber 00603 159 50.7349 7.1931 

Buchel-Flugplatz 00766 477 50.1746 7.0595 

Hilgenroth 02211 295 50.7371 7.6528 

Hummerich 02362 328 50.5651 7.4843 

Koblenz 02656 96 50.3519 7.5906 

Bad Marienberg 03167 547 50.6620 7.9602 

Montabaur 03340 265 50.4383 7.8061 

Bad Neuenahr-Ahrweiler 03490 111 50.5346 7.0853 

Nurberg 03659 627 50.3391 6.9501 

Nurberg-Barweiler 03660 485 50.3601 6.8697 

Simmern-Wahlbach 04709 445 49.9996 7.5981 

Nastatten 06186 286 50.1989 7.8651 

We check the amount of air temperature data available at each site (Figure 60) and note that 
we have a lot less available data than for the previous extreme precipitation analysis. The 
earliest data records are from the 1950s, although there are only 3 series with data spanning 
from 1960s until the 1990s. There are many more series with data from the mid-2000s, 
however these series are too short to provide reliable results from extreme value analysis. 
There are two feasible options in this situation: (i) use the dataset from Bad Marienberg 
(03167) as it is the longest continuous series; (ii) merge the series taken from Nurberg (03659) 
and Nurberg-Barweiler (03660) as these seem relatively close and would form a time-series 
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spanning the whole period from 1950s to the present day. Both these options shall be explored 
below in further detail. 

 

Figure 60: Time period over which air temperature data are available for each site; the plot only shows the 
start and end date of each of the series, there may be additional missing gaps within the series which are 

checked later in the analysis. 

Figure 61 and Figure 62 show the time-series for the weather gauges at Bad Marienberg and 
the combined series for Nurberg and Nurberg-Barweiler respectively. The data presented are 
daily maximum air temperatures from the summer period (here defined as the period from 1st 
June to 31st August, often referred to as JJA). Throughout the rest of this study we shall focus 
on estimating return levels for daily maximum air temperatures; estimation of other variables 
is possible but omitted from this study for expediency. The summer months are taken to ensure 
that our data are approximately stationary. More detailed modelling could be undertaken using 
the whole series and underlying covariates for time of year but this is beyond the scope of the 
current study. 

An adjustment has been made when combining the data from the weather gauges at Nurberg 
and Nurberg-Barweiler. The former gauge is positioned at an altitude of 627 m whereas the 
latter is at 485 m; this means that the values from Nurberg are slightly colder than those at 
Nurberg-Barweiler. To adjust for this, we have added difference between the mean of the air 
temperature series at each site to the data from the Nurberg site. This has solved any issues 
with discontinuity and remains a more conservative assumption than if we had subtracted the 
temperature difference from the Nurberg-Barweiler data. The data presented in Figure 62 are 
the adjusted values after the processing step has been applied. 

Both sets of data seem to be of good length and quite reliable so we shall conduct the EVA 
with both datasets. All other datasets do not provide enough data to give reliable results and 
are thus not included within the presented analysis. 
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Figure 61: Summer daily maxima air temperature time series at the Bad Marienberg weather gauge. A 
threshold for EVA is shown (blue line) with exceedances used in the extreme value model (red dots), 

exceedances filtered out after declustering (solid black dots, run length of 3 days used) and non-
exceedances (translucent black dots). 

 

Figure 62: Summer daily maxima air temperature time series for the combined Nurberg and Nurberg-
Barweiler weather gauges. A threshold for EVA is shown (blue line) with exceedances used in the 

extreme value model (red dots), exceedances filtered out after declustering (solid black dots) and non-
exceedances (translucent black dots). 

5.5.2 Application of EVA 

The same steps (as for the extreme precipitation analysis) are applied to the daily maximum 
air temperature data. Threshold diagnostics (not shown) are run and show that the 90th quantile 
represents a good threshold value. The QQ plots for the different datasets are presented in 
Figure 63 and seem to suggest a reasonably good fit (albeit with the model slightly 
overestimating the observed data). Parameter estimates from the different fitted models are 
provided in Table 13 and seem to be relatively similar, although the shape parameter for the 
GPD fitted to the Bad Marienberg data does seem to be quite heavily negative and lying 
outside the range (-0.3, 0.3) which is usually considered to be a loose rule of thumb for models 
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which provide physically justifiable extrapolations. This should lead us to caution when using 
the return level results provided from this study. 

 

Figure 63: QQ plot for daily maximum air temperature data at Bad Marienberg weather gauge (left) and the 
combined Nurberg and Nurberg-Barweiler weather gauges (right). 

 

Table 13: Best estimates and standard errors for the GPD model parameters applied to daily maximum air 
temperature data from the Bad Marienberg and Nurberg (combined) weather gauges. 

Site Threshold (oC) Quantity Scale Shape 

Bad 
Marienberg 

25.3 Best estimate 3.30 -0.37 

Standard error 0.29 0.06 

Nurberg 
(combined) 

26.9 Best estimate 3.04 -0.28 

Standard error 0.25 0.06 

 

Return level estimates are provided in Table 14 with the associated hazard curves provided in 
Figure 64. The best estimates range from around 33oC to 38oC which generally exceed the 
largest observation within our observational data series. However, the estimates do not 
increase at a very fast rate, with the 10,000,000-year return level only 4oC hotter than the 10-
year return level. This has occurred because of the strong negative shape parameter for each 
site; the negative shape parameter estimate leads to bounded extrapolations and as such the 
return level estimate can only get so large. To some extent, this is desirable behaviour as we 
do not observe the unbounded extrapolations as for the study of extreme precipitation (see the 
hazard curve in Figure 51). However, we should be cautious of results where there is a very 
strong bounding too. 

Another observable behaviour is the difference between the width of confidence intervals 
provided when using the delta method and the bootstrap approach. The bootstrap intervals 
are much narrower than those obtained using the delta method. This is driven by the 
fundamental difference in how the intervals are derived. The delta method intervals are 
calculated by adding/subtracting a multiple of the standard error from the best estimate; as 
such the intervals are symmetric and the width increases with return period. The bootstrap 
intervals are obtained by resampling the original underlying data and fitting a model to each of 
these bootstrap replications. Here, the bootstrap approach produces new data sets with similar 
shape parameters and due to the strong bounding of the hazard curve, all the return level 
estimates end up at quite similar values (hence the very narrow confidence intervals). For this 
particular study it would be beneficial to do further analysis as it is likely that the delta method 
is being a bit conservative and the bootstrap approach is not being conservative enough.    
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Table 14: Return level estimates for daily maximum air temperatures (oC) at the Bad Marienberg and 
Nurberg (combined) weather gauges. All estimates provided from the fitted GPD model, best estimate 
using the maximum likelihood estimates and 70% confidence intervals (CIs) estimated using the delta 

method and bootstrap approaches. 

