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As our climate continues to respond to anthropogenic forcing, the magnitude and frequency of
individual weather events and the intensity of the weather extremes associated with these, re
mains highly uncertain. This is a particular concern for our infrastructure networks, as increasing
storm-related damage to these vital lifelines has significant consequences for our communities.
Effective first response is hence becoming an increasingly important part of the management of
infrastructure systems. Here, we propose a novel and rational framework for ‘consequence
forecasting’ that enables probabilistic, pre-event decision-making for first responders to effec
tively target resources prior to an extreme weather event and thus reduce the societal conse
quences. Our method is unique in that it minimises model bias by using the same numerical
weather prediction model for both fault attribution and fault prediction. Our framework can
predict failure rates that are within 50% of the true value for more than 50% of the events
considered, some 24 h in advance, therefore demonstrating that it can be an important part of
increasing societal climate resilience by reducing reinstatement times.

1. Introduction
Climate projections suggest that the impacts of anthropogenic global warming on storm frequency and magnitude will result in
wind storm events that are at least as intense as in the current climate under any future emissions trajectory, with evidence of increases
in wind speeds for the second half of the 21st century. For example, Gregow et al., 2017 suggests an increase in European storm
intensity since 1990 and investigations using meteorological reanalyses have found increases in the numbers and intensity of UK
storms since the beginning of the last century as well as shifts in storm tracks (Feser et al., 2015; Donat et al., 2011; Wang et al., 2006).
Not knowing how the future climate will evolve makes adapting our infrastructure for climate change extremely difficult (Dawson,
2016; Atkins, 2017; DEFRA, 2011). Even when we do decide on the best reinforcements to make to our hard defences, the uncertainty
associated with these decisions is arguably of the same order as the uncertainty in the climate projections driving them (Serinaldi and
Kilsby, 2015; Shapland, 2019). For this reason, climate change driven infrastructure adaptation must be multi-faceted, flexible and
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capable of effectively managing the consequences when design capacities are exceeded. Currently, when hard defences, such as flood
levees, are overwhelmed, disruptions are minimised through effective first responder deployment and action, and while our first
responders make heroic efforts during crises, decision-making tools are insufficient for deciding which actions are likely to be the most
effective in reducing impacts (Aitsi-Selmi et al., 2016; Mechler et al., 2014; Stern et al., 2013). There have been many calls to improve
our ability to predict the impacts of climate-related hazards, especially those incorporating early warning systems (Donat et al., 2011);

Fig. 1. Schematic of Consequence Forecasting, which uses forecasts of weather variables made by numerical weather prediction and translates them
into damage and consequences. a) Modelling Framework, pre-event. Depending on the application, pre-event forecasts of weather variable in
tensities are translated into an Environmental Loading Index (ELI) (in our case we use maximum wind intensity forecasts t + 24 h ahead). ELIs
calculated at the location of every asset are fed into our fragility curves, which return the probability of failure of that asset and the dispersion in this
prediction. These failure probabilities are then aggregated to produce probabilistic estimates of the number and locations of failed assets. This
information is finally combined with demographic information and other vulnerability relationships to produce estimates of consequences for
communities, in our case, customers without power. Damages and consequences could also be translated into economic losses using an economic
loss model if available or, as in our case, to choose appropriate contingency actions. b) Modelling Framework, post-event. At the end of the storm, an
aftermath survey is performed to obtain actual damage rates and consequence information for that storm which can then be combined with t +
0 forecasts (reanalysis data) to update the damage and consequence models and the asset database. If aftermath details are collected during the
event (e.g. flood depths could be continuously obtained during the storm from a river gauging station) and the computational efficiency of the
environmental loading model is sufficiently good, then the environmental loading model could be updated in real time in the same way that weather
forecasts are updated with weather observations.
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in fact, one of the global targets of the Sendai framework for disaster risk reduction is to substantially increase the availability of multihazard early warning systems and disaster risk information (Aitsi-Selmi et al., 2016; UNDRR, 2015), and there are calls for tools that
can enable the systematic stress testing of systems (Stern et al., 2013). With the additional uncertainties introduced from a changing
climate, the ability to translate weather forecasts into predictions of societal consequences becomes even more important since our
infrastructure systems may now be under-designed and therefore more vulnerable to extreme weather events (Dawson, 2016).
