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Abstract

Extra-tropical cyclones are a major source of insured losses in Western Europe,

particularly when they occur in rapid succession. Although storm clustering can

amplify cumulative impacts, most catastrophe models still estimate losses using

vulnerability relationships calibrated on isolated storms. Such approaches neglect

the potential change in vulnerability following successive storm impacts, as well

as the enhanced damage potential associated with the succession of intense wind

gusts. This may lead to biased estimates of risk and insured losses.

Here, we investigate the temporal compounding of winter windstorms, also called

storm clustering, over France and its implications for impact modelling. Using

atmospheric reanalysis and insurance loss data, we characterise the spatial and

temporal properties of storm clustering and evaluate how storm succession influ-

ences observed damages. We show that, when their footprints overlap, clustered

storms exhibit different damage responses compared to isolated storms, indicat-

ing that maximum wind intensity alone is insufficient to explain losses during

such temporally-compounded events.

To address this limitation, we propose a wind aggregation framework that explic-

itly accounts for storm succession within clustered sequences. This aggregated

hazard metric improves the representation of cumulative impacts and enhances

the ability of vulnerability relationships to reproduce observed damages. Our
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results demonstrate that storm clustering should be treated explicitly in catas-

trophe modelling frameworks to obtain more realistic estimates of windstorm risk

and cumulative losses.

Keywords: Storm, Impact, Insurance, France, Compound-Event, Storm clustering

1 Introduction

Winter windstorms are among the costliest natural hazards affecting France and West-
ern Europe. Major storms that have affected France in recent decades, such as Lothar
and Martin in December 1999 [1–3], Klaus in January 2009 [4], and, more recently, Cia-
ran and Domingos in November 2023 [5], have highlighted the wide range of impacts
associated with such events. Consequently, improving the understanding and quantifi-
cation of windstorm risk has become a key priority for both the scientific community
and the insurance sector.

Risk can be represented through the interplay between three key components:
hazard, exposure, and vulnerability [6, 7]. In the case of windstorm risk, the hazard
describes the occurrence and intensity of damaging winter windstorms; the exposure
represents the people and assets located in areas affected by these storms; and the
vulnerability characterises the propensity of those exposed assets to sustain damage
when the hazard occurs. While the exposure is prescribed by the assets, infrastructure
or populations considered, the hazard depends on methodological choices, including
the meteorological input [8], the definition of storm events, and the temporal and
spatial aggregation used to characterise them. Importantly, vulnerability is not directly
observed but inferred from the relationship between a selected hazard metric and
observed damage [9]. Consequently, changing the representation of the hazard can
modify the estimated vulnerability and ultimately alter the resulting risk assessment.

Traditional risk assessments often assume hazards can be represented as indepen-
dent events [7]. However, compound events, defined as the combination of multiple
hazards contributing to societal risk [10, 11], challenge this assumption [12, 13]. In fact,
compound events can alter damage responses through mechanisms such as repeated
loading, persistence of adverse conditions, or incomplete recovery between successive
events, which can leave exposed systems in a more vulnerable state [14]. As a result, the
vulnerability inferred from isolated events may differ from the vulnerability observed
during sequences of events [15–17]. Studies have shown that damages associated with
multi-event or compound situations can exceed those expected from independent haz-
ards [18, 19]. Therefore, accurately representing the temporal structure of hazards is
essential for reliable risk estimation.

In the North Atlantic, extra-tropical cyclones (ETCs) provide a relevant exam-
ple of temporally compounding hazards. ETC activity exhibits substantial seasonal
and decadal variability, partly driven by fluctuations in large-scale atmospheric cir-
culation patterns [20, 21]. Over shorter periods, such as days to weeks, ETCs can
also arrive in rapid succession, affecting similar regions. This phenomenon, known as
storm serial clustering, describes the tendency of storms to occur in sequences rather
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than independently [22–24]. Such clustering is favoured by persistent atmospheric cir-
culation regimes, including jet-stream configurations promoting repeated cyclogenesis
along similar North Atlantic trajectories [24, 25]. Storm clustering is particularly pro-
nounced for intense storms [26, 27] and can lead to substantial cumulative losses when
regions are repeatedly affected within short periods [28, 29].

Accurately quantifying the influence of storm clustering on damages requires care-
ful attention to the representation of the underlying hazard. Different methodological
choices can lead to substantially different representations of storm events and their
associated footprints. At the event-definition level, storms can be characterised either
from aggregated wind fields [30–32] or from dynamical information such as storm
tracks combined with spatial constraints [31, 33]. This methodological choice becomes
particularly important for sequences of ETCs, for which successive storms may overlap
spatially and temporally. In such situations, aggregated hazard definitions may merge
individual events, making it difficult to identify the contribution of each storm to the
resulting impacts. Conversely, physically based definitions relying on a too-large foot-
print radius may assign the same wind gust to multiple storms, creating ambiguities
in impact attribution [31]. More generally, spatially and temporally aggregated hazard
metrics can obscure the structure of compound events by treating multiple interacting
events as a single hazard footprint.

Within the risk assessment framework, such aggregation choices implicitly assume
that vulnerability remains independent of the temporal structure of the hazard, which
is of particular importance given that the hazard represents the greatest source of
uncertainty in risk assessment [34, 35]. However, vulnerability may evolve during clus-
tered storm sequences. Repeated hazards can modify damage susceptibility through
cumulative structural weakening, incomplete recovery processes, emergency response
limitations, and behavioural adaptation [36]. Structures affected by an initial storm
may become more vulnerable to subsequent impacts, potentially leading to nonlin-
ear amplification of losses [37]. Furthermore, when storms occur in close succession,
insurance claims may overlap spatially and temporally, complicating the attribu-
tion of damages to individual events and challenging the application of single-event
vulnerability functions [28].

Despite the potential importance of storm clustering, this temporal compounding
remains only partially represented in catastrophe modelling frameworks [31]. Most
catastrophe models estimate damage by applying vulnerability relationships inde-
pendently to individual storm events. These vulnerability functions are generally
calibrated using isolated events and implicitly assume that each storm occurs indepen-
dently, without influence from previous impacts [34, 38–41]. Such assumptions may be
inadequate when multiple storms affect the same exposed regions within short time
periods.

In this study, we investigate the role of storm clusters in windstorm risk in France.
We quantify the proportion of claims occurring during sequences of storms (clustered-
storm damage) and identify the subset of claims occurring within overlapping storm
footprints, and therefore potentially exposed to wind gusts from multiple physical

3



139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184

events (multiple-wind damage). Based on these observations, we propose a repre-
sentation of clustered windstorm hazards for damage estimation within catastrophe
modelling frameworks. Specifically, we address the following questions:

• What is the proportion of clustered-storm and multiple-wind damage in France ?
• Can vulnerability relationships calibrated from isolated storm events accurately

reproduce damage from temporally clustered storms?
• How should wind hazard be aggregated within storm sequences to better represent

cumulative damage and evolving vulnerability?