  Daily maximum air temperature (oC) 

Site Return period Best estimate 70% CI Delta 
Method 

70% CI Bootstrap 

Bad 
Marienberg 

10 31.8 (30.5, 33.1) (32.4, 33.1) 

100 33.3 (30.3, 36.2) (33.0, 34.1) 

1,000 33.9 (27.1, 40.5) (33.3, 34.6) 

10,000 34.1 (18.7, 49.5) (33.4, 34.8) 

100,000 34.2 (-1.4, 69.9) (33.4, 34.9) 

1,000,000 34.3 (-48.4, 117.0) (33.5, 35.0) 

10,000,000 34.3 (-157.5, 226.2) (33.5, 35.0) 

Nurberg 
(combined) 

10 33.8 (32.9, 34.6) (34.5, 35.4) 

100 35.7 (34.0, 37.3) (35.4, 36.9) 

1,000 36.6 (33.6, 39.6) (35.9, 37.8) 

10,000 37.2 (31.7, 42.6) (36.1, 38.3) 

100,000 37.4 (27.3, 47.5) (36.1, 38.7) 

1,000,000 37.6 (18.5, 56.5) (36.2, 38.8) 

10,000,000 37.6 (1.5, 73.7) (36.2, 39.0) 

 

Figure 64: Hazard curve for daily maximum air temperatures (oC) from the Bad Marienberg (left) and Nurberg 
(combined) (right) weather gauges. 

5.5.3 Addition of data from the summer of 2019 

While the aforementioned analysis was undertaken, two large heatwaves were occurring 
across much of western and central Europe across the summer of 2019; these events led to 
new extreme air temperature records in the UK, France and Germany. In this section, we 
present a brief adjustment to the EVA study provided above using additional data from the 
period from 01/06/2019 to 03/08/2019 at the Bad Marienberg weather gauge. The aim of this 
is to understand how additional extreme event information can impact upon return level 
estimates obtained via EVA. 

To ensure consistency with the previous analysis we keep the same values for the modelling 

threshold (90th quantile at 25.3oC) and run length parameter for the declustering (taken as 𝑟 =
3). Once declustering has been applied the new dataset has 5 more events than the original 
dataset up until the end of 2018. The peaks of the 5 new events are listed in Table 15. 

Table 15: List of new events included in the dataset by adding the hot summer of 2019 to the Bad 
Marienberg daily maximum air temperature dataset. 
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Date Air temperature (oC) 

02/06/2019 26.4 

19/06/2019 25.5 

30/06/2019 32.1 

25/07/2019 34.5 

30/07/2019 26.9 

The new events added to the data series change the GPD parameter estimates (Table 16) 
with the shape parameter being slightly less negative. The different fitted models are then used 
to estimate the return levels for a variety of return periods (see hazard curve in Figure 65). It 
is clear that the return level estimates are higher when including the observed hot temperatures 
in 2019. The best estimate increases by 0.4oC for the 10-year return level, to 1.3oC for the 
10,000-year return level with higher increases observed at rarer return levels (see Table 17 for 
specific estimates of return levels). It should also be noted that the uncertainty in the 
bootstrapped return levels also increases as the shape parameter has become less negative 
(and as such the hazard curve is not as heavily bounded). 

Table 16: Best estimates and standard errors for the GPD model parameters applied to daily maximum air 
temperature data from the Bad Marienberg weather gauge with and without the additional extreme events 

in 2019. 

Bad Marienberg site Threshold (oC) Quantity Scale Shape 

Without 2019 data 25.3 Best estimate 3.30 -0.37 

Standard error 0.29 0.06 

With 2019 data 25.3 Best estimate 3.18 -0.30 

Standard error 0.28 0.05 

  

Figure 65: Hazard curve for daily maximum air temperatures (oC) from the Bad Marienberg weather gauge 
without data from 2019 (blue) and with data from 2019 (red). 

Table 17: Same as for Table 14 but with additional daily maximum air temperature data from the hot 

summer of 2019. 

  Daily maximum air temperature (oC) 
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Site Return period Best estimate 70% CI Delta 
Method 

70% CI Bootstrap 

Bad 
Marienberg 

10 32.2 (31.2, 33.2) (31.7, 32.5) 

100 34.0 (32.0, 36.1) (33.2, 34.5) 

1,000 34.9 (31.0, 38.9) (33.7, 35.6) 

10,000 35.4 (27.7, 43.1) (34.0, 36.2) 

100,000 35.6 (20.4, 50.8) (34.1, 36.5) 

1,000,000 35.7 (5.4, 66.1) (34.1, 36.7) 

10,000,000 35.8 (-24.9, 96.5) (34.2, 36.8) 

 

5.5.4 Results for multiple sites 

For this analysis of extreme air temperature, an analysis at all sites shall not be provided as 
was for extreme precipitation. As illustrated by Figure 60, very little data are available at several 
sites across the region with the gauge at Bad Marienberg and the combined series for Nurberg 
and Nurberg Barweiler the only series with the appropriate data length to undertake EVA 
reliably. 

5.6 Application for extreme wind speeds 

As for the previous analysis of extreme air temperature and precipitation, an analysis of 
extreme wind speeds is provided for Mülheim-Kärlich NPP. In this section we introduce an 
additional application of a non-stationary extreme value model which includes a covariate in 
the threshold and model parameters. 

5.6.1 Data 

Average hourly wind speed observations are available at a different set of sites in the vicinity 
of Mülheim-Kärlich NPP than for the previous analyses (some observation gauges are 
identical). Again, the available data are quality controlled measurements and observations 
derived from Deutscher Wetterdienst (DWD) stations and legally and qualitatively equivalent 
partner stations operated for climatological and climate related applications. Figure 66 shows 
the locations of different sites where wind speed observation data are available and Table 18 
specifies the altitudes of each gauge that varies from 62 m ASL at Bonn-Friesdorf to 627 m 
ASL at Nurberg. As a reminder, the altitude of the NPP site under consideration is 
approximately 65 m ASL. 

