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Abstract

Society has become increasingly dependent on electricity, so power system reliability
is of crucial importance. However, while underinvestment leads to an unacceptable
number of power outages, overinvestment will result in costs that are too high for
society. The challenge is to find a socioeconomically adequate level of risk. In this
risk assessment, not only the probability of power outages, but also the severity of
their consequences should be included.

A risk assessment can be performed from either the perspective of customers
or the perspective of the grid owner, depending on whether the consequences faced
by customers or the grid owner are considered. Consequences of power outages are
usually measured through interruption costs. Examples of interruption costs for the
grid owner are customer compensations and loss of goodwill. Examples of interrup-
tion costs for customers are retail losses for commercial customers and loss of heating
and lighting for residential customers. The aim of this thesis is to develop methods
for assessing risks in power distribution systems from the customer-oriented per-
spective. From this perspective realistic assessments of customer interruption costs
are essential.

To perform a customer-oriented risk assessment of a distribution system three
different models are required: a customer interruption cost model, a load model
and a reliability model. The customer interruption cost model describes the conse-
quences, or costs, of power outages that customers face. The load model predicts
the loss of load and the energy not supplied due to power outages. The reliability
model describes component failures, which are the root causes of power outages,
and the restoration processes that follow. The three models can be used together in
a cost-benefit analysis to investigate the consequences for customers due to different
investment alternatives.

In this thesis a set of new models is developed that incorporates time depen-
dencies in customer interruption costs, load and component failures. The timing
of the outage has an impact on the consequences customers face. Severe weather,
which is a main contributor to component failures, is generally more common dur-
ing certain seasons. These facts imply that there may be a correlation between high
customer interruption costs and an increased risk for power outages. In Sweden the
frequency of storms is higher during the cold period of the year when the demanded
load and customer interruption costs are also high. By taking time dependencies
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into account, the correlation between high interruption costs and elevated risk for
power outages is captured.

Results from the risk assessments of two test distribution systems using the
models developed in this thesis show that taking time dependencies into account
has a considerable impact on the estimation of customer interruption costs and
energy not supplied due to outages. To evaluate the risks of extreme costs, the
tools Value-at-Risk and Conditional Value-at-Risk which are commonly used in the
finance industry are applied. A conclusion that can be drawn from the simulation
results is that taking time dependencies into account is especially important when
considering extreme outage events that give rise to extreme costs.



Sammanfattning

Samhället blir allt mer elberoende och leveranssäkerhet av el är av yttersta vikt.
Medan underinvesteringar leder till ett oacceptabelt antal elavbrott medför dock
överinvesteringar för höga kostnader för samhället. Utmaningen är därför att hitta
en samhällsekonomisk lönsam risknivå. I en riskanalys måste inte bara hänsyn tas
till sannolikheten för elavbrott utan också avbrottens konsekvenser.

En riskanalys kan genomföras från antingen kundernas eller nätägarens per-
spektiv beroende på om det är kundernas konsekvenser eller nätägarnas konse-
kvenser av elavbrott som tas med i analysen. Konsekvenser av elavbrott mäts of-
tast i avbrottskostnader. Exempel på avbrottskostnader som drabbar nätägaren
är goodwill-förluster och ersättning till kunder som har haft långa elavbrott. Ex-
empel på avbrottskostnader som drabbar kunder är förlorade försäljningsintäkter
för handel- och tjänsteföretag och uteblivna möjligheter till uppvärmning och be-
lysning för hushåll. Avhandlingens syfte är att utveckla metoder för riskanalys av
eldistributionsnät utifrån kundperspektivet. Centralt i detta perspektiv är realis-
tiska uppskattningar av kundavbrottskostnader.

För att kunna genomföra en riskanalys från kundperspektivet krävs tre model-
ler: en kundavbrottskostnadsmodell, en belastningsmodell och en tillförlitlighetsmo-
dell. Kundavbrottskostnadsmodellen beskriver konsekvenserna, eller kostnaderna,
för kunderna av elavbrott. Belastningsmodellen modellerar icke-levererad energi och
effekt på grund av elavbrott. Tillförlitlighetsmodellen beskriver fel- och lagnings-
processen för de olika komponenterna i elnätet. De tre modellerna kan kombineras
i en kostnad/nytta-analys för att beskriva konsekvenserna för kunder av olika in-
vesteringsalternativ.

I denna avhandling utvecklas tre nya modeller som tar hänsyn till tidsberoenden
i kundavbrottskostnader, belastning samt komponenters fel- och lagningsprocess.
Tidpunkten för avbrottet har stor betydelse för vilka konsekvenserna blir för kun-
derna. Vidare är oväder, som ofta orsakar elavbrott, i regel mer koncentrerade till
vissa årstider. Dessa fakta medför att det kan finnas en korrelation mellan höga
kundavbrottskostnader och en ökad risk för elavbrott. I Sverige är vinterstormar
vanligast och på vintern är även belastningen och avbrottskostnaden som högst.
Genom att ta hänsyn till tidsberoenden fångas korrelationer mellan höga avbrotts-
kostnader och en ökad haveririsk.

Med hjälp av de tre utvecklade modellerna genomförs riskanalyser av två fiktiva
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distributionsnät. Resultaten från analyserna visar att det ger en stor inverkan på
den uppskattade kundavbrottskostnaden och den icke-levererade energin om hänsyn
tas till tidsvariationer. För att utvärdera risken för extrema kostnader används två
riskverktyg från finansbranschen: Value-at-risk och Conditional Value-at-risk. En
slutsats från tillämpningen av riskverktygen är att tidsberoenden är speciellt viktiga
att beakta om fokus ligger på de extrema händelser som ger upphov till extrema
kostnader.
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Chapter 1

Introduction

1.1 Background

Reliability of the electric power supply is essential in modern society. The electric
power system with its generation, as well as its transmission and distribution net-
works, is one of the most complex technical systems that humanity has created. The
reliability demands on this technical infrastructure are high and, despite its com-
plex structure, it is in many cases an extremely reliable system. Power systems are,
however, subjected to many events such as accidents, random component failures
and weather conditions resulting in power outages. For instance, the aftermaths
of major blackouts caused by storms highlights the significant public and private
interest in electricity reliability. These kinds of events are beyond the control of
man, but they can be taken into account when deciding the level of disturbance at
which the system should survive. A completely reliable system is impossible, and
a certain level of risk has to be accepted.

Improved reliability can be obtained by increased investments, reinvestments
and maintenance. In the end, however, it is the customers who pay, through high
tariffs in the case of overinvestment and through power interruptions in the case of
underinvestment. The task for system planners and operators is to find an adequate
level of risk given the economic constraints. In this risk assessment, not only the
probability of power interruptions, but also the severity of their consequences has
to be included.

One risk analysis tool that can be used to find the adequate level of risk related
to customer interruptions is cost-benefit analysis and it is the approach chosen in
this thesis. In cost-benefit analysis, the reliability worth experienced by customers
is compared to the costs experienced by the grid owner and its application to power
systems has been a topic of extensive research for several years [1–6]. The usage of
cost-benefit analysis in the planning process is often called value-based reliability
planning (VBRP). The VBRP framework assumes that customer preferences can
be measured and aims to link investment decisions to these customer needs in order
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2 CHAPTER 1. INTRODUCTION

to establish economically justifiable reliability targets for power systems [7].
Measuring the needs of customers, or their experienced reliability worth, is

indeed a hard task. Commonly, this is done through approximating the unreliability
of the electric supply and the impact of power interruptions [8]. Since worth of
continuity in electric supply can not be directly valued in monetary terms, customer
interruption costs can be used as a measure of the reliability worth of a power
system [8].

This thesis focuses on distribution systems. Failures in distribution systems
account for the majority of the interruptions experienced by customers [9]. Grid
owners, also called distribution system operators (DSOs), have a natural monopoly
since having two parallel distribution systems serving the same customers is not
justifiable from a socioeconomic perspective. Therefore, an important question for
both private and public decision makers has always been about who should receive
the benefit from increased reliability and who should pay for the improvements. In
some countries regulatory authorities aim to control this monopoly by designing
network tariff regulations to maintain a good quality of electric supply [10].

The deregulation of electricity markets around the world has resulted in compet-
itive environments and an increased focus on customers and quality of supply. After
the deregulation the focus of some of the DSOs has shifted from function to profit.
Changed conditions have opened up new applications and there is a growing inter-
est in cost-benefit analysis using interruption costs to assess the reliability worth
both in the planning and operating phase [11] as well as in asset maintenance [12].
Furthermore, interruption costs are also being used by regulatory authorities [10]
in network tariff regulation.

As mentioned earlier, risk is a combination of probability and consequence. To
perform a risk assessment of a distribution system three different models are needed:
a customer interruption cost model, a load model and a reliability model. The cus-
tomer interruption cost model describes the consequences, or costs, of power inter-
ruptions that customers face, usually normalized by, for example, annual peak load.
The load model predicts the loss of load and the energy not supplied due to power
interruptions. By combining the customer interruption cost and load models, the
interruption cost can the estimated in monetary terms. Distribution systems con-
sist of many components such as breakers, overhead lines, cables and transformers,
and failures of these components are the root causes for power interruptions. The
reliability model describes these component failures and the restoration processes
that follow.

One common method to assess customer interruption costs is to use customer
surveys, where customers are asked to state their estimated costs for different hy-
pothetical outage events. However, interruption cost data derived from surveys can
only cover a fraction of the possible outage events. Commonly only the interruption
costs for the worst case scenario, that is an interruption occurring at the worst time,
is surveyed for a few outage durations [13]. Therefore, a customer interruption cost
model that can make predictions of interruption costs for an arbitrary outage event
from available statistics is needed for a relevant cost-benefit analysis.
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The customer interruption cost model most frequently used is the customer
damage function, which models the average interruption cost for each customer
type as a function of duration. However, there are other factors than duration
which affect the interruption cost. For example, the time of occurrence – the
season, day of week and hour the power failure occurs – is also important. For
instance, if an outage occurs during a peak shopping hour, the consequences for a
commercial customer, such as a retail store, is much more severe than if the outage
had occurred during closing hours. But the consequences of an outage do not have
to be the same even though it occurs on the same time of day, week and year.
Some of the factors affecting the interruption cost are in fact stochastic. For a
residential customer, the outdoor temperature affects the consequences of longer
outages. Hence, customer interruption costs are dependent on the timing of the
outage and can be different from occasion to occasion.