Therefore, although hazard and vulnerability are commonly treated as separate
components of risk assessment [42], this study investigates how the temporal structure
of hazards can influence vulnerability and damage response. In particular, this work
aims to improve the representation of storm clustering in windstorm risk assessment
and contribute to the development of catastrophe modelling approaches that are better
suited for temporally compound hazards. This is illustrated on the Generali France
insurance portfolio.

2 Results

2.1 Spatial and temporal distribution of compounded events

Throughout this article, a damage grid refers to the combination of an ERA5 grid cell
and an event at which at least one claim was recorded. The term ”event” is defined in
section 4.4. To investigate damage associated with storm clusters, we classify damage
grids into three categories: single-storm, clustered-storm and multiple-wind damage.
Single-storm damage refers to damage grids for which the damaging storm is a sin-
gle storm. Clustered-storm damage refers to aggregated damage corresponding to a
cluster of storms. Finally, multiple-wind damage refers to damage grids corresponding
to a storm within a cluster and located in the intersection of the footprints of sev-
eral storms of a cluster (see section 4.3). Thus, multiple-wind damage corresponds to
locations affected by at least two wind gusts from multiple successive storms, whereas
clustered-storm damage may result from the impact of only one of the storms in
the cluster. The proportion of clustered-storm and multiple-wind damage varies and
increases with the length of the clustering windows (see Section 4.4). Figure 1 shows,
for different clustering windows, the proportion of clustered-storm and multiple-wind
damage within Generali’s portfolio.

The increase in the fraction of clustered-storm damage with clustering period
reflects the progressively less restrictive definition of a storm cluster. As the clustering
window increases, an increasing number of storms are grouped into clusters. Because
damage grids are defined by aggregating damage either over individual storms or over
the cluster to which a storm belongs, this also affects the total number of damage
grids. In particular, storms that were classified as single storms for shorter clustering
windows may become part of a cluster when the window is extended, causing their
damage to be aggregated with that of other storms and thereby reducing the over-
all number of damage grids. Despite this reduction, the proportion of damage grids
associated with storm clusters increases with the clustering period.
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Fig. 1 (a) Percentage of clustered-storm (light red curve) andmultiple-wind (dark red curve) damage
grids as a function of the clustering window. Error bars correspond to the 1st and 3rd quantiles,
computed over individual winter seasons. (b) Spatial distribution of single-storm, clustered-storm,
and multiple-wind damage for the specific case of a 4d–cluster. Grid cells are coloured according to
the type of damage experienced across all storms in all winters. A grid cell is shown in dark red if
it experienced multiple-wind damage during at least one storm cluster, in light red if it experienced
clustered-storm damage at least once but no multiple-wind damage, and in grey if it experienced only
single-storm damage.

For example, with a 10–days (10d) clustering window, storms occurring within 10
days of one another can be assigned to the same cluster. Given the high frequency of
winter windstorms over France, extending the clustering window progressively incor-
porates a larger fraction of storms into clusters and, consequently, a larger fraction
of damage grids are classified as clustered-storm damage. For a 30–days clustering
window, approximately 78% of the damage grids are associated with a storm cluster,
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leaving only 22% associated with single storms. In this case, a single storm corresponds
to an event that is not connected to another storm within the 30–day clustering crite-
rion. Extending the clustering window would progressively connect more storms into
clusters, such that, at sufficiently large windows, virtually all damage grids would be
associated with storm clusters.

For clustering windows shorter than 7 days, at least 50% of damage grids are asso-
ciated with clustered storms. This highlights that a larger proportion of insured wind
damage in France is generated during periods of strong storm activity, with successive
storm events following each other. In contrast, single-storm damage characterised by
storms isolated from other events by more than 7 days accounts for only 25% of the
damage grids.

Regarding the multiple-wind damage, we also observe an increase in the percentage
with the widening of the clustering window. However, this percentage remains rela-
tively low. For cluster periods shorter than 7 days, multiple-wind damage represents
at most 11% of the damage grids. Even for the 30d–clusters, for which clustered-storm
damage represents 78% of the damage grids, only 12% are multiple-wind damage. This
indicates that within storm clusters, the spatial overlap of footprints between succes-
sive storm remains limited. Even at the seasonal scale (clustering window greater than
30 days), the succession of storms over a given impacted location remains uncommon.

Across all clustering windows, the fraction of clustered-storm damage exhibits sub-
stantial inter-seasonal variability. For example, the contribution of clustered-storm
damage varies substantially between seasons, ranging from 0% in Winter 1998/1999
to 95% in Winters 1999/2000 and 2020/2021, with similar values observed for both 4d
and longer clustering windows such as 30 days. This variability, previously highlighted
in [28, 32, 43], likely reflects the combined influence of seasonal differences in storm
frequency and intensity. Moreover, because the analysis relies on observed impacts
rather than storm occurrence alone, variations in the damage produced by successive
storms may also contribute to the observed range. The inter-seasonal variability is also
present in the fraction of multiple-wind damage. We observe a range of 0.8% (Winter
2002/2003) to 44% (Winter 2008/2009) for 30d–clusters and 0%(Winter 1998/1999,
2001/2002 and 2014/2015) to 29% (Winter 2018/2019) for the 4d–clusters.

Figure 1b shows the spatial distribution of the three types of damage for the special
case of the 4d–clusters. The figure shows that not all grid cells are coloured. This
reflects the spatial distribution of Generali’s portfolio and, more broadly, the density of
insured buildings across France, where the centre of France concentrates less exposure
compared to coastal areas and major cities (Section 4.2 and Supplementary). Among
the coloured grid cells, only 3 damage grids experience exclusively single-storm damage
throughout all the winters, indicating that most locations experience clustered-storm
damage at least once. This is consistent with the mean proportion of 55% of damage
grids classified as clustered-storm for the 4d−cluster (Figure 1). Multiple-wind damage
grids are distributed across the entire territory, with a higher concentration in northern
France. This spatial pattern may reflect both the geographic distribution of Generali’s
portfolio, which has a particularly high concentration of exposed buildings in the north
(see Supplementary), and the greater frequency of windstorms in this region.
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Fig. 2 Vulnerability curves, expressed as the claim ratio (CR) as a function of the maximum
normalised wind V (see Section 4.5), obtained with the Weibull vulnerability model for clustering
windows ranging from 3 to 30 days. Colours indicate the different clustering windows. Continuous
lines represent the mean claim ratio, while dashed lines indicate the 95% confidence interval.