 

Figure 66: Location of weather gauges with wind data series (blue dots), representative site used for most 
of the study (red square) and Mülheim-Kärlich NPP (black triangle).  
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Table 18: Gauge information for the different weather gauges used for the wind speed analysis. 

Gauge name Gauge ID Altitude (m) Latitude Longitude 

Andernach 00161 75 50.4237 7.4202 

Bendorf 00348 127 50.4135 7.5886 

Bonn-Friesdorf 00599 62 50.7055 7.1467 

Bonn-Roleber 00603 159 50.7349 7.1931 

Buchel-Flugplatz 00766 477 50.1746 7.0595 

Koblenz 02656 96 50.3519 7.5906 

Köln-Bonn 02667 92 50.8646 7.1575 

Bad Marienberg 03167 547 50.6620 7.9602 

Mendig 03246 181 50.3667 7.3167 

Nümbrecht auf dem Lindchen 03657 341 50.9081 7.5543 

Nurberg 03659 627 50.3391 6.9501 

Nurberg-Barweiler 03660 485 50.3601 6.8697 

Neuwied-Feldkirchen-Hüllenberg 15044 199 50.4517 7.4058 

Figure 67 shows the available data for weather gauges recording average wind speed 
measurements in the vicinity of Mülheim-Kärlich NPP. There seem to three sites recording 
data across a long period from 1960s to the present day; these are Bad Marienberg, Köln-
Bonn and Buchel-Flugplatz. All sites are a reasonably similar distance away from the NPP site 
with Köln-Bonn being closer in terms of altitude. However, further analysis of the series seems 
to suggest that the gauge at Bad Marienberg has good quality (from 1981 until the present 
day) and is chosen here (it also permits us to use a site that it consistent with the air 
temperature analysis presented previously). 

 

Figure 67: Time period over which wind speed data are available for each site; the plot only shows the 
start and end date of each of the series, there may be additional missing gaps within the series which are 

checked later in the analysis. 

For this analysis, we extract the maximum observed average hourly wind speed within a day 
to provide a daily series which shall be analysed; the data cover all seasons and are shown in 
Figure 68.  
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Figure 68: Daily maxima average wind speed time series at the Bad Marienberg weather gauge. A 
threshold for EVA is shown (blue line) with exceedances used in the extreme value model (red dots), 

exceedances filtered out after declustering (solid black dots) and non-exceedances (translucent black 
dots). 

Data quality issues were detected in the data prior to 1981 and as such these have been 
removed from the dataset to be analysed. 

5.6.2 Application of EVA 

A threshold of 10.1 m/s (the 99th quantile of the data) is taken for our EVA using the standard 
threshold diagnostics illustrated in previous sections. Table 19 shows the GPD parameter 
estimates; the shape parameter is negative which means that the fitted distribution is bounded 
and as such any extrapolation from this fitted distribution will also be bounded. Figure 69 shows 
the QQ plot which suggests that the GPD fits the data well.  

Table 19: Best estimates and standard errors for the GPD model parameters applied to daily maximum 
average wind speeds from the Bad Marienberg weather gauge. 

 Scale Shape 

Best estimate 1.56 -0.12 

Standard error 0.23 0.11 
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Figure 69: QQ plot for wind speed data (m/s) at Bad Marienberg weather gauge. 

Return level estimates for daily maximum average wind speed are given in Table 20 with the 
respective hazard curve given in Figure 70. These results show that the best estimate is 
bounded; the bootstrap confidence intervals are generally narrower than for the confidence 
intervals obtained using the delta method although the upper boundary for very rare return 
periods does seem to be higher for the bootstrap approach than for the delta method. 

Table 20: Return level estimates for daily maximum average wind speed (m/s) at the Bad Marienberg 
weather gauge. All estimates provided from the fitted GPD model, best estimate using the maximum 

likelihood estimates and 70% confidence intervals (CIs) estimated using the delta method and bootstrap 

approaches. 

 Daily maximum average wind speed (m/s) 

Return period Best estimate 70% CI Delta Method 70% CI Bootstrap 

10 15.2 (14.5, 15.9) (14.8, 15.6) 

100 17.3 (15.6, 19.0) (16.4, 18.4) 

1,000 19.0 (15.9, 22.1) (17.4, 21.2) 

10,000 20.2 (15.6, 24.9) (18.0, 24.0) 

100,000 21.2 (15.0, 27.4) (18.3, 26.9) 

1,000,000 21.9 (14.3, 29.5) (18.5, 29.7) 

10,000,000 22.5 (13.5, 31.4) (18.7, 32.6) 

 

Figure 70: Hazard curve for daily maximum average wind speed (m/s) from the Bad Marienberg weather 
gauge. 

5.6.3 Incorporating directionality 

The intensity of wind speeds may not be the only factor of interest when assessing the safety 
of an NPP site for this particular hazard. All wind gauges also record the direction from which 
the wind is prevailing, and this information can be used to provide an understanding of how 
extreme wind speed values vary with direction. This type of analysis requires a more 
complicated extreme value model which is flexible enough to account for an underlying 
covariate (here the prevailing wind direction). 

5.6.3.1 Methodology 

The extension of standard univariate extreme value analysis to account for directional 
dependence is outlined below. There are different approaches that can be used to incorporate 
the directional component, the two main approaches are: 

 
1. Segment data by direction and fit separate extreme value models to each sector. 
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2. Use a directional varying threshold and fit an extreme value model to all data. 

The first approach is applied by segmenting the wind speed data by direction and fitting 
separate extreme value models to each directional segment. This approach is computationally 
simple and does not require any further statistical theory beyond the univariate extreme value 
analysis presented in the previous section. The choice of directional segmentation needs to 
be made and can be done automatically or manually. The automatic approach would be to fit 
extreme value models at each site to data from sectors of a fixed size (e.g. 6 sectors of 60o). 
An example of using such a segmentation to visualise environmental data is given by wind 
roses which are often used when analysing wind speeds. However, in our situation the main 
directions of extreme wind speed propagation may be artificially split across different sectors 
which may lead to misleading return level estimates. The other approach is to manually select 
the segmentation which ensures that directions with extreme wind speeds are kept together. 
However, this approach is prone to bias induced by the manual nature of the segmentation. 
Both segmentation approaches create discrete boundaries between different sectors where 
the return level can change abruptly. From a physical perspective, this type of discrete change 
does not exist and is merely an artefact of the modelling approach chosen. One final issue is 
that by splitting the data and fitting separate models we reduce the data available for each 
separate GPD fit. This leads to large uncertainty bounds around return level estimates for all 
sectors. 