The load model can either model the average annual load or the actual time-
varying load of the system, capturing a time dependence. This time dependence
differs between different customer sectors and generally exists both on a seasonal
and on a daily level. One common simplification in reliability models is to assume
constant failure rates and non time-varying restoration times for components [9].
However, the failure rates and restoration times for most components are depen-
dent upon time-varying factors such as weather conditions. Severe weather only
exists during a fraction of the year, but the failure rates during these short periods
increase dramatically to such an extent that the impact of severe weather should
be considered in power system reliability analysis [14]. Severe weather is gener-
ally more common during certain seasons making the failures caused by weather,
which often cause long-lasting outages, not necessarily uniformly distributed over
the year.

All three models are dependent on stochastic processes. For example, the cus-
tomer interruption cost and load models are dependent on the outdoor temperature
and the reliability model is dependent on the occurrence, intensity and duration of
severe weather. In many cases, there is also a dependency structure between the
different stochastic processes. For example, are storms more frequent in Sweden
during the cold period of the year [15]. During this time of the year, demanded load
and customer interruption costs are also high. If high loads and interruption costs
coincide with an increased probability for severe weather this must be considered
in the reliability worth assessment so that costs are not underestimated.

1.2 Aim

The impact of a power outage can be seen from two perspectives, the perspective
of the DSO or the perspective of the customers, depending whether the conse-
quences faced by the DSO or the customers are considered. The aim of this project
is to develop methods for risk assessments of power distribution systems from a
cost-benefit viewpoint. This thesis treats the customer-oriented perspective where
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realistic assessments of customer interruption costs are essential. The aim of this
thesis is to develop a set of interacting models that describe customer interruption
costs in a certain system as realistically as possible without making demands on
customer surveys too high. The set of models includes a customer interruption
cost model, a load model and a reliability model. The models can be used in a
cost-benefit analysis in order to investigate the consequences for customers due to
different investment alternatives.

This thesis presents a customer interruption cost model, a load model and a
reliability model that aim to address the following identified improvements from
previous publications:

• Customer interruption cost model

1. Residential interruption costs:
For residential customers, interruption costs are mainly intangible and
non-monetary in their nature. Examples are the inconvenience of not
being able to perform certain activities and uncomfortable indoor tem-
peratures during outages. If a time-varying interruption cost model is
to be used, several cost estimates at different times are needed. Often,
interruption cost estimates are derived from customer surveys and the
temporal variations in the costs are obtained by asking customers to es-
timate how their cost varies for different outage scenarios occurring at
different times. The temporal variations in the interruption costs might
be hard for residential customers to estimate directly due to the intangi-
ble nature of the costs. The here proposed improvement is therefore to
exploiting the temporal variations in the underlying factors causing the
inconveniences (and thus the interruption costs). Doing so also means
that the demands on customer surveys do not have to be increased when
studying temporal variations.

2. Modeling costs of widespread outages:
For widespread outages, there is an increased cost for customers due
to public services not functioning properly. This cost is typically not
addressed by customer interruption cost models, mainly because it is
very hard to estimate accurately. In this thesis, an initial attempt to
capture the increased cost is described.

• Reliability model

3. The impact of severe weather on distribution system reliability:
Outage duration is important when modeling customer interruption costs
and long outages are often caused by severe weather. Many components
in power systems are exposed to severe weather and therefore their fail-
ure rates are dependent on current weather conditions. The common
approach is to divide the weather conditions into two different states,
one for normal weather and one for severe weather, both having constant
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failure rates. However, the weather conditions are highly stochastic re-
garding timing and duration as well as intensity of severe weather. The
stochastic nature of the weather has in this thesis been accounted for
when formulating the reliability model in order to make it as realistic as
possible.

• Load model

4. Stochastic temperature:
The seasonal variations are usually modeled by a deterministic load pro-
file for the year. In the load model proposed in this thesis the seasonal
variations are modeled through a temperature dependency. To mimic
reality the outdoor temperature is modeled to be stochastic, making it
possible to capture extreme events.

• Cost-benefit analysis with time-varying customer interruption cost,
load and reliability models

5. Correlation between severe weather and interruption cost:
Commonly, the possible correlation between high customer interruption
costs and an increased risk for power interruptions have not been con-
sidered in reliability worth assessments of distribution systems. In this
thesis, however, it is considered by using time-varying failure rates and
restoration times together with time-varying load and interruption costs
in order to make the cost-benefit analysis more accurate. By modeling
the underlying stochastic processes such as outdoor temperature and
frequency of severe weather, it is possible to study the probability of
extreme events to occur and their consequences.

6. Treatment of extreme interruption costs:
In cost-benefit analyses of power distribution systems, often only yearly
averages are used. However, power outages are rare events and average
values might be misleading. The average values show how the system is
working on average but it might be interesting to investigate the risk for
extreme cases. This can, as shown in this thesis, be done by estimating a
value that is only exceeded at a certain low probability, so called Value-
at-Risk. Even though the tail of a probability distribution represent
events that occur very infrequently the consequences of these events are
severe and have to be considered when a system is dimensioned.

In the next phase of the project, risk assessments from the perspective of the DSO
will be performed. Then a cost model with factors that affect the interruption
costs of the DSOs such as regulations and loss of goodwill will be considered. An
interesting feature of the next phase of the project is the comparison of results of the
DSO-oriented and the customer-oriented risk assessments. If laws and regulations
are optimal from a socioeconomic point of view the results will converge. Otherwise,
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the comparison can give ideas of how regulations may be designed in order to give
DSOs incentives to build, operate and maintain power systems in a socioeconomic
optimal way. Since society today is becoming increasingly dependent on electricity,
it is of great importance that power system reliability is not too low but still on an
economically realistic level. In order to assure this, better evaluation instruments,
such as the ones developed in this project, are needed.

1.3 Limitations

This thesis only deals with power reliability regarding system adequacy, which
implies that system dynamics and transient disturbances are not considered. Fur-
thermore, only unplanned power outages that are sustained for more than a few
minutes are included in the analysis. This means that costs due to power quality
problems, such as voltage sags, are outside the scope of this thesis.

The term “risk” is very wide in its definition. Even if the term is narrowed down
to only deal with distribution systems, there are still a lot of interpretations of the
word “risk”. For example, risk could relate to financial, environmental, or safety
risks. In this thesis, however, only risks related to consequences for customers due
to power outages are considered.

1.4 Thesis Outline

Chapter 2 gives necessary background in cost-benefit analysis and risk assess-
ments of power systems. Some concepts concerning reliability that are used
in the thesis are defined and basic assumptions in power system reliability
are introduced. Three perspectives of power system reliability: the perspec-
tive of the customers, the perspective of the DSO and the perspective of the
regulator, are also discussed. Furthermore, basics in time sequential Monte
Carlo simulations and risk tools for handling extreme events are discussed.

Chapter 3 provides an overview of methods to assess customer interruption costs
and existing cost models. For example, existing approaches for modeling
time variations in interruption costs are described. The chapter ends with a
discussion of possible modeling improvements that can be made.

Chapter 4 develops a new interruption cost model for residential customers that
in addition to outage duration also considers the time of occurrence of the
outage as well as the stochastic behavior of the underlying factors affecting
the interruption cost. Incorporating the stochastic nature of the underlying
factors makes it possible to investigate consequences of outage events that
are extreme in other senses than having a long duration. Furthermore, the
interruption cost model aims to include the increased cost due to widespread
outages. For other customer sectors, a state-of-the-art approach for modeling
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customer interruption costs that considers the timing of the outage is applied.
Chapter 4 also presents the proposed time-varying load model.

Chapter 5 gives an overview of existing reliability models for power systems. The
chapter ends with a discussion of how the current approaches to modeling
distribution system reliability can be improved.

Chapter 6 develops a new reliability model that uses the stochastic nature of
severe weather intensity and duration to model variations in failure rate for
overhead lines and restoration times for all components. Furthermore, the
reliability model also considers when severe weather is likely to occur during
the year by using non-homogeneous Poisson processes (NHPPs). Restoration
times are also modeled to depend on the expected availability of restoration
crews.

Chapter 7 contains model parameterizations to Swedish conditions. Apart from
the parameterization made in this thesis, the models can be parameterized for
application to different settings regarding, for example, geographical location,
climate as well as economic standing of the customers.

Chapter 8 contains a number of model simulations. The proposed time-varying
interruption cost, reliability and load models are combined to investigate
the effect of including time-varying interruption costs, load, failure rates and
restoration times when assessing reliability worth. A time sequential Monte
Carlo technique is applied to two different test distribution systems and re-
sults are reported and discussed. A cost-benefit analysis of replacing overhead
lines with cables is performed for one of the test distribution systems. The
analysis is carried out by using average values of system indices as well as by
using risk analysis methods for dealing with extreme cases.

Chapter 9 concludes the thesis and areas for future work are discussed.

1.5 Main Contributions

The main contributions of the thesis are the following:

• An overview of methods to assess customer interruption costs and existing
cost models.

• A new interruption cost model for residential customers. The model is time-
varying, builds on the stochastic underlying factors that cause the interruption
costs and does not increase the demands on customer surveys.

• A new load model that captures the effect of extreme temperatures.

• An overview of existing reliability models for distribution systems.
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• A new reliability model that incorporates the dependence between failure
rates and severe weather. The model considers the timing, duration, and
intensity of severe weather, and all three characteristics are modeled to be
stochastic.

• The proposed customer interruption cost, load, and reliability models are
combined and the impact of dependencies on system reliability indices such
as expected customer interruption cost and expected energy not supplied is
investigated.

• A case study of replacing overhead lines with cables using a cost-benefit ap-
proach. Apart from only regarding average values in the analysis, also ex-
treme cases are dealt with using the risk tools Value-at-Risk and Conditional
Value-at-Risk.
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Chapter 2

Cost-benefit Analysis Applied to
Distribution System Reliability

This chapter aims to give the necessary background in cost-benefit analysis and risk
assessment applied to distribution system reliability for better understanding of the
following chapters. Cost-benefit analysis can be used to find an adequate level of
reliability from a socioeconomic perspective. To perform this analysis, both the cost
of an action alternative aimed to enhance reliability and the expected benefits of
the action alternative, measured in terms of lowered interruption costs, must be
estimated. To analyze the benefits of proposed action alternatives, the risk of the
considered distribution system with and without the action alternative implemented
must be assessed.

The term “risk” includes both the probability of an event and its consequences.
In risk assessments applied to distribution systems both interruption costs and the
probability of different interruptions must be estimated. A risk assessment of a dis-
tribution system can be performed from either the perspective of customers or the
perspective of the DSO, depending on whether the consequences faced by customers
or the DSO are considered. The regulator formulates the network tariff regula-
tions and laws that will determine the costs for power interruptions that the DSOs
experience and thereby also plays an important role.

