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East Pye Solar DCO - Written Representation

Interested Party reference: N

Summary of Written Representation

The Scheme's claimed carbon benefit is central to the planning balance. | identify significant uncertainties in
the calculation, timing and resilience of that benefit which | have not found to be resolved in the Applicant's
assessment.

| identify apparent errors, inconsistencies and uncertainties in the Applicant's lifecycle carbon calculations,
including PV manufacturing emissions, and the absence of a stated carbon payback period. | question the
counterfactual used for the 60-year carbon saving and the absence of sensitivity analysis of key
assumptions.

| identify a lack of evidence demonstrating resilience to severe but plausible weather, in particular the
wind/storm severity and return period the infrastructure is designed to withstand and how events beyond that
basis have been considered, when even a nominal 1-in-87-year event has approximately a 50% probability
of occurring at least once over 60 years.

Finally, the Scheme’s proximity to other proposed large-scale solar developments creates potential
correlated exposure to severe regional weather, simultaneous loss of generating capacity and constrained
recovery resources. | have not identified an assessment of this geographic concentration risk. Taken
together, the material before the ExA does not establish the robustness of the claimed long-term carbon
benefit or adequately justify the proposed concentration of further substantial generating capacity in this
location.

Written Representation

1. I am an Interested Party and a local resident. | recognise the compelling need for clean energy and the
contribution it can make to a safer and more sustainable world for future generations. In my Relevant
Representation | raised the substantial adverse effects of the Scheme and questioned whether the
application had adequately addressed the full lifecycle carbon impacts of construction, maintenance,
replacement and decommissioning.

2. At the Procedural Meeting on 15 September | raised the importance of demonstrable rigour in the carbon
case. The Applicant referred me to the Statement of Need [APP-206] and Planning Statement [APP-209].
Having further considered those and other relevant application documents, this Written Representation
develops the lifecycle carbon concern raised in my Relevant Representation.

3. If local environmental, agricultural and amenity impacts are to be accepted in return for long-term public
benefits, there should be sufficient confidence that those benefits will materialise and be sustained over the
proposed 60-year operational life, and that risks to their delivery are appropriately mitigated through siting,
design, management and operation.

4. My representation is informed by over 30 years' experience as a finance professional within the insurance
industry and considers matters relevant to the robustness and deliverability of the claimed long-term
benefits.

Basis of the PV and replacement carbon estimates

5. The Applicant estimates construction emissions of 347,673 tCO2e, including 87,445 tCO2e for PV arrays
and mounting structures [APP/6.1.6, Table 6.25]. The estimate is based on constituent material carbon
factors.

6. A recent peer-reviewed lifecycle assessment reports cradle-to-gate emissions of 412 kgCO2e/kWp for
bifacial PERC modules manufactured in China using the national-average electricity mix.[1] The Applicant
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assumes that the Scheme's panels will be sourced from China [APP/6.1.6, para 6.9.60]. On an illustrative
500 MWp, the study's factor would indicate approximately 206,000 tCO2e for module manufacture. By
comparison, the Applicant's constituent-material calculation produces approximately 85,000 tCOZ2e for the
panels when its stated glass inputs are applied arithmetically (see 7 below). The Applicant uses a product-
level manufacturing emissions factor for BESS. This raises a question as to whether the calculation
approach captures the full manufacturing carbon footprint of the PV arrays.

7. Two of the stated calculations also appear not to reconcile with their underlying inputs.

Glass — paragraph 6.9.16

Applicant's inputs: 26,393 tonnes x 1.4028 kgCO,e/kg
Calculated result: approximately 37,024 tCO.e
Reported result: 1,371 tCO,e

Mounting structures — paragraphs 6.9.18-6.9.19

Applicant's inputs: 9,973 structures x 800 kg x 2.71 kgCO,e/kg
Calculated result: approximately 21,621 tCO.e

Reported result: 37,845 tCO,e

Correcting both figures using the Applicant's stated inputs increases the combined PV-and-mounting
estimate from 87,445 tCO.e to approximately 106,870 tCO.e.

8. Finally, | have not seen figures for the end-of-life emissions associated with PV panels and BESS
equipment removed and replaced during the operational life of the Scheme, as distinct from equipment
remaining in place until final decommissioning.

Testing the 60-year carbon benefit forecast against severe but plausible adverse experience

9. | use 'return period' to refer to infrequent but potentially severe events. It expresses the annual probability
of an event of a particular severity; for a given type of event, a longer return period will generally correspond
to a more severe event. The Applicant itself uses this approach for flood risk: Chapter 4 specifies the
elevation of electrical infrastructure by reference to the 1-in-100-year flood level [APP/6.1.4, para 4.3.17 and
Table 4.1].[2]

10. Over 60 years, severe weather events with relatively long return periods cannot reasonably be treated

as remote. Assuming a constant annual probability, a 1-in-20-year event has approximately a 95%
probability of occurring at least once over 60 years. Even a 1-in-87-year event has a 50% probability - it is as
likely as not.[3]

11. The Applicant's Planning Statement records national policy requiring the physical impacts of climate
change to be considered when planning the location, design, construction and operation of new energy
infrastructure, and states that Chapter 6 sets out the Scheme's resilience to climate change [APP-209, paras
8.2.77-8.2.81].[17]

12. The Applicant says the Scheme has considered resilience to extreme weather and that panels and
infrastructure will withstand high winds in accordance with relevant standards and guidance [APP/5.11,
p.189]. It also states that extreme-weather risks and resilience to climatic change over the 60-year life have
been considered [APP/6.1.6, para 6.5.49], and recognises that projected climate changes and
environmental extremes are likely to become more severe during operation [para 6.9.149]. However, | have
not identified the severe-weather conditions against which that resilience was assessed, in particular the
wind or storm severity and expected return period the PV panels and their mounting structures are required
to withstand, or how events exceeding that design basis have been considered.[4] For context, Kettle (2023)
records that Storm Kyrill's wind speeds in Germany were assessed at the level of a 50-year return-period
event; the storm caused widespread infrastructure damage and disruption across Europe.[5]

13. The CCRA assigns increased storm intensity a Very Low likelihood and Minor adverse consequence
[APP/6.1.6, Table 6.37]. The Applicant states that consequence ratings use professional judgement and
supporting evidence,[6] but | have not identified the supporting evidence for that rating or the nature, severity
and probability of the storm event being assessed in relation to the PV panels and their mounting structures.
Experience from insured weather losses also illustrates the uncertainty associated with estimating the
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frequency of severe events from historical experience. Swiss Re found that a French hail event-loss level
previously associated with a 20-50-year market return period had been exceeded three times within a
decade, requiring reconsideration of industry return-period assumptions; using the additional data, it
estimated the return period at less than ten years. Swiss Re also notes that climate change could influence
the intensity and frequency of convective storms, although current trends remain highly uncertain.[7]

14. A 2025 IEA-PVPS review records structural wind damage to fixed-tilt and single-axis tracker systems,
including cases where winds below typical or project design speeds caused damage, with consequences
including lost generation, repowering, shipping, recycling and disposal costs.[8] These also are relevant to
the Applicant's assumption that mounting structures will not require replacement [APP/6.1.6, para 6.9.76].

15. Chapter 6 also identifies ‘deterioration of structures or foundations due to decrease in soil moisture
levels’ as a potential operational climate risk [APP/6.1.6, Table 6.37]. However, the measure identified in the
assessment for lower summer rainfall concerns provision of stored water for fire suppression.[6]

16. The Ground Conditions Assessment identifies potential land-instability and subsidence risks and records
clay strata and former clay pits within or adjoining parts of the selected site. [9] The wider South Norfolk area
is also characterised by substantial clay geology. Chapter 4 provides for piled mounting structures up to 4 m
deep [APP/6.1.4, Table 4.1], but | have not identified evidence demonstrating how the depth and design of
those foundations address shrink-swell ground movement from prolonged dry periods. BGS identifies shrink-
swell ground movement as a significant geohazard and expects warmer, drier summers and increased
rainfall variability to increase shrink-swell activity. This is particularly relevant to the suitability and resilience
of the site selected for infrastructure intended to operate for 60 years.[9]

17. Recent UK experience also indicates increasing exposure to drought-related subsidence. Subsidence
surge years occurred in 2018, 2022 and 2025, associated with prolonged hot and dry conditions and soil-
moisture deficit.[10]

18. The evidence before the ExA therefore leaves material uncertainty as to the Scheme's resilience to
severe weather over its 60-year operating life, and consequently as to the suitability of the selected site for
infrastructure intended to operate for that period.

The magnitude and timing of the carbon benefit depend on Scheme performance and underlying

assumptions

19. The Applicant estimates a lifetime operational carbon saving of approximately 1.3 MtCO2e, against its
figure of approximately 0.35 MtCO2e of construction emissions incurred before operation [11] (subject to the
calculation issues identified at paragraph 7 above). | have not identified a calculation showing when that
initial carbon outlay is offset by operational carbon savings (the carbon payback period).

20. The claimed saving is sensitive to the counterfactual. Chapter 6 describes the comparator both as the
'forecast UK Grid Average' [para 6.4.31] and as 'long-run marginal grid emissions forecasts for 2031' [para
6.7.5]. The basis of the comparator therefore requires clarification. The lifespan saving is calculated using
the 2031 grid emissions factor, although, on the NESO pathways the Applicant cites, rapid subsequent
decarbonisation follows, reaching zero or below by around 2035.[12] Applying a 2031 comparator across a
60-year life may therefore overstate the emissions that would otherwise occur and is too simplistic a basis
for a claimed carbon benefit of such importance to the planning balance.

21. The comparison is also more complex than a single grid factor suggests. Average grid factors do not
capture all whole-life emissions of the generation mix, and the emissions actually avoided by solar may
depend on the marginal generation displaced.

22. These factors can operate in different directions, reinforcing the need for sensitivity testing. | have not
identified analysis showing the effect on the claimed 1.3 MtCO2e saving of alternative grid-decarbonisation
assumptions, marginal generation or later commencement. The material before the ExA therefore does not
establish the robustness of the headline saving.