The second approach is to set a varying threshold which is used to define the extreme values 
in the data. All values above this varying threshold are then modelled using the GPD model 

outlined in the previous section. Let 𝑋 be the random variable associated with wind speed, we 
aim to fit the GPD mentioned in the previous section, but with a directional varying threshold 
𝑢(𝜃), where 𝜃 ∈ (0, 360) is a variable accounting for direction in degrees. In our analysis we 
also permit the scale and shape parameters of the GPD to vary with direction, i.e. 

log(𝜎𝑢) = 𝜎𝑢
(0)

+ 𝜎𝑢
(1)

𝜃 

𝛾 =  𝛾(0) +  𝛾(1)𝜃. 

Dependence on the directional covariate will be tested in all parameters but introduction into 
the shape parameter usually causes computational issues and, in most cases, does not lead 
to better fitting models. For each site we test whether varying the scale parameter with direction 
leads to significantly better model fit using the Akaike Information Criterion (AIC). 

The most important step in this approach concerns the choice of varying threshold. Splines 
are often used to create a set of basis functions that can be fed into a quantile regression 
approach to derive the ideal quantile. A simpler approach is to estimate the quantile of interest 
on a rolling window and smooth the resulting output to come up with a sensible threshold. The 
runquantile function from the caTools R package is used for the rolling quantile and the 
smooth.spline function with 30 degrees of freedom is used to obtain a suitably smoothly 
varying threshold. It is necessary when using these approaches that the spline is periodic since 
the direction at 360o is equivalent to 0o. In practice, this is done by pasting the whole 
directionally sorted data series onto itself three times prior to fitting the rolling window; this 
ensures that the final spline used for our threshold is periodic. 

One issue of the directional EVA approach is that it is necessary to visually check the spline 
and this provides the opportunity for the user to adjust the threshold as they see fit, this could 
be a benefit but can lead to a selection bias which can affect the return level output from the 
extreme value models. Both the approaches outlined can be used to account for directionality, 
but in this analysis,  we shall focus on the second approach as these approaches have fewer 
drawbacks, leads to better fitting models and can provide better insights into our the behaviour 
of extreme wind speeds.  



NARSIS Project (Grant Agreement No. 755439) Del 1.6 

 

87 - 

 

5.6.3.2 Initial data analysis 

Before fitting the directional extreme value model, it is important to check whether there is any 
variation in wind speeds with direction. This can be accomplished visually using a scatter plot 
as in Figure 71. Immediately we observe two main patterns: 

1. The direction data have been rounded to the nearest 10o which leads to 

discontinuities in our data sample; 

2. There is clearly variation between the wind speeds at different directions, with 

directions from 200o to 230o seeming to be associated with the strongest wind 

speeds. 

The initial analysis suggests that a directional EVA model could provide an interesting 
additional insight. The initial phase is to construct a directional-varying threshold above which 
to fit the GPD. To do this, it is necessary to jitter the data slightly to make it easier to apply the 
running mean and smoothing spline approach outlined above. As such, each direction is 
jittered by a value drawn from a Uniform distribution on the range from (-5,5) which ensures 
that all values end up rounding to the original value in the observed data. It should be noted 
that the wind speeds themselves are not jittered; it is only the observations of the direction that 
are jittered. 

 

 

Figure 71: Maximum daily average wind speeds (m/s) from the Bad Marienberg weather gauge with 
respect to wind direction.  

Figure 72 shows the jittered data with a directional varying threshold (representing the 99th 
quantile). This analysis provides additional evidence that there is directional varying behaviour 
in the data from this weather gauge.  
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Figure 72: Maximum daily average wind speeds (m/s) from the Bad Marienberg weather gauge with 
respect to jittered wind direction. A direction varying 99th quantile obtained via a smoothed running 

quantile is shown by the blue line. 

With the direction varying threshold set we now test different models to understand which 
model provides the best fit to the observed data. One approach for comparing models is to 
look at the Akaike Information Criterion (AIC); a lower value of the AIC suggests a better fitting 
statistical model. This metric should also be balanced up against the complexity of the 
statistical model being proposed. Broadly it is better to choose a simpler model if two provide 
a similar model fit; more complicated models generally have more parameters to estimate 
(using the same dataset) and thus the uncertainty in the estimation of these parameters is 
likely to increase.  

Table 21 shows the AIC values for a variety of different models which take the directional 
covariate into account. This clearly shows benefits in model fit gained by using the directional 
threshold as opposed to the stationary threshold. A model with the directional covariate in all 
parameters does provide the best fit but not that much better than the simpler model with 
stationary model parameters and a directional threshold. To keep the model as simple as 
possible the model with directional threshold and stationary model parameters is chosen for 
the rest of the analysis; Figure 73 provides the QQ plot for this model.    

Table 21: Akaike Information Criterion (AIC) values for different models fitted to the wind speed data from 
the Bad Marienberg weather gauge. Lower value of the AIC indicate better model fits; model in italics has 

the lowest AIC but model in bold is the preferred model as it has a simpler structure and a similar AIC 
value. 

Model AIC 

Stationary threshold, scale and shape 342.14 

Directional threshold, stationary scale and shape 259.74 

Directional threshold and scale, stationary shape 259.49 

Directional threshold and shape, stationary scale 261.73 

Directional threshold, scale and shape 259.48 
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Figure 73: QQ plot for GPD with directional covariate fitted to wind speed data at Bad Marienberg weather 
gauge. Quantiles have been standardized as a covariate has been included in the analysis and thus the 

axes are not directly comparable to those in Figure 69. 

The parameters for the chosen directional model are provided in Table 22 alongside the 
stationary model parameters from Table 19. We can notice a slight decrease in the standard 
error associated to the scale parameter and that the best estimate of the shape parameter 
changes sign (although the standard error doesn’t change much). 

Table 22: Best estimates and standard errors for the parameters of the stationary and directional GPD 
models applied to daily maximum average wind speeds from the Bad Marienberg weather gauge. 

Stationary model parameter estimates are the same as in Table 19. 