With predictive reliability the goal is to get a prediction of load point and sys-
tem reliability, by using a model for the component failure and restoration process.
Commonly, the reliability is measured by indices. Predictive reliability can be per-
formed by using both analytical techniques and Monte Carlo simulations. The focus
here is on time sequential Monte Carlo simulations. Usually only average values of
indices are used. Monte Carlo simulations, however, provide the entire probability
distribution which allows an investigation of extreme events using risk tools from
the finance industry.

9
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2.1 Concepts in Distribution System Reliability

In this section the term “reliability” is defined and how to conduct reliability as-
sessments of the three functional zones in a power system is described.

2.1.1 Definition of Reliability

The concept of reliability has been defined in many different ways. According to the
standard ISO 8402 the definition of reliability is “the ability of an item to perform
a required function, under given environmental and operational conditions and for
a stated period of time” [21]. In this case an item can refer to both a component or
a system. The term “system reliability” can be divided into system adequacy and
system security, as shown in Figure 2.1.

System reliability

System securitySystem adequacy

Figure 2.1: System reliability can be divided into system adequacy and system security.

System adequacy is defined as [22, 23]:

the ability of the system to supply its load while taking into consider-
ation transmission constraints and scheduled and unscheduled outages
of generators and transmission and distribution facilities.

System security is defined as [22]:

the ability of the power system to withstand disturbances arising from
faults or unscheduled removal of bulk power supply equipment.

In short, system adequacy handles the static conditions while system security
treats system dynamics or transient disturbances. A term common in system relia-
bility is “power quality”. Power quality relates to frequency, voltage and harmonic
characteristics. For large users such as industries, power quality problems can bring
severe consequences.

This thesis treats system adequacy and only considers interruption costs due to
unscheduled power outages, not costs due to problems with power quality.
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2.1.2 Three Functional Zones

The overall power system can be divided into three basic functional zones: gen-
eration, transmission and distribution [23]. System adequacy assessment can be
carried out at all three of these levels [9]. Beside this division, there is also dis-
tributed generation which consists of relatively small-scale generation within the
distribution level. Distributed generation is not considered in this thesis. Histor-
ically, most attention has been given to reliability analysis of power generation.
The rationale for this has been that generation stations are very capital intensive
and generation failure can have widespread and catastrophic consequences [9]. In
contrast, investments in distribution systems are relatively cheap and outages in
distribution systems will only have local consequences. A main reason as to why
distribution system reliability has gained interest recently is that the majority of
the outages seen by customers occur in the distribution system and that regulatory
regimes have put a spotlight on this.

Even though failures in generation or transmission will affect distribution reli-
ability, reliability assessments of distribution systems are often treated separately
from the other zones [24]. One main justification of this simplification is that
because the majority of the outages seen by customers occur in the distribution
system, reliability indices will not change much if failures in the generation and
transmission system are included in the analysis [24]. The focus of this thesis is to
concentrate on reliability assessment of distribution systems, and the input points
are considered to be fully reliable.

2.2 Using Cost-benefit Analysis to Find an Adequate Level
of Reliability

Finding an adequate level of reliability in a power distribution system is a difficult
task. If the reliability level is very low, outages will be common and the interruption
costs experienced by customers will be high. At the other end of the spectrum, if
the reliability level is very high, customer interruption costs will be low but there
will be large costs for the DSO to maintain the high level of reliability. Somewhere
in between is the social “optimal” reliability level, where the sum of the costs
experienced by the customers and the DSO have its minimum [23]. This is a point
where the marginal customer interruption cost is equal to the marginal DSO cost
for maintaining the specific reliability level, as shown in Figure 2.2.

Cost-benefit analysis is a technique that can be applied in a market that does
not produce the desired output on its own [25]. Because DSOs are generally have a
monopoly position, network investments will not be driven to a social optimum by
market forces and other incentives must be introduced. In its simplest form, cost-
benefit analysis shows whether the benefits for society are larger than the costs
for a particular project [25]. If that is the case, the project should be undertaken
and otherwise not. Cost-benefit analyses do, in contrast to analyses made by pri-
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Figure 2.2: Customer interruption cost, DSO cost for maintaining a specific reliability
level and total cost for society as a function of system reliability.

vate companies, take social externalities and non-monetary costs and benefits into
account when deciding if a project is beneficial for society [26].

In cost-benefit analysis applied to distribution systems, the benefit experienced
by the customers is compared to the costs experienced by the DSO for different
action alternatives in order to find the best alternative. The action alternatives aim
to enhance reliability, which can be done by means of investments, reinvestments,
increased maintenance or changes in operational schemes [23]. The application of
cost-benefit analysis to power systems has been a topic for extensive research for
several years [1–6]. Using cost-benefit analysis for this purpose is equivalent to
considering the total cost curve in Figure 2.2 and choosing the action alternative
that gives the lowest point on the curve. The comparison itself is not difficult
to perform but the challenge is to estimate the customer interruption cost and
the cost experienced by the DSO. This is done by assessing the apparent risks
in the distribution system for each of the different action alternatives, as well as
assessing the cost of enhancing the reliability level. In risk assessment, not only the
probability of power interruptions but also the severity of their consequences must
be included.

The DSO cost curve in Figure 2.2 contains both the tangible costs for the
reliability enhancement, such as investment costs, and also intangible costs, such
as loss of goodwill in case of frequent interruptions. Furthermore, there are also
regulations that affect the costs due to power interruption that the DSO experiences.
These aim to shift the cost curve of the DSO so that it has its minimum at the
social optimal level of reliability, as shown in Figure 2.3. Often regulations include
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both penalties at low reliability levels and incentives at high levels [10]. When
the DSO is a profit maximizing entity, it will try to keep the reliability level at
the point where its cost is minimized. Therefore shifting the DSO cost curve to
have its minimum at the same reliability level as the total cost curve gives good
prerequisites for the social “optimal” level of reliability to be achieved. However,
to obtain a regulation that does this is very difficult.

System reliability
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DSO cost
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interruption
cost

Total cost
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optimal level of reliability

Effect of
regulation

Figure 2.3: Customer, DSO and total cost for society as a function of system reliability
with efficient regulations that effect the cost curve of the DSO.

In this thesis the effects of regulations are not considered. For the DSO, only
monetary costs due to reliability enhancements will be included in the cost-benefit
analysis. The costs experienced by the customers are the main focus and they will
be described as realistically as possible. Regulations and their effects, as well as
intangible costs for the DSO, will be the scope for the continuation of the project.

2.2.1 Different Reliability Perspectives

Costs due to power interruptions are faced both by customers and the DSO, and
risk assessments can be carried out from either of the two perspectives. There is
also a third perspective, the one of the regulator who aims to introduce a regulation
that leads to a system reliability level that is acceptable for society. The regulator
must therefore consider the perspective of both the customers and the DSO.

Perspective of the Customers

Factors Affecting Customer Interruption Cost
Interruption costs depend on both outage attributes and customer characteris-
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tics [13]. How much a customer suffers from an interruption of electric supply
depends on how dependent the customer is on electricity. To begin with, different
types of customers, for example, a household and an industry, may be affected in
very different ways by the same interruption. The inconvenience and cost caused by
the outage is defined by the activities that were interrupted by the outage, activities
that can be captured in the customer characteristics. The level of preparedness of
the customers also influences how much they will be affected by an interruption [13].
Note that this level most likely depends on the experience customers have of power
outages. After a major blackout many unprepared customers probably have pur-
chased back-up equipment or in another way elevated their level of preparedness.
Of course characteristics of the outage itself such as duration, frequency and time
of occurrence, have an impact on the interruption costs [27]. The size of a blackout
also affects the interruption costs and inconvenience [13]. Furthermore, geographic
attributes such as outdoor temperature or frequency of storms can be considered to
affect the interruption costs [28]. Outdoor temperature will have an impact on the
consequences for residential customers and storms usually cause long-lasting power
interruptions.

Cost Categories
Interruptions costs can be divided into direct and indirect costs these can in turn
be divided into having an economic or a social impact [8].

Direct costs are costs directly caused by electrical energy not being supplied.
For industrial and commercial customers direct interruption costs are lost produc-
tion, product loss due to spoilage or paid staff being unable to work, which all of
have an economic impact [8]. For residential customers direct interruption costs are
loss of leisure time, spoiled food, transportation delays and uncomfortable indoor
temperature [8]. Most of the interruption costs for residential customers have a
social impact, although spoilage of food or purchases of candles have an economic
impact. Usually the direct interruption costs experienced by industrial and com-
mercial customers can easily be converted into monetary terms. For residential
customers, however, interruption costs are harder to relate to economic costs. A
good way of measuring the inconvenience and hassle that the outage caused must
be found, and this is not an easy task.

Indirect costs are not caused by the interruption itself but by an indirect con-
sequence of the outage. An example of an indirect cost that has a social impact is
an elevated crime rate during a blackout and an example of an indirect cost with
an economic impact is a change in business plan due to the blackout [8].

Most of the impacts of an outage mentioned are short-term, but also long-term
impacts exist, such as installation of protection devices [8].

Perspective of the DSO

The DSOs are responsible for the distribution system planning. Their business
issues include minimizing investment, maintenance and operation costs as well as
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having an appropriate infrastructure to meet customer needs. The overall goal for
investor owned DSOs is to maximize profits rather than to maximize social welfare.
Although this makes customer interruption cost information less important than
for public owned DSOs it is still helpful for all DSOs to have an understanding
of customer interruption costs to be able to design value added reliability services
that can increase profit and customer satisfaction [29]. The costs of the DSOs are
also greatly influenced by network tariff regulations. Strategies are required for
managing assets and linking investment decisions to reliability and customer needs,
such as the value-based reliability planning (VRBP) approach.

In value-based reliability planning, the DSO uses cost-benefit analysis to find a
balance between the costs of the DSO for enhancing the reliability and the customer
interruption costs [7]. Some DSOs have started using VBRP in their planning
activities [7]. However, investment decisions are seldom based on purely matching
marginal costs for the reliability enhancement to marginal customer benefits, it is
more common that also aspects such as energy not supplied are taken into account
[30]. For example, the DSO E.ON Sverige AB in Sweden has developed a tool that
can be used to prioritize between different projects that aim to enhance reliability
[31]. The tool considers different aspects such as regulation and customer benefits.

Perspective of Regulator

The regulatory authority partly determines the DSOs cost for power interruption
through network tariff regulations. Ideally, the regulation should influence the
DSOs in such a way that they operate, plan and maintain distribution systems in
a socioeconomically optimal way. This is related to finding the reliability level that
corresponds to the minimum point of the total cost curve in Figure 2.2.

To define the incentives and penalties for the DSOs the regulatory authority
has to know how customers value reliability. Examples of countries that have
incentive/penalty regimes are: United Kingdom, Hungary, Norway, Ireland, Italy,
Portugal, Estonia and Sweden [10]. These countries have different standards for
quality and customer compensations. Also standards for a single customer, such as
maximum duration of an interruption, are established in some countries to make
sure that even the worst-served customer does not suffer too much [10].