23. In my professional experience of reviewing long-term financial and capital assessments, sensitivity

analysis is essential where projections depend on assumptions extending over a long period (here 60

years). Here this could test the effect on lifetime carbon benefit and payback of severe weather-related
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damage, premature replacement and uncertainty in decommissioning emissions, alongside the
counterfactual sensitivities identified above.

Physical and financial resilience are relevant to the durability of the claimed benefits

Physical resilience

24. Chapter 6 states that climate projections and asset sensitivities were reviewed to identify appropriate
resilience measures [APP/6.1.6, para 6.9.143]. However, | have not identified testing of severe-but-plausible
scenarios to compare alternative sites, layouts or design choices, including their consequences for damage,
recovery, lost generation and carbon benefit. Such analysis could inform the suitability of the selected site
relative to alternatives, as well as the way the Scheme is designed and operated - for example, the choice
between fixed and tracking panels - rather than serving only as a test of its overall carbon case.

25. Lost generation is a permanent loss of carbon benefit, while repair or premature replacement may add
embodied carbon, construction traffic and local impacts. Measures that avoid or limit damage and enable
rapid reinstatement therefore protect the long-term benefits relied upon.

Financial resilience

26. Financial resilience is relevant to prompt repair or reinstatement after a severe loss. Insurance can
transfer some financial risk, but sufficient resources are also required for uninsured costs and recovery. |
have not identified an assessment of the financial consequences of a severe operational loss, or evidence of
the financial and insurance arrangements supporting recovery.

Geographic concentration creates an additional resilience- and energy-security risk

27. The Scheme would not operate in geographic isolation. The Applicant records High Grove and The
Droves at 31 km and 41 km respectively from the Order Limits. Together, the three proposed large-scale
solar installations represent approximately 1.72 GW of generating capacity.[13]

28. A severe regional weather event could affect more than one installation simultaneously due to their
proximity. Research into European windstorms has examined 'extreme-tail dependence’ — the tendency for
extreme events to occur at more than one location. For pairs of locations less than 50 km apart, 69% of
those studied showed results statistically consistent with such dependence, compared with only 3% for pairs
150-200 km apart.[14] This supports considering the three nearby schemes as potentially exposed to a
common severe regional wind event. Simultaneous impairment of a substantial concentration of generation
is relevant to national energy-system resilience and security.

29. Concentration could also exacerbate recovery through simultaneous demand for replacement
equipment, specialist contractors and network repair capacity. Swiss Re identifies geographic concentration,
shared infrastructure and specialist suppliers as sources of correlated loss, and notes that supply-chain
bottlenecks and extended replacement times can increase the cost of recovery.[15] US Solar Fund plc
states that it uses geographic diversification across its solar portfolio to reduce exposure to any one
extreme-weather or environmental event.[16]

30. | have not identified an Applicant assessment of either the risk of simultaneous impairment of generating
capacity contributing to national energy security or the additional recovery risk concentration could create for
the Scheme. Without a fully supported assessment of these risks and their mitigation, such a concentration
of substantial generating capacity in this location is not adequately justified.

Overall

31. Taken together, these matters create material uncertainty over the scale, timing and resilience of the
carbon benefit relied upon over the Scheme's 60-year life. They are also relevant to whether the selected
site, in an area of substantial geographic concentration, is appropriate for large-scale solar generation and
whether different siting, design or operational choices could reduce those risks. The local environmental,
landscape, agricultural and amenity impacts arise from development of this particular site. The material
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before the ExA should therefore provide sufficient confidence that the long-term carbon benefit relied upon
to justify those impacts is robust and that the proposed location does not expose its delivery to avoidable
risk.

Use of Artificial Intelligence

32. | have used OpenAl ChatGPT to assist me in searching and navigating the Applicant's extensive
documentation, identifying relevant passages and external sources, analysing and organising the issues
considered in this representation, and assisting with drafting and editing. | have reviewed the resulting
analysis and source references, and the observations and conclusions expressed in this representation are
my own. | take responsibility for the material submitted.
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What is shrink-swell?

Many soils contain clay minerals that absorb water when wet (making them swell) and lose water as they dry (making
them shrink). This ‘shrink-swell’ behaviour is controlled by the type and amount of clay in the soil and by changes in soil-
moisture content related to rainfall and local drainage. This shrink-swell variation can cause ground movement, which in
turn may damage building foundations, pipes or utility services.

How does climate change affect shrink-swell?

Dry weather and high temperatures are a major factor in the emergence of subsidence in clay soils. Every summer can
be completely different to the last; summer 2018 had the hottest, driest June for years whereas summer 2019 had one of
the wettest Junes on record. Warmer, drier summers and increases in annual temperature and rainfall variability are
predicted, which will cause more shrink-swell activity.

What is the impact of shrink-swell?

Shrink-swell ground movement, typically reported as subsidence, is one of the most damaging geohazards in Britain
today, costing the economy an estimated £3 billion over the past decade. It can lead to financial loss for anyone involved
in the construction, ownership or management of property, large structures, infrastructure networks and utilities. These
costs could include increased insurance premiums, depressed house prices and, in some cases, engineering works to
stabilise land or property.

Armed with knowledge about potential hazards, preventative or mitigative steps can be put in place to alleviate the
effects of the hazard on property and infrastructure. The cost of such prevention may be very low and is often many
times lower than the repair bill following ground movement

Further information

GeoClimate looks specifically at the geological factors that influence shrink-swell subsidence and the climatic effects and
interactions. It does not consider any human or artificial factors. GeoClimate shrink-swell provides information on the potential
for clay shrink-swell subsidence under a range of climate scenarios. The data provides projections for the RCPs 2.6, 4.5 and 8.5
emission scenarios.

Projected climate conditions for 2065-2075
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Abstract. Natural hazards, such as European windstorms,
have widespread effects that result in insured losses at mul-
tiple locations throughout a continent. Multivariate extreme-
value statistical models for such environmental phenomena
must therefore accommodate very high dimensional spatial
data, as well as correctly representing dependence in the ex-
tremes to ensure accurate estimation of these losses. Ideally
one would employ a flexible model, able to characterise all
forms of extremal dependence. However, such models are re-
stricted to a few dozen dimensions, hence an a priori diagnos-
tic approach must be used to identify the dominant form of
extremal dependence.

Here, we present various approaches for exploring the
dominant extremal dependence class in very high dimen-
sional spatial hazard fields: tail dependency measures, copula
fits, and conceptual loss distributions. These approaches are
illustrated by application to a data set of high-dimensional
historical European windstorm footprints (6103 spatial maps
of 3-day maximum gust speeds at 14 872 locations). We find
there is little evidence of asymptotic extremal dependency in
windstorm footprints. Furthermore, empirical extremal prop-
erties and conceptual losses are shown to be well repro-
duced using Gaussian copulas but not by extremally depen-
dent models such as Gumbel copulas. It is conjectured that
the lack of asymptotic dependence is a generic property of
turbulent flows. These results open up the possibility of using
geostatistical Gaussian process models for fast simulation of
windstorm hazard fields.

1 Introduction

Multivariate statistical models are increasingly used to ex-
plore the spatial characteristics of natural hazard footprints
and quantify potential aggregate losses. For example, such
models for European windstorms are used by academics
and (re)insurers to create catalogues of possible events, ex-
plore loss potentials, and benchmark synthetic events from
atmospheric models (Bonazzi et al., 2012; Youngman and
Stephenson, 2016).

Natural hazards, such as European windstorms, have
widespread effects, often causing insured losses at many lo-
cations throughout a continent. Therefore, statistical models
for such hazards must accommodate very high dimensional
data in order to represent the full hazard domain. Moreover,
since natural hazards are rare events in the tail of the dis-
tribution, these statistical models must also correctly repre-
sent the dependence in the extremes to ensure valid inference
and, hence, a realistic representation of the hazard’s aggre-
gate losses.

When modelling multivariate extremes, variables can be
described as being either asymptotically dependent, where
large values of the variables tend to occur simultaneously, or
asymptotically independent, where the largest values rarely
occur together (Coles et al., 1999). As noted by Wadsworth
et al. (2017), examples of modelling joint extremes often
assume asymptotic dependence in order to accommodate
asymptotically justified extreme-value max-stable models,
which can potentially lead to overestimation of the joint oc-
currences of extremes. The assumption of asymptotic de-
pendence is common in the field of natural hazard research.
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Coles and Walshaw (1994) used a max-stable model for the
dependence in maximum wind speeds in different directions,
Blanchet et al. (2009) to model snow fall in the Swiss Alps,
Huser and Davison (2013) to model extreme rainfall, and
Bonazzi et al. (2012) to model windstorm hazard fields at
pairs of locations in Europe. Indeed, Bonazzi et al. (2012)
simply base this modelling assumption on being “in line with
many examples found in the literature”. However, it is impor-
tant to question this assumption of asymptotic dependence.

Two approaches are used for exploring, and correctly
representing, extremal asymptotic dependence. Either one
can estimate the dependence by fitting a suitably flexible
extreme-value model capable of representing dependence
and independence, or alternatively one can perform diagnos-
tic tests to identify the dependence class, i.e. whether or not
extremal dependence is present.

There is a growing literature in the area of flexible models
for extremal dependence, originating from the bivariate tail
model of Ledford and Tawn (1996). Wadsworth and Tawn
(2012) developed a spatial model, involving inverted max-
stable and max-stable models, able to incorporate both forms
of extremal dependence. This model, however, requires the
estimation of a large number of parameters and is only able to
transition between dependence classes at a boundary point of
the parameter space. Following this, Wadsworth et al. (2017)
explored more flexible transitions between extremal depen-
dence classes and developed a model able to represent a
wider variety of dependence structures, although limited to
the bivariate case. Huser et al. (2017) went on to develop a
flexible extension of the Wadsworth et al. (2017) model us-
ing Gaussian scale mixtures, in which the two asymptotic de-
pendence regimes are smoothly blended. As noted by Huser
and Wadsworth (2018), however, this model either makes the
transition between dependence class at a boundary point of
the parameter space (as in Wadsworth and Tawn, 2012) or
is inflexible in its representation of the asymptotic indepen-
dence structure. Most recently, Huser and Wadsworth (2018)
presented a flexible model able to provide a smooth transi-
tion between both extremal dependence classes using only a
small number of parameters.