Bad Marienberg site Wind speed Scale Shape 

Stationary model Best estimate 1.56 -0.12 

Standard error 0.23 0.11 

Directional model Best estimate 1.03 0.07 

Standard error 0.17 0.13 

 

The fitted model can now be used to estimate return levels as before; see Figure 74 and Figure 
75. A few results can be extracted out from this analysis: 

 The directional varying model now captures this variation in the 1000-year return level 

estimate; 

 In most directions, the directional model provides higher estimates of the 1000-year 

level than the stationary model. This is especially pronounced between 200-230 

degrees; however, the directional model is lower from 300-360 degrees; 

 The uncertainty bounds for the directional model are wider, this is not surprising as 

the shape parameter for this model is positive compared to the stationary model 

which had a negative shape parameter.   
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Figure 74: Best estimates of the 1000-year return level using the stationary model (blue line) and model 
with a directional varying threshold (red line). A 70% confidence interval for each model is provided by 
the shaded interval (coloured blue and red for the stationary and dirational varying model respectively). 

 

Figure 75: Alternative method for visualising Figure 74, which accentuates the directional nature of the 
data. Lines and intervals have the same meaning as in Figure 74. 

The directional analysis does provide some difficulties in comparison to the standard EVA 
presented earlier. The final return level estimates are clearly very dependent on the behaviour 
of the directional varying threshold used. Since we have used a smoothed spline (with a 
subjective choice of smoothing parameter) to obtain this threshold it is clear that changes in 
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the smoothing parameter of the spline may have an effect on the final results. It could also be 
argued that we are slightly overfitting to the data given that the return level so closely 
resembles the outline of the extremes in the data. It should also be noted that the incorporation 
of a covariate makes the interpretation of the return levels more difficult. Now instead of having 
a single best estimate that represents the 1000-year event we now have a quantity which can 
be broadly defined as the ‘1000-year level given that the wind is blowing from a specific 
direction’. This represents a subtly different value and using these values interchangeably 
should be treated with caution. Currently, these covariate models provide very useful 
information when we have clear covariates that may impact our hazard of interest but further 
work is required to best understand how to incorporate them into a full risk analysis.  

 

 

 

5.7 Multivariate and multistation analysis for single perils 

5.7.1 Motivation and methodology 

Univariate extreme value methods have been appropriate up to now, when we are interested 
in estimating return levels for reaching a certain level. However, in many situations we may be 
interested in extremes occurring at many sites or for multiple variables (i.e. hazard 
combinations and multi-hazard events).  In these situations it is not appropriate to only use 
univariate models (which in this section will also be referred to as marginal models) such as 
the GPD; we also need to use models that explicitly account for the dependence between two 
or more variables. We show the following methodology for single hazards but for multiple 
variables. In this way, various intensity measures could be used for a single hazard as has 
been shown in the PGA-Sa(0.5s) plots as part of this deliverable.  

A standard approach for summarising the dependence between two variables is the correlation 
coefficient (usually denoted 𝜌 ∈ (−1,1)). A positive value of the correlation coefficient denotes 
that two variables are positively associated (as one variable gets larger so does the other); a 
negative value corresponds to the situation where as one variable gets larger, the other gets 

smaller. A value of 𝜌 = 0 corresponds to data that are not related. This summary works for 
‘average’ values within a dataset, but as we look into the extremes it turns out that such an 
approach is not a good measure of extremal dependence. This occurs because the correlation 
coefficient is driven by ‘average’ values and therefore provides a poor representation of the 
extremes. 

An important concept in multivariate extremes is the concept of asymptotic dependence (AD) 
and asymptotic independence (AI). This is defined as the dependence between variables as 
we move into the limit of a joint distribution (i.e. when we look at the most extreme values in 
our dataset). For two variables (𝑋, 𝑌) with common marginal distribution, the subasymptotic 
extremal dependence measure is given as: 

𝜒(𝑣) = 𝑃(𝑌 > 𝑣|𝑋 > 𝑣), 

The measure 𝜒(𝑣) ∈ [0,1] and provides an estimate of the level of extremal dependence above 

the level 𝑣 with 𝜒(𝑣) = 0 implying independence and 𝜒(𝑣) = 1 implying perfect dependence. 

An equivalent asymptotic version of 𝜒(𝑣) is given by the measure 𝜒 defined as 

𝜒(𝑣) → 𝜒 

as 𝑣 → 𝑣∗, where 𝑣∗ is the upper endpoint of the common marginal distribution. If the variables 
(𝑋, 𝑌) are asymptotically dependent then 𝜒 = 𝑐, where 0 < 𝑐 ≤ 1; asymptotic independence if 
defined when 𝜒 = 0. For asymptotically dependent data, the strength of the dependence is 

provided by the value of 𝑐. However, for asymptotically independent data, the measure 𝜒 does 
not provide any information about the strength of the dependence at subasymptotic levels. For 
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this, there is an alternate measure often referred to as �̅� ∈ [−1,1] where: �̅� = 1 if the variables 
are AD; �̅� ∈ (0,1) if the variables are AI with positive association; �̅� = 0 if the variables are 

independent; �̅� ∈ (−1,0) if the variables are AI with negative association. 

In practice, the extremal dependence measures 𝜒 and �̅� (along with their sub-asymptotic 
counterparts) can be estimated from a data set at a variety of thresholds (often linked to a 
respective quantile). However, as the threshold is increased the amount of data available 
becomes smaller and empirical estimates of the dependence measures become difficult. This 
is especially true as we are interested in the joint behaviour at very extreme levels (e.g. what 
is the probably of two sites exceeding their respective 10,000-year return levels at the same 
time?).   

One recent approach used to model multivariate extremes is the conditional extremes 

approach. As above, let (𝑋, 𝑌) be two random variables with common marginal distributions. 
We are interested in the distribution of 𝑌|𝑋 > 𝑢, i.e. the distribution of the extremes of 𝑌 given 

that 𝑋 is extreme (i.e. exceeding some high threshold). Broadly, the conditional distribution is 
modelled using a statistical regression model fitted solely to the extreme values. For more 
information about the mathematical theory behind the conditional extremes approach see 
Winter (2016). There are many other different approaches available to model multivariate 
extremes, one of the most well known ones being copulas. Copulas are very useful models 
but do have two main drawbacks: (i) it is necessary to choose a model that is either AD or AI 
in advance of fitting the model; (ii) copulas do not scale well so if we want to consider multiple 
sites or variables, fitting can become difficult above three dimensions. The conditional 
extremes approach is more flexible than some of these models as it can account for the cases 
of AD and AI without the user having to define the dependence structure in advance. The 
model is also very data driven, which is generally beneficial, but can be a drawback if the 
quality of the available data is not good.  