In Sweden, network tariff regulation is carried out through the Network Per-
formance Assessment Model (NPAM), which is described in [32]. Principles for
a new type of regulation that, if introduced, would replace the NPAM has been
investigated in [33]. In parallel to this regulation, laws for customer compensations
for power interruptions longer than 12 hours exist [34]. From the year 2011 another
law will come into effect which state that unplanned outages may not exceed 24
hours. This will imply very large costs for the DSOs for long power interruptions.
How the DSOs will deal with these costs, often caused by extreme events that occur
very infrequently such as hurricanes, is an open question. Minimizing the risk for
long outages demands intensive investments.
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2.3 Risk Assessment

In order to perform a cost-benefit analysis a risk assessment has to be conducted for
each action alternative aimed to enhance reliability. This section gives a definition
of risk concepts and presents the application of risk assessment to distribution
system reliability made in this thesis.

2.3.1 Risk Concepts

Firstly the term “risk” has to be defined. In the international standard IEC 60300-
3-9 [35], risk is defined as “the combination of the frequency, or probability, of
occurrence and the consequence of a the specified event [that is identified to do
harm]”.

Risk assessment attempts to answer three fundamental questions [35]:

1. What can go wrong (by risk identification)?

2. How likely is this to happen (by frequency or probability analysis)?

3. What are the consequences (by consequence or impact analysis)?

Risk assessment is defined as the overall process of risk identification, risk analy-
sis and risk evaluation, as illustrated in Figure 2.4. By performing a risk assessment
risks implicit in a technological system become visible, and the assessment can serve
as a basis for the decision-making process including a cost-benefit analysis.

Risk identification

Risk analysis

Risk evaluation

Risk 
Assessment

Risk
Management

Risk reduction/control

Figure 2.4: A simplified relationship between different risk concepts.
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In [35] the three parts of risk assessment: risk identification, risk analysis and
risk evaluation are defined as:

Risk identification: Process of recognizing that a hazard exists and defining its
characteristics.

Risk analysis: Systematic use of available information to identify hazards and to
estimate the risk to individuals or populations, property or the environment.

Risk evaluation: Process in which judgments are made on the tolerability of the
risk on the basis of risk analysis and taking into account factors such as
socioeconomic and environmental aspects.

Risk management expands risk assessment, as shown in Figure 2.4, by also
attempting to control the risks, which includes decision making, implementation
and monitoring.

2.3.2 Risk Assessment Applied to Distribution Systems

In this section, the application of general risk concepts to power distribution systems
made in this thesis is discussed.

As stated above, not only the probability of power interruptions but also the
severity of their consequences has to be included in a risk assessment of a power
distribution system. This can only be achieved using a probabilistic technique [9],
such as the one used in this thesis.

A risk assessment requires the three models shown in Figure 2.5: an interruption
cost model, a load model and a reliability model [23]1. The interruption cost model
can, depending on the chosen perspective for the analysis, be formulated in two
ways. It can either incorporate customer interruption costs or the costs for the DSO.
As stated earlier, this thesis considers the customer-oriented perspective. Customer
interruption costs are normalized by, for example, demanded load. The customer
interruption cost model thus predicts normalized interruption costs [SEK/kW]. A
load model that predicts the loss of load due to an outage is also required. By
combining the customer interruption cost model and the load model, customer
interruption costs are estimated in monetary terms. Using a load model, also load
indices that are important for the analysis can be estimated. The load model can
either model the average annual load or the actual time-varying load of the system
by using chronological load curves. In order to assess the probability of power
interruptions, a reliability model that describes the failure and restoration process
of the components in a power system is also needed.

The steps A - E, shown in Figure 2.5, describe the cost-benefit approach taken
in this thesis. For each action alternative identified to enhance reliability a risk

1Often the expression “reliability worth assessment” is used to describe the assessment of the
probability and consequences of power interruptions for a system. With the definitions used in
this thesis this is the type of risk assessment considered.



18
CHAPTER 2. COST-BENEFIT ANALYSIS APPLIED TO DISTRIBUTION

SYSTEM RELIABILITY

Risk assessment 
for action alternative k = 1,…,K

Model formulation

Interruption
cost model

Reliability
model

Load 
model

Monte Carlo simulations Reliability enhancement cost
for action alternative k

Cost-benefit analysis
(Comparison of all K action 

alternatives)

FMEA and 
System data

A

B

C D

E

Figure 2.5: Risk assessments for all the different action alternatives are carried out, and
the results of these are used to compare the alternatives in the cost-benefit analysis.

assessment, consisting of step A-C, is carried out. The system data will change for
each action alternative, since the implementation of an action alternative will have
an effect on the system reliability. Thus, the data in Step A must be recollected
for each action alternative, using the new conditions, and steps B - C have to be
redone.

A The first step is to aquire system data, including network configuration, reli-
ability, load, and customer data. Based on this a Failure Mode and Effect
Analysis (FMEA)2 is performed. FMEA is a systematic technique for failure
analysis that aims to list the different possible failures for each component
and the effects that the failures have on the system [36]. The application to
distribution systems is briefly discussed in Section 2.5.3 and more throughly
in [36]

B The next step is the formulation of interruption cost, load and reliability models.
A review of existing approaches to modeling customer interruption costs is

2FMEA becomes FMECA if priorities are assigned to the failure modes [36]. Here no attempt
will be made to distinguish between FMEA and FMECA.
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given in Chapter 3 and the customer interruption cost model developed is
presented in Chapter 4. The proposed load model is also described in Chapter
4. In Chapter 5 a review of existing reliability models is presented and the
developed reliability model is found in Chapter 6.

When formulating the models it is important to take dependencies into con-
sideration. Firstly, there are time dependencies in all three models. Customer
interruptions costs depend on the timing of the outage. The load demanded
by customers will also vary with time, both on a daily and on a seasonal basis.
Regarding the reliability model, some failure causes such as severe weather
are more likely to occur during certain periods of the year. However, there
are also other possible dependencies present. As stated in Section 2.2.1, the
level of preparedness of the customers is dynamic and dependent on historical
outages experienced by the customers3. This can be captured by modeling
a direct dependency between the interruption cost model and the reliability
model. At high loads, there is a lower level of redundancy in a system, and
the reliability level is thus reduced causing a connection between the load
model and the reliability model. This thesis develops a set of models that
incorporate the time dependencies within each model. Possible interactions
between the models that are not captured through the time dependencies are,
however, not modeled.

C Risk assessment is performed through Monte Carlo simulations as described in
Section 2.6. Generally, Monte Carlo simulations are used to incorporate un-
certainty into a calculation, and thus include the probability that parameters
will vary from their average values. Results of a Monte Carlo simulation are
probability distributions of a number of different distribution system indices.
These indices are measures of the apparent risk in the system. The standard
approach in the analysis is to use average values for distribution system in-
dices. However, it is also important to be aware of the risk of extreme events
since these kinds of events might bring devastating consequences. Since Monte
Carlo simulations provide the entire probability distribution it is possible us-
ing risk tools to measure the risk of extreme events. Some approaches to
measure the risk of extreme events are discussed in Section 2.7.

D Reliability enhancement cost includes all costs incurred by the DSO as a re-
sult of the action alternative that aim to enhance reliability. Examples are

3Customers willingness to pay to avoid power outages was investigated before and after the
major storm Gudrun in Sweden. It is plausible to assume that customers would be willing to pay
more to avoid outages after the storm having realized how vulnerable they were. The results in [37]
indicated the opposite. The number of respondents claiming not to be willing to pay anything at
all increased in the survey conducted after the storm. These can be seen as a protest against the
DSOs for the long-lasting outage caused by the storm. In many cases the access to continuous
supply of electricity is seen as a social “right”. This shows that it may be difficult to assess the
dynamic relationship between reliability and interruption costs.
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investment, maintenance and operation costs due to the particular action
alternative.

E Risk assessment and the estimation of the reliability enhancement cost is per-
formed for the different action alternatives identified to enhance reliability.
The effects of the action alternatives are then compared in a cost-benefit
analysis to decide which one is preferred. As a reference, one action alterna-
tive should be to maintain the current situation. If an action alternative does
not imply lower total cost than this reference, it should not be implemented.

2.4 Distribution System Indices

To evaluate different action alternatives from a reliability viewpoint, indices are
estimated with and without proposed changes in the network, operating conditions
or protection scheme. Of course, also the costs of different alternatives have to be
considered in the overall evaluation. Comparing the indices before and after the
change and not against fix values makes the analysis less vulnerable to estimation
errors [9]. This since the uncertainties in data and system requirements affect the
index both before and after the action alternative has been implemented.

The indices work as benchmarks for planners. Distribution system reliability
can be described by load point and system indices, which both commonly are
evaluated on an annual basis [23]. The load point indices most commonly used
are the average annual outage frequency, λ, the average outage time, r, and the
average annual unavailability or average annual outage time, U [9]. The system
indices can be calculated by using weighted averages of the individual load point
indices. The load point and system indices can be used to assess past or predict
future performance.

Among the system indices, the customer-based reliability indices are the ones
most commonly used [29]. These indices weight each customer equally. For ex-
ample, a household is given as much importance as an industrial customer. Popu-
lar customer-based reliability indices are: System Average Interruption Frequency
Index (SAIFI), System Average Interruption Duration Index (SAIDI), Customer
Average Interruption Duration Index (CAIDI), Average Service Availability Index
(ASAI) and Average Service Unavailability Index (ASUI) [23]. These indices are
defined in Appendix A.

Examples of load related indices are Energy Not Supplied (ENS) or Expected
Energy Not Supplied (EENS). To estimate consequences for the customers, reliabil-
ity worth indices as Expected Customer Interruption Cost (ECOST) or Interrupted
Energy Assessment Rate (IEAR) are often used. To calculate ECOST and IEAR,
customer valuations of electric supply reliability, generally in the form of customer
interruption costs, are needed. The indices ECOST and IEAR can be evaluated on
either load point or system level depending on the purpose of the study [23].
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2.5 Predictive Reliability

Reliability analysis started as a set of records and a compilation of outage events.
The concept of predictive reliability then developed. Using this it was possible to
actually predict the performance of the system and evaluate different action alter-
natives intended to enhance reliability. The goal of predictive reliability is to get
a prediction of load point and system reliability, by using a model for the compo-
nent failure and restoration process. The reliability level is commonly measured
by the indices described in Section 2.4. How system and load point reliability is
affected by component reliability depends on the components themselves as well as,
for example, network configuration and the protection system employed.

