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Abstract 

A framework for simulating weather-induced dependent faults 

across networks is proposed and demonstrated on a truncated 

GB network representative of the Scottish and Northern 

English network. Different weather scenarios are simulated on 

the test network considering location and wind-speed intensity, 

analysed using Monte-Carlo simulation. The sensitivity of the 

network to co-occurrence of faults is simulated by changing the 

sensitivity of network assets to wind speed via an exponential 

function. Greater sensitivity to wind speed induces a 

significant increase in outages, as reflected by risk metrics, 

specifically Expected Energy Not Served and Expected 

Maximum Load Shed.  

1 Introduction 

Climate change and extreme weather events are an increasingly 

significant risk factor to both network operators and planners, 

particularly as the increasing frequency and intensity of storm 

events such as Storm Desmond [5]  and climatic phenomena 

such as the North Atlantic Oscillation affect not only power 

generation [3] but system reliability, resilience,  and operability 

[10]. 

 

A popular and constantly-evolving method of performing 

reliability analysis is via Monte Carlo sampling [7], but this 

presents challenges due to its computational cost and the scale 

of data involved with weather and power system models. This 

has led to the development of a diverse set of statistical 

methods to reduce computational burden without 

compromising on accuracy, such as state-space truncation via 

Markov Cut-Set methods [9]. 

 

Conventionally, modelling of storm-related outages has often 

relied on modifying failure rates and restoration rates to use 

“adverse” or “extreme” values [2]. A move away from this 

technique and towards more complex models such as “fragility 

curves” has taken place in recent years [17], because, for 

instance, an “adverse” weather state may not take into account 

the cumulative effect of a combination of different weather 

effects on the system.  

It seems logical that an overhead line experiencing extreme 

winds and extreme cold will be more likely to fail than one 

experiencing the same cold with no wind, but quantification of 

these effects is difficult. Work has been done to link wind 

speeds to failure probability of overhead lines [11] but there is, 

as yet, relatively little in the literature addressing prevention or 

mitigation strategies. 

 

This paper develops a time-sequential Monte Carlo framework 

in which to integrate network properties, weather parameters, 

and different sampling and analysis techniques to quantify the 

risk to the power system from weather events and climate 

change in order aid developers in working out how to best 

mitigate their effects.  

2 Framework Structure 

The purpose of the proposed framework is conceptualise and 

operationalise the different concepts and processes necessary 

in order to fully quantify the risks associated with weather and 

climate in regards to the power system. It may be illustrated as 

a block diagram as shown in Figure 1. 

 

The system boundaries indicated by the dashed lines indicate 

the separation between the power system and the weather 

model which acts upon it. The weather has its own intrinsic 

dynamics (subject to a changing climate for long-term 

projections), which presents a threat to any vulnerabilities in 

the power system, using concepts from [8], shown on the right.  

 

 
Figure 1 - simulation framework block diagram; bold text 

indicates scripts which use the data from other blocks 

 



The Network Data’s interaction with the Weather model 

pertains to the location and topology of assets – in order to 

model the effect of weather/storms, the locational effect of 

weather has to be considered and this requires knowledge of 

the location of network assets. The Monte Carlo sampling is 

performed in the Fault Simulator block, based on the models 

defined within the framework.  

 

A key challenge is to specify the model for weather impacts on 

the network model. In [2] an “adverse” failure rate for extreme 

weather conditions is used to help represent the “bunching” 

effect of weather faults during storms with a different failure 

rate used for HILP “extreme” events. The challenge in this case 

becomes how one defines when an event is “extreme” as 

opposed to simply “adverse” and the effects of this distinction. 

 

An alternative method is via “fragility curves”, described in 

[15]. That is, a cumulative probability distribution relating the 

probability of a failure for a given asset to a given weather 

parameter constructed for a given time frame. Such curves 

provide a higher-level abstraction of the underlying failure 

dynamics, and as such they may ‘hide’ a number of 

assumptions including, but not limited to, voltage level, tower 

construction, and wind direction depending on how they are 

constructed. A compromise has to be made between 

computational complexity and precision. For our simulation 

framework we opted for a bottom-up approach to simulating 

network faults, to enable investigating individual drivers of 

network reliability and resilience, and their interactions.  

 

In the framework, the network model itself pertains to both its 

topology and component-level reliability models (including 

line ratings and non-weather fault and repair rates). The 

network’s reliability parameters may change over time, in this 

case due explicitly to the weather conditions. 