There are two parameters (often denoted 𝛼 and 𝛽) which can be used to represent the strength 
of dependence when using the conditional extremes model. In the case where 𝛼 = 1 and 
𝛽 =  0, the variables (𝑋, 𝑌) exhibit asymptotic positive dependence. The case of asymptotic 

negative dependence is given when 𝛼 = −1 and 𝛽 = 0. If 𝛼 =  𝛽 = 1 the variables are 
independent. The parameters are defined on the ranges 𝛼 ∈ [−1,1] and 𝛽 ∈ (−∞, 1) and 
estimates falling in between the specific aforementioned cases fall in between the different 
dependence classes.  

As in the univariate case, the fitted conditional extremes model can be used to extrapolate to 
higher levels. The difference is that we now don’t just extrapolate for a single variable but are 
able to extrapolate for pairs of variables (or more variables if using a multivariate model as 
opposed to a bivariate model). Given we can extrapolate to higher levels (e.g. some 𝑣 greater 

than the modelling threshold 𝑢), it is possible to estimate 𝜒(𝑣) from our model at several return 
periods beyond the range of our observational sample (e.g. 10-, 100-, 1000-, 10000-year return 
levels and beyond). 

This general modelling approach will now be illustrated for an analysis of extreme precipitation 
at two weather gauges (Andernach and Munstermaifeld) utilising the data presented above in 
the vicinity of Mülheim-Kärlich NPP. 

5.7.2 Extreme precipitation at two weather gauges 

In this section, the conditional extremes approach is now applied to daily precipitation 
observations taken from two sites in the vicinity of Mülheim-Kärlich NPP. As can be seen in 
Figure 44, the sites Andernach and Munstermaifeld are both located to the west of the NPP 
site, about 20 km apart from one another. The Munstermaifeld weather gauge is at an altitude 
of 255 m whereas the Andernach weather gauge is only at an altitude of 77 m. However, both 
weather gauges have reasonably long records with overlapping data over the period from 1951 
to the present day (with some smaller data gaps within the series). 
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This analysis will focus on extreme rainfall events occurring at the two weather gauges on the 
same day. This is a reasonable first assumption but it should be noted that peaks of events 
occurring over several days could therefore be observed on separate days and thus not 
included as a pair within our analysis. However, this isn’t expected to occur too many times 
within our series given that the weather gauges are relatively close together.  

Figure 76 shows a scatter plot with daily precipitation values observed at the Andernach and 
Munstermaifeld weather gauges on the same day from 1951 to the present day. The 99th 
quantiles for each of the data sets has been added on to show the number of joint exceedances 
that occur within the joint dataset. Some remarks: 

 We clearly notice many joint exceedances of both thresholds which suggests that there 
is some type of extremal dependence within the dataset. 

 However, the three largest values at the Andernach site do not coincide with 
exceedances at the Munstermaifeld site; the largest observed value at Munstermaifeld 
does not coincide with an exceedance at Andernach. 

 

Figure 76: Scatter of daily precipitation accumulations (mm) at Andernach and Munstermaifeld; 
respective 99thquantiles have been added (blue lines) to give an idea of the number of joint exceedances 

within the dataset. 

The initial analysis above seems to suggest that there is some extremal dependence but the 
very largest values may occur independently of one another. One way to test this is to estimate 
the empirical values of 𝜒(𝑢) and �̅�(𝑢) (see Figure 77). These diagnostic plots seem to concur 

with our initial analysis as the value of �̅�(𝑢) seems to remain constant just above 0.5 which 
suggests that the two variables are asymptotically independent but there is positive association 
within the range of the data. The plot of 𝜒(𝑢) does suggest that asymptotic dependence could 
also be assumed, although the confidence interval at the very highest quantiles does seem to 
get near 0. This difficulty in interpreting the diagnostic plots illustrates the importance of having 
a model which can capture both asymptotic dependence and asymptotic independence. 
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Figure 77: Empirical estimates of 𝝌(𝒖) and �̅�(𝒖) for the daily precipitation accumulations (mm) at 
Andernach and Munstermaifeld. 

After the initial empirical diagnostics we can now fit the conditional extremes model to the data. 
This is done using the texmex package within the R statistical programming language. 

Parameter estimates are given as 𝛼 = −0.566 and 𝛽 = 0.705. This fitted model can be used 
to simulate joint exceedances at values of 𝑣 > 𝑢 and understand how the dependence 
behaves at levels beyond the range of the data (e.g. the 10,000-year return level). Figure 79 
provides a plot of the original data and new joint data simulated from the fitted conditional 
extremes models; the new joint data have been simulated above the 10,000-year return level 
for precipitation. It is clear from the plot that most of the extreme simulated precipitation values 
at Andernach do not coincide with extremes at Munstermaifeld. However, there are some 
simulations that lead to extreme joint occurrences, so it is still possible for this to occur.  

 

Figure 78: Joint analysis of daily precipitation (mm) at Andernach and Munstermaifeld weather gauges with 
observation data (red circles), data simulated from the fitted conditional extremes model (green dots and grey 
crosses, differences between these points unimportant and a product of the default plotting function in the texmex 

package). 
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5.7.3 Results for geographically close stations 

This quick study proposes to demonstrate how to analyse dependency of high wind speed 
occurrences between two geographically close stations, near a site of interest. The data used 
for this analysis is the hourly mean wind speed values, they are supposed to be independent. 
The measurement stations used fo this demonstration are : 

- Bad Marienberg (id. 3167) : data collected between 1969 and 2018, with a few missing 

spots 

- Büchel (id. 766) : data collected between 1965 and 2015, with several months or years 

missing 

Both these stations are close to the German decommissioned nuclear power plant of Mulheim-
Kärlich. These two stations are about 90 km apart. 

 

5.7.3.1 Methodological steps 

In this paragraph we will outline the methodological steps followed to study the correlation 
between the two sets of data. 

Graph in the physical space 

The first step consists of a representation of the data in a 2D graph, of each couple of 
measures. 

Graph in the rank space 

Analysis of data in the rank space shows the dependence of the variables in the extreme 
values. Indeed, transporting the data into rank space does not change its dependence 
structure as the transformation is done component by component by an increasing function. 
The ranks are standardised so that the maximum value of the sample has a rank of 1 and the 
minimum value a rank of 1/n where n is the number of data. 

Thus, the bivariate values correspond to an accumulation of high extreme hazards in the upper 
right quarter of [0,1]2. 

The positioning of the data in this space is much easier to interpret than in the physical 
coordinates space as all of the data has been standardised between 0 and 1: the effect of the 
marginals has been eliminated. 