2.5.1 Failure and Restoration Process

In order to estimate reliability indices one must be able to predict system behavior.
The components in a distribution system, such as lines, cables, transformers and
breakers, are usually modeled as either operating or not operating due to failure.
This is modeled using the two states “up” and “down”. The Time To Failure (TTF)
for a component is the time until a failure occurs, and the component is no longer
operable, i.e. the time spent in the up state. The time until a broken component is
available again, i.e. the time spent in the down state, is the time it takes for it to
be replaced (RpT) or repaired (RT). This is illustrated in Figure 2.6, where TTR
is a common notation for RpT and RT.

Figure 2.6: The failure and reparation process of a component.

Every power system has a protection system, consisting of breakers, fuses and
disconnectors, that has the purpose of protecting components in the system, sec-
tionalize the feeder and isolate faults. The time it takes for the operator to locate
and isolate a fault by using disconnecting components is called the switching time
(SwT). During the switching time, the component is assumed to be in the down
state. Two different kinds of faults are generally considered in reliability analysis:
active and passive faults [9]. Active faults, such as ground faults and short circuits,
trigger the protection system. When a passive fault occurs, the protection system
does not have to react. An example of a passive fault is a breaker that sponta-
neously opens. In order to detect whether a fault is temporary or permanent the
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breakers reclose. If the fault is cleared after the reclosing sequence the fault is only
temporary and the affected load points will only be unsupplied during the short
reclosing time (RcT). If the fault remains after the reclosing sequence the fault is
permanent and the load point will be unsupplied for a longer duration.

2.5.2 Analytical Techniques and Monte Carlo Simulations

Both analytical and Monte Carlo simulation techniques are used in the field of
predictive reliability. In the past, analytical techniques were the ones most often
used for calculating reliability indices because of their short computation times.
Many distribution systems consist of radial feeders, or are operated radially with an
open point in a meshed system. This makes using different analytical methods easier
than if the systems were operated as meshed systems. The load point reliability
indices λ, r and U can be estimated using a mathematical model that uses average
values of TTF, RT, RpT, etc. The results are estimates for the mean values of the
load point reliability indices and from these values, system and reliability worth
indices are calculated. For an overview of different analytical methods, see [9].

With the increased availability of high speed computers Monte Carlo techniques
have won more interest for power system reliability analysis [23]. Monte Carlo
techniques have the advantage of being able to assess the reliability of more complex
distribution systems than analytical techniques can assess. Monte Carlo simulation
is a method that reproduces the random behavior of power systems by treating the
problem as a series of real experiments. Hence, the Monte Carlo method does not
only derive the mean value of an index, as analytical techniques do, but also its
probability distribution function. Instead of having averages for the input variables
the Monte Carlo technique is based on treating the inputs as random variables
and letting them take values according to probability distributions. The times,
TTF, RT, RpT, SwT and RcT are all assumed to be random variables. Commonly
used distributions for these variables are, exponential, normal and lognormal [38].
Through repeating the procedure many times, the probability distribution for the
sought indices are obtained.

Monte Carlo simulation processes can be divided into two different types: non-
sequential and sequential methods. For the sequential approach the time intervals
are picked in chronological order, while for the non-sequential approach this is
not the case. Since the time intervals are chosen in chronological order the time
sequential approach allows for the inclusion of the time dimension in the reliability
analysis of the system indices. Hence, the time sequential Monte Carlo simulation
technique allows to model systems that are past-dependent, that is the current state
depends on the history.

A non-sequential approach for assessing reliability indices of distribution systems
was taken in [39], while a time sequential approach was applied in [38].
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2.5.3 Failure Mode and Effect Analysis (FMEA)

Before the analytical calculations or Monte Carlo simulations can take place, a
preparatory step must first be performed. For each possible failure event, caused
by a failed component, the affected load points have to be identified and the type
of outage time (RcT, SwT, RpT or RT) for each load point must be determined.
Some load points will be affected only by a switching time for a certain failure
event while others will be unsupplied during the whole replacement or repair time.
These outage events can be identified by using the FMEA (Failure Mode and Effect
Analysis) method. The different possible types of component failures are included
in the FMEA method as separate failure events. For example, a transformer can
experience either a temporary or a permanent fault. These are two separate events
in the FMEA method. Therefore is it important that if the first events has oc-
curred, the second can not occur until the first one is cleared. Note, however, that
events affecting different components may overlap. For an illustration of the FMEA
method applied to a distribution system, see Appendix B. The load points that are
affected and the type of outage time for a load point will depend on the protection
system, network configuration and maintenance philosophy. Doing this mapping
for an entire distribution system is the most difficult part of the analysis [38].

2.6 Time Sequential Monte Carlo Simulations

The simulation approach chosen in this thesis is time sequential Monte Carlo simula-
tion where the state duration sampling technique [23] is used to simulate component
operating histories. Using the chosen simulation approach, probability distributions
for the reliability indices can be obtained in addition to mean values. Having the
probability distributions for reliability indices is preferable in risk evaluations since
it provides an extra dimension of the risk when the likelihood of exceeding a certain
value can be estimated.

Studying the effect that the timing of an outage has on interruption costs and
possible time correlation during the year between increased failure rates and high
costs are the two main tasks of this thesis. This makes the time sequential Monte
Carlo method the natural choice of simulation procedure. With this approach the
actual chronological patterns during the year and random behavior of the system
can be simulated, which makes it possible to incorporate time-dependent failure
rates, restoration times, customer interruption costs and loads. Time dependence
can be included using analytical methods as well, but then the random behavior
of the system, and thus extreme events, cannot be considered [40]. There are,
however, also drawbacks with the sequential simulation procedure, as it requires
more computation time and data storage compared to non-sequential simulation
approaches.
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2.6.1 Simulation Procedure

The time sequential Monte Carlo simulation technique used consists of the thirteen
steps described below. This is a further development of the standard procedure
found in [38], [41], and [42]. The main development, which is considering multiple
overhead line/cable failures, is in Step 8.

Step 0: A preparatory step that is not a part of the actual computer simulation.
Acquire network configuration and data on component reliability, load and
customers. Perform FMEA, which includes event identification and assigning
a consequence for each load point.

Step 1: Simulation starts, n = 1.

Step 2: Set current simulation time equal to zero (t = 0). All components are
assumed to be in the up state.

Step 3: Generate a standard uniform random number for each event and convert
to time to failure, TTF, using each component failure probability distribution.

Step 4: Determine the failure event that will occur first, i.e. the one with the
smallest TTF. Set this time as T and adjust the current simulation time
t = t+ T .

Step 5: If the current simulation time t is larger than sample length Tf then go
to Step 10. Often the sample length is set to be one year and Tf = 8760
hours. Otherwise, proceed to Step 6.

Step 6: If the failure event is a permanent fault, two random numbers that are
converted into a repair/replacement time (RpT/RT) and a switching time
(SwT), respectively, are drawn. If the failure event constitutes a temporary
fault, one random number that is converted into a reclosing time (RcT) is
drawn.

Step 7: The affected load points are identified for the failure event and the type
of outage time (RpT/RT, SwT or RcT) for each affected load point is deter-
mined. This is done using the results of the FMEA in Step 0.

Step 8: For each affected load point, the outage duration, energy not supplied
(ENS) and customer interruption cost (COST) are recorded. Also the number
of outages for the affected load points is updated. If a load point is affected
by a new failure event before it has regained supply, the overlapping time
is deducted from the new outage time. If a failure of an overhead line or
a cable occurs, it is investigated if this failure overlaps another overhead
line/cable failure. This is important for meshed and looped systems because
the redundancy of the system can be overruled by two overlapping failures,
resulting in far worse consequences for the affected load points.
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Step 9: A new random number is generated and converted into a new TTF for
the considered failure event. The current simulation time, t, is added to this
time. Go to Step 4.

Step 10: For every load point in the system, calculate the indices that are of
interest for the current sample or simulated year.

Step 11: If the stopping criterion is fulfilled, then proceed to Step 12. Else
update the number of simulated samples, n = n + 1, and return to step 2.
Stopping criteria are discussed in Section 2.6.3.

Step 12: Data evaluation based on all simulated samples. Estimate averages
and probability distributions for the indices of interest.

In Chapter 8 the time sequential Monte Carlo technique is visualized through
the flowchart in Figure 8.3 with additional considerations for time-varying failure
rates and restoration times.

2.6.2 Calculation of Indices
The operating and restoration histories of all components and load points are saved
during the simulation to be used for estimations of averages and distributions of
the load point indices. The three basic load point indices average annual outage
frequency, λi, average outage time ri and average annual outage time Ui for a load
point i are calculated as:

λi = Mi∑N
n=1 Tui,n

(2.1)

ri =
∑N
n=1 Tdi,n
Mi

(2.2)

Ui =
∑N
n=1 Tdi,n
N

(2.3)

where N is the total number of simulated samples,Mi is the total number of failures
for load point i during all simulated samples, and

∑N
n=1 Tui,n and

∑N
n=1 Tdi,n are

the summations of all up time and all down times for load point i.
The reliability worth indices are estimated for each load point, i, in the system

as:

ECOSTi =
∑N
n=1 COSTi,n
N

(2.4)

EENSi =
∑N
n=1 ENSi,n
N

(2.5)

IEARi = ECOSTi
EENSi

(2.6)
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where COSTi,n and ENSi,n is the interruption cost and energy not supplied, respec-
tively, for load point i during sample n. The Monte Carlo approach also provides the
whole probability distribution of the indices, which is utilized by the tool presented
in Section 2.7.

2.6.3 Stopping criteria
To find the number of simulated samples N that are needed a stopping criterion
that allows the simulation to run until the reliability indices have reached a specified
degree of accuracy must be implemented. A commonly used stopping criterion
utilizes the coefficient of variation, β, defined as [23]:

β = σ(X)
E(X) · √N (2.7)

In equation (2.7) the reliability index estimated is denoted X . In multi-index
studies where the aim is to estimate many reliability indices the stopping criterion
is preferably set with respect to EENS, since it has been established that EENS has
the lowest rate of convergence [23]. In such a case X in equation (2.7) is a vector
consisting of the ENS values for all samples. The maximum tolerance error (ε), as
for example 3 % or 0.03, is also specified. When the inequality:

β < ε (2.8)

is fulfilled the simulation is terminated. Monte Carlo techniques are suitable for
large-scale system reliability evaluations since the required number of samples N is
independent of the size of the system [23]. For a desired maximum tolerance error
ε, the required number of samples N rather depends on the system unavailability.
Another stopping criterion used is simply to choose a sufficiently large N . To make
sure that N is large enough plots of average load point indices as a function of n,
n = 1, . . . , N , can be produced to check convergence. To decrease the number of
necessary samples, variance reduction techniques such as stratified sampling can be
used [23]. A variance reduction technique was used on a simple test system in [43].