 

Beyond the physical properties of the network, the load profiles 

of different customers on any given network and the 

correlation between them may have to be considered in order 

to accurately gauge performance indicators (e.g. energy not 

served). This adds further complexity as power flow 

calculations have to be calculated not just whenever there is a 

change in network topology due to an outage, but also due to 

any change in load conditions. This means, potentially, 

thousands of power flow calculations for each year of 

simulation. 

 

Different techniques have been proposed to address the 

computational expense associated with performing OPFs 

(optimal power flows), with consideration also given to the 

correlation between different bus loads [18]. Even with modern 

computational power, running an OPF for every hour in a year 

for complex power networks can be prohibitively time-

consuming. 

 

Once one understands the physical properties of the network, 

how exactly the analysis is performed must be decided. For 

complex networks with real loads and weather profiles, a time-

sequential Monte Carlo approach is preferable – this facilitates 

more in-depth analysis, for instance using past data to replay 

historic events and compare mitigation strategies. The 

implementation described in this paper utilises time-sequential 

simulation, primarily, for this reason. 

3 Implementation of Framework using Python 

Using Python (3.5) and the pandapower (1.2) library [19], the 

framework  defined thus far was implemented. Wind-speed 

(mean) data was taken for the city of Glasgow from the NOAA 

database [12] and later hourly-resolved via selecting data 

exactly 1 hour apart from the distribution (in the dataset used, 

at 20 minutes past each hour).  

 

3.1 Network Builder 

This component of the framework retrieves data pertaining to 

the network from .csv files or from within the pandapower 

package itself.  

 

Each aspect of the network is collected from different files. 

Specifically for the network being tested, data on the following 

was collected (full details of properties necessary for 

pandapower can be found in [19]); 

 Generators (max P, Q, minimum stable P, Q etc.) 

 Loads (P(kW), Q(kVAR), etc.) 

 Branches (to, from, r, x, maximum current etc.) 

 Buses (including geographic data) 

 Branch reliability (failure rate, repair rate, length) 

 Generator reliability (failure rate, repair rate) 

 External grid connection properties (V(pu), bus, etc.) 

 Cost function data for ext. grids and generators 

 Constraints (max V, min V, max line loading etc.) 

Network data was then consolidated into a pandapower case 

file with other data being stored as python dictionaries. Loads 

were assumed, for the case given, to be perfectly synchronised 

and constant for the short time-spans sampled. This block may 

also be called when the topology of the network is changed – 

e.g. if lines are dropped, to remove disconnected assets from 

the network or reconnect them if lines are repaired. 

 

3.2 Data Processing 
Weather and network data is processed to define appropriate 

weather models. For the purpose of this paper, historical data 

is used directly in the simulation (hindcasting).  

 

3.3 Weather and Climate Modelling 

To simulate the effect of weather on the network, weather-

associated failure rates and repair rates need to be determined. 

In this case, line faults associated with wind and non-wind 

factors are being considered. In practice, fault data from 

weather-related events may have to be separated from non-

weather events to determine fault models and parameters 

relating solely to these phenomena. Once a model for relating 

wind speeds to network faults has been determined, faults can 

be introduced and simulated on the network. Different climate 

scenarios could then be simulated, for example, by using 

stochastic models to change weather conditions.  

 



3.4 Fault Simulator 

The Fault Simulator implements failure and repair of network 

assets and computes their impacts on network performance in 

a given scenario. The probability for failure or repair at each 

time step is calculated using  

 
 𝑝(𝑓𝑎𝑢𝑙𝑡) =  1 −  𝑒−𝜆𝑔𝛿𝑡  (1) 

 

Where 𝛿t is the time-step (taken as 1 hour) and λg is the failure 

or repair rate. The following methodology is used to determine 

impacts: 

 Determine if the fault state has already occurred and 

attempt to load its results from memory 

 If it has not occurred before, perform a power flow 

calculation on the network state 

o If the power flow does not converge, the program 

attempts to force it to converge via heuristic 

methods. The process follows the following 

procedure:  

1. buses which had loads but no generation 

are assigned a “generator” with a cost 

function representative of the value of 

lost load (VoLL) to attempt load 

shedding until convergence 

2. load shed in increments of 5% from the 

entire system until convergence or until 

no more load can be shed and the 

network is in a state of total loss 

 The characteristics of interest of each state are recorded 

 

In the implementation used, this heuristic approach is used in 

combination with pandapower’s “DCOPF” functionality, 

which, at the time of writing, treats loads as fixed and 

minimises generation. These values are then used to determine 

the performance metrics for the entire system.  