This section shows that storm clusters are over-represented relative to single storms
among the damage grids. However, multiple-wind damage accounts for only a small
fraction of all damage grids. The observed frequency pattern is influenced by both
the spatial distribution of the storm hazard and the spatial distribution of Gener-
ali’s insured portfolio. Their respective contributions are difficult to disentangle from
the spatial distribution of damage types alone, as no clear spatial pattern emerges
for multiple-wind damage (Figure 1b). We determine whether multiple-wind damage
exhibits a distinct vulnerability response. In particular, we investigate whether dam-
age at a given grid is primarily controlled by the maximum wind gust experienced,
or whether successive storm events within a cluster provide additional explanatory
power. This distinction is important because it determines whether vulnerability can
be characterised solely as a function of peak hazard intensity or whether it should also
account for the temporal accumulation of wind impacts. To address this question, the
following section introduces temporally compounded wind vulnerability curves, which
explicitly account for the intensity of the successive storms over different clustering
periods.

2.2 Vulnerability curves

Vulnerability curves describe how damage varies with local hazard intensity and are
therefore expressed here as the claim ratio (CR) as a function of the local wind inten-
sity, defined as the maximum normalised wind (V ) or aggregated wind (Vagg) (see
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Section 4.5 and 4.6). The claim ratio is defined as the ratio of the number of claims
to the number of contracts in the portfolio for each damage grid (see Section 4.2).
Expressing damage in terms of claim ratio removes the influence of variations in the
size and spatial distribution of the Generali portfolio. The vulnerability curves are cal-
ibrated through global optimisation of the historical damage grids (see Section 4.5).
For short cluster periods such as 3d– or 4d–clusters, this corresponds exactly to what
is done in usual catastrophe models for the estimation of event loss [30, 32, 39, 41].
For longer clustering windows, as most storms are aggregated into clusters, the claim
ratio is estimated using the hazard intensity of the strongest storm event, which is
more similar to an average annual damage estimation.

Figure 2 shows the vulnerability curves obtained for the different clustering win-
dows (from 3 to 30 days). For all clustering windows, the expected claim ratio increases
with the normalised wind, with all curves exhibiting a similar rate of increase. The
vulnerability curves obtained for the different clustering windows also show similar
performance, with a mean R2 of 0.41. This indicates that the clustering window pri-
marily affects the magnitude of the expected damage rather than the overall shape of
the vulnerability relationship. Nonetheless, for a given maximum normalised wind, the
expected claim ratio increases with the length of the clustering window. As explained
previously, from a conceptual point of view, estimating the claim ratio using a 30d clus-
tering window is closer to estimating the total damage accumulated over a substantial
fraction of the winter season based on the strongest event, rather than the damage asso-
ciated with an individual storm. The expected claim ratio is therefore higher because
it accounts for damage accumulated over a longer period and potentially across several
successive storms.

All curves present relatively wide 95% confidence intervals, particularly for low
normalised wind values, while the width of the intervals decreases as normalised wind
increases. This large variability reflects the heterogeneity of the damage grids included
in the calibration dataset, which is further discussed in Section 2.3. Although damage
is aggregated to reduce the influence of local-scale features (Section 4.5), differences
in both exposure and hazard characteristics may still contribute to the observed vari-
ability. When considering exposure level, differences in building characteristics, such
as construction type, roof geometry and orientation, surrounding vegetation, or other
local features, may affect the response to a given wind intensity. Similarly, differences
in wind direction and its temporal evolution may contribute to variations in damage
for comparable maximum gusts. Finally, although the claim ratio is normalised by
the number of insured contracts, damage grids with a small number of insured con-
tracts cannot resolve very small claim ratios, which may contribute to the observed
dispersion, particularly at low damage levels.

Given the behaviour and uncertainties of the vulnerability curves, we may question
whether the maximum normalised wind is sufficient to capture multiple-wind damage.
In the following section, we focus on the 4–day clustering window to investigate the
relationship between claim ratio and normalised wind intensity for multiple-wind dam-
age, and assess whether accounting for the intensity of successive storms explains more
of the variability in claim ratio than using the maximum normalised wind gust alone.
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2.3 Case study: 4–days clustering window

The 4–days temporal window is a particularly relevant case study, as it corresponds to
the 96-hour event definition used for windstorm claim aggregation in Generali France’s
reinsurance contracts. More generally, reinsurance contracts for windstorms commonly
rely on temporal aggregation windows of around 72–96 hours [44]. Over such periods,
insurance companies typically assume that all claims originate from a single event with
a unique spatial footprint [44]. Using the clustering definition defined in Section 4.4,
we identify 197 storms grouped into 76 clusters, representing 85% of the total claims
[28] and 55% of the damage grids (see Figure 1).

Figure 3 shows the vulnerability curves obtained over all andmultiple-wind damage
grids. The global fit exhibits moderate performance (R2 = 0.41, pvalue ≈ 0), with
a large confidence interval reflecting the substantial dispersion in the observed claim
ratio (see Section 2.2). When restricting the analysis to multiple-wind damage grids,
the performance of the fit done using all damage grids decreases (R2 = 0.28, pvalue ≈
0). This decrease indicates that the vulnerability relationship fitted to all damage grids
does not capture well the relationship between normalised wind and claim ratio for
multiple-wind damage grids. Although improved fits can be obtained by calibrating
exclusively on the subset of multiple-wind damage grids (R2 = 0.38, , pvalue ≈ 0), the
resulting vulnerability curves display distinct behaviour (see Figure 3b).

In particular, the curve fitted exclusively to multiple-wind damage grids exhibits
a higher expected claim ratio across the full range of normalised wind. For V =
1.5, corresponding to a wind gust equal to the 1.5 times the local 90th percentile,
the fit based on all damage grids predicts a mean claim ratio of 1.3 × 10−3, with a
confidence interval of [0; 3.1 × 10−2], compared with 3.7 × 10−3, with a confidence
interval of [0; 4.5× 10−2], for the fit based exclusively on multiple-wind damage grids.
This difference suggests that, for a given normalised wind intensity, locations exposed
to successive storms within overlapping footprints may experience greater damage than
locations exposed to a comparable wind intensity from a single storm. The difference
between the two curves becomes more pronounced at higher wind intensity. For V =
2.5, corresponding to a wind gust substantially greater than the local 90th percentile,
the fit based exclusively on multiple-wind damage grids predicts a claim ratio of 1.2×
10−1, with a confidence interval of [8.1×10−2; 1.6×10−1]. This value is higher than the
8.1× 10−2 predicted by the fit based on all damage grids, whose confidence interval is
[5.1× 10−2; 1.1× 10−1]. The increasing divergence between the two curves with wind
intensity indicates that the global vulnerability curve does not fully capture the higher
claim ratios associated with multiple-wind damage. Conversely, for a given claim ratio,
the multiple-wind vulnerability curve associates the observed damage with a lower
wind than the global curve, suggesting an additional contribution of successive wind
exposures to the observed damage.

To address this discrepancy, we introduce a wind aggregation metric that accounts
for the contribution of successive storms rather than relying solely on the maximum
normalised wind (see Section 4.6). The metric is constructed from the full wind foot-
prints of each storm within a cluster, rather than considering only the maximum
normalised wind. For single-storm damage grids, the normalised wind value of V
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Fig. 3 Claim ratio (CR) as a function of the maximum normalised wind (V) and aggregated wind
(Vagg), together with fitted vulnerability curves obtained using all damage grids (black lines) or
multiple-wind damage grids (grey lines). Panel (a) shows all damage grids; panel (b) focuses on
multiple-wind damage grids. Scatter-point colours indicate point density, with darker colours corre-
sponding to higher densities. Panel (c) shows multiple-wind damage intensity as a function of the
aggregated wind, together with the corresponding vulnerability curves fitted using the optimal aggre-
gated wind (Independent model, see section4.6).
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remains unchanged. Figure 3c presents the vulnerability curve obtained using the opti-
mal wind aggregation method, namely the Independent wind model (see Section 4.6),
for the 4d-cluster case study. This aggregation improves the fit, increasing the R2 to
0.36.

With the aggregated wind metric, multiple-wind damage grids are associated with
an aggregated wind value greater than the maximum wind gust produced by any indi-
vidual storm (see Figure 3c). This can be interpreted in a counterfactual framework:
for a given amount of damage, the aggregated wind represents the wind intensity
that would be required from a single storm to produce an equivalent claim ratio. In
other words, the additional contribution of successive wind exposures is expressed as
an equivalent increase in wind intensity. This interpretation is consistent with the
results presented in Figure 3b, where multiple-wind damage grids exhibit higher claim
ratios than single-storm damage grids for the same maximum wind gust. Together,
these results indicate that damage resulting from compounded wind events is not
fully explained by the peak wind gust alone, but also reflects the cumulative effect of
successive wind exposures.

To further quantify the role of the aggregation process, we analyse the optimal
coefficients associated with each wind aggregation model (see Section 4.6). Figure 4
presents these coefficients as a function of wind intensity (or rank), together with the
relationship between the aggregated wind and the maximum normalised wind. The
max wind aggregation model provides the baseline approach, assigning a weight of 1
to the maximum normalised wind value and zero weight to all other normalised wind
values. Consequently, the aggregated wind is, by definition, equal to the maximum
normalised wind.

For the Independent wind aggregation model, the coefficients depend solely on
the rank of the wind intensity, without imposing any constraint on the relationship
between the coefficients. Consequently, two wind sequences such as [20, 5] m.s−1 and
[20, 19] m.s−1 are assigned the same coefficients to their respective wind values, despite
resulting in different Vagg values. The optimal aggregation assigns decreasing weights
to successive wind events: the locally strongest wind gust receives a weight of one, the
second strongest a weight of approximately 0.1, while the weakest wind gust receives a
weight close to zero and therefore doesn’t contribute much to the aggregated intensity.
This weighting indicates that, within the optimal aggregation, the second strongest
wind gust contributes approximately 10% as much as the strongest gust. The optimal
power parameter of 1.04 is also close to one, suggesting that the power coefficient
doesn’t improve the results. Figure 4f shows that the resulting Vagg is systematically
greater than Vmax. This is consistent with the previous analysis, which showed that
multiple-wind damage grids exhibit higher claim ratios than single-storm damage grids
for the same maximum wind gust. The aggregation therefore effectively increases the
wind intensity associated with multiple-wind damage, providing a way to account for
the additional contribution of successive wind exposures. For the 4d-cluster case study,
this aggregation model yields the highest R2 score, suggesting that, over this clustering
period, the relative ordering of wind intensities across successive storms provides more
information for explaining the observed claim ratios than their absolute values alone.
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Fig. 4 Parameters of the wind aggregations (a,b,c,d), Vagg as a function of Vmax (e,f,g,h), and
claim ratio predicted with the aggregated wind as a function of the occurrence ratio predicted using
the maximal wind (i,j,k,l). Panels (a,e,i) show results obtained using the Vmax wind metric, while
panels (b,f,j), (c,g,k), and (d,h,l) show results obtained using the aggregated wind Vagg with the
independent, linear, and exponential aggregation methods, respectively (see Section 4.6). Colours
indicate the corresponding wind metric used in the analysis. The R2 values are obtained by fitting
the model using all points based on the aggregated wind and evaluating the resulting fit only on
the multiple-wind damage points. The p value corresponds to the power parameter introduced in the
aggregated wind formulation (see Section 4.6).

The Powered Linear and Powered Exponential models yield similar aggregated
wind estimates (Figures 4c,d,g,h). Unlike the rank-based aggregation models, these
approaches depend directly on the magnitude of each wind gust relative to the max-
imum observed value. In both models, the optimal coefficients remain approximately
constant across wind intensities, indicating that the relative contribution assigned to
each storm does not vary substantially with the magnitude of its wind gust. The result-
ing aggregation therefore accounts for the magnitude of all successive wind events,
rather than assigning weights primarily according to their rank. The optimal power
parameter is 5.51 for both models, which is higher than the value obtained for the
Independent wind aggregation model (1.04). This results in slightly larger Vagg values
than those obtained with the Independent model, particularly when successive storms
produce relatively intense wind gusts.

In practice, all three aggregation models produce Vagg values greater than the
corresponding Vmax of the cluster. For example, in the observed damage grids, a cluster
with Vmax = 1.5 can correspond to an aggregated wind of approximately 1.7 under
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the Independent model and 1.8 under the Powered Linear and Powered Exponential
models. Thus, the aggregation translates the additional contribution of successive
wind exposures into an equivalent increase in wind intensity. From a counterfactual
perspective, damage associated with a cluster reaching a maximum wind intensity of
1.5 could correspond to the damage that would have been produced by a single storm
with a wind intensity of approximately 1.7–1.8.

Panels (i)–(l) of Figure 4 show the claim ratio predicted using Vagg as a function
of that predicted using Vmax, illustrating how the aggregation modifies the effective
wind intensity. As expected, the claim ratio predicted using the aggregated wind is
generally higher than that predicted from the maximum wind alone. The relationship
between the two claim ratios is nonlinear, as the magnitude of the adjustment depends
on the number and intensity of successive wind gusts within the cluster. For the Inde-
pendent model, this adjustment is primarily determined by the number and rank of
the successive wind events, whereas for the Powered Linear and Powered Exponential
models it depends on their relative intensities. The higher claim ratios obtained after
aggregation are consistent with the vulnerability curves presented in Figure 3, which
show that multiple-wind damage grids exhibit higher claim ratios than single-storm
damage grids for the same maximum wind intensity.

For the 4-day clustering case study, the results indicate that damage is not
explained solely by the most extreme wind gust. Wind gusts from successive storms
also contribute to the observed damage, even when their individual intensities are
small compared to the maximum gust within the cluster. Using the optimal aggrega-
tion model therefore results in a higher effective wind intensity for clustered events
and, consequently, higher expected damage than would be inferred from the maxi-
mum wind gust alone. This provides further evidence that successive wind exposures
contribute to the occurrence and magnitude of damage during storm clusters.

Although the aggregation models improve the performance of the vulnerability
curve over the multiple-wind damage grids, this raises the question of whether intro-
ducing an additional aggregation mechanism might reduce the overall performance of
the vulnerability model. Indeed, when wind aggregation is included, the parameters
of both the damage model and the wind aggregation model are optimised simulta-
neously (see Section 4.5 and 4.6). The results show, however, that introducing wind
aggregation improves the fit over the full dataset, with a particularly marked improve-
ment for multiple-wind damage grids. This indicates that the improved representation
of compounded wind exposure does not come at the expense of the model’s ability to
reproduce the overall relationship between wind intensity and damage.

2.4 Added value of the wind aggregation for all the cluster

periods

Beyond the 4d-cluster case study, we assess the performance of the vulnerability model
across different clustering periods and evaluate the added value of wind aggregation.
Figure 5 compares the R2 scores obtained using the maximum normalised wind (Vmax)
and the three wind aggregation methods, both for the full set of damage grids and for
multiple-wind damage grids.
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Fig. 5 R2 scores as a function of the clustering period for different wind aggregation methods, shown
by different colours. (a) R2 obtained for all damage grids and evaluated over the same set of grids;
(b) R2 obtained for all damage grids and evaluated over the multiple-wind damage grids; and (c) R2

obtained from curves fitted to and evaluated over the multiple-wind damage grids only.

Without wind aggregation, the performance of the vulnerability model over all
damage grids remains relatively stable across clustering periods (Figure 5a). However,
its performance when evaluated specifically on multiple-wind damage grids is consis-
tently lower (Figure 5b). Importantly, Figure 5c shows that substantially higher R2

scores can be obtained when the vulnerability model is fitted exclusively to multiple-
wind damage grids. This indicates that the maximum normalised wind intensity
remains a relevant predictor of damage, but that the relationship between wind inten-
sity and claim ratio differs between multiple-wind and the other damage grids. In
other words, the lower performance observed when applying the global vulnerability
curve to multiple-wind damage does not necessarily result from a poor wind metric,
but rather from a different damage response to a given wind intensity. This difference
becomes less pronounced for longer clustering periods, partly because an increasing
proportion of damage grids are classified as multiple-wind damage. Nevertheless, the
persistently lower R2 obtained when evaluating the global fit on multiple-wind dam-
age confirms that Vmax alone does not fully capture the damage response to successive
wind exposures.

Introducing wind aggregation substantially improves the representation of
multiple-wind damage (Figure 5b). Because the aggregated wind is identical to Vmax

for all damage grids that are not classified as multiple-wind, any improvement in
the global R2 results from a better representation of multiple-wind damage, without
degrading the fit for the remaining points. Importantly, wind aggregation increases the
R2 for multiple-wind damage grids to values comparable to those obtained when the
model is fitted specifically to these points (Figure 5c). This indicates that wind aggre-
gation can largely account for the difference in damage response without requiring
a separate damage model for multiple-wind events. The improvement is particularly
pronounced for short clustering periods, for which the aggregated wind substantially
increases the R2 over multiple-wind damage. For clustering periods of up to approx-
imately 6 days, the three aggregation approaches improve the performance of the
fit, suggesting that accounting for successive wind exposures largely reconciles the
difference in the damage response between multiple-wind and single-storm events.
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For longer clustering periods, the benefit of wind aggregation becomes progressively
smaller. Although aggregation continues to improve the representation of multiple-
wind damage, the increase in R2 is more limited for clustering periods of 10 days and
longer. In particular, the Linear and Exponential wind aggregation models provide
little or no improvement for clustering periods of 10–30 days. This suggests that, as
the clustering window increases, the damage response becomes increasingly dominated
by the most intense wind event within the cluster, reducing the additional explanatory
value of weaker wind resulting from the successive storms.

The relative performance of the aggregation methods also changes with the cluster-
ing period. While the three approaches perform similarly for short clustering windows,
the Independent wind aggregation increasingly outperforms the Linear and Exponen-
tial formulations for periods of 10 days and longer. This result, also observed in the
4d-cluster case study, suggests that the relative ordering of successive wind intensities
provides relevant information for characterising compounded damage, particularly as
the number of storms included within a cluster increases.

Overall, these results demonstrate that wind aggregation provides a consistent
improvement in the representation of damage from successive storm events. The effect
is strongest for short clustering periods, when the contribution of successive storms
is most clearly expressed in the observed damage, while the diminishing improvement
for longer periods indicates an increasing dominance of the most intense wind event.

3 Discussion

In this study, we explored the effects of temporally clustered windstorms on vulner-
ability curves. When several storms affect the same area, the damage caused by a
subsequent event depends not only on its wind intensity but also on the damage
produced by antecedent events and the time elapsed between successive storms [37].
Therefore, the effects of storm clustering depend on the intensity of individual events
and the time elapsed between them.

To account for the effects of successive intense winds within clustered events, we
introduced a metric that aggregates wind gusts from successive storms and evaluated
its ability to predict the claim ratio. Our results show that, at a given location, suc-
cessive storms are associated with greater damage than would be expected from the
maximum wind gust alone. This finding is consistent with previous studies showing
that serial clustering can amplify cumulative seasonal losses and affect insurance and
reinsurance risk estimates [24, 29, 45].

The increase in expected damage is particularly pronounced for short clustering
periods, with the strongest effect observed for periods shorter than 7 days. This inter-
val is consistent with the timescale over which buildings may recover from damage
caused by an initial windstorm. A limited recovery period between successive events
could therefore contribute to the larger number of buildings affected by closely spaced
windstorms compared with what would be expected from the maximum wind gust
alone. Conversely, we find little further improvement in damage prediction when the
clustering period exceeds approximately 10 days. This is consistent with the 8–10-
day period over which storm vulnerability was found to stabilise in Germany [37].
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Together, these results suggest that recovery processes may help explain the temporal
window over which successive windstorms influence observed vulnerability.

Results also suggest that the prediction of claim ratio is improved when using an
aggregated wind metric rather than relying solely on the maximum gust across suc-
cessive storms. The proposed metric is identical to the maximum gust for isolated
events, thereby retaining the conventional interpretation of single-event hazard mea-
sures, while also capturing the cumulative intensity and persistence of wind exposure
during clustered events. It therefore provides a simple extension of existing windstorm
metrics for representing additional damage potential associated with storm clustering.

Nonetheless, these improvements should be interpreted in light of the challenges
associated with calibrating windstorm vulnerability curves. Claim ratios reconstructed
from wind-gust information alone remain highly variable, reflecting several intrinsic
characteristics of insured windstorm losses.

First, the damage distribution is strongly skewed: a small number of severe events
account for a disproportionate share of total damage [34, 39, 40]. Consequently, no
single vulnerability curve is optimal for all applications; the appropriate calibration
depends on the intended use of the model. Optimising the RMSE on the original claim
ratio scale, as done in this study, assigns greater weight to large absolute errors and
consequently gives more influence to events with the highest damage levels [15, 34, 41].
This is appropriate when the primary objective is to reproduce extreme damage levels,
but it can result in curves that overestimate damage or poorly represent more fre-
quent moderate claim ratios. Alternative approaches optimise a probabilistic damage
model and explicitly represent the conditional distribution of claims [46, 47]. Another
possibility is to minimise the RMSE after logarithmic transformation, which reduces
the influence of extreme observations and gives greater weight to the bulk of the claim
ratio distribution [41]. Such a transformation must nevertheless be handled carefully
in the presence of zero or very small claim ratios and may under-represent the upper
tail. The choice of calibration criterion should therefore reflect the intended applica-
tion, whether the objective is to estimate average damage, reproduce moderate claim
ratios, or quantify extreme damage.

Second, claim ratios depend not only on peak wind intensity but also on the spatial
footprint of the storm, the characteristics of the exposed buildings, and the composi-
tion of the insured portfolio [48, 49]. In this study, claims are aggregated to the ERA5
grid to reduce sampling noise and smooth local variations in exposure. Neverthe-
less, building characteristics are spatially heterogeneous across France and remain an
important source of variability in observed losses [50, 51]. Future work could stratify
the analysis according to vulnerability-related attributes (e.g. roof type, wall mate-
rial, floor area, elevation or vegetation) to assess whether the influence of successive
storms varies across different categories of buildings.

Finally, the vulnerability curves derived in this study are calibrated using claims
from the Generali France portfolio and should therefore be interpreted within this spe-
cific exposure context. Although Generali France insures properties throughout the
country, its portfolio represents only a subset of the national building stock. Applying
the same methodology to other insurers or countries would likely yield different vulner-
ability curves because of differences in exposure, building characteristics, and claims
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management practices. Furthermore, even over the 27-year study period, only a lim-
ited number of locations experienced successive high-intensity wind gusts at the ERA5
resolution. This limited sample restricts our ability to robustly constrain vulnerability
changes associated with repeated storm impacts. Future work using larger insurance
portfolios, higher-resolution hazard datasets, or multi-country analyses could help
determine whether this scarcity primarily reflects the limited observational sample or
stems from physical dynamics of successive storms.

Despite these limitations, the proposed framework modifies the representation of
the hazard rather than relying solely on adjustments to the vulnerability curve. By
accounting for the cumulative effects of successive storms within the hazard metric
itself, the approach is not tied to a specific vulnerability curve and could therefore be
applied to other portfolios or countries following appropriate calibration.

More broadly, these results suggest that temporal compounding can be incorpo-
rated directly into catastrophe models, providing a physically interpretable framework
that remains compatible with existing vulnerability modelling approaches. This could
improve the estimation of extreme losses from successive storms, particularly when
multiple events affect the same exposure within a short period. More accurate esti-
mates of these losses could, in turn, inform reinsurance decisions by distinguishing
the coverage needed for isolated extreme storms from that required for temporally
clustered events and storm sequences. Accounting for these temporal dependencies
at the portfolio level could therefore support more consistent loss aggregation, event
definitions, and the design of reinsurance coverage.

4 Methods

4.1 Claim Data

All analyses are conducted on the Generali IARD (Property and Casualty) portfolio,
with a focus on property insurance and, more specifically, multi-risk home insur-
ance (MRH). Only claims declared between the 1st October and the 31st March are
retained, as these correspond to the extended winter season. Commercial and industrial
risks are excluded, as residential insurance constitutes the largest share of Generali’s
damage portfolio and provides a more representative and comprehensive loss record.
All monetary values are detrended using the FFB construction cost index [52]. This
indicator, specific to France, monitors the variation of different factors that can influ-
ence building cost (materials, labour, taxes, etc.). This index is used in the insurance
sector to adjust premiums and claim reimbursements, and thus appropriately captures
temporal changes in both exposure and losses.

Generali France’s property and casualty claims portfolio over the period 1998–2026
is used as the impact dataset. Generali’s market share in the French residential insur-
ance sector is estimated at approximately 4%[53], corresponding to about one million
contracts. Given that residential property insurance coverage in France approaches
99%[54], this dataset provides a representative sample of storm-related residential
losses (see Supplementary). The analysis focuses on windstorm claims occurring dur-
ing the extended winter season (October–March). Each claim includes the location of
the insured property, the claim declaration date, and the reported date of damage. The
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reported date of damage is used as the claim date (dclaim), acknowledging that it may
differ from the actual occurrence date of the hazard [32, 55]. Loss severity is quantified
using the net insured loss after application of deductibles and coverage limits. Claims
with zero or negative insured losses are excluded. At the time of extraction, claims are
classified according to their processing status as closed, open, or out of order. Closed
claims correspond to losses that have been validated as resulting from the insured haz-
ard and which have been reimbursed. Open claims are claims for which the damage
assessment process is still ongoing, either because the cause of damage has not yet
been confirmed or because the repair costs have not been fully assessed. Claims clas-
sified as out of order, which are unrelated to the hazard of interest, are excluded from
the analysis. The dataset was extracted on May 1st, 2026 and contains approximately
4% open claims, primarily associated with events occurring during March–April 2026.
After filtering, the final dataset contains approximately 130 000 entries.

4.2 Exposure Data

Exposure is estimated from Generali France’s residential insurance (MRH) portfolio.
Policy-level information is disaggregated to the site level, acknowledging that a sin-
gle policy may cover multiple properties (e.g., a primary residence and outbuildings)
located at different addresses. This disaggregation provides a more precise spatial rep-
resentation of the insured portfolio. Over the period 1998–2026, the portfolio contains
approximately 5.6 billion policy records. However, the quality of the recorded address
information varies across sites. Among these, 245,788 sites (≈ 0.9%) have neither an
address nor a postal code and are therefore excluded from the analysis.

The site-level exposure is subsequently aggregated per year onto the ERA5 grid,
providing a common spatial framework for the exposure and hazard fields. For each
year, the mean number of insured sites is estimated by accounting for the duration
of each policy’s activity during the year. For a given site, the number of insured
days is equivalent to the period during which the corresponding policy is active.
These durations are summed over ERA5 grid and divided by the mean number of
days in a year (= 365.25), yielding the equivalent number of insured buildings. This
approach accounts for policies that are active for only part of a year and provides an
estimate of the mean number of insured sites at each ERA5 grid cell and for each
year. The temporal and spatial evolution of the exposure is further illustrated in the
Supplementary.

The claim ratio (CR) at the ERA5 grid-cell level is defined as the ratio between
the number of claims (nclaims) and the number of insured buildings (ninsured). For a

storm event s at location x, it is given by CR(x, s) = nclaims(x,s)
ninsured(x,s)

. Few studies have

reported CR at such a fine spatial resolution. At national scales, typical values range
from 10−8 to 10−2 [34, 39, 41], whereas policy-level studies report loss ratios ranging
from 10−6 to 10−2 [15, 32, 37]. At the ERA5 grid-cell scale, the observable range of
CR is strongly constrained by the local exposure. In particular, a grid cell containing
fewer than 1,000 insured buildings cannot exhibit a non-zero CR smaller than 5×10−2,
as a single claim already corresponds to a CR of 1/500.

To avoid over-representing grid cells with limited exposure, while retaining most
of the available damage observations, we exclude grid cells containing fewer than 500
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insured buildings from the analysis. This filtering removes about 7000(≈ 35%) of
damage grids, corresponding to a total of 25 000(≈ 21%) claims.

4.3 Storm catalog

Storm events are identified over the period 1997–2026 using the ERA5 dataset [56].
ETC tracks are detected using the TRACK algorithm [57, 58], which identifies local
maxima of the 850 hPa vorticity field (ζ850) truncated at the spectral resolution
T42. Detected ETCs are further filtered by requiring a maximal vorticity exceeding
10−5s−1, a minimum track length of 1000 km and a minimum lifetime of 24 h. We
define the storm date (dstorm) as the date at which the location of ζ850 is closest to
the 7.5◦;W meridian. This date, together with the coordinates of this point of clos-
est approach, is used to uniquely define storm events. For example, a storm for which
the ζ850 track point is the closest to the 7.5◦W meridian on 26 December 1999 at
12:00 UTC, at the coordinate (−10.8◦W;51.6◦N), will be labelled as “1999-12-26 12h
[-4.2; 51.5]”. This naming convention uniquely identifies storms, even when multiple
storms crossed the 7.5◦W longitude on the same date. Storm footprints are defined
using the maximum 10 m wind gust field expressed in m s−1, masked within a radius
of 1300 km around each cyclone centre identified from the vorticity tracks. For each
tracked position, retained values correspond to the maximum wind gust occurring
within a temporal window of ±12 h. This temporal window accounts for delayed wind
gusts relative to the cyclone centre, while the spatial masking captures damaging
winds occurring far from the vorticity maximum, notably along frontal structures, and
limits the inclusion of wind gusts associated with other storm systems. The temporal
windows, smaller than the 72 h window commonly used for defining storm footprints
[8, 30, 31, 41] together with the spatial mask, enable wind footprints from closely
successive storms to be distinguished.

We associate the insurance claims with windstorm events using storm trajecto-
ries and footprints [28]. This approach corrects potentially erroneous claim dates and
assigns each claim to the storm producing the strongest local wind gust at the affected
location. We apply the same parameter configuration, while restricting the analysis
to the subset of MRH policies described in Section 4.1 [28]. We additionally perform
a reassignment procedure to ensure that claim locations are effectively located within
the corresponding storm footprints. Over the period 1997–2026, we identify 339 storms
associated with at least one impact.

4.4 Clusters of storms and temporal compounding

We define storm clusters as sequences of at least two ETCs associated with observed
damage and for which the storm dates (dstorm) are separated by less than a given
sliding temporal window. We consider a range of clustering windows spanning synoptic
to seasonal timescales, from a few days to a month. Specifically, we analyse windows
of 3, 4, 5, 6, 7, 10, 20, and 30 days. This captures both short-duration clustering
with successive storms possibly interacting and longer periods mainly dominated by a
major event. For notation, we write Dd–cluster for a cluster of storms which has been
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computed using the temporal window of D days. A cluster defined with a D = 3 days
clustering period will thus be referenced as a 3d–cluster.

To ensure physical separation between ETC events, footprints are spatially decon-
taminated using a circular radius of influence centred on each storm track, thereby
isolating the wind gusts associated with individual storms, as described in Sec. 4.3.
Decontamination ensures that the intense wind gusts within a given storm footprint
are attributed exclusively to that storm and are not contaminated by gusts gener-
ated by other ETCs occurring nearby in space and/or time [31]. Although each claim
is attributed to the storm producing the maximum local wind gust, other storms
within the same cluster may also generate substantial winds, potentially increasing
the likelihood of damage at the same location.

By concatenating the decontaminated footprints of all storms belonging to the
same cluster, we reconstruct, for each location, the sequence of maximum wind gusts
associated with successive storms. Duplicate wind gust values and missing values, cor-
responding to locations lying outside the footprint of a given storm, are removed. For
example, during the cluster of December 1999, the location of Paris (2.25◦W;48.75◦N)
is associated with the wind-gust sequence [30, 37, 21] m s−1, where the value corre-
sponds respectively to the maximum wind gust generated by storm Kurt[59], storm
Lothar[1, 3] and storm Martin. In such cases, each storm event produced intense wind
gusts in Paris locations, but this in not always the case. For example, Perpignan
(2.75◦W;42.5◦N) is associated with the wind-gust sequence [19, 0, 0] m, s−1 during
the same cluster, indicating that only one of the storms produced intense winds at
this location, while the storm tracks of the other events were too distant to affect the
location.

We define multiple-wind damage grids as damage grids located within the overlap-
ping footprints of successive storms and therefore associated with a sequence of wind
gusts from multiple storms. This distinction is important because clusters are defined
purely according to the temporal proximity of storms and do not necessarily imply
that the same location is affected by all storms within the cluster. Consequently, the
occurrence of a storm cluster does not necessarily result in multiple-wind damage. This
framework allows us to quantify the extent to which individual locations are repeat-
edly affected by successive windstorms within clusters of different durations and to
assess the contribution of temporal compounding to overall damage.

The term ”event” refers either to a single storm occurring independently or to a
cluster considered as a single aggregated event, encompassing all of its constituent
storms.

4.5 Vulnerability curves

Vulnerability curves quantify expected damage by relating either the number of claims
or the intensity of the losses to the hazard intensity. We use the CR introduced in 4.1
as the proxy for damage.

For ETCs, the intensity of the wind gust represents the major threat for the
infrastructure. Hence, windstorm vulnerability curves are typically derived from local
maximum wind gusts, from wind gusts normalised by local climatological quantiles
[34, 60] or aggregation as broader scale with the Storm Severity Index (SSI)[38]. The
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SSI accounts for the local climatology by normalising wind gusts with a high percentile
of the wind distribution. For a storm s at location x, the SSI is defined as

(

v(x, s)

v98(x)
− 1

)3

if v(x, s) ≥ v98(x), (1)

where v98(x) denotes the 98th percentile of the daily maximum wind gust at
location x.

To evaluate the sensitivity of the vulnerability model to the choice of hazard pre-
dictor, we compare models based on the local maximum wind gust with models using
normalized wind gusts computed relative to the 90th, 95th, and 98th percentiles of the
local wind climatology. The best-performing model is obtained using the ratio with
respect to the 90th percentile (see Supplementary). We consequently denote the new
wind vector by V and refer to it as the normalised wind, defined as

V (x, s) =
v(x, s)

v90(x)
. (2)

Several formulations of the vulnerability function are evaluated (see Supplemen-
tary), based on functional forms commonly used in the literature [34, 38, 61]. Among
the formulations tested, the function providing the best regression performance is
retained for the remainder of the analysis. This formulation is inspired by the Weibull
function [62, 63] and is defined as

CR(x, s) = Lmax

(

1− e−(
V (x,s)

l )
k
)

. (3)

The selected formulation follows a Weibull-type function, which describes the pro-
gressive increase in the claim ratio with wind speed. The function is bounded by Lmax

and approaches this value asymptotically as wind speed increases. The scale param-
eter l controls the wind-speed range over which the claim ratio increases, while the
shape parameter k determines the rate and curvature of this increase. At low wind
speeds, the function remains close to zero, before increasing progressively and eventu-
ally approaching Lmax at high wind speeds. To avoid attributing damage to very low
wind speeds, the function is thresholded below a minimum wind-speed value.

4.6 Wind aggregation methods

During storm clusters, a given location may experience strong wind gusts from multiple
successive storms, potentially resulting in multiple-wind damage. Standard vulnera-
bility curves typically consider only the maximum wind gust observed over the full
duration of a cluster and do not account for the other storms which have affected this
location during the cluster of storms. We introduce a wind aggregation that consid-
ers not only the maximum gust but also all the wind gusts occurring from the several
storm events of the cluster.
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We define the aggregated wind at location x for a cluster of storms C, denoted
Vagg(x, C), as:

Vagg(x, C) =

(

∑

s∈C

α(s)V (x, s)p

)1/p

(4)

where V (x, s) denotes the wind vector intensity of the s storm, part of the cluster C,
at location x and α(s) are weighting coefficients representing the relative contribution
of each gust. The coefficient p is introduced to mimic the power usually introduced
in the computation of the SSI. The coefficients αs together with the power p are
optimised at the same time as the optimisation of the coefficients of the vulnerability
curve (Lmax, k, l) introduced in section 4.5

The coefficients αs quantify the contribution of wind gusts from storm events other
than the event associated with the locally maximum wind gust to the total claim ratio.
They are estimated jointly across all temporally compounded points, together with
the optimisation of the vulnerability curve parameters. Depending on the selected
aggregation method, the weights may be defined either as a function of the event rank,
ordered by decreasing local maximum wind gust intensity, or as a function of the ratio
between the local maximum wind gust of each event and the maximum local wind
gust reached over the entire cluster. During the optimisation of the coefficients αs, we
impose the constraint that the most intense wind gust within each cluster is assigned a
weight of one, while the weights associated with less intense events decrease according
to their intensity rank or their ratio to the cluster maximum wind gust.

We consider several aggregation schemes for the decay of the weights:

• Linear decay :
The coefficients are defined as:

α(x, s) = 1−m

(

1−
v(x, s)

vmax(x, C)

)

, (5)

where m is a slope parameter controlling the rate of decrease. Negative coefficients
are not permitted and are set to zero. Larger values of m lead to a steeper decline in
weights. In the limit m → ∞, the formulation converges towards a maximum-only
wind representation.

• Exponential decay.
The coefficients are given by:

α(x, s) = exp

(

−d

(

1−
v(x, s)

vmax(x, C)

))

, (6)

where d controls the rate of exponential decay. This formulation yields a smooth,
nonlinear down-weighting of sub-maximal gusts, where contributions decrease as
wind intensity departs from the cluster maximum. For wind gusts close to the
maximum intensity, i.e. v(x, s) ≈ vmax(x, C), a first-order Taylor expansion of the
exponential term leads to a linear decay, recovering the formulation introduced in
5. The parameter d controls the sensitivity to weaker gusts, with larger values of d
increasingly isolating the dominant events.
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• Independent scheme. n parameters (α(s1), ..., α(s1)) depending on the maximum
number of storms in the cluster C.
In this approach, the coefficients α(s) are estimated independently for each event
rank, without assuming a predefined functional relationship between the weight and
the wind intensity. The number of coefficients to optimise thus depends on the max-
imum number of storms that can be present in an Dd−cluster. For short durations,
such as the 3d-cluster, this will correspond to 3 coefficients, while for longer peri-
ods, such as the 30d-cluster, it can increase to 6 coefficients. The coefficients are
constrained to [0, 1], with the most intense windgust, ranked first locally, assigned
a weight of one. Unlike the linear and exponential decay schemes, this formulation
does not impose any assumption on how the contribution of sub-maximal gusts
decreases with intensity. It therefore provides a flexible framework to assess whether
the relative contribution of successive gusts is governed by intensity alone or by
additional effects such as repeated exposure to multiple wind events.

The coefficients of the aggregated wind models are optimised simultaneously with
the parameters of the vulnerability curves. The optimisation aims to minimise the
Root Mean Square Error (RMSE) between the observed and predicted CR. In practice,
this involves jointly estimating the 3 parameters of the vulnerability curves (Section
4.5) together with the aggregation coefficients described in Section 4.6. The choice
of optimisation metric strongly influences the interpretation of the resulting model
[34, 41]. By minimising the RMSE, larger prediction errors are penalised more heavily,
giving greater weight to accurately representing the most damaging events. This is
particularly appropriate in the present context, as the largest insurance losses are
typically associated with storm clusters [28].

Simultaneous optimisation of the wind aggregation and vulnerability model param-
eters accounts for the behaviour of temporally compound damage through two
mechanisms. First, the relationship between the claim ration and the maximum nor-
malised wind alone may not adequately represent locations affected by multiple storms.
The aggregated wind models address this limitation by incorporating the contribution
of successive wind events into a single hazard metric. Second, even after aggregation,
the functional relationship between the aggregated wind and the expected claim ratio
may differ from that of the maximum-wind model. Joint optimisation of the vulner-
ability curve parameters allows this relationship to adapt accordingly, ensuring that
both the hazard metric and the damage function are calibrated consistently.

All model fits are performed using a bootstrap procedure with 1,000 runs. The
confidence intervals reported throughout the analysis are derived from the resulting
bootstrap distributions.
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