In this paper, we propose a novel framework that enables probabilistic, pre-event decision-making for risk managers and first
responders, allowing for the effective targeting of resources prior to the arrival of hazardous events to minimise disruptions and so
cietal consequences. We demonstrate the utility of this framework by applying it to an electricity distribution network threatened by
approaching windstorms, although it could equally be applied to other infrastructure systems or elements of the built environment, or
any type of weather event. As our framework produces probabilistic estimates it enables first responders to prepare for a range of
possible impacts and to understand the likelihood of each scenario.
2. Modelling framework
Our method has its roots in Catastrophe Risk Modelling (CAT) but has been significantly extended to make pre-event estimates of
damage to infrastructure and the resulting consequences. CAT modelling was developed by the insurance industry to assess potential
losses to insurance portfolios resulting from different natural hazards and works by first coupling a database of assets (exposure) with a
hazard model of different severity storms to produce a catalogue of hazard intensities at the locations of assets. These hazard intensities
are then fed into vulnerability models (also known as fragility curves) to produce estimates of damage, and subsequently into an
economic loss model to produce economic impacts for each storm. Integrating storm losses for all storms in the hazard model produces
the total potential losses over the lifetime of the assets and this can be used to set insurance premiums and reinsurance thresholds, or
alternatively the impacts of individual event can be considered (Röösli et al., 2021; Welker et al., 2021). For further details of Ca
tastrophe Risk Modelling, the reader is directed to Grossi and Kunreuther, 2005; Clark, 2002; Golnaraghi, et al., 2018, and the open
source Catastrophe models OASIS or CLIMADA (Aznar-Siguan and Bresch, 2019).
In the insurance industry, CAT models are mainly used to assess potential losses to portfolios of buildings in the residential and
commercial sectors and are rarely, if ever, employed to make assessments of potential losses to infrastructure networks. Assessing
economic and other losses to infrastructure systems is more complicated as the effects of losses in one part of the network can affect the
entire network resulting in consequences for areas that may not have been initially affected by the hazard (Rinaldi et al., 2001; DueñasOsorio and Vemuru, 2009; O’ROURKE, 2007; Bruneau et al., 2003). Furthermore, CAT models calculate the overall risk for the purpose
of setting insurance premiums and reinsurance thresholds and while assessing the overall risk to assets (i.e. replacement costs over the
lifetime of the structure) is relevant to infrastructure systems, the consequences of losing supply (such as electricity or water supply)
may be greater than the replacement cost of the asset. Loss of service is therefore an equally important consideration when managing
risk because compound consequences are greater than the asset loss. The corollary of this is that the risk imperative is on short-term
risk assessments for approaching storms so that resources can be readied to repair any faults that may occur, rather than assessing the
capital risk to the asset over its lifetime so appropriate insurance can be purchased.
Currently, infrastructure operators make fault predictions for forecasted storms based on the experience and intuition of asset
managers and standard weather forecasts. However, this approach has significant biases, may not be transferable to other regions and
cannot be extrapolated to more severe events that are not in the experts’ experience. This situation will get worse as we encounter more
unfamiliar and uncertain weather scenarios associated with a changing climate. Furthermore, the information that is given by the
weather forecasts that are used in decision-making are generally low-resolution (i.e. the results from the forecasts are aggregated to the
regional level) and therefore only gives general information averaged over large regions, thus reducing the ability of infrastructure
operators to tailor interventions over smaller operational areas.
Our basic framework for consequence forecasting is presented in Fig. 1, where we take high-resolution weather forecasts and
translate them into environmental loadings using either the forecast intensities directly (e.g. using forecast wind speed for the case of
calculating loss due to wind hazard) or by translating them into environmental loadings with a subsequent model (e.g. calculating
flood depths from precipitation using a hydrological or hydraulic model for the case of flood loss). The environmental loading in
tensities are then combined in a spatially explicit fashion onto a geographical asset database to make estimates of environmental
loading intensities on individual assets in the database. These loading intensities are then used as input into vulnerability models that
describe the relationships between the environmental loadings and asset failure probabilities – also called ‘fragility curves’. The
returned asset failure probabilities can then be used to make predictions of faults, in terms of both the total number and the locations.
Finally, a consequence model translates these asset failures into service interruptions (i.e. customers without power). Fig. 1b shows
how post-event updating of the models is performed, where an aftermath survey collects new fault and consequence data that are then
easily combined with reanalysis data to improve the existing fragility curves and consequence relationships, and the environmental
loading model.