 

3.5 Fault Analyser 

This takes the output from the Fault Simulator and processes 

the results into a usable form. For instance, computing average 

reliability metrics from individual runs of the Fault Simulator 

or mean failure times of assets. These results can then be 

presented to the user or stored for further analysis. 

4 Cost, Fault, and Repair Models 

4.1 Cost Function Modelling in DCOPF 
 In this implementation, pandapower’s DCOPF functionality is 

used with polynomial cost functions derived from the Reduced 

GB model described in [1] according to requirements set out in 

[19]. The OPFs used in this implementation are solely intended 

to determine whether a feasible solution can be found to load-

flows on the network as opposed to being used for in-depth 

economic analysis- however, using an OPF rather than non-

optimised power-flow was deemed desirable as a basis for 

more detailed analysis in future developments. The 

pandapower representation of the network consolidates all 

connected generators at each bus to into one representative 

generator for the power flow calculations. For simplicity, 

therefore, the cost functions for each generator at each node is 

assumed to simply be that of the most expensive generator 

connected at each bus, taken from the cost functions used in 

the Reduced GB model which shall be described in Section 5. 

 

4.2 Non-weather fault and repair models 

Lines and generators are modelled as two-state Markov 

models, parametrised by time-dependent fault and repair rates. 

Each line was assigned the reliability properties shown in 

Table 1. Herein, λf refers to the failure rate of a given asset per 

hour (per km for lines), with λr the repair rate in terms of per 

hour, approximated from data taken from for AC OHLs [13]. 

 
λf  (per hr per km) λr  (per hr) 

4.57 x10-6 0.03 (MTTR≈33hr) 

Table 1 - reliability properties of lines on test network 

 

The generator reliability data used is shown in Table 2. 

Generators were assumed to be unaffected by wind with failure 

and repair rates approximated from the IEEE Reliability Test 

Network [6] 

 
λf (per hr) λr (per hr) 

5.00x10-4 (MTTF ≈ 12 weeks) 5.95 x10-3  (MTTR≈1 week) 

Table 2 - Generator reliability data used in simulation 

 

Power from the in-feeds used in this model are assumed to be 

100% reliable, modelled as distributed slack buses connected 

via lines with associated failure and repair rates. Loss of both 

of these in-feeds incurs blackout conditions across the network 

due to the test network being disconnected from the main 

transmission system. This also serves to examine the 

significance of the North-South connections in GB and how 

that is modelled in this context. 

 

4.3 Weather-Related Failure and Repair Models 

We proceed to define models for weather-related failures and 

for the impact of weather on repair rates. One method of 

determining weather-related failure rates is implemented by 

clustering fault events with weather conditions to determine 

failure-probability for a given wind-speed in a given time-

frame [17]. This relies on data processing and analysis to 

separate random non-weather faults from weather-related 

faults such as damage due to falling vegetation or short-circuits 

due to gusts. This is a non-trivial problem as data recording 

standards vary wildly between DNOs (distribution network 

operators) and TSOs (transmission service operators) [11] and 

it may not always be possible to determine if a fault is explicitly 

weather-related. In such cases, techniques such as fragility 

curves can become preferable as they can be designed to 

include both weather and-non-weather faults, although that still 

presents data classification challenges. 

 

If one incorporates geographic data at each bus or for each line, 

it is possible to consider different weather conditions at each 

point. Different simulation methodologies have different ways 

of simulating disparity in weather conditions across networks, 

for example creating weather “zones” with homogenous 

conditions similar to what is done in [15]. If lines intersect 

different zones, they are assumed, in this case, to experience 



the most extreme value (for example, highest wind speed). This 

could, however, result in conservative estimates of reliability 

performance.  

 

Reliability parameters can either be based on individual lines 

or aggregated to be representative of all assets of that class. For 

a more complex model, it may be preferable to use individual 

parameters for different lines and voltage levels. In this 

simulation, however, all lines are given the same non-weather 

per-km failure rates. In lieu of having real physical data to draw 

from, a distribution of repair and failure rates was created to be 

illustrative of real weather effects. Comparable curves were 

used to describe line failures in [16]. The relation between 

wind speed and line failure rates is defined as 

 
 𝜆𝑤𝑓(𝑡) =  𝑙 ∗ 𝑒𝛼𝑓(𝑤(𝑡)− 𝑤)̅̅ ̅̅

∗ 𝜆𝑓    (2) 

 

Where λwf is the weather-related failure rate, λf is the non-

weather rate, l is line length, w(t) is the wind speed observed 

and 𝑤 is the mean wind speed over the entire yearly Glasgow 

dataset from [12], with α a sensitivity parameter. The 

exponential function is used to represent the nonlinear effect of 

wind on the system and, indirectly, induce the bunching effects 

associated with “adverse” and “extreme” failure rates referred 

to previously. The normalisation is chosen such that the repair 

rate reverts to the nominal repair rate for average wind speeds. 