While these models provide advantages in terms of flexi-
bility and are growing in their applicability to higher dimen-
sions, none are computationally feasible yet for very high di-
mensional data sets (Huser and Wadsworth, 2018). For exam-
ple, max-stable models for asymptotic dependence are lim-
ited in application to a few dozen variables due to the com-
putational demand of existing fitting methods (de Fondev-
ille and Davison, 2018). Hence, as noted by Huser and
Wadsworth (2018), with the exception of the specific high-
dimensional peaks-over-threshold model of de Fondeville
and Davison (2018), truly high-dimensional inference for
spatial extreme-value models has yet to be achieved.

Therefore, when aiming to model very high dimensional
data, the alternative, a priori identification approach must be
taken. Several studies have developed and/or employed diag-
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nostic measures to identify the form of extremal dependence
between variables. Ledford and Tawn (1996, 1997) devel-
oped a bivariate tail model in which one of the parameters,
named the coefficient of tail dependence, is used within a di-
agnostic approach to help identify the bivariate extremal de-
pendence class. Coles et al. (1999) introduced two extremal
dependence coefficients, x (p) and X (p), characterising the
conditional probability of a pair of locations exceeding the
same high quantile threshold 1 — p, for which the asymptotic
limit (as p — 0) provides a diagnostic of bivariate extremal
dependence. Bortot et al. (2000) used pairwise scatter plots
and empirical estimates of x(p) and x(p) to diagnose the
form of extremal dependence present in a three-dimensional
data set of sea surge, wave height, and wave period in South
West England. They found evidence for asymptotic inde-
pendence and hence developed a multivariate Gaussian tail
model for their data, derived from the joint tail of a multivari-
ate Gaussian distribution with margins based on univariate
extreme-value distributions. Similarly, Eastoe et al. (2013)
applied the coefficient of tail dependence, the x and ¥ mea-
sures, and the conditional extremes model of Heffernan and
Tawn (2004) to estimate the form of extremal dependence in
3 hourly sea surface elevation maxima at 15 locations, iden-
tifying, in general, asymptotic dependence. Similarly, more
recently, Kereszturi et al. (2015) employed the coefficient of
tail dependence and x and y measures within a comprehen-
sive theoretical framework to assess extremal dependence of
North Sea storm severity along four strips of 14 locations
within the North Sea.

In all of the above examples these diagnostic approaches
are applied to a relatively small number of locations. Here we
present an approach for systematically exploring the domi-
nant form of extremal dependence within a high-dimensional
natural hazard data set. Specifically, we demonstrate this ap-
proach using a large (6103 events) and very high dimensional
data set (14 872 locations) of climate-model-generated Euro-
pean windstorm footprints.

We introduce the bivariate diagnostic measures of Ledford
and Tawn (1996) and Coles (2001) in the context of our ap-
proach by initially using them to explore the bivariate ex-
tremal dependence in two pairs of locations within the Eu-
ropean domain (London—Amsterdam and London—Madrid)
and subsequently present an approach for systematically ap-
plying the same diagnostics throughout the high-dimensional
domain. We use the simple extremal dependence measures
of Ledford and Tawn (1996) and Coles (2001) as they are
quick to compute and can therefore be calculated for many
thousands of pairs of locations, which is important when ex-
ploring very high dimensional data.

In addition, we contribute a further diagnostic, relevant
for natural hazard modelling, by presenting an approach
for exploring the impact of extremal dependence misspeci-
fication on conceptual aggregate hazard loss estimation. We
use the Gaussian and Gumbel copula models, representing
asymptotic independence and dependence respectively, to
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Figure 1. Hazard footprints for windstorms (a) Kyrill and (b) the Great Storm of October 1987, with the location of the cities of London,

Amsterdam, and Madrid indicated.

model pairs of locations, and quantify the discrepancy be-
tween modelled and observed joint conceptual losses. This
approach is introduced for one central location, paired with
all other locations in the high-dimensional domain, and then
extended to systematically explore the full domain. The ap-
proaches presented in this paper can be used to explore
extremal dependence and develop appropriate multivariate
statistical models for other high-dimensional natural hazard
data sets.

Section 2 describes the windstorm hazard data set used
throughout this paper. Section 3 introduces and applies
the extremal dependence diagnostics of Ledford and Tawn
(1996) and Coles et al. (1999), initially to two pairs of loca-
tions and then to systematically explore the high-dimensional
data domain. Section 4 demonstrates how extremal de-
pendence influences conceptual aggregate losses. Section 5
presents ideas from turbulence theory for why wind gust
speeds are likely to be asymptotically independent, and, fi-
nally, Sect. 6 concludes.

2 Data

The windstorm footprint data set used in this study is the
same as that used in Dawkins et al. (2016) and an extended
version of the data set used in Roberts et al. (2014), consist-
ing of the 6103 high-resolution model-generated windstorm
footprints, for windstorm events that occurred within the Eu-
ropean domain during the 35 extended winters (October—
March) 1979/1980-2013/2014 (kindly provided by Jes-
sica J. Standen and Julia F. Lockwood at the Met Office).
The windstorm footprint is defined as the maximum 3s
wind gust speed (in metres per second) at grid points in the
region 35 to 70° N in latitude and 15° W to 25° E in longitude
and over a 72 h period centred on the time at which the max-
imum 925 hPa wind speed occurred over land. The 925 hPa

wind speed is taken from ERA-Interim reanalysis (Dee et al.,
2011). The 3 s wind gust speed has a robust relationship with
storm damage (Klawa and Ulbrich, 2003) and is commonly
used in catastrophe models for risk quantification (Roberts
et al., 2014). A 72 h windstorm duration is commonly used
in the insurance industry (Haylock, 2011) and is thought to
capture the most damaging phase of the windstorm (Roberts
et al., 2014).

These 6103 historical windstorm events have been identi-
fied using the objective tracking approach of Hodges (1995),
and the associated footprints are created by dynamically
downscaling ERA-Interim reanalysis to a horizontal resolu-
tion of 25 km using the Met Office Unified Model (MetUM).
As described by Roberts et al. (2014), the wind gust speeds
are calculated from wind speeds in the MetUM model,
based on a simple gust parameterisation, Ugyst = Ujom+Co,
where Ujon is the wind speed at 10 m altitude and o is the
standard deviation of the horizontal wind, estimated from
the friction velocity using the similarity relation of Panofsky
et al. (1977). The roughness constant C is determined from
the universal turbulence spectra and is larger over rough ter-
rain.

The MetUM-generated footprints for Kyrill (17-19 Jan-
uary 2007) and the Great Storm of October 1987 (15—-17 Oc-
tober 1987) are shown in Fig. 1. The variability in the in-
tensity and location of extreme, damaging winds in these
footprints demonstrates the potential importance of correctly
modelling the spatial dependence between locations for real-
istically representing joint losses.

Using model-generated windstorm footprints for repre-
senting historical storms has benefit in terms of spatial and
temporal coverage; however these estimated maximum wind
gust speeds will differ from those observed at nearby weather
stations. For example, as noted by Roberts et al. (2014), sev-
eral alternative methods for parameterising wind gust speeds
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are available (see Sheridan, 2011, for a review), which can
lead to large differences in estimated gusts ( 10-20ms~h).
The validity of simplistic gust parameterisation stated above
was evaluated by Roberts et al. (2014), who found an over-
estimation in the effect of surface roughness at stations
greater than ~ 500 m altitude, leading to an underestimation
in MetUM-modelled extreme winds in these locations. In ad-
dition, Roberts et al. (2014) identified a slight underestima-
tion in extreme wind gust speeds greater than ~25ms~!.
This was found to be due to a number of mechanisms, in-
cluding the underestimation of convective effects and strong
pressure gradients, leading to the underdevelopment of fast-
moving storms (Roberts et al., 2014).

To explore the possible discrepancy in the MetUM wind
gust speed data relevant for this study, we extract daily max-
imum observed wind gust speed recorded at the London City
Airport weather station (the station located within the Lon-
don grid cell used throughout this study) from the Global
Summary of the Day (GSOD) data repository and, for each
of the 6103 windstorm events in our data set, find the maxi-
mum hourly observed gust in the 3-day period centred on the
same date as in the MetUM-generated footprints. A compar-
ison of the observed and MetUM-modelled footprint wind
gusts in London is presented in Fig. 2a, indicating a general
overestimation in modelled wind gust speeds below 25 m™!
and a slight underestimation for wind gust speeds above
25m~!, reflecting the findings of Roberts et al. (2014). Fig-
ure 2b presents this same relationship for the 50 most ex-
treme events in the observed data set, highlighting this un-
derestimation of modelled extreme wind gust speeds. Indeed,
the root-mean-squared difference between the observed and
modelled footprint wind gust speeds for these 50 extreme
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events is 4.57 ms~!, which provides an estimate of the un-
certainty in representing observed extreme windstorm gust
speeds.

This discrepancy in model-generated wind gust speeds
could lead to differences in results, namely the identifica-
tion of the extremal dependence class between locations. To
explore this possibility, we repeat the empirical analysis in
Sect. 3 (Fig. 4) for GSOD data at London City Airport and
Amsterdam Airport Schiphol, shown in Fig. S1 in the Sup-
plement. We find that for this pair of locations the weather
station and MetUM data have very similar relationships in
the extremes, with the weather station data being slightly
less dependent, therefore not changing the conclusions of this
study.

3 Extremal dependency

As a motivating example, the bivariate dependence in wind-
storm footprint wind gust speeds for London paired with
Amsterdam and Madrid is presented in Fig. 3a and c re-
spectively. These three locations are shown in Fig. 1, and
these two pairings are chosen because of their contrasting
separation distances and hence degrees of dependence (as
shown in Fig. S2). These scatter plots show a greater degree
of dependence between London and Amsterdam compared
to London and Madrid. Indeed, multiple windstorms have
losses occurring in London and Amsterdam at the same time,
where loss is associated with wind gust speeds exceeding the
0.99th quantile at a given location, characterised by the top
right-hand corner of each plot in Fig. 3. However, does this
level of dependence between London and Amsterdam neces-
sarily suggest asymptotic dependence?
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Figure 3. Scatter plot comparing historical windstorm footprint wind gust speeds (m s~1) in London with those in (a) Amsterdam and
(¢) Madrid, and empirical copula plots for London paired with (b) Amsterdam and (d) Madrid. Dashed lines show the 0.99th quantile of
wind gust speed at each location, and labels a—d represent the number of points in each section of each plot, related to being above or below

these high quantile thresholds.