2.1. Forecasts for consequence prediction and reanalysis data for fault attribution
Our method requires historical hazard intensity information for fault attribution as well as forecasts of future hazard intensities for
fault prediction. In our examples, we have used numerical weather prediction (NWP) model forecasts of wind gusts at 10 m height on a
2 km resolution grid from the UK Met Office high-resolution convection-permitting configuration of the Unified Model over the British
Isles (the UKV) (Clark et al., 2016; Office, 2010; Tang et al., 2013) for the period from 14/07/2010 to 28/02/2017 for fault attribution.
3
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Wind data was provided by the Met Office and a time series of wind was extracted for each grid cell in the model. For our purposes,
wind gust speed is the variable of interest and each forecast produces the maximum 3-second wind gust at a height of 10 m for each grid
square. Wind information was aggregated at the Operational Area level (i.e. at each time-step the maximum wind speed in an area was
used to represent the intensity of the storm for that Area at that time). In this model, every three hours, a new forecast makes hourly
predictions of weather variables (forecasts) for times from hour zero (t + 0) up to 36 h ahead (t + 36). As this weather forecast model
assimilates observations, time t + 0 is used as reanalysis data (i.e. the model is updated so that the model matches observation points
and the model’s variables between observation points will be consistent with this) and we refer to it as reanalysis data hereafter. For
this reason, the t + 0 forecasts can be thought of as proxy observations made on a regular 2 km grid and therefore used as hazard
intensities for fault attribution. Subsequent wind intensity forecasts (t + 3 to t + 36) are used as input for our fragility curves to make
predictions of electrical faults (see Fig. 2 for example output of the UKV model in our test area of South Wales). Using weather forecasts
in this way is a unique feature of our work in that our method minimises model biases by using the same model for both fault
attribution and fault prediction (i.e. if the reanalysis data over-predicts wind speed, this will be cancelled out as the same model will
also over-predict forecast wind speed).
To eliminate potential recording errors, a quality control was performed on the data. Initially, the wind data was visually checked
for obvious anomalies and corrected where necessary as follows: three second gust wind data at 10 m height from the UKV model was
post-processed and visual inspection showed that the post-processing algorithm changed after June 2013. Data prior to this date also
contained a few errors (e.g. a 65 m/s wind speed) that were removed algorithmically. Firstly, the data was split into two time periods
(pre- and post- 06/2013 hereafter called the “anomalous” and “control”) and three corrections were performed to the earlier set. The
first was to remove a systematic bias in the first time-period by scaling so that the mean wind speed of the two time periods matched
(this was an adjustment of 3 m/s). The second was to remove obvious outliers by removing temporally anomalous wind speeds. This
was done by first calculating the biggest difference in wind speed in adjacent time-steps in the control. Corrections were made to the
anomalous set if the wind speed in adjacent time steps was 20% greater than the biggest difference in adjacent time steps in the control.
The third correction was to remove spatially anomalous wind speeds. This was done by taking the wind speed in a cell in the control
and calculating the difference in wind speed between it and its surrounding 8 grid cells. This was done for every cell and every timestep, and the maximum difference was used to correct the anomalous set. For the anomalous set if the difference in wind speed between
a cell and one of its surrounding 8 cells was 20% greater than the greatest difference in the control, the average of the 8 cells was taken
as the wind speed. It should also be noted that our wind data was incomplete between 24/02/2014 and 20/3/2014; however, there
were only 11 recorded OHL faults in this period (out of a total of 1322 – 0.8%) and therefore this is unlikely to affect our results.
The threshold wind speed to assess significant damage was chosen as 17 m/s as in Dunn et al., 2018. However, we have included all
wind-related faults that occurred within 24 h of the end of the storm as being caused by that storm and then, to be consistent, if the
wind speed exceeds our threshold (17 m/s) in this 24-hour period we extend the length of the storm. We do this as a significant number
of wind-related faults occur in the 24 h after the wind speed drops below 17 m/s. Categorising storms in this way still leads to 8% of
wind related electricity faults occurring shortly after the end of our storms.