2.7 Including Extreme Events in Risk Assessments

In many cases only the average values of annual system indices are considered in
risk assessments of power systems. Power systems are, however, in most cases
extremely reliable and power outages are rare events. Using average values may
therefore, be misleading since the “average year” never occurs. In the majority of
years a small number of power interruptions occur, and during extreme years with
for example a major storm, many interruptions can occur. The average indices are
based on all years, but a year that produces these average indices may never have
had occurred. Therefore, in addition to the average values, more extreme events
can also be considered in the analysis. Even though the extreme events, located in
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tails of the probability distributions, represent events that occur very infrequently
the consequences of these events are serious and should therefore not be ignored.

2.7.1 Value-at-Risk and Conditional Value-at-Risk
In the finance industry, Value-at-Risk (VaR) is used to estimate the risk resulting
from the interaction of a large number of traded assets. This means that VaR is
applied to a loss function describing the potential loss. The formulation of the loss
function in distribution system applications can be made from either the perspective
of the customers or the perspective of the DSO, depending on whose costs of power
interruptions are considered. In this thesis, it is the customer interruption cost
that is addressed. VaR is thus used to measure the maximal annual customer
interruption cost that will not be exceeded during, for example, 95 percent of all
years.

Formally, VaR at the confidence level α is given by:

VaRα = inf{x ∈ R : P (X > x) ≤ 1− α} (2.9)
= inf{x ∈ R : FX(x) ≥ α}

where FX(x) is the cumulative distribution function of the stochastic variable X .
Usually α is set to be 0.95 or 0.99 [44]. A drawback of VaR is that it does not
give any indication how great costs are that occur with a probability of 1-α [44].
To estimate these costs, the average of the costs in the tail of the distribution can
be calculated using Conditional Value-at-Risk (CVaR). CVaR is thus the expected
annual customer interruption cost during, for example, the 5 percent most extreme
years. For a stochastic variable X with continuous cumulative distribution FX ,
CVaR at confidence level α is given by:

CVaRα = E(X |X ≥ VaRα) (2.10)

VaR and CVaR at the 95 percent confidence level, together with the mean value,
are illustrated in Figure 2.7. If a probability distribution is heavy-tailed the VaR is
considerably higher than the mean value. Examining this value is interesting since
it provides an additional dimension to the risk assessment. Regardless of whether a
system is operating well on average, VaR provides a measure of the risk for extreme
costs. It is important to note that VaR always should be calculated over a specific
time period. In this thesis VaR is applied on reliability indices which are calculated
over one year.

In [45] VaR is introduced for the application to transmission system planning
in order to minimize the customer interruption costs. An application of VaR to
distribution systems is found in [46], where it is concluded that implementation of
VaR in risk assessments of power systems is at its only beginning.

A common assumption in power system reliability is that component failures are
independent [9]. In [45] it is emphasized that VaR and CVaR under this assumption
can be expected to underestimate the probability of great costs since failures are



28
CHAPTER 2. COST-BENEFIT ANALYSIS APPLIED TO DISTRIBUTION

SYSTEM RELIABILITY

−10 0 10 20 30 40 50 60 70
0

1

2

3

4

5

6

7

8

x 10
−3

X

P
ro

ba
bi

lit
y 

de
ns

ity

E(X) CVaRVaR

Figure 2.7: The mean value and VaR and CVaR at the 95 percent confidence level.

not independent during the extreme outage events that cause the extreme costs.
During, for example, severe weather all components become dependent on the same
common factor, the weather intensity, and multiple failures are relatively common.
The increased probability of component failures during extreme conditions must be
included in the analysis in order to avoid the underestimation.

2.7.2 Copulas
One way to capture the dependence between two or more stochastic variables is to
use copulas. By Sklar’s theorem any joint probability distribution can be obtained
using copulas [44]. Copulas can be used to describe two stochastic variables that
under normal circumstances are almost independent while they during extreme
events are highly dependent. This cannot be achieved by using for example linear
correlation. Copulas do, however, fundamentally rely on the ability of an expert
to assess correlations between stochastic variables [47]. This means that before
the type of dependence structure is clarified, for example, by means of extensive
statistical material, it is difficult to assign an appropriate copula. A step towards
mapping the dependence structure is taken in this thesis by modeling underlying
factors that give rise to the time dependencies in customer interruption costs, load
and component failures.



Chapter 3

Overview of Existing Customer
Interruption Cost Models

The customer interruption cost is an input to the cost-benefit analysis, and it is
needed in order to find an socioeconomically adequate level of reliability. Differ-
ent approaches to assess interruption costs exist. Based on the cost data from
the assessment, a customer interruption cost model is developed that can predict
the consequences of an arbitrary interruption. Various cost models, with a differ-
ent number of outage and customer characteristics included, have been proposed to
model interruption costs. The method used for assessing the interruption costs and
the customer interruption cost model chosen has a direct impact on the accuracy
in the cost-benefit analysis. This chapter gives an overview of the methods used to
assess customer interruption costs and the developed cost models. The chapter con-
cludes with a discussion of possible improvements that can be made when modeling
customer interruption costs.

3.1 Methods to Assess Customer Interruption Costs

Establishing the value of reliability is a subjective task. Looking at the impact of
power outages and the interruption costs that the customers incur is the method
used here. The different methods used to assess customer interruption costs can
be divided into three categories shown in Figure 3.1. These categories are vari-
ous analytical methods, blackout case studies and customer surveys [13]. There is
no universally adopted approach, but DSOs appear to favor customer surveys for
interruption cost information in their planning activities [27]. Usually, customer
interruption costs are assessed for different customer sectors [13]. For example,
customers can be divided into: residential, industrial (sometimes subdivided into
small and large users), governmental & public, agricultural, and commercial cus-
tomers. The customer survey method can in turn also be divided into different
subgroups. Depending on the customer sector different survey methods are often
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applied. For example, residential surveys tend to be designed to capture more
intangible costs such as inconveniences, while commercial and industrial surveys
generally consist of direct economic evaluations.

Methods to assess customer 
interruption costs

Various Analytical Methods Blackout Case Studies Customer Surveys

Figure 3.1: The methods to assess customer interruption costs can be divided into three
categories.

3.1.1 Various Analytical Methods

The various analytical methods analyze the interruption costs from a mainly theo-
retical economic perspective [27]. Using electrical supply rates and tariffs as mea-
sures of reliability worth is an example of an analytical method [9]. To determine
the value of foregone production, one approach used is to take the ratio of the an-
nual gross national product to the total electrical consumption to estimate the value
of each kWh of electrical power [13]. One example for residential customers is to
measure the value of lost leisure time due to an interruption in terms of wage rates.
This method is used under the assumption that individuals make optimum labour-
leisure decisions [13]. It was adopted in [48] and [49] with drawbacks discussed
in [50]. Another example for residential customers is to use an hourly depreciation
rate for household appliances that cannot be used because of the power outage [27].
The advantage with the various analytical methods is that they are straight for-
ward, since they are based on available data. However, since these methods are
based on economic calculations and no direct contact with the customers is taken,
it is difficult to capture the customers’ actual needs and costs.

3.1.2 Blackout Case Studies

The blackout case study method implies conducting a case study of a particular
interruption, often a major blackout [13]. Commonly, the case study aims to in-
clude both direct and indirect costs of the outage. Examples of blackouts upon
which studies have been made are the Canadian Ice storm in 1998 [51] and the
major storm Gudrun in southern Sweden in 2005 [52]. The advantage with this
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approach is that the interruption costs are based on customers’ actual experiences
and not a hypothetical scenario. The disadvantage is that information obtained for
a particular blackout is hard to generalize. No blackouts are identical. Time of year
when the incident occurs and the duration of the outage are factors that influence
the interruption costs. Another disadvantage is that blackout studies rarely are
performed for smaller interruptions, which are the most common.

In [53] a new approach called “Event Chasing” is suggested. In this approach
researchers locate customers that have recently experienced an interruption and
investigate their interruption costs. A drawback with this method is that it may
not be possible to get a representative sample of the population. Customers that
experience low electricity supply reliability will be over represented. Therefore, this
method might work best in countries with a generally low level of reliability. This is
the case in [53] where surveys were conducted in South Africa where load shedding
is relatively common.

3.1.3 Customer Surveys

The customer survey methods focus on the customer valuations of the interruption
cost. The strength of the method is that customers are in the best position to
know their own costs. The customer survey methods were in [27] divided into three
subgroups: contingent valuation methods, direct costing methods, and indirect
costing methods. However, contingent ranking methods have also been used for
assessing customer interruption costs [54]. All four different subgroups are shown
in Figure 3.2 and described in this section.

Customer Surveys

Contingent Valuation 
Methods

Direct Costing Methods Indirect Costing Methods Contingent Ranking Methods

Figure 3.2: The customer survey methods can be divided into four subgroups.

In customer surveys customers are faced with different hypothetical outage
events. For example, the duration of the interruption may differ between events.
Interruption cost data derived from surveys can, however, only cover a fraction of
the possible outage events. Commonly only the interruption costs for the worst
case scenario, i.e. an interruption occurring at the worst time, is surveyed for a few
outage durations [13]. Also more extensive customer surveys that investigate the
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interruption cost for various interruptions occurring at different times of the year,
week and day have been conducted.

Unlike the various analytical methods the customer survey methods are not
based on previously available data. Besides the obvious advantages of collecting
data from customers there are also some drawbacks. Performing a customer survey
is a time consuming and expensive task that requires a large effort to collect a
large data sample. The main drawback with survey methods is that the results are
quite sensitive to the survey design and implementation [55]. Customer surveys
will always generate some “bad” data as unrealistically extreme costs. Therefore
statistical analyses of the raw data should be conducted before the data is used [23].
In [56] and [57] procedures for identifying outliers are presented.

Contingent Valuation Methods

In the contingent valuation methods, customers are asked in the survey to state
how much they are Willing To Pay (WTP) to avoid an outage or how much they are
Willing To Accept (WTA) in compensation for an outage. Studies have shown that
people are more willing to accept money than they are to spend it, which results
in the WTA usually being larger then WTP [27]. Therefore, WTP and WTA can
be seen as upper and lower bounds for the interruption cost.

Residential interruption costs consist mainly of inconveniences experienced dur-
ing an outage. The contingent valuation method is especially suitable for residential
customers, since it aims to capture the valuation of the inconvenience caused by
the interruption [13].

Direct Costing Methods

In direct costing methods customers are asked to identify the impact of a particular
hypothetical interruption and the associated costs. These methods show consistent
results when the monetary losses are easy to identify as for industrial and com-
mercial customers [27]. Examples of costs that these methods capture are costs
for lost products due to spoilage, damaged equipment, lost production or services,
wages paid to employees who are unable to work, or overtime paid to make up for
lost production or services. A drawback with the methods are that for residen-
tial customers, where monetary losses are hard to identify, the methods are less
suitable [27].