The analogous representation used for repair rates is 

 
 

𝜆𝑤𝑟(𝑡) =  {
𝜆𝑟 , 𝑤(𝑡) < �̅�

𝑒𝛼𝑟(𝑤(𝑡)− 𝑤)̅̅ ̅̅
∗ 𝜆𝑟 , 𝑤(𝑡) ≥  �̅�

 
(3) 

 

 

This is based on the assumption that there will always be a 

baseline performance for repairs which cannot be improved 

upon, but that repair times will degrade as deteriorating 

weather conditions inhibit repair efforts. Table 3 shows the 

parameters used for each branch on the test network. Note that 

the parameter αf will be positive, to signify increasing failure 

rates with wind speeds, and αr negative, to indicate hindrance 

of repairs due to ongoing high wind speeds.  

 
Sensitivity αr(sm-1) αf (sm-1) 

Max (SMax) -0.01 0.159 

Medium (Smed) -0.01 0.123 

Negligible (Sneg) 0 0 

Table 3 - reliability coefficients for each line 

 

Different levels of sensitivity of weather were tested. Three 

scenarios were defined such that the longest line under the 

highest simulated w (in this case, 56ms-1, as shall be explained 

in section 5) would have a failure probability of 0.99 (in an 

hour) for the Max (SMax) case, 0.50 for the Medium (Smed) case, 

and equivalent to the non-weather probability for the 

Negligible (Sneg) case, with probability calculated via equation 

(1). The repair rate αr values were arbitrarily assigned such that 

repairs at extreme values of wind speed were suitably lowered.  

Examples of wind-speed-dependent failure and repair rate 

rates, relative to the nominal values are shown in Figure 2 (the 

results pertain to the SMax  case). Note the rates are all nominal 

at the mean wind speed of 9ms-1.  

 
Figure 2 repair and failure rate for a given wind speed, 

relative to nominal rates for SMax case 

5 Results for Test on Truncated GB Network 

The tool was applied to a truncated  version of the 29-bus 

representation of the GB transmission network developed at 

the University of Strathclyde and outlined in [1], ported to 

pandapower case format with the tested network topology 

shown in Figure 3. It represents the Scotland and Northern 

England section of the network, with nodes labelled 9 and 10 

representing the connections to the rest of England, 

implemented as distributed slack buses. Line lengths were 

estimated using 2011’s National Grid Seven Year Statement 

[14] by summing the length of OHL connecting each node with 

per km per hour failure rates and generator repair/failure rates 

described in Section 4. The loads were assumed to be constant 

in time, based on the Reduced GB Network model with a 

nominal system load of 8075.5MW.  

 
Figure 3 – test network topology (coordinates illustrative) 

 

The network was exposed to a number of weather (i.e. wind 

speed) scenarios, synthesised from historical data. The wind 

speed profiles were selected from the Glasgow data from [12] 

(before being hourly resolved via data processing) and are 

shown in Figure 4. These were chosen to be representative of 

different scenarios; a low-wind day with mean 6ms-1; average 

wind speed day with mean 9ms-1; high wind-speed day with 

mean 15ms-1; and a storm event with mean wind speed 30ms-1 

and max of 56ms-1 (generated by multiplying the high speed 

scenario by 2). Any real hourly, historical data could be used 

but the ability to synthesise hypothetical events based on real 

data was deemed to be a desirable trait for the framework. Six 

hypothetical weather event scenarios were synthesised as 

follows:  

 Extreme wind event localised at buses 1, 2, and 3 with 

average weather on the rest of the network (North) 

 Extreme weather event localised at buses 5 through 

10; average weather on the rest of the network (South) 

 Low (Low), average(Ave), high(High), and extreme 

(Ext) wind-speed days across the entire  network 



Weather impacts on the system are defined in the context of 

individual event days (for example, a storm), defined by the 

scenarios above. However, the impacts of such events often 

last much longer. Hence, impact metrics were measured as 

follows: the network was initialised in a working state and the 

selected 24-hour scenario was played out. Simulations 

continued using the ‘low’ wind speed conditions until all loads 

are resupplied (even if faults were still present). Two metrics 

are reported: 1) Expected Energy Not Supplied (EENS) for the 

entirety of each event (including repair time); 2) Expected 

Maximum Load Shed (EMLS). The simulation was either 

performed for 100,000 samples or until the standard error of 

the EENS observed was ≤5% of the (non-zero) expectation 

after more than 100 samples were taken. Standard errors of 

>5% indicate 100,000 samples were taken and simulation 

ended accordingly. 