2.2. Asset databases
Here we have chosen to demonstrate our modelling framework by applying it to the example of an electricity distribution network
subjected to windstorms. Electricity networks are arguably the most important infrastructure network and are likely to see great
change as we decarbonise our economies (Jägemann et al., 2013; Sachs et al., 2016). For electricity distribution networks (as opposed
to transmission networks), wind storms (which damage overhead lines) are the greatest threat (McColl et al., 2012). There have been

Fig. 2. a) The Case study Region, showing Operational Areas, numerical weather prediction grid cells and overhead lines. b) An example of 3-sec
ond gust wind speed forecasts at 10 m using the UKV numerical weather prediction model for a) t + 24 forecast, b) t + 12 forecast; c) t + 6 forecast;
d) t + 0 forecast, in the study area for a storm between 21-Nov-2012 and 28-Nov-2012. Note A larger scale map of a portion of our study area is
shown in Figure S1 of the Supplemental Material.
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various efforts to quantify the risk to electricity infrastructure assets from various climate hazards but these have mainly focused on
transmission networks (Panteli et al., 2017; Billinton and Bollinger, 1968; Bhuiyan and Allan, 1994; Alvehag and Soder, 2011; Zhang,
2014; Fu et al., 2018; Dunn and Wilkinson, 2017) which are the extremely high voltage (EHV) lines (400 kV in the UK) and are strung
between large steel-lattice towers, and have not been concerned with early-warning for approaching storms as they are engineered to
be relatively resilient to weather. Here we focus on the South Wales electricity distribution network, which is the lower voltage
networks whose overhead lines (OHLs) are usually supported on timber or concrete poles, and which are by their nature less resilient to
weather. OHLs on distribution networks are categorised as either extra-high voltage (EHV, 132 kV or 33 kV), high voltage (HV, 11 kV),
or low voltage (LV, 400 V or 230 V). See Dunn et al., 2018 for a more detailed description of this network. The Distribution Network

Fig. 3. Vulnerability models showing a) the fragility curves for predicting number of faults with 15th and 85th percentile confidence limits, where
individual faults are plotted against the wind speed that caused the fault (binned to 1 m/s) and the median number of faults obtained via a curve of
best fit. Probabilistic predictions are made by obtaining the dispersions about median values (i.e. standard deviations) via the fitting of distributions
to the wind speed bins as described in the methods b) consequence curves for predicting customers without power (CWP), where CWP are plotted
against number of faults causing that power outage and corresponding line of best fit (producing median CWP rates). Dispersions are also obtained
for this data in the same way as for faults.
5
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Fig. 4. Results from the model showing in a) predictions of faults for each of the 26 test storms using t + 24 and t + 0 NWP data. The left-hand axis
shows the difference between the predicted faults and the recorded faults (e.g. for the bottom right-hand triangle the model predicted 73 fewer faults
than were recorded) and also showing relative error on the right-hand axis. This latter axis shows that most of the storms sit close to the 50% relative
error bar, and nearly all of the storms sit below the 100% error bar. The figure also displays True Positive Rates (TPR) for each of three bins (0, 1–9
faults and ≥ 10 faults). Note (TPR = 74%) means that 74% of storms that had ≥10 recorded faults were correctly predicted as having ≥10 faults by
the model, while False Positive Rate (FPR = 34%) means 34% of the storms that had fewer than 10 recorded faults were incorrectly predicted as
having ≥10 faults by the model. The relative errors are also displayed (together with 95% bootstrap confidence intervals) in b) at the Operational
Area level showing that fault predictions for the t + 0 and t + 24 forecasts are similar with the t + 24 forecast producing less than or equal to 50%
relative error for more than 50% of the storms. This is actually better than the prediction made using the reanalysis data and demonstrates that the
majority of the difference between predicted and recorded faults is due to uncertainty in the derived fragility curves rather than the forecasts; and, c)
the relative error between DNO regional level fault predictions for the t + 0 and t + 24 forecasts, and the recorded faults, showing slightly more skill
in the predictions (for the t + 0 forecasts) at the expense of less precision in the location of the fault and less skill in the t + 24 forecasts. Predictions
between the two forecasts result in similar relative errors at the 100% fault level.

Operator (DNO), responsible for the operation and maintenance of the South Wales region, has in this region a total area of 12,500 km2
which is divided into 6 Operational Areas ranging in size from 1000 km2 to 3500 km2 (i.e. average area of approximately 45 km × 45
km). The region contains 16,700 km of high voltage overhead lines and these are used in this study. The test region and HV OHL are
shown in Fig. 2a.