Indirect Costing Methods

In the indirect costing methods customers are asked what they are willing to do to
prevent the damage of a hypothetical interruption, for example, pay for insurance
that compensates for possible interruption effects. These methods seek the financial
burden the customers are willing to take to mitigate the effects of an interruption,
and are suitable to be applied to residential customers [9]. The financial burden is
then used as an approximation of the worth the customer puts on reliability [27]. It
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is, however, possible that the derived value is not a good estimate of the reliability
worth but rather is associated with the value put on the replacement good used [27].

Contingent Ranking Methods

In contingent ranking methods a choice experiment is performed. These methods
have mostly been used in the fields of transport, environmental and health eco-
nomics and is new in the field of assessing customer interruption costs due to power
outages [54]. The method is usually applied in the residential sector [55], where
households are asked to choose between two choice sets each connected to a specific
cost. One choice set commonly consists of several different outage events. The out-
age events differ by duration and also by when the outages occurs, both regarding
time of the day and season. A drawback of the approach is that it is not an easy
task to formulate the choice sets and to define the cost attached to each choice
set. For example, in the transport field the choice of transportation (car, bike, bus,
etc) and the associated costs are more easily identified. The contingent ranking
methods are used to assess interruption cost for residential customers in [54].

3.2 Overview of Existing Cost Models

After obtaining customer interruption cost data, using any of the methods described
in the previous sections, a customer interruption cost model is formulated. The
purpose of the model is to make predictions of customer interruption costs for an
arbitrary outage event, which is needed for a relevant cost-benefit analysis.

Cost data gathered from customer surveys provide the cost per interruption.
However, DSO’s planning criteria are based on demanded load, electricity con-
sumption or both [27]. To transform the cost data to usable cost parameters for
planning purposes, cost data are normalized [27]. Another reason for using nor-
malized cost data is to be able to compare costs for customers with similar cost
characteristics but different energy consumption levels [27]. Customer interruption
costs can be normalized with, for example, peak load or unsupplied energy [13].

As listed in Section 2.2.1 a number of different factors, both outage and customer
specific, have an influence on the consequences experienced by the customer during
an outage. Many different attempts to model customer interruption costs have
been made through the years. The main approaches taken are summarized in this
section.

3.2.1 Energy Dependent Models

One of the first models used to estimate customer interruption costs ascribe a cost
to the total energy not being supplied ($/kWh) [13]. An extension was to also use
a cost for the disconnected load ($/kW) together with the cost for energy not being
supplied [13]. The drawback with this approach is that the model does not take
into account anything else coupled to the outage, such as duration.
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3.2.2 Duration Dependent Models

A more recent standpoint is that the customers are more interested in the costs
and the inconveniences associated with the activities that are interrupted during an
outage, than they are with the costs associated with the load being disconnected or
the amount of energy not being supplied [13]. The consequences for customers is, to
a large extent, determined by the outage duration [55]. A commonly used method
is to formulate Customer Damage Functions (CDFs) describing the interruption
cost for each customer sector as a function of outage duration [27]1. The customer
damage function is based on average cost data from a survey and estimates the
cost for intermediate durations not included in the survey by linear interpolations
between the surveyed durations. This method demands cost data for different
outage durations.

Two different procedures for calculating the customer damage functions exist:
the average process and the aggregating process [13]. The average process start
with normalizing the customers’ costs from the survey. After the normalization
an average value of the customers’ normalized costs is calculated to obtain the
customer damage function for each sector. The second procedure, the aggregating
process, is to first summarize the costs of the customers belonging to each sector.
The results are then normalized by dividing with the sum of the normalizing factors
for each sector. Studies have shown that these two procedures do not generate the
same results [57].

A region or a service area consists usually of different customer sectors. By
weighting the sector customer damage functions one can obtain the Composite
Customer Damage Function (CCDF) describing the total interruption cost for a
mixture of customer sectors in a region [27]. There are different procedures for
weighting cost functions. For example, the weight could be determined by the
sector’s fraction of the total annual electricity consumption. Unlike the customer
damage function for a sector, the composite customer damage function is system
dependent because it is determined by the specific customer mixture in the system.

Usually the customer damage function is determined for the worst case. There-
fore, in order to not overestimate the interruption cost, the customer damage func-
tions are recommended for use with average loads or time-varying load curves [58].
In reality, the customer interruption cost is determined by the activities that are
interrupted by the outage. Because activities generally follow a time-dependent
pattern and are valuated differently by customers, the customer interruption cost
will vary with time of occurrence for a given load level and outage duration [59].
The fact that the interruption cost per unit load (or energy, depending on normal-
ization factor) is not constant over time is explored in the time-varying cost models
described in Section 3.2.5.

1CDFs can also be calculated for subdivisions of a customer sector. For example, the residential
sector can be subdivided into single family and multiple family housing.
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3.2.3 Duration and Variation Within Each Customer Sector
Models

The set of cost data for each surveyed duration, gathered from customer surveys,
have been shown to have a large variation within each customer sector. The dis-
tribution of the customer interruption cost for a sector has also shown to be very
skewed [60]. The non-zero cost data have been found in many studies to be well ap-
proximated by a lognormal distribution [55], [61]. Using the average of the skewed
interruption cost distribution in the cost model can lead to an underestimation of
the interruption cost [62, 63].

To capture the dispersed nature of the interruption costs, different models have
been developed. One of these is the probability distribution approach developed
in [64]. The model was applied to the residential sector in [65] and to a test
distribution system with residential and industrial customers in [62]. For the sur-
veyed durations, probability distributions can be approximated from non-zero cost
data but for intermediate, non-surveyed durations this is not the case. Therefore,
the data was in [64] transformed into normal distributions and parameters for in-
termediate distributions were estimated by regression analysis. Then the model
predictions could be obtained by inverse transformation. Together with the prob-
ability distributions also the probability for a zero cost must be modeled. In [63] a
radial basis function neural network was used in order to estimate the parameters
in the probability distribution approach. A different modeling approach was taken
in [66] where an interval-regression based model was developed and applied to the
high-tech industry.

Although these type of models include the dispersed nature of the interruption
costs, they do not clarify why the dispersion exists. However, depending on the
purpose of the model it might not be necessary to explain the cause of the dispersion.

3.2.4 Duration and Frequency Dependent Models

The most common way to deal with multiple outages is to simply add the inter-
ruption cost to get the total interruption cost per year. Customers do , however,
become highly adopted to the experienced level of reliability, and if the frequency
of interruption rise high above past levels costs may increase. In [67], the interrup-
tion cost is proposed to be modeled as a function of the frequency of interruptions.
However, details on how the interruption cost depend on frequency is scarce in the
literature. In [68] it is stated that interruption cost can be assumed to be indepen-
dent of frequency as long as the system reliability is not too poor, with a threshold
level on the interruption frequency set to once per month.

3.2.5 Duration and Time of Occurrence Dependent Models

A multiplicative approach to model the interruption cost to be time-dependent
is found in [69] and [70]. How the detailed cost model presented in [69] can be
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approximated with more simplified models are discussed in [71]. The multiplicative
approach built on cost data obtained from more extensive customer surveys that
investigate the interruption cost for a number of hypothetical scenarios occurring in
different seasons, days of the week and hours of the day. This implies that customers
must be asked to estimate how their interruption cost varies. Based on these cost
data, time-varying cost weight factors can be estimated. Three cost weight factors
are used to describe the monthly, daily and hourly variations, respectively. These
time-varying cost weight factors are multiplied with the customer damage function,
which often is estimated on the worst case cost. Hence, if an outage occur at the
worst possible time, the three time-varying factors equal one and for other time of
occurrences they take values less than one. The time-varying cost models of this
kind are usually used together with time-varying load models [59,69,70]. Although
these models are likely to give reasonably accurate cost estimates, they require a
large amount of data to be collected.

3.2.6 Multiple Outage Characteristics Dependent Models

Another multiplicative approach, consisting of factors multiplied with a base cost,
was taken in [55]. In this study a total of nine factors were used. Instead of having a
customer damage function for modeling duration dependency, a base value obtained
from customer surveys was multiplied with a duration factor. Except from the
three time-varying factors, the impact on customer interruption cost from advance
warning of an interruption, advance notice of duration of interruption, type of
customer, frequency of interruptions and number of customers interrupted, were
modeled with five more factors. However, [55] concludes that data in literature
is moderate to non-existing for some of the factors making the parameterization
somewhat difficult.

3.2.7 Multiple Outage and Customer Characteristics
Dependent Models

Instead of only modeling the variation within the customer sector, like the mod-
els in Section 3.2.3, this approach aims to use explanatory variables for customer
characteristic to describe the dispersion in cost data. Also several outage attributes
are commonly used together with the customer characteristics. The model type is
called Tobit, and is an econometric model based on multivariate analysis. In [28] a
Tobit model was used to model the interruption cost to depend on outage duration,
time of day, season, and various customer characteristics such as income and type
of housing. The Tobit model was parametrized using a database consisting of 24
customer surveys conducted during fifteen years in the US.

In a study of interruption costs in Sweden, presented in [72], the outage duration
and households’ characteristics were used as explanatory variables for interruption
cost of residential customers. In contrast to the study in [28], no other attributes of
the outage than duration were included. In another study of Swedish customers [60]
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a Tobit model was used to describe the interruption costs for several customer
sectors. A drawback with the Tobit models is that they require a lot of customer
data. In many cases this data might not be easily available.

Another model approach is the Logit model which is used when customer inter-
ruption costs are derived from the choice set experiments in the contingent ranking
method described in Section 3.1.3. In the Logit model the households’ choices are
described with a utility function and the probability for one choice set to be cho-
sen can be calculated. The marginal willingness to pay for an attribute can after
estimation of the parameters in the utility function easily be derived. By including
different attributes such as duration, time of day, household income in the util-
ity function it is possible to see how much more accurately the model reflects the
behavior in the data. This gives an insight in what attributes of the outage and
customer characteristics are good explanatory variables for customer interruption
costs. The Logit model is a discrete choice model approach that has not yet been
so explored in the power system field [54].

3.3 Discussion of Choice of Method and Possible
Improvements

In this section the choice of method to assess customer interruption costs is mo-
tivated. The section also includes a discussion of factors beside outage duration
that are important to include when modeling customer interruption costs. Some
of these factors have already been proposed in previous publications and some are
new. The section is concluded with identified improvements in modeling customer
interruption costs.