 

Curves 𝒖 → 𝝌(𝒖) and 𝒖 → 𝝌(𝒖)  

The curves 𝑢 → 𝜒(𝑢) and 𝑢 → 𝜒(𝑢) help to detect cases of asymptotic independence. 

Asymptotic Independence – Definition : The scalar variables X1 and X2, of marginals F1 and 
F2, are said to be asymptotically independent if and only if: 

𝜒 = lim
𝑢→1−

ℙ (𝐹1(𝑋1) > 𝑢|𝐹2(𝑋2) > 𝑢) = 0 

The coefficient 𝜒 is also introduced, such that −1 < 𝜒 < 1 and defined by: 

𝜒 = lim
𝑢→1

𝜒 (𝑢) 

where the function 𝑢 → 𝜒(𝑢)is defined by: 

𝜒(𝑢) =
2 log ℙ(𝐹1(𝑋1) > 𝑢)

 log ℙ(𝐹1(𝑋1) > 𝑢, 𝐹2(𝑋2) > 𝑢)
− 1 =

2 log (1 − 𝑢)

 log 𝐶(𝑢, 𝑢)
− 1, ∀0 < 𝑢 < 1 

The different cases can be summarised as follows: 

 for asymptotically dependent variables, 𝜒 = 1 and 0 < 𝜒 < 1. In this case, 𝜒 measures 

the strength of the dependence; 
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 for asymptotically independent variables, 𝜒 = 0 and −1 < 𝜒 < 1: the more 𝜒 increases, 

the stronger the relative dependence. In this case, 𝜒 < 0 for a negative association; 

𝜒 > 0 for a positive association. 

 

For hazards corresponding to low extreme values, the observations need to be transformed 
into their opposite values in order to artificially transform a low extreme value into a high 
extreme value 

 

5.7.3.2 Application to wind measurement data 

 

The first step of the study was to build a data sample containing only available measurements 
at the same instants for both stations. This is a prerequisite for the correlation study. Once the 
sample is built, the study consists firstly in a graphical representation of the data in the physical 
space and in the normalized ranks space, and secondly in a graphical analysis of the 
asymptotic dependency between the two stations. 

 

Data Graphical Representations 

The Figure 79 and Figure 80 represent the two stations wind speed couples both in the physical 
space and in the normalized ranks space, obtained after the empirical ranks. It can be 
observed that the couples are evenly distributed inside all the rank space. Zooming on the 
measurement couples with a quantile above a 95% threshold is represented in Figure 81. Even 
within this range the distribution remains quite uniform in the ranks space. 

Theses graphical representations tend to indicate a certain level of independence between the 
two stations. To verify this supposition, the indicators 𝜒 and 𝜒 have been computed for these 
distributions. They are represented in Figure 82 and Figure 83. 

The 𝜒(𝑢) function has a decreasing tendency, while the �̅�(𝑢) function has an increasing 

tendency. The values for u=1 are 𝜒(1) = 0.088 and �̅�(1) = 0.622. 

These results lead to conclude that there is an asymptotic independence with a positive 
association between these 2 stations wind speed. 

We should note that the previous curves are not so clear: the chi-curve remains positive until 
its extreme end, which would lead to the conclusion of a dependence, while the chiBar-curve 
remains around 0.6, which would lead to the conclusion of a positive association with 
asymptotic independence. However, both conclusions (dependence or asymptotic 
independence with positive association) go into the same direction and are not opposite. In 
doubt, we advise to use a model of dependence which is able to model both situations, like 
the Ledford and Tawn example. Therefore, it excludes the use of the multivariate generalized 
extreme value distribution which can’t model the asymptotic independence case. 

The positive correlation can be explained by the closeness of both stations. However, with 
wind being a very localized phenomena, this correlation is not very strong because there is not 
a direct correlation at the same time (hour step) between these two localizations regarding the 
speed of the wind.  
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Figure 79: Both stations wind speed bivariate observations plotted in the physical space 

 

Figure 80: Both stations wind speed bivariate observations in the rank space. 
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Figure 81: Both stations wind speed bivariate observations, above the 95% quantile. 

 

 

Figure 82: 𝒖 ⟼ 𝝌(𝒖) curve for the mean wind speed of stations 3167 and 766 
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Figure 83: 𝒖 ⟼ 𝝌(𝒖) curve for the mean wind speed of stations 3167 and 766 (chi bar) 
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6 Integration of methodologies into the single hazard and multi 
hazard software 

For understanding and quantifying the impact of multi-hazard scenarios, a clear working 
template and visualization tools are necessary. Thus, a software tool for multi-hazard analysis 
is being developed. The tool utilizes given hazard return period curves of independent hazards 
and computes occurrence probabilities for both happening in the same time window. The 
software visualizes graphs of coinciding hazards for different return periods. 

Multi-hazard is hereby defined as the linear combination of 2 independent hazards. The hazard 
with the higher occurrence frequency is defined as the primary hazard and any other one is 
called the secondary hazard. Combining more than 2 hazards is not part of the software.  

6.1 Software Schema 

The software is set-up in 4 key steps: 

- Site Selection 

- Hazard Editor 

- Multi-hazard Logic 

- Results Review 

First, the user can define or select a site with a specific combination of site-dependent hazards. 
The software comes with a selection of decommissioned sites as listed below. 

Table 23: Overview of provided decommissioned sites of the multi-hazard software 

Site Latitude Longitude Earthquake Flood Tornado Lightning 

Trino Vercellese 45.18313 8.27677 X X X X 

Mülheim Kärlich 50.40799 7.48592 X X X  

Biblis 49.70879 8.41449 X X X  

All Decom. Sites European scale analyses 

In the second step, the user can view and edit the provided hazards for a selected site. Editing 
is limited to a linear adjustment of amplitude and frequency. In addition, adding new hazards 
from generic return period curves is planned for future updates.  

The third step links the given hazard curves. Here, the user can select one of some potential 
components as part of an example accident scenario such as a station blackout event 
progression (please refer D3.2.2 draft provided by JSI) (see list below). Each component has 
distinct set exceedance thresholds at which a hazard becomes relevantly damaging. The 
software automatically calculates for which hazard for selected component, the return periods 
are the lowest and thus gives a recommendation for the selection of a primary hazard. The 
user can also select the primary hazard by himself.  