The wind gust speeds at any two locations can be repre-
sented by the n x 2 pair of random variables (X1, X7), where
n =6103 is the number of observations at each location.
The joint distribution Pr(X; < x1, X2 < x3) is determined
by the marginal distributions of each variable (i.e. Fy,(x1) =
Pr(X1 <x1) and Fy, (x2) = Pr(X, < x3)) and their joint de-
pendence. It can be shown that Pr(X| <xi, X2 <x3) =
C(Fx,(x1), Fx,(x2)), where C(.,.) is a bivariate function
known as a copula (Nelson, 2006). In other words, the
marginal distributions can be factored out by using the re-
spective cumulative distribution functions to transform the
variables into variables (Fx,(X1), Fx,(X2)) that have uni-
form distributions over the interval [0, 1]. A simple way
to do this is to use the empirical cumulative distribution

~ n
function (in x) = % > 1X,~;§x)- This empirical copula ap-
. P

proach simply amounts to considering the respective ranks of
the X and X, values divided by the sample size as shown in
Fig. 3b and d.

3.1 Diagnostic measures

The degree of conditional dependence between X and X, at
a specified high quantile threshold, 1 — p, can be explored,
based on the empirical copula, using the extremal depen-
dence measures, x (p) and ¥ (p), introduced by Coles et al.
(1999). The asymptotic limit of these measures, as p — 0,
can then be used to classify the class of bivariate extremal
dependence between X and X» as either asymptotically de-
pendent or asymptotically independent. These measures are
defined as

x(p) = Pr (X2 > x201-p)| X1 > x101—=p))

. PV(X2 > xz(l_p),Xl > xl(l_p)) (1)
p bl

where x1(1-p) and x3(1—p) are the (1 — p)th quantiles of X
and X, respectively, 0 < x(p) <1 foral 0 <(1—p) <1,
and
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as defined in Table Al.

2log (Pr(X1 > x131-p)))
log (Pr (X1 > x1(1-p). X2 > X2(1—p)))
_ _2log(p) _, _ log(p) —log(x(p))
log(x (p)p) log(p) +log(x (p))’

where —1 <X (p) <1 for all 0 <(1— p) <1. Hence, if
lim,—0x(p) = x(0) > 0, lim, X (p) =% (0) =1, and the
pair (X, Y) are said to be asymptotically dependent, with
strength x (0). If instead x (0) = 0, and hence ¥ (0) < 1, the
pair are said to be asymptotically independent, and the non-
vanishing measure ¥ (0) represents the strength of this non-
asymptotic dependence.

As an initial exploration of bivariate extremal dependence
class between variables, these conditional probability mea-
sures can be calculated empirically over a range of quan-
tile thresholds, as shown in Fig. 4 for windstorm footprint
wind gust speeds in London paired with Amsterdam and
Madrid. These empirical estimates are calculated as func-

—1

xX(p) =

(@)
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tions of the counts (a—d) in Fig. 3, as defined in Table Al.
Based on these empirical estimates, for both pairs of loca-
tions, x (p) — O and X (p) < 1 as p — 0, suggesting asymp-
totic independence.

However, here and as in all data sets of environmental
phenomena, the rarity of very extreme events makes it im-
possible to empirically quantify the asymptotic limits yx (0)
and ¥ (0), necessary for extremal dependence class identifi-
cation. To overcome this, Ledford and Tawn (1996) devel-
oped a bivariate tail model, able to characterise both classes
of extremal dependence, which when fit to a bivariate ran-
dom variable can be used to predict the asymptotic limit of
the conditional probability measures and hence give an esti-
mate of the class of extremal dependence, based on the sub-
asymptotic evidence in the data and the assumption that the
model can be extrapolated to asymptotic levels.

As in Ledford and Tawn (1996), let Z; and Z; denote
X1 and X transformed to Fréchet margins respectively; that
is, Pr(Z1 <z) = Pr(Z; <z) =exp(—1/z). Then the joint
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survivor function for Z; and Z; above some large quantile
threshold z1_, takes the form

Pr(Zi > z1-p, Za > 21-p) ~ L (z1-p) /", 3)

where p = Pr(Z) > z1-p) = Pr(Z; > z1-p), % <n<lisa
constant and £(z]—p) is a slowly varying function as p — 0.
Based on this power law model, as shown by Coles et al.
(1999),

x(p)~ L(zi—p) p'/71,

2log(p) )
1 - 9
log (£ (z1-p)) + 3 log(p)
—2n—1lasp—0.

x(p)=

Hence, the parameter n, named the coefficient of tail depen-
dence by Ledford and Tawn (1996), characterises the nature
of the extremal dependence. When n =1, x(0) = L(z1—p)
and ¥ (0) = 1; hence the pair (X, Y) are asymptotically de-
pendent on degree £(z1—p). Alternatively, if n < 1, x(0) =0
and ¥ (0) =2n — 1, and the pair are asymptotically indepen-
dent with non-asymptotic dependence of degree 2n — 1.

For a given pair, e.g. wind gust speeds in London and
Amsterdam, the Ledford and Tawn (1996) model is fit to
the joint survivor function along the diagonal, equivalent to
the univariate distribution of 7 = min{Z;, Z»}, known as the
structure variable, which has length n. Using the stable two-
parameter Poisson process representation of 7 presented by
Ferro (2007), who employed the Ledford and Tawn (1996)
model for the verification of extreme weather forecasts, the
exceedance of T above a high threshold w has the form

1 t—«
Pr(T >1t)=—exp |:— (—>:| for all t > w, “4)
n n

with location parameter o and scale parameter 0 < n <1,
equivalent to n in Eq. (3), estimated by maximum likelihood
(Ferro, 2007).

Fitting this model to the pairs London—Amsterdam and
London—Madrid requires the specification of the high thresh-
old, w, above which the Poission process model is fit. As dis-
cussed by Ferro (2007), this threshold selection is a trade-off
between being low enough that enough data are retained to
ensure model precision, but high enough that the extreme-
value theory that motivates the model provides accurate es-
timates. In a similar way to choosing the appropriate thresh-
old when fitting a generalised Pareto distribution (see Coles,
2001), empirical diagnostic plots can be used to inform this
selection. These include parameter stability plots, in which
the estimated model parameters and mean excess should be
constant above the chosen high threshold, and quality of fit
plots, in which the transformed excesses, (Z — w)/n, should
be exponentially distributed if an appropriately high thresh-
old has been chosen (see Ferro, 2007, for more details).
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Here, the 85 % quantile of the structural variable T is se-
lected, based on these diagnostic plots (example for London—
Amsterdam is presented in Fig. S3). This choice is similar
to the 0.88 % and 0.9 % thresholds selected in the applica-
tions of Ferro (2007) and Ledford and Tawn (1996) respec-
tively. Based on this choice of w, n =0.78 < 1 for London—
Amsterdam and n = 0.58 < 1 for London—-Madrid, indicat-
ing asymptotic independence for both pairs of locations. This
is further demonstrated in Fig. 4, which shows how the Led-
ford and Tawn (1996) model, referred to as the power law
model, calculated as in Table Al, represents the conditional
dependence measures x (p) and x (p) as p — 0, for London—
Amsterdam and London-Madrid.

In addition, as a comparison (included in Fig. 4), alterna-
tive parametric bivariate dependence models known as the
Gaussian and Gumbel copulas are used to model the pair
(X1, X») to give further indication of the extremal depen-
dence class present.

The Gumbel bivariate copula model characterises asymp-
totic dependence with the degree of dependence quanti-
fied by parameter r. For each pair of locations, this pa-
rameter is estimated via maximum likelihood using the
copula R package. The Gaussian bivariate model charac-
terises asymptotic independence with dependence parame-
ter p, here represented by the Spearman’s rank correlation
coefficient. Both models are fit to the full bivariate data pair,
as presented in Fig. 3. For the Gumbel model the data are
transformed to uniform margins using the empirical distri-
bution function. The same transformation is made for the
Gaussian model, followed by a transformation to Gaussian
margins using the standard normal distribution function. The
parametric forms of x (p) and ¥ (p) for these two opposing
models are shown in Table Al. In Fig. 4, the Gumbel model
is calculated as in Table A1; however, since the closed-form
definition for the Gaussian model in Table A1 only holds for
the limit p — 0, for this model x (p) and X (p) are estimated
as the median of 1000 parametric bootstrap simulations from
the associated bivariate normal distribution.

For both pairs of locations in Fig. 4, all three paramet-
ric bivariate dependence models indicate asymptotic inde-
pendence. The power law model estimates x(0) =0 and
% (0) < 1, the Gaussian model matches closely with the em-
pirical estimates and the power law model, and the Gumbel
model overestimates the conditional probability of joint ex-
tremes.

As a final diagnostic, analogous to that used by Ledford
and Tawn (1996, 1997), the coefficient of tail dependence
is estimated for a range of high thresholds, w, to explore
the sensitivity of the parameter estimate to this choice. As
in Ledford and Tawn (1996, 1997), here this diagnostic ob-
serves the proportion of time n = 1 is within the profile like-
lihood confidence interval for , when estimated using w in
the interval of the 0.5-1 quantile of 7. The pair (X1, X3)
are said to be asymptotically dependent if = 1 is contained
within these confidence intervals for a majority of the range
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of w and asymptotically independent otherwise. This explo-
ration is presented for London paired with Amsterdam and
Madrid in Fig. 5, providing further evidence of asymptotic
independence for both pairs, based on this criterion.

3.2 Extension to high dimensions

We now demonstrate a way of extending the quick-to-
calculate coefficient of tail dependence diagnostic approach
to systematically explore the dominant extremal dependence
class across locations in a high-dimensional hazard field.