3.3.1 Choice of Method to Assess Customer Interruption Costs

Customer interruption costs is the only tool we have today to measure customers’
perceptions of reliability worth of electric supply. Many different methods to assess
customer interruption costs exists, but they can all be sorted into one of the three
categories: various analytical methods, blackout case studies and customer surveys.

In this thesis the focus is on cost-benefit analysis of distribution systems, which
is a tool used to evaluate different action that are identified to enhance reliability.
For this purpose the preferred methods for assessing customer interruption costs
are found in the customer survey category.

The analytical methods are based on a top-down approach, without any com-
munication with customers. Therefore, the methods provide estimates of customer
interruption costs on a highly aggregated level and are not suitable as input in the
investment decision-process [55]. Blackout case studies concentrate on one specific
blackout, and thus do not provide estimates on how the duration, time of occurrence
and other factors influence the interruption costs. In customer surveys, however,
interruption costs for hypothetical interruptions are investigated and the impact of
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these different factors can be captured. These methods are based on a bottom-up
approach because of the belief that the customers are in the best position to know
their own costs of an interruption. Central in this thesis is the perspective of the
customers, and a realistic description of the consequences of power outages that
they face. Therefore, the customer survey approach is deemed to be most suitable
to provide cost estimates upon which the customer interruption cost model can be
built.

3.3.2 Need for Time-varying Cost Models

Even though several customer interruption cost models that include a number of
different outage and customer characteristics have been proposed the most com-
monly used cost model is the customer damage function (CDF). The customer
damage function only models the interruption cost as a function of outage duration
and is often based on the worst case scenario. The reason for the popularity of the
CDF is that the impact of duration on customer interruption cost is substantial.
Duration is the factor most commonly investigated [13], and it can be hard to find
cost estimates to parametrize a more detailed cost model. The impact of the timing
of the outage is also relatively well covered in surveys [13]. In the surveys, time
variations have been found for all customer sectors except for large user2 and these
variations show different patterns for the different customer sectors. For example,
the costs for residential customers are generally higher on weekends than on week-
days, while the opposite is true for industrial customers [61,73,74]. Using the time
of occurrence when calculating customer interruption costs has gained popularity.
For example, the Norwegian network tariff regulation has recently been modified to
include the timing of an outage when calculating customer interruption costs [75].
The modified regulation will come into effect in the beginning of 2009.

The fact that the maximal interruption cost during the day and week for dif-
ferent customer sectors do not coincide can be valuable to consider in practical
applications. The Swedish Energy Agency has proposed that it should be pos-
sible to use cost-benefit analysis in order to prioritize between customers in case
of electricity shortage when load shedding is necessary [76]. By performing the
disconnection on a distribution level instead of on a subtransmission level, the neg-
ative consequences of load shedding can be minimized when the customers with
the largest needs and highest costs can be prioritized. In a recent study in the
Netherlands [49], it was shown that the order of priority among customer sectors
drastically changes depending on time of day and day of week. Therefore, in order
to prioritize between customers in an efficient way, a time-varying interruption cost
model is essential. An application of a time-varying interruption cost model to
load shedding on a test distribution network was presented in [77]. Another pos-
sible application for time-varying interruption cost models is to determine optimal
operating strategies for distributed generation [78].

2An example of a large user is a paper mill or a steelworks which continuously produces goods.
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Relatively little have been published on estimating the customer interruption
cost associated with a specific outage event in a distribution system [71]. However,
the timing of occurrence has shown to have a large impact on the consequences faced
by customers and a time-varying model is an essential tool in some applications.

3.3.3 Need to Incorporate the Variation Within Each Customer
Sector

There are large variations in customer interruption costs within each customer
sector. It is possible that an outage mainly affects the customers with the highest
costs. Since these customers experience costs that are many times higher than the
average for the sector, the consequences would be far worse than predicted using a
cost model that only considers average values for each customer sector. In order to
capture this and not underestimate the risk for high customer interruption costs,
an alternative would be to incorporate this variation within each customer sector
using a probability distribution approach.

3.3.4 Need to Consider Consequences of Extreme Events

Even though time variations are important to include in the interruption cost model,
there are also other issues to consider if extreme events are to be dealt with. One
issue is the effect of widespread outages. Most outages typically have rather short
durations and only have a local geographic spread (a few city blocks). For these
types of outages it is common to estimate the total costs of the outage by adding
the costs for the individual customers. However, for long-lasting and widespread
outages simply adding the costs of the individual customers may lead to an un-
derestimation of the total cost incurred [79]. One reason for the underestimation
is that intangible costs due to, for example, lack of public services are ignored.
Examples of these types of costs are not being able to use the subway and that
a closed school will force parents to stay at home with their children. Underesti-
mating the total cost can according to [79] result in inadequate catastrophic event
reliability. In [80], which was released in July 2000, it was concluded that a survey
found no cost model that could estimate the cost of large widespread events be-
fore it occurred. The same conclusion was drawn by [55], published three months
later, which made a first attempt without having any numerical data to use for the
parameterization of the model. It should, however, be noted that very widespread
outages usually affect more than one distribution system, even though the fault
might still lie on the distribution level. They might therefore be difficult to capture
when performing cost-benefit analyses for one distribution system at a time.

Capturing intangible costs due to lack of public services is very difficult and
requires knowledge of the interdependencies between electrical systems and public
services [81]. Often, the public sector costs themselves do not include these costs
for a third party. However, both [81] and [60] state that there is a large cost for
the third party due to lack of public services in case of an outage.
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A consequence of asking the customers to estimate their costs themselves is that
the method is likely to give the best results in situations that the customers have
encountered before or easily can relate to [9]. This may not be the case for extreme
events, making them even more difficult to handle.

Some factors that influence the interruption cost are not only time-varying but
also stochastic. This is particularly true for residential customers, while the other
sectors tend to have more deterministic factors. In [82] the effects of the 2001 Kista-
Akalla blackout in northern Stockholm, Sweden, is discussed. The outage lasted
for 34 hours and effected 16 000 households. In the report, a number of factors
that influence the interruption costs for households are investigated. For example,
it is concluded that the consequences of the outage would have been far worse if
it had occurred one week earlier or later when the temperature was as low as -15
◦C. The report states that it in such a case would have been necessary with evac-
uations. However, even though the outage occurred during more benign weather
conditions (+5 ◦C) almost one household out of five suffered from uncomfortable
indoor temperature during the outage.

3.3.5 Identified Improvements

The identified improvements in modeling customer interruption costs are:

• Time-varying cost model for residential customers that does not
increase demands on customer surveys
Using time-varying models is important to model customer interruption costs
more realistically, which is an integral part of a cost-benefit analysis of power
distribution systems. To capture the time of occurrence effect on customer
interruption costs in a customer survey, several hypothetical outage scenarios
occurring at different times must be included. This implies that customers
need to be asked to estimate how their interruption cost varies on a monthly,
daily and hourly basis. For most customer sectors this is reasonably a mod-
erate task since their interruption costs to a large extend are tangible and
monetary. For example, a retail store suffers interruptions costs due to loss
of sales which can be estimated with good accuracy from experience. How-
ever, for residential customers the non-monetary characteristics of interrup-
tion costs can make the estimation difficult. Furthermore, there is a limited
amount of effort that respondents are prepared to put into filling out surveys,
a limitation that is particularly relevant in the residential sector [27]. This
creates an opening for a new approach to estimate the temporal variations of
residential customer interruption costs.
For households the interruption costs usually measure the inconvenience an
outage causes. The inconvenience experienced by households is associated
with the activities, such as cooking, watching TV and washing, interrupted
due to the outage. Since the household activities follows a daily pattern,
the time of occurrence affect the impact of an outage. Most households’
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heating and/or air conditioning is dependent on electricity, thus also temporal
variations in interruption costs due to season exist. Furthermore, the loss of
lighting when it is dark outside also affect the inconvenience experienced.
One approach to model residential interruption costs would therefore be to
use these underlying factors that cause the temporal variations.

• Considering extreme events
Using the actual, stochastic, outdoor temperature to model the seasonal vari-
ation does also makes it possible to estimate the costs for an event that is
extreme in other senses than having a long duration; for example an outage
occurring on an exceptionally cold winter day.
Extreme events, as for example severe weather, often cause long-lasting and
widespread outages, and thus affects a large number of customers. For these
events there are additional costs for customers due to lack of public services.
Public services are often localized in densely populated areas and the number
of public services are often correlated to the number of residential customers in
the same area. Therefore, the additional costs may as a first step be modeled
as a function of the number affected households.





Chapter 4

Proposed Customer Interruption
Cost Model

This chapter presents the proposed customer interruption cost model. A new res-
idential customer interruption cost model is developed. The model aims to incor-
porate the improvements identified in the previous chapter. For application to a
distribution system a customer interruption cost model for all customer sectors is
needed. Therefore, a time-varying model that represents state-of-the-art is chosen
for the other customer sectors than the residential. Both models represent the mul-
tiplicative approach for modeling the temporal variations in customer interruption
costs using time-varying cost weight factors. The dispersed nature of customer in-
terruption costs is taken into account using a probability distribution approach. In
risk assessments of distribution systems also a load model is needed. In this chap-
ter a new time-varying load model that models the demanded load to be temperature
dependent is described.

4.1 General Considerations when Formulating the
Interruption Cost Model for Residential Customers

In most customer surveys residential customers are ask to rank different negative
effects of an outage. Many of the higher ranked negative effects are non-monetary in
their nature [72,73,83,84]. From these rankings it can be concluded that for house-
holds the interruption costs usually measure the inconvenience an outage causes.
The inconvenience experienced by households is associated with disrupted activi-
ties, uncomfortable indoor temperature and loss of lighting [72, 73, 83, 84].

Since the household activities follow a daily pattern and the indoor temperature
during longer outages to a great extent is determined by the outdoor temperature,
which generally varies with season, there are both daily and seasonal variations in
residential interruption costs. These daily and seasonal variations in interruption
costs for the residential sector are presented in for example [73], [83], and [84].

43
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Residential interruption costs for identical outages have also been shown to exhibit
large variations [65], implying that different households have very different costs
for the same outage. For widespread outages affecting a large number of customers
there is also an additional cost for households because the lack of public services
[60, 81]. In relation to the public service cost itself, which is the only cost usually
included in cost-benefit analyses, the cost for a third party can be considerable [60].

In this thesis a new interruption cost model for residential customers is presented
that incorporates both the temporal variations, the distributed nature of residential
interruption costs and additional costs due to widespread outages.

The proposed cost model is a multiplicative time-varying model, as the models
described in Section 3.2.5. The approach in the multiplicative time-varying model
has earlier been to multiply a cost for a reference outage event with time-varying
cost weight factors for hourly, daily, and monthly deviations. These models need
interruption cost data for a variety of outage events in order to obtain the cost