The fourth and final step shows the multi-hazard probability curves of the primary hazard and 
all secondary hazards. The MATRIX approach could be used here for eliminating certain 
hazard combinations but likely the Bayesian Network would better suited to this problem in 
WP3. The user can choose among the visualization of the different secondary hazards, if 
applicable. In addition, the user can save the curves in json format and will get the option to 
output stochastic catalogues of hazard combinations.  
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6.2 Example Case 

For an example case, we consider the site of Trino Vercellese. In Figure 84 it can be seen 
selected among the sites currently available. 

 

Figure 84: NARSIS Multi Hazard Explorer starting screen (pre-alpha version, initial sites) 

Afterwards, the user has the option to review and potentially adjust the site-specific hazard 
curves. The base curves come from the site analyses done within this deliverable. Figure 85 
shows this integration. 

 

Figure 85: NARSIS Multi Hazard Explorer – single hazard curve integration for earthquake 
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In this case, the user selected the LIS (Letdown isolation system) component or any other 
component as defined above where its primary hazard are earthquakes. The user could have 
also selected any other hazard as the primary hazard as seen in Figure 86.  

 

Figure 86: NARSIS Multi Hazard Explorer – selection via component type 

The results view in Figure 87 provides the multi-hazard curves for a logarithmic scale of return 
periods. The visualized multi-hazard combination depends on the user (here: Tornadoes).  

 

Figure 87: NARSIS Multi Hazard Explorer – initial multi-hazard combinations of curves 



NARSIS Project (Grant Agreement No. 755439) Del 1.6 

 

103 - 

 

6.3 Development Background 

The software is fully written in javascript and utilizes the Electron framework for the 
development of the user interface, which is entirely built using html and css. It can be deployed 
on any major operating system and relies on chromium as a backend technology. However, 
all those details are not relevant for the end-user, who can simply run the executable without 
other dependent installations.  

Currently, the system uses only json data formats to save and ship sites with their hazards and 
components with their respective threshold values. The files are open and can be easily edited 
using a common text editor, if necessary. Format conventions for the dummy file is shown 
below.  
 
{ "type":"FeatureCollection", 
  "features": [  
    { 
      "name": "Biblis", 
      "country": "Germany", 
      "earthquake": true, 
      "flood": true, 
      "latitude": 49.70879, 
      "longitude": 8.41449, 
      "numHazards": 1, 
      "hazards": [ 
        { 
          "label": "Earthquake", 
          "metrics": ["PGA"], 
          "units": ["g"], 
          "path": "D:/NARSIS/Biblis_EQ.csv" 
        }] 
    }, 
    }, 
 
 
 
 
 
 
 

    { 
      "name": "Trino Vercellese", 
      "country": "Italy", 
      "earthquake": true, 
      "flood": true, 
      "latitude": 45.183135, 
      "longitude": 8.276771, 
      "numHazards": 2, 
      "hazards": [ 
        { 
          "label": "Earthquake", 
          "metrics": ["PGA"], 
          "units": ["g"], 
          "path": "D:/NARSIS/Trino_EQ.csv" 
        }, 
        { 
          "label": "Flood", 
          "metrics": ["Flow", "Height"], 
          "units": ["m**3/s","m"], 
          "path": "D:/NARSIS/Trino_FL.csv" 
        } 
      ] 
    } 
  ] 
} 

The next development iterations will include an update of the software layout and user 
experience. Additional features will cover the option to add generic hazard curves based on 
user parameters and the computation of stochastic event catalogues as part of the results 
review.  
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7 Conclusions and Recommendations 

 

A number of methodologies and hazard curves for singular hazards have been presented as 
part of this analysis.  

The first part of the deliverable is dedicated to the choice of sites around Europe for further 
study. Here, care was taken as to the chosen sites, as a NPP would not make sense to be 
sited anywhere, and thus creating a generic set of locations is considered outside of the scope 
of this project. Using the decommissioned and shutdown sites derived from this study, allows 
for a large testbed for hazard curves without any political issues with assumptions made for 
research purposes. Certain plants were removed as part of the analysis. A large amount of 
data has been scoped as part of this study for collecting site information etc.  

This will be used to refine the single hazard curves during the course of the project and in order 
to account for multi-hazard combinations.  

A collection of hazards datasets for Europe for the sites is examined to identify what is available 
for each of the hazards. These datasets are characterised including their resolution and what 
can be used for the analysis. A preliminary data analysis and examination has been made for 
earthquake (and secondary effects), tsunami, flood, hail, lightning, tornado, rainfall, 
temperature, volcano and wind; including screening. This has been done for all 
decommissioned sites. 

The detailed analysis of site location hazard curves and analysis has been presented:- 
a) Hazard curves have been produced for Trino Vercellese in Italy for earthquake 

including curve and disaggregation. The conditional mean spectrum method is used 

in order to provide adequate and representative time histories.  

b) In addition, earthquake hazard curves are calculated for Biblis using the same 

methodologies. 

c) Flood hazard is examined at sites including Trino Vercellese, Obrigheim, Biblis, and 

Mülheim-Kärlich in order to create hazard curves and provide input. Flow data from 

stations is also examined as well as resolution of data.  

d) Station correlation analysis for extreme weather is undertaken as part of the study, 

with the examination of temperature, wind, and rainfall made for various stations. The 

station data around Europe was audited, and some examples for key sites are 

provided. 

e) Multivariate modelling is also undertaken looking at the correlation between various 

dependent parameters/station measurements. 

The preliminary hazard curves produced as part of this study were for three main sites, 
however, the European datasets sourced as part of this study, enable plausible hazard curves 
to be derived for all of the decommissioned and shutdown sites. For the wind and temperature 
effects, additional plants were examined. 

Table 24: Overview of hazard developed for each site (X=implemented in software, x=analysed) 

Site Latitude Longitude 
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Trino Vercellese 45.18313 8.27677 X X X X x  x x 
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Mülheim Kärlich 50.40799 7.48592 X X X  x x x x 

Biblis 49.70879 8.41449 X X X  x  x x 

All decom sites European Scale Analyses 

 

 

These hazard curves and knowledge were included within the software setup for the first four 
hazards and sites. The software will present the single hazard curves for the various chosen 
sites, including different hazard parameters where applicable. These have been checked with 
WP2 and WP3 in order to ensure that the hazard curves as well as parameters are compatible 
with their outputs.  For each of the single hazard curves, the vulnerability components are to 
be examined in order to ensure that relevant hazard parameters are provided for each hazard 
in the final software. 

Further development of the single hazard curves will be made in deliverables 1.2-1.5 and 
integrated within D1.7 (multi-hazard curve development).  
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