We first take a stratified (based on the distribution of lo-
cations over longitude and latitude) sample of 100 locations
within the European domain. One such sample is shown in
Fig. 6a. Since the extremal dependence is likely to decrease
with increasing separation distance (Wadsworth and Tawn,
2012) and we hope to understand if asymptotic independence
is dominant and hence present at small separation distances,
for each of these 100 locations, we estimate the coefficient
of tail dependence, n (and the associated 95 % profile like-
lihood confidence interval), when paired with the 100 near-
est locations within the full domain. Figure 6b demonstrates
how the 100 nearest locations are geographically distributed
for one such sampled location in our windstorm footprint
data set. For each pairing, the coefficient of tail dependence
is calculated using w as the 0.9 quantile threshold of the
structure variable, found to ensure stable estimates of 1 us-
ing diagnostic plots as in Fig. 6¢c. The estimated 1 param-
eters and confidence intervals for these 100 x 100 pairs of
locations are plotted against separation distance to explore
how, throughout the domain, n varies at small separation
distances and changes with increasing separation distance,
shown in Fig. 6d. The parameter estimate related to the pair
of locations in pink and blue in Fig. 6b is shown in pink.
This method is repeated many times with 10 such repetitions
shown in Fig. S4, showing very similar results.

Figure 6d shows that for small separation distances (<
180km) a proportion of pairs of locations have coefficient
of tail dependence parameters, 71, close to 1, with n =1
within the confidence interval indicating asymptotic depen-
dence. Within the range (0-50km) 69 % of pairs of loca-
tions exhibit this behaviour; however this proportion reduces
rapidly as separation distance increases, to 30 % for loca-
tions separated by (50-100km), 13 % for locations sepa-
rated by (100-150km), and 3 % for locations separated by
(150-200 km). Hence, while there is evidence of asymptotic
dependence for some locations in close proximity, even at
very small separation distances (50km) a larger proportion
of locations exhibit asymptotic independence. Indeed, here
and in Fig. S4, beyond a separation distance of approxi-
mately 200 km the coefficient of tail dependence parameter
estimates drop well below 1, indicating asymptotic indepen-
dence. Therefore, since separation distances within the do-
main extend to up to 3500 km, we conclude that asymptotic
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independence is the dominant extremal dependence structure
across the spatial domain.

It is important to consider the validity of representing even
this small proportion of asymptotically dependent pairs of
locations incorrectly as asymptotically independent. To ex-
plore this, Bortot et al. (2000) carried out a simulation study
in which they fit the Gaussian, Ledford and Tawn (1996), and
Gumbel models to bivariate data simulated from three parent
populations with different classes of extremal dependence.
They concluded that, for asymptotically independent parent
populations the Gaussian copula is able to provide accurate
inferences for tail probability estimates, outperforming the
Gumbel copula model. Indeed, even for asymptotically de-
pendent parent populations, the estimation error of the Gaus-
sian copula model was deemed to be acceptably small (Bor-
tot et al., 2000). This suggests that, when data dimensional-
ity prohibits the use of flexible extremal dependence mod-
els (e.g. Huser and Wadsworth, 2018) and asymptotic in-
dependence is found to be the dominant extremal depen-
dence structure across the spatial domain, using an asymptot-
ically independent model, such as the Gaussian tail model, is
preferable over using a model for asymptotic dependence.

4 A conceptual loss diagnostic approach

We now contribute a natural hazard loss perspective for ex-
ploring the dominant extremal dependence class, providing
further justification of the selected dependence model. We
define a conceptual hazard loss function and explore the im-
pact of misspecifying the extremal dependence class on ag-
gregate hazard loss estimation, using the Gaussian and Gum-
bel copula models previously introduced. We present this ap-
proach initially based on one central location (London) and
then demonstrate how this can be extended to systematically
explore a high-dimensional hazard field.

Similar to other natural hazard perils, in the absence of
confidential insurance industry exposure and vulnerability
information, it has become common in the literature to define
conceptual windstorm event loss as a function of the footprint
wind gust speeds over the spatial domain (see Dawkins et al.,
2016, for a review). While these conceptual windstorm loss
functions vary in the detail of their composition, it is gener-
ally possible to express these loss functions as special cases
of the generic loss function:

L(Xlawam)ZZeJV(XI)I(Xj>u(Xj))’ o)
=

where j =1, ..., m are the m locations in the spatial do-
main; V is a vulnerability function representing the damage
caused by the hazard; e; represents exposure at location j
(e.g. population density); u(X;) quantifies a high thresh-
old of the wind gust speed above which losses occur; and
1(x) is an indicator function such that 1(x) =1 if x is true
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Figure 5. Diagnostic plots of maximum-likelihood estimates (solid) and 95 % profile likelihood confidence intervals (dashed) of 5, in Eq. (4),
for threshold w in the range of the 0.5-1 quantile of 7', for London paired with (a) Amsterdam and (b) Madrid.
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Figure 6. (a) A stratified (based on the distribution of locations over longitude and latitude) sample of locations within the European domain,
with stratified grid shown in grey; (b) a demonstration of the 100 nearest locations (turquoise) to one of these sampled locations (blue),
with one such point selected at random (pink); (c) the coefficient of tail dependence diagnostic plot (as in Fig. 5) for wind gusts at the blue
location paired with the pink location; (d) the coefficient of tail dependence (estimated using w as the 90 % quantile threshold of the structure
variable) and 95 % profile likelihood confidence intervals, for each of the 100 sampled locations paired with their 100 nearest locations in the
full domain, plotted against separation distance in kilometres, with the estimate based on the pair of locations in (b) and (c¢) added in pink.

Nat. Hazards Earth Syst. Sci., 18, 2933-2949, 2018



2942

and 1(x) =0 otherwise. For example, in the widely used
and rigorously validated conceptual loss function of Klawa
and Ulbrich (2003), V (X) = (X — x0.98)°, u(X) = x¢.03 (the
0.98th quantile of X), and ¢; is the population density at
location j, whereas Cusack (2013) used a loss function in
which V(X) = (X — x0.99)°, u(X) = x0.99 (the 0.99th quan-
tile of X), and e; =1 for all j. See Table 2.1 in Dawkins
(2016) for a summary of previously published conceptual
loss functions in terms of the components of Eq. (5).

More recently, Roberts et al. (2014) presented an explo-
ration of the success of a number of these conceptual wind-
storm loss functions in representing insured loss throughout
the European domain, based on the same data set as in this
study, with the aim of developing a method for selecting ex-
treme storms for the eXtreme WindStorms (XWS) catalogue.
While there is much published work on the existence of a
relationship between loss severity and the magnitude of the
wind, in particular the cubed excess wind as used in the loss
functions of Klawa and Ulbrich (2003) and Cusack (2013),
Roberts et al. (2014) found that a conceptual loss function
representing just the area in which the windstorm footprint
exceeds a high loss threshold (i.e. V(X;) =1and e; =1 for
all j in Eq. 5) to be more successful at characterising a subset
of extreme windstorms known to have caused large insured
losses. It should be noted, however, that this exploration did
not include population density within the Klawa and Ulbrich
(2003) loss function and was therefore not a direct compar-
ison of this measure. In addition, an alternative subjectively
selected subset of extreme storms may have given an alterna-
tive result. The success of this simplistic loss function could
also be due to its relative insensitivity to errors in compo-
nents of the loss estimate not well represented by the climate-
model-generated footprints and may not perform as well if
applied to wind gust observations.

In this study we propose a similar threshold exceedance
conceptual loss function to that used in Roberts et al. (2014)
and Dawkins et al. (2016). Roberts et al. (2014) used an ex-
ceedance threshold of 25 ms~!, while Dawkins et al. (2016)
used a threshold of 20ms™', as is commonly used by Ger-
man insurance companies (Klawa and Ulbrich, 2003). Here,
similar to Klawa and Ulbrich (2003) and Cusack (2013), we
propose a locally varying wind gust speed quantile thresh-
old, accounting for local adaptation to varying wind intensity.
We find that the 0.99th quantile of windstorm footprint wind
gust speed is in excess of the commonly used 20ms~! loss
threshold for most land locations in Europe, with a higher
loss threshold used in regions where stronger winds occur
(as shown in Fig. S5).

Since, for a given storm event at any pair of locations,
e1V(X1) and e2V (X3) in Eq. (5) are constants, this equation
can be simplified to

L (X1, X2) x Cx, 1(X1 > u(X1))+ Cx, 1 (X2 > u(X2)), (6)

where Cx, =e1V(Xj) and Cx, =e;V(X2). In our case
Cx, =Cx, =1, and u(X1) = x1(0.99) and u(X2) = x2(0.99),
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the 0.99th quantiles of X and X, respectively. Therefore,
while in this study we use just one conceptual loss function
in which the magnitude of the loss is always equal to 1, it
is simple to adapt the following analysis to accommodate al-
ternative loss functions in which the vulnerability function is
not constant across locations.

The probability mass function of the bivariate conceptual
loss function can easily be obtained in terms of the extremal
dependence coefficient, x (p), by considering the joint prob-
ability of (X, X») in each of the quadrants shown in Fig. 3:

Pr(L(X1,X2)=Cx, +Cx,) = x(p)p,
Pr(L(Xy,X2) =Cx,) =Pr(L(X;,Xp) =Cx,) =2(1-x(p))p.
Pr(L(X1,X2)=0)=1+ p(x(p)—2).

The distribution of loss is completely determined by p
(which is chosen here to be 0.01) and x(p), and so
x (0.01) can be used to diagnose and explore the consequence
of extremal dependence assumptions on loss estimation. It
should be noted that the expected loss, E(L (X1, X»2)), does
not depend on x(p). This is because the expectation of a
sum is the sum of the expectations; hence expected total loss
over two or more locations is simply the sum of the expected
losses at each location and so is unaffected by the amount of
dependency between sites.

To compare how well the Gaussian and Gumbel mod-
els represent our empirical bivariate conceptual loss func-
tion, we can therefore compare estimates for y (p) and X (p)
for our specified loss threshold p = 0.01, calculated based
on each model, with those calculated empirically (as in Ta-
ble Al). We present the resulting difference in these esti-
mates for London paired with all other land locations in the
European domain in Fig. 7.