   
Figure 4 - wind speed profiles used in model 

 

The impacts corresponding to combinations of wind speed and 

network sensitivity scenarios are shown in Table 4 with 

reference to EENS and EMLS, quoting standard error. As no 

events were recorded for any Sneg cases, these are omitted. 
Case EENS (MWh, SMax) EENS (MWh, Smed) 

North  275±16 91±12 

South  3088±154 85±10 

Low  No events  3±3 

Ave  3±3 No events 

High  6±5 No events 

Ext  7316±366 217±13 

Case EMLS(MW, SMax) EMLS(MW, Smed) 

North 62±2 12±1 

South  72±7 17±1 

Low No events 0.1±0.1 

Ave 0.1±0.1 No events 

High  0.2±0.1 No events 

Ext 62±10 51±2 

Table 4 - results for test network using framework 

 

It may be observed that changing the sensitivity to weather 

significantly affects the cumulative effect of faults – that is, the 

co-occurrence of faults significantly increases both the EENS 

and the EMLS. It also has an impact on the locational effects 

of these faults- at maximum sensitivity the EENS is massive 

due to the loss of grid in-feed at buses 9 and 10, whereas when 

the network is less sensitive to weather this means there are 

fewer occurrences of total loss of in-feed from these 

connections and hence the network reliability metrics benefit 

from the increased redundancy in the South. The EMLS for the 

South Max and Ext Max cases are within standard error, which 

is unsurprising given the location of the grid in-feeds from 

North England. There is also a non-zero EENS and EMLS for 

Low Smed even though there were no events for the more 

“severe” events, suggesting that more targeted sampling 

techniques could significantly improve the accuracy and 

efficiency of the model to find these low-probability events. 

The complementary cumulative distribution functions of ENS 

outcomes in the Ext case are shown in Figure 5. 

 
Figure 5 – Empirical probability that ENS exceeds thresholds  

 

It can be observed that, for this case, increasing the sensitivity 

to faults increases both the probabilities of faults and the 

extremeness of the potential outage events due to the increase 

in concurrent outages. Being able to express the ENS in terms 

of probability functions of this form could aid planners in 

quantifying risk to the power system due to different scenarios 

and develop solutions with a better idea of the associated costs 

and risks. Examining load loss associated with each fault state 

also allows users to determine the load loss associated with 

faults on each branch and different n-k conditions to help target 

network resilience improvements at branches associated with 

particularly significant load-loss – in this case the branches 

associated with buses 9 and 10 in the South. 

6 Conclusions and Future Work 

This paper has illustrated the development and testing of a 

methodology for simulating concurrent, weather-induced 

outages in power systems and the outcomes of such events in 

terms of EMLS and EENS. Increasing sensitivity to weather-

related faults was shown to significantly increase the 

occurrence of concurrent faults, and associated risk metrics.  

 

Developing a framework able to simulate n-k events and model 

the repair pathway facilitates simulation of a plurality of 

different storm scenarios and repair conditions and allows 

users to test different mitigation and prevention strategies. In 

being able to simulate individual events with associated 

probabilities, this allows planners to make more effective 

projections for reinforcement as HILP events become more 

frequent and intense due to climate change, with sensitivity 

testing for different climate scenarios.   

 



Research is ongoing to enhance the framework in a number of 

ways: fault and weather data will be used to improve models 

of weather and weather-induced faults; the implementation of 

operational measures such as load shedding will be enhanced, 

and efficient sampling methods will be employed to speed up 

the convergence of risk estimators. Furthermore, the heuristics 

and cost functions associated with the OPFs can be changed to 

reflect different load-shedding strategies and different repair 

pathways can be simulated with modification of the repair-rate 

derivation. 

 

Beyond the power flow analysis, areas of improvement also 

concern aspects regarding data accuracy. Reanalysis [4] may 

be one method of more accurately modelling locational wind 

speeds and hence estimating line performance; by altering the 

distribution of wind values, one could also model climate 

change’s effects by modifying this distribution to reflect local 

effects over longer simulations. 
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