2.3. Fault databases
UK DNOs are regulated private organisations, and are required by the regulator to collect data on faults. These faults are recorded in
a central database known as the National Fault and Interruption Scheme (NaFIRS) database (Association, n.d.). This database contains
details of hundreds of thousands of wind-related faults (among other causes) on the UK electrical distribution system, including in
formation on: date of fault, time of fault, cause of fault, and number of customers affected. In our analysis we consider 1322 faults in the
area of South Wales (see Fig. 2) between 2010 and 2017. The asset database was provided by the DNO responsible for the region
considered in the form of geographical information system (GIS) shape files. This GIS contained information on all of their assets and is
used by the DNOs to accurately identify the locations of past faults (among other things). Our analysis considers faults on the high
voltage (HV) overhead lines of which there are a total of 16,700 km, although we could equally have performed the analysis on the low
voltage lines (LV) for which there is a similar length of overhead lines. While it could be argued that extremely high voltage (EHV) and
transmission lines are more important, they have not been considered, as these assets are far fewer in number and - as noted above - are
built to a much higher specification, so wind related failures on these lines are rare. Each of the assets in the GIS have metadata
associated with them that include a unique identifier that can be used to identify that asset as well as associated assets such as the
substation that they may be connected to. Fault information was obtained from the NaFIRS database and from the DNO responsible for
its operation. The locations of the individual electrical faults that are stored in this database are of relatively low resolution as the DNOs
are only required to record faults that have occurred in the region they are responsible for. The DNOs, however, record fault infor
mation to a much higher resolution (nearest substation, which is effectively “end of street”) and so by working with one of the UK’s
DNOs we could relate each individual fault to the nearest substation.
2.4. Vulnerability relationships
2.4.1. Electricity infrastructure faults - fragility curves
A number of studies have produced relationships between hazard intensity and building and infrastructure damage, e.g. (HAZUS,
2015; porter, 2020; Shafieezadeh et al., 2014). Here we use a method similar to Dunn et al., 2018 where, in Fig. 3, we plot faults against
the wind intensity that caused that fault to produce fragility curves. As Dunn et al., 2018 demonstrated that fragility curves are scale
dependent, it is important to choose an appropriate spatial scale for correlating faults with hazard intensity. Although we have fault
information at the level of “end of street” (usually < approximately 100 m), asset information at a resolution in the order of metres and
hazard intensity information on a 2 km grid, we have aggregated faults in individual storms to the DNO Operational Area level as: 1)
DNOs manage faults at an Operational Area level and so providing information at higher resolution is of no benefit to the operator; 2)
we need to balance fault attribution resolution with data quantity (i.e. as resolution increases, the number of faults reduces and even
though we have a large fault dataset, as there is relatively little infrastructure in each cell, a 2 km hazard resolution results in very few
to no failures in a forecast cell irrespective of the wind speed). To produce the fragility curves, the data was split into two, faults
occurring at storm wind speeds ≤ 28 m/s (which contained the vast majority of storms and because of this, the most faults) and storms
with wind speeds > 28 m/s (the storms that cause significant damage). This was done to obtain a better fit for those storms that caused
significant damage. A regression was performed on the two sets of data to produce median fault rates for different maximum wind
speeds that occur in a storm (Umax). To ensure the fragility curve was not discontinuous between the two regressions, the regression
for the lower wind speeds (< 28 m/s)was fitted to the higher wind speed regression where the two regression lines joined (i.e. 29 m/s).
Our fragility curve procedure differed slightly from that of Dunn et al., 2018 who used faults/km of overhead line and, although this
could be argued to be more rational (as it takes into account infrastructure density) for our data, it did not lead to an improvement in
fault estimation. To produce probabilistic estimates of faults, fault data was then placed into 5 wind speed bins (5 bins being chosen as
this produced the best compromise between bin resolution and data quantity in each bin) and lognormal distributions were fitted to the
7
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data in each of these bins, and the standard deviations for each bin calculated. The standard deviations for each bin were plotted
against the median wind speed for that bin and regression lines were fitted to the 5 standard deviations so that a dispersion for any
windspeed could be obtained and these were used in the paper to produce the confidence limits and the fault estimates for different
quantiles (see Table 6 in SI). We have not placed confidence limits on the CWP consequence curves (customers without power, see
Section 2.4.2 below) as there are only a few examples of large-scale outages and so calculating dispersions in this data is less reliable;
however, in principle this could be done. Similarly, for our estimates of CWP, we have not placed error bars on the example storms for
the same reasons.
Our model results are presented in Fig. 4; note that relative errors are not calculated for storms producing fewer than 5 faults, as this
small quantity of faults does not present a problem to the DNO (i.e. they are quickly repaired) and relative errors for small integers
values are always high, thus biasing the results.
2.4.2. Customers without power – consequence curves
Whereas the number and location of faults is of great importance to the DNOs, CWP is equally, if not more, important as this can
result in reputational loss to the company and fines from the regulator. Our consequence forecasting framework translates the impacts
(faults) into consequences (people without power) using an empirical model. We derive this model by correlating CWP (provided by
the DNO) with the number of faults that caused the interruption. It should be noted that as the OHLs have some redundancy (especially
on the HV lines), a fault does not necessarily result in a service interruption.
Finally, we can use the fragility curves (shown in Fig. 3a) to make probabilistic forecasts of faults and the consequence curves to
estimate the CWP, by taking wind intensities in each cell of a weather forecast, and translating these into probabilistic estimates of
faults and subsequently interruptions using the consequence curves (shown in Fig. 3b). The dispersion in the CWP distributions is the
vector sum of the fault standard deviation and the consequence curve standard deviation and can be used to produce histograms of
CWP.
3. Results
We now test the skill of our consequence forecasting framework in predicting electricity network faults and customer interruptions
for storms that occurred in the winters of 2013 and 2014 (between 05/12/2013 and 24/02/2014). This was a particularly stormy
period for the western coast of the United Kingdom and resulted in 548 high voltage (HV) faults in our area of interest. In our validation
test, we calculate the number of faults in each Operational Area for each storm (by our definition) by obtaining the maximum wind

Fig. 5. Improvement in fault prediction with forecast evolution, showing how for this storm (storm period 3 – sub-storm 2) the t + 24 forecast
produced much poorer results than the t + 0 forecast and that except for in Operational Area 12, this error was significantly reduced by using the t
+ 12 forecast and improved further by the t + 6 forecast (it should be noted that the t + 0, t + 6 and t + 12 show similar levels of accuracy for all
Operational Areas except for Area 12 – although the t + 12 forecast is still slightly worse than the t + 0 for most of the other Areas).
8
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speed of a storm in each of our Operational Areas and then translating this into a number of faults using our derived fragility curve
(Fig. 3a). It should be noted that as our validation period is within our fault attribution period, we employed a jack-knife approach
(Efron and Stein, 1981) – that is, we removed all the data from the storm being tested (i.e. all the Operational Areas in our study) from
our attribution data set to produce individual fragility curves for each storm. To keep our results manageable, we have aggregated our
results into ‘stormy’ periods, each with a number of sub-storms where the wind speed was greater than 17 m/s and a storm separation
of greater than 24 h (i.e. if two storms are less than 24 h apart, we calculate the faults for each storm and then add the faults together).
Details of these storms are given in Table S1 of theSupplementary Material(SM).
Table S2 of the SM presents our fault estimates using t + 24 (operational forecast) and t + 0 (proxy observations) forecasts as well as
the recorded number of faults for each of the Operational Areas and also for the South Wales DNO region. Table S3 of the SM shows the
relative error between our 50th percentile fault prediction and the recorded number of faults. We summarise these in Fig. 4, at both an
Operational Area level and aggregated for the entire region. We show that at the relatively small Operational Area level, 24 h before
the event, our system predicts fault rates that are within 50% relative error for slightly more than 50% of the storms considered and
within 100% error for more than 80% of the storms considered. Our fault predictions at the DNO regional level are of a similar order,
although there is far less precision in the location of the faults. Fig. 4 also indicates that, for the most part, the t + 24 predictions are of a
similar order to the t + 0 predictions, meaning that the biggest uncertainty in our analysis derives from our fragility curves rather than
our forecasts. We argue that this is due to our framework minimising biases in the NWP model. To demonstrate how subsequent
forecasts may be used to improve predictions, we now take the worst t + 24 forecast in our analysis (substorm 2) and recalculate the
estimated faults using the t + 12 and t + 6 forecasts (Fig. 5). The results in Fig. 5, which are tabulated in Table S4 of the SM, clearly
demonstrate how a system that continuously updates estimates as new forecasts are made, would significantly improve fault prediction
accuracy.
Using the CWP consequence curves, shown in Fig. 3b, for each Operational Area, we have translated 50th percentile fault pre
dictions into 50th percentile predictions of CWP for the four most damaging sub-storms and presented the results in Fig. 6. The figure
clearly shows that our system is capable of making good predictions of the consequences that were likely to be experienced due to this
storm (note the values for this Figure are presented in Table S5 in SM).
Finally, we demonstrate how our probabilistic fragility curves can help inform network operators, by presenting the probabilistic
results of the most damaging storm (storm 3 sub-storm 5) for Operational Areas 12 and 13. For this storm if the DNO had chosen a 50th
percentile fragility curve to estimate the number of faults (i.e. the values shown in Table S2 of the SM) then they would have predicted
almost exactly the number of faults that occurred in Operational Area 12 (97 predicted compared to 99 recorded) while for Operational
Area 13 the model would have under-predicted the 41 faults compared to 80 faults recorded. Alternatively, if the operator had a lower
risk appetite they could have chosen, say, a 70th percentile to make their predictions (see Table S6 of the SM and Methods where
standard deviations for each wind speed bin are presented). In this case, the model for Operational Area 12 would have over-predicted
183 faults (compared to 99 recorded) and for Operational Area 13 would have predicted the 73 faults (close to the 80 recorded faults).

Fig. 6. Predictions of customer interruptions vs recorded Interruptions for the four most damaging storms. Each point on the graph represents a
prediction of customer interruptions (customers without power) in an Operational Area compared to the recorded customer interruptions in that
Area. A perfect prediction would sit on the line shown in the figure. It can be seen that there is very little divergence from this line, especially for the
large outages (e.g. for storm 3–5 in one Area, we predict just over 30,000 customer interruptions and approximately 27,500 customers lost power,
similarly during this storm, another Area predicted approximately 33,000 customer interruptions and 30,000 customers lost power.
9
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While both estimates produce similar percentage errors (one under-predicting and one over-predicting) the example demonstrates how
the probabilistic nature of the method allows the operator to decide what is an acceptable risk and then to assign the appropriate risk
threshold to their response protocols.
4. Conclusion
We have proposed a framework for translating weather forecasts into probabilistic estimates of impacts (damage to electrical
infrastructure) and consequences (customers without power). Our consequence forecasting works by first developing relationships
between wind speed (hazard intensity) and faults on the electricity network (impacts). These probabilistic relationships, called
‘fragility curves’, are then used to translate high-resolution forecasts of wind speed, at locations of overhead lines (OHL), into faults on
the electricity network. These fault estimates can then be used to make estimates of potential customer interruptions (consequences).
The main contribution of this paper is to present a rational methodology for making probabilistic fault predictions that also minimises
biases by using the same NWP model for both fault attribution and fault prediction and hence makes better estimates of faults and
consequences.
We have demonstrated the method for the case of electricity infrastructure subjected to wind storms; however, the method is
equally applicable to other infrastructure systems and other weather hazards as long as reanalysis data for the hazard intensities of
interest are available together with the associated damage caused by this hazard, and a compatible weather forecast model for making
predictions.
We have made relatively precise predictions of faults (i.e. over a small geographical area of approximately 45 km × 45 km) and
while our predictions are not perfect, most of them are within 50% relative error for predictions made 24 h in advance. For nearly all
the storms in our analysis, the difference between the 24-hour ahead forecast and the t + 0 reanalysis data is small, meaning that the
majority of the error comes from the dispersion associated with our fragility curves. For storms with poor t + 24 forecasts, other
forecasts nearer to the storm arrival time can be used to reduce fault prediction errors.
Our predictions for t + 0 (proxy observations) and t + 24 forecasts are of a similar order and therefore indicate that the greatest
uncertainty is due to our fragility curves rather than our weather forecasts. The corollary of this is that, in time, as we collect more fault
data and the associated wind intensities that caused those faults, our predictions should improve (assuming other factors stay the
same).
While we have demonstrated our method here for use in tactical adaptation for changing climate hazards, the method is equally
applicable to the task of longer-term strategic adaptations and stress testing of infrastructure systems. In this application, the weather
forecasts would be replaced with time-series of future climate model output of the weather hazard to be investigated. This would be
especially applicable in the case of the latest UK Climate Projections – UKCP18 Local (Elizabeth Kendon et al., 2019)- which uses a
similar-resolution model to simulate future climate (needed for fault prediction) to the UKV operational forecast model (needed for
fault attribution).
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