Figure 7 demonstrates how well the Gaussian model is
able to represent empirical x (0.01) throughout the domain.
Conversely the Gumbel model can be seen to greatly overes-
timate yx (0.01) for all pairs of locations. The Gaussian model
also well reproduces ¥ (0.01) for locations not too distant
from London, with this distance being greater in the west—
east direction, reflecting the common path of storms over
Europe (Hoskins and Hodges, 2002). The Gumbel model
greatly overestimates x (0.01) for all locations except those
in very close proximity to London.

As well as being relevant for representing the probabil-
ity mass function of the bivariate conceptual loss function,
x (p) can also be shown to characterise the conditional ex-
pectation of joint loss:

E(L(X1,X2) = (Cx, +Cx,) x(p)p+Cx,(1 — x(p))p
+Cx,(1 = x(p))p = (Cx, +Cx,) p,
=>E(L(X1,X2)|L(X1) =Cx])
=(Cx, +Cx,) x(P)p+Cx, (1 — x(p)p
=p(Cx,x(p)+Cx,). )
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Figure 7. The difference between empirical and modelled x (0.01) for (a) the Gaussian model and (b) the Gumbel model, and the difference
between empirical and modelled x(0.01) for (c) the Gaussian model and (d) the Gumbel model, for London paired with all other locations

over land.

The conditional first moment of the loss distribution in
Eq. (7) can therefore be used to compare how well the dif-
ferent dependency models represent the size of the joint
losses, rather than just their conditional probability of oc-
currence, since the expression includes Cx, and Cx,. Here,
Cx, = Cx, = 1; hence the conditional expectation of joint
loss is equivalent to the conditional expectation of loss jointly
occurring at both locations given a loss has occurred at one
location.

Figure 8 presents a comparison of the distribution of the
conditional expected joint loss for London paired with each
land location in our European domain, given a loss has oc-
curred in London, when calculated empirically and using the
two opposing dependence models.

Figure 8 further illustrates the importance of correctly
specifying extremal dependence class when representing
loss. When a conceptual loss occurs in London, the Gumbel
dependence model overestimates the expected conditional
joint loss with other European land locations, while, con-
versely, the Gaussian model provides a very good estimate
of the empirical expected conditional joint loss distribution.

Extension to high dimensions

We extend the analysis in Fig. 7 to systematically explore the
high-dimensional domain by fitting both the Gaussian and
Gumbel models to a stratified sample of 100 locations paired
with each of the other 99 locations and, for each pair, plot the
difference between empirical and modelled x (0.01) against
their separation distance, shown in Fig. 9.

This domain-wide comparison indicates that, while the
Gaussian model slightly over- and underestimates empiri-
cal x(0.01) at small separation distances, this model con-
sistently outperforms the Gumbel model, which overesti-
mates x (0.01) for all separation distances, even very small
ones. This indicates, as in Fig. 6, that a majority of nearby lo-
cations do not exhibit asymptotic dependence as they are not
well represented by the Gumbel model, further supporting
the diagnosed dominance of extremal independence through-
out the European domain.

Finally, we extend the analysis in Fig. 8 to systematically
explore the high-dimensional domain by replacing London
as the location of origin, with each location within a strati-
fied sample of 100 locations. For each of these 100 locations,
Fig. 10 presents the difference between modelled and em-
pirical relative frequencies of binned ranges of conditional
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Figure 8. For all land locations in the European domain, the condi-
tional expected joint loss with London, given a loss has occurred in
London (Eq. 7), calculated empirically and using the Gaussian and
Gumbel copula models.

expected joint loss, separately for the Gaussian and Gumbel
models, i.e. representing the difference between the mod-
elled and empirical density plots in Fig. 8, but for 100 lo-
cations rather than one. Figure 10b identifies that the dis-
crepancy between the empirical and Gumbel estimates of
conditional expected joint loss shown in Fig. 8 is consis-
tent throughout the domain, with lower values being under-
represented and higher values over-represented by the Gum-
bel model. In a similar way, Fig. 10a shows that the Gaussian
model performs equally well for these 100 locations, with
much smaller discrepancy compared to the Gumbel model,
as found in Fig. 8.

In this windstorm footprint application, we found that,
while the Gumbel model is able to represent some pairs of
locations at very small separation distances, where asymp-
totic dependence is suggested by the coefficient of tail de-
pendence, this model greatly misrepresents the joint-tail be-
haviour and hence the conditional probability of joint loss for
a majority of pairs and separation distances. Conversely, the
Gaussian model is able to represent the joint-tail behaviour
relevant for loss estimation for locations within close prox-
imity to each other, as well as further apart.

As previously mentioned, alternative windstorm loss
thresholds have been implemented in other studies, for ex-
ample the 0.98th quantile in Klawa and Ulbrich (2003), and
the fixed thresholds of 20ms~! in Bonazzi et al. (2012) and
Dawkins et al. (2016) and 25ms~! in Lamb and Frydendahl
(1991) and Roberts et al. (2014). An exploration of the effect
of the choice of loss threshold and, indeed loss function, on
how the opposing dependence models represent joint losses
would be an extremely interesting area of further investiga-
tion but is beyond the scope of this study. Dawkins (2016)
goes some way in addressing this by presenting a compari-
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son for the 0.98th quantile and 25 m s~ fixed loss thresholds
in the same form as Fig. 7. Dawkins (2016) found that the
overall suitability of the opposing models remained the same
for both thresholds, although the discrepancy of the Gum-
bel model was slightly smaller for the lower, 0.98th quantile
loss threshold. This was thought to be because modelled ex-
ceedances further from the upper limit of the joint distribu-
tion were less sensitive to a misspecification of the extremal
dependence characteristic in the Gumbel model.

5 Why are wind gust speeds asymptotically
independent?

It is of interest to ask whether there might be fundamental
fluid dynamical reasons for why extreme wind gust speeds
should be asymptotically independent at different spatial lo-
cations. One approach to answering this question is to con-
sider extremal dependence in turbulent flows. The atmo-
spheric flow in storm track regions is highly chaotic and ir-
regular and is therefore turbulent rather than smoothly vary-
ing laminar flow (see Held, 1999, and references therein).
Furthermore, over short enough spatial distances, the hori-
zontal flow in a storm may be considered to be stationary in
space and directionally invariant, in other words, homoge-
neous isotropic turbulence.

It is useful to first consider the more tractable problem of
dependency in simultaneous wind speeds rather than maxi-
mum wind speeds over a given time period. The dependency
between maximum gust speeds over 3 days will not gener-
ally be less than the dependency between simultaneous wind
gust speeds because maximum wind gusts for a storm do not
occur at the same time at different locations. However, for lo-
cations that are close to one another, maximum gust speeds
for fast-moving extreme storms will occur within a short time
window (e.g. within around 3 h or less for extreme storms
over the UK), and so simultaneous results become more rel-
evant.

As originally proposed by Von Karman (1937), turbu-
lent wind fields can be efficiently and realistically simulated
using stochastic processes (Mann, 1998). This approach is
widely used for many applications such as testing loads on
new aircraft designs. The basic assumption in homogeneous
turbulence is that the Cartesian velocity components are in-
dependent Gaussian processes, each with a prescribed spatial
covariance function. In the special case of isotropic turbu-
lence, the spatial covariance functions are identical for each
velocity component. Hence, for two-dimensional windstorm
gusts, the wind gust speed at spatial location j is given by
X;= /u? + v?, where u; and v; are independent Gaussian
processes having identical covariance functions.

The distribution of each velocity component is expected,
by the central limit theorem, to be close to normally dis-
tributed since the net displacement of a particle in turbulence
is the result of many irregular smaller displacements. The
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Figure 9. The difference between empirical and modelled x (0.01) for a stratified sample of 100 locations paired with each of the other 99
locations, plotted against separation distance for (a) the Gaussian model and (b) the Gumbel model.
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Figure 10. For a stratified sample of 100 locations within the windstorm footprint domain, the difference between modelled and empirical
relative frequencies of binned ranges of expected conditional joint loss for (a) the Gaussian model and (b) the Gumbel model.

distribution of each component has zero skewness due to the
symmetry of the fluid equations (negative deviations are as
likely as positive ones) but can have slightly more kurtosis
(i.e. fatter tails) than the normal distribution due to intermit-
tency in the flow. Measurements of velocity components in
the atmospheric surface layer reveal that the distributions are
near to Gaussian (e.g. Chu et al., 1996).

So what can be deduced about the extremal dependence
class of wind speeds from such turbulence models? Firstly, as
shown in example 5.32 of McNeil et al. (2005), since the in-
dividual velocity components are bivariate normal, the indi-
vidual velocity components are asymptotically independent
at different locations; e.g. u1 and u, are asymptotically inde-
pendent when locations j = 1 and j = 2 differ, and likewise
for vy and v,. Furthermore, it can be shown that the square of
each velocity component is also asymptotically independent
(see Appendix).

The squared wind speeds at pairs of locations are sums
of two such independent components, (X %, X%) = (u% + vf,
u% + v%), and so it would be counter-intuitive if somehow
these sums were not also asymptotically independent. Un-
fortunately proof of asymptotic independence between (X2,
X%) (and hence (X, X3)) remains elusive. Nevertheless, the
conjecture can be explored using numerical simulation.

By simulating velocities from bivariate normal distribu-
tions, we have found no evidence of extremal dependence in
wind speeds even when each velocity component is highly
correlated. Figure 11 shows an example obtained by simulat-
ing a million wind speeds at two locations where the # and
v velocity components are independent standard normal vari-
ates each with correlation of 0.9 between locations (i.e. the
correlation between u; and us is 0.9). The squared wind
speeds at each location are chi-squared distributed with 2°
of freedom but are not independent: there is positive associ-
ation clearly visible in Fig. 11a. To assess extremal depen-
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Figure 11. Simulation of wind speeds at two sites having highly correlated velocities (see main text for details): (a) scatter plot of squared
wind speeds at the two sites (1000 points randomly sampled out of the million); (b) joint versus marginal exceedance probabilities (on
logarithmic axes). The dot shows an example obtained by counting the fraction of points in the upper right and the right-hand quadrants of (a).
The curve has a steeper slope than the dashed line (equal probabilities denoting complete dependence), suggesting asymptotic independence.

dence, Fig. 11b shows how the joint exceedance probability,
Pr(X% > t?, X3 >1?), and the marginal exceedance prob-
ability, Pr(X? > t2) = Pr(X3 > %), behave as threshold 12
is varied. As the threshold is increased, the joint probability
drops to zero faster than the marginal exceedance probabil-
ity (the curve in Fig. 11b is steeper than the dashed line),
which suggests that the ratio, the conditional probability of
exceedance, equivalent to x in Eq. (1), will tend to zero in
the asymptotic limit.

6 Conclusion

This study has demonstrated how to use the extremal depen-
dence diagnostics of Coles et al. (1999) and Ledford and
Tawn (1996) along with the Gaussian and Gumbel copula
models to explore and identify the dominant extremal depen-
dence class in a very high dimensional natural hazard field.
Furthermore, we have explicitly shown how extremal depen-
dency determines conceptual aggregate loss functions and
have revealed how sensitive the aggregate loss distribution
is to misspecification of extremal dependency.

Nat. Hazards Earth Syst. Sci., 18, 2933-2949, 2018

These methods present strong evidence for asymptotic in-
dependence in windstorm footprint hazard fields, contrary to
what has been assumed in previous studies such as Bonazzi
et al. (2012). The misspecification of this extremal depen-
dency (e.g. by using a Gumbel copula) has been shown
to lead to severe overestimation of the aggregate losses.
Stochastic turbulence theory suggests that asymptotic inde-
pendence of wind speeds is a generic property of turbulent
flows as seen in windstorm footprints. These results provide
justification that simulated windstorm hazard fields can be
represented by a Gaussian geostatistical model (Dawkins,
2016; Youngman and Stephenson, 2016).

Data availability. The windstorm footprint data set used in this pa-
per is not available, but 50 of the 6103 storms can be accessed in the
XWS catalogue at http://www.europeanwindstorms.org/ (European
Wind Storms, 2018).
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Appendix A

Table A1l. Empirical and parametric forms for extremal dependence measures x (p) and X (p).

. 2log(a+c)/n
Empirical 7% TTlogla/n) L
2log(p)

Power law %exp (%) p7_1

log( exp( ))-i—%log(p) Bl

1
o Qlog(=—p))r _ 5 51 2log(p)
Gumbel 2 Tog(T=p) =2 —27r(Coles et al., 1999) TogCp(1—p)D)
2log(p)

Gaussian  F(1—p,1—p)/p,

where F(1—p,1—p) = Pr (Xl > xl(l P)
X2 > x3(1— p>) ~a +p)3 (1= p)? () T
(—log(p)) = p 1+P as p — 0(Coles et al., 1999)

log(F(1—p,1—p))

Appendix B: Proof of independence in stochastic models
of turbulent flows

Assume the velocity components (u#1, v1) and (u2, v2) at two
separate locations in an isotropic turbulent flow can be repre-
sented as bivariate normally distributed vectors (1, u;) and
(v1, v2) that are independent and identically distributed with
Zero expectations.

The individual velocity components, (11, u3) and (v, v2),
are both asymptotically independent because of each being
bivariate normally distributed.

The squares of the individual velocity components,
e.g. (u%, u%), are also asymptotically independent. This is
proven by rewriting the joint probability of exceedance:

Pr (u% > tz,u% > t2)
=Pr(uy >t,up>t)+Pr(uy >t,up <t)
+Pr(uy <t,up>1)+Pr(uy <t,uz <t)
= X4+Pr(uy > 1)+ x—4Pr(u; > 1)
+ X4+ Pr(uy <t)+ x——Pr(u; <1)

= X+4+Pr (u% > tz) + x4—Pr (u% > tz) ,

which is obtained by noting that Pr(u% >12)=Pr(u; > t)+
Pr(u; <t), and conditional probabilities x4+ = x—— and
X+— = X—+ by symmetry of the bivariate normal distribu-
tion about (0, 0). Since the components are bivariate nor-
mal, x4+ and x4+— — 0 as t — oo, and so Pr(u;2 > t2,
u% > 12) /Pr(u% > 12) — 0. Hence, the square of the veloc-
ity component is also asymptotically independent.

Perhaps rather counter-intuitively, the sum of two indepen-
dent identically distributed asymptotically independent vari-
ables is not necessarily asymptotically independent. It, there-
fore, remains to be proven whether or not (u% + v12, u% + v%)
is asymptotically independent.
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EXECUTIVE SUMMARY

In an anthropocentric world increasingly defined by changes in atmospheric chemistry, two
clear trends have emerged. One is the increase in the frequency and severity of extreme and
anomalous weather events, the latter driven by rising temperatures and changing patterns of
humidity and precipitation; the other is the rapid acceleration of photovoltaic (PV) capacity,
including the spread of PV into new climate zones, with 2 terawatts (TW) deployed across six
continents in 2024, and on course for an expected 8 TW by 2030.

To ensure the further growth of PV energy generation worldwide requires attention be paid to
global climate trends and to opportunities for designing PV systems to withstand and quickly
recover from specific storm threats. Traditionally, solar technologies have been a one-size-fits-
all commodity, and specific climatic stressors have been a minor consideration in module and
system design. As solar installations proliferate across almost all climate zones, however, de-
sign optimization for specific weather threats is gaining attention. This report provides a com-
prehensive look at changing weather patterns and their anticipated impact on the reliability and
performance of PV systems worldwide. Broken down by storm category, the report covers
extreme weather events of greatest significance to PV power plants: tropical cyclones, con-
vective storms, snowstorms, dust storms, heat waves, floods and wildfires. For each category,
an overview of the threat landscape is provided, along with best practices for design and pro-
curement, mitigation strategies, post-storm assessment and follow-on operation and mainte-
nance (O&M) strategies.

The report also considers weather-inflicted damages to PV systems that fall into one of two
categories:

1) catastrophic, as in, the destruction of modules, strings or entire systems, e.g., modules un-
ravel from their mounts, racks collapse, and glass shatters; and 2) sub-catastrophic, as in,
visual inspection results in no detectable damage, even though internal damage may have
occurred to the solar cells or other module components, Detectable only with costly imaging
techniques, such as infrared (IR) or electroluminescence (EL) imaging, undiagnosed damage
may deteriorate over time, resulting in accelerated performance degradation or the accelerated
senescence of module components, such as backsheets and encapsulants.

In addition, the report acknowledges that technological innovation in the solar industry, includ-
ing the proliferation of new materials and components, introduces uncertainty in a world of
intensifying climatic stressors. The long-term reliability of emerging cell and module architec-
tures is largely unknown, especially under extreme-weather conditions where modules and
hardware components are subjected to combined and cyclic forces not captured by acceler-
ated testing.

Moreover, the resilience of a PV system during extreme weather depends heavily on the
unique characteristics of each storm — including the number and types of stressors, how these
stressors interact in predictable and unpredictable ways, and how such interactions affect the
system’s components. Even so, generalizations around best practices can be made: 1) site
planning should always include a review of weather threats specific to the site; and 2) design
and procurement decisions should be based on the threat landscape. In hail-prone regions,
for example, modules with thicker front glass are preferred; in snowy regions, frameless out-
perform framed modules; in regions where tropical cyclones are the primary risk, consideration
must be paid not only to the module architecture but even more to the fasteners and other
hardware that hold the system together. Stow algorithms for single-axis trackers should also
be validated via tracked records of damage prevention. In addition, each site must have a set
of protocols and response strategies specific to the weather threat and be prepared to follow
them on short notice. And last, but not least, the operational status of a plant must be
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considered. Sites under construction are more prone to erosion because ground cover is lack-
ing, to wind damages because modules may not be properly fastened and are susceptible to
flying debris, and to electrical damages, if cable and connectors are exposed to moisture. In
contrast, fully operational plants are at risk of onsite fires from damages to the electrical net-
work and may have prolonged power losses.

Key Takeaways

1. Most PV plants can survive most extreme weather events, if appropriately sited, de-
signed and maintained.

2. This report considers weather events that 1) have short-term impacts and occur spo-
radically, e.g., tropical cyclones, convective storms (including hail) and 2) those that
have longer-term impacts and tend to be repetitive, e.g., snow, dust storms, heatwaves,
and wildfires. From an impact perspective, two types of damage can be identified in PV
systems: acute and chronic. Risk assessment for PV plants in the first category is a
critical first step, whereas design optimization for plants in the second is the priority.
From a resilience and mitigation standpoint, site planning is essential. Risk assessment
based on a review of historical weather data and the probability of future extreme
weather events for each location is crucial and must be addressed in the design phase.
Once the threat landscape has been properly assessed, project developers, and own-
ers must make informed design and procurement choices. All materials and structural
components must be code-compliant; module architecture also matters, as in, modules
specifically designed for hail resilience. In addition, review of the racking/tracking de-
sign, including hardware, by an independent engineer is strongly encouraged. In ad-
dition, architects should pay close attention to the terrain and geological conditions at
the proposed site. For example, when installing a PV system on sloped ground, the
foundation should include features to prevent landslides triggered by tropical cyclones
or flooding.

3. Site owners and operators should keep relevant commissioning documents, particu-
larly those related to energy production in order to have a baseline against which future
performance can be compared. Similarly, any electroluminescent (EL) and infrared (IR)
images, along with records of visual inspections and |-V measurements, should be pre-
served.

4. Electrical performance data are essential for evaluating the effects of extreme weather
events and any resulting acceleration in system degradation. When combined with
weather data—such as temperature, solar irradiation, and wind speed—this infor-
mation forms time-series data that can help detect weather-related damage. Aware-
ness among site owners and maintenance teams needs to increase regarding the im-
portance of collecting and preserving these data.

5. Robust operation and maintenance (O&M) protocols are essential. Defects left unre-
solved after storm exposure may worsen over time when exposed to additional envi-
ronmental stressors like heat, wind, and moisture. Continuous monitoring of power out-
put from restored PV systems is therefore critical to ensure their performance and reli-
ability. If a significant drop in power generation is detected, the collected data will help
the owner make informed decisions about further actions, such as system refurbish-
ment.

6. Proactive maintenance is equally important and should be tailored to the probability of
risk. Before a tropical cyclone, for example, tasks such as checking the t tightness of
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PV systems installed in coastal areas in North America and Asia are considered most at risk
from tropical cyclones [1], [5], as seen in Figure 5. Furthermore, as storm activity expands,
regions previously unaffected by intense storms may be at risk, exemplified by Hurricane He-
lene, which in 2024 devasted an area of North Carolina more than 500 miles (= 805 km) inland.

2.2 Equipment damage and failure mechanisms

Storm damages are generally attributable to poorly de-
signed racking systems and/or poorly installed bolts
and fasteners. Fasteners that are inadequately torqued
or not designed for high-stress conditions (as in having
low mechanical strength) are a common problem. Fret-
ting and the resultant wear of threaded bolts can lead
to loosening during wind events—and if the wind load
is severe enough—cause cascading effects that range
from the collapse of the racking or tracker platform to
modules being ripped from their fasteners, often in mul-
tiples (see Figure 6). In addition, excessive, repetitive
wind loads can lead to irreversible deformation of both
fasteners and support structures if they exceed the al-
lowable stress of the mounting hardware.

Tracking systems, where modules are attached to a
single torque tube fixed on one end, are vulnerable to
torsional stress that is exacerbated by high wind load-
ing on the modules. If the hardware is insufficient for
the wind load, strong winds can induce torsional gallop-
ing, creating escalating stress on the modules, result-
ing in a runaway-failure event. The process begins
when the end-of-row modules begin to flutter and then
twist inward from the edges toward the central mod-

Figure 6: Tracker system dam-

ules, which are supported by the drive mechanism and 2aged by Hurricane Helene in the
are therefore the most rigid part of the row. As the outer US in 2024 is shown here. Fas-
modules loosen, the twisting gradually intensifies, tener failures caused modules to
spreading from one module to another. Eventually, the detach from the torque tube and
tracker will twist apart, resulting in airborne modules tear from electrical connections.
and the loss of the entire row [9].

Damage may also extend beyond mechanical failures to include a heightened risk of electrical
failure. High winds can loosen cables, causing fretting within connectors and/or partial sepa-
ration of the pin and socket. Loose or poorly torqued connectors then become vulnerable to
moisture penetration, which in turn leads to corrosion, high resistance and ultimately failure
[10]. Heavy rainfall can also lead to water penetration inside the housing of combiner
boxes/power conditioner boxes, disrupting the electrical circuitry throughout a plant.

2.3 Economic impacts

The economic impacts of tropical cyclones on PV plants are manifold, ranging from lost gen-
eration to physical damages to increased operating expenses. One study of generation losses
during 18 hurricane events, showed power losses of approximately 50% during the period of
storm activity (likely attributable to a combination of trackers in stow position and reduced irra-
diance), although generation returned to normal afterwards [11]. Statistical analysis also re-
vealed that the performance ratio during hurricane days was—as might be expected—12.6%
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lower than on non-hurricane days [12]. Recent data, however, suggests that annual production
losses (median values) due to high winds and heavy rain are relatively small, around 1% for
each category [13]. The same study suggests that degradation rates for PV systems accelerate
for sites which exceed a minimum wind speed threshold (25 m/s = 90 km/h) [13]. As explained
by the authors, this effect may vary depending on the surrounding environment (e.g., wind
shadowing) and/or appropriate operation and maintenance practices. While more data is
needed, it appears feasible to predict generation losses due to tropical cyclones and incorpo-
rate those predictive models into the design and procurement stages for new plants to ensure
more accurate LCOE calculations and provide a justification for more robust designs.

Such probability modelling is increasingly justifiable based on the escalating frequency and
rising costs of storm events. As the number of PV installations grows, insurance payouts for
severe-weather damage are likely to rise. In Japan, for example, insurance payouts increased
by a factor of 3.7 from 2017 to 2021 [14], with a significant portion attributed to damages from
high winds, flooding, and related causes [15]. Much as the intensity of tropical cyclones is
expected to increase [1], insurance rates for PV systems are also likely to rise, commensurate
with the heightened risk of severe damage. This represents an indirect, but measurable, eco-
nomic impact of extreme weather.

2.4 Diagnostic tools

Two types of post-storm assessments are
needed to a diagnose the damage caused by
tropical cyclones: 1) an electrical analysis to
accurately estimate the storm’s impacts on
electrical safety and power production; and 2)
a structural analysis to document any physi-
cal damages to modules, racking and associ-
ated hardware. Daily or real-time monitoring
of PV electrical systems in areas prone to
tropical cyclones is highly advisable and var-
ious service providers offer monitoring sys-
tems with advanced technologies (e.g., their
own PV performance software). If a properly
monitored PV system shows an abnormal re-
duction in electrical generation during or after
a tropical cyclone, electrical safety must be
promptly confirmed. In particular, combiner
boxes, inverters and high-voltage equipment
enclosures should be checked for ingress of
wind-driven  rain.  Drone-mounted  or
handheld thermal cameras can also be de-

ployed to verify the electrical safety of PV | .
connectors. Less urgent from a safety per- 'M3age front and rear-5|des_ of the m_od-
ules, as well as the rear-side electrical

spective is the diagnosis of damage to the so- ”
lar cells in the absence of broken module  network. Photo: |

glass. The latter involves subjecting a subset

of modules to EL-imaging but the process is time-consuming and expensive and generally
undertaken only if there is reason to suspect cell damage, and—even then—may involve only
a sampling of modules (for more information on EL imaging, see Chapter 3).

Figure 7: Ground-level robots, equipped
with thermal and optical cameras can

In addition to employing aerial drones to survey the site and document site-wide damages
(e.g., number and location of damaged modules/rows), manual inspections are needed to
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ascertain structural damage. Although Light Detection and Ranging (LiDAR) technology (with
or without an unmanned aerial vehicle) could be valuable in the future [16], best practices
today call for a detailed row-by-row inspection to assess the integrity of the modules, racking
hardware and electrical BoS. Ground-level robots that survey each module and take thermal
images of the connectors, are a technology that is gaining interest, especially for the largest
PV plants, (see Figure 7) but have yet to become commonplace. New-generation drones that
can fly between the rows and also capture backside images are also attracting interest but
require more sophisticated controls and navigation software.

2.5 Mitigation strategies

Because PV installations are proliferating in tropical and sub-tropical regions, damages to PV
systems from tropical cyclones are on the rise. To mitigate the escalating threat posed by
severe winds and heavy rain, best practices (summarized in Table 1) can be categorized into
four stages as follows: 1) project planning, 2) system design, 3) construction and commission-
ing, 4) operation and maintenance.

In the project planning stage, it is important to consider the historic patterns of tropical cyclone
activity (see Table 2). This information is crucial for determining whether a specific location is
high or low risk for a catastrophic storm and whether or not a resilient PV system can be de-
signed for that site. For example, one can estimate both the capital expenditure (CAPEX) and
operational expenditure (OPEX) for a proposed PV system based on the relevant meteorolog-
ical parameters, e.g., wind speed, precipitation, etc. Analysis of historical wind patterns is also
advised because predominant wind direction as well as its ramp rate can inform tracker stow
strategies.

The design phase, however, is the crucial stage for mitigating serious damage [17]. Detailed
design recommendations for PV systems installed in cyclone-prone areas are shown in Table
3. System designers should adhere to these guidelines to ensure that materials for structural
components and PV modules are chosen within the specified limits set by these regulations.
In addition, the recommendations described in the chapter 5.6.5 of “Guidelines for Operation
and Maintenance of Photovoltaic Power Plants in Different Climates” should be considered
[10]. The authors of this report also strongly recommend that the choice of a racking/tracking
system be reviewed by an independent engineer, with expertise in bolted joints and failure
mechanisms specific to climatic stressors.

During construction and commissioning, installation training is paramount, and field crews
should be explicitly trained to properly install module fasteners as well as bolted joints, which
are widely acknowledged to be the weak point in many racking systems and insufficiently cov-
ered by existing codes and standards. For example, current PV auditing standards, such as
IEC 62446, do not include checks for fasteners or torque audits despite their importance to
system reliability. At the commissioning stage, the agent of record should (1) verify the correct
installation of all—or a significant subset of—designated structural connections, and (2) con-
duct torque audits on at least 1% of the fasteners. If 10% or more of these fasteners are either
over-tightened or under-tightened, the contractor should reinstall all fasteners [18]. In addition,
the improper management of electrical cables poses significant risks to the integrity of the PV
connectors and ultimately the electrical balance-of-systems. Other poor practices that should
be avoided include loose hanging wires, widespread reliance on plastic cable ties, and im-
proper routing of PV wires [19].

During the O&M stage, the site-owner or site-operator should implement clear protocols for
pre- and post-storm O&M tasks, including stow strategies for tracking systems in advance of
a storm and post-storm inspections that include module examinations, torque tests of fasteners
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and thermal imaging of connectors [20]. While these tasks can be performed by onsite person-
nel, hiring skilled consulting engineers to manage the recovery efforts is recommended. In
addition, safety checks conducted by a qualified electrician are essential before accessing the
system [20].

2.6 Key takeaways and recommendations

In regions prone to frequent cyclones, project planning should include an overall risk assess-
ment, accounting for historical and predicted weather patterns as well as design and procure-
ment decisions. In plain words, historical weather conditions, as well as future projections,
should inform the planning stage and be reflected in each specific site design.

Pre- and post-storm planning for existing, as well as partially constructed, PV systems, is also
of high importance. Such planning includes both installation and response training for onsite
crews and the dissemination of detailed protocols to minimize confusion and maximize both
response and recovery strategies. A rapidly executed pre-storm response — in accordance
with the weather forecast and alarms reported by various agents (Table 2) — should be integral
to any onsite operations manual. The following countermeasures are minimum requirements.

Pre-storm phase for systems under construction:

e Clear debris and secure loose materials in and around arrays to avoid wind-blown ob-
jects that can damage modules.

e Make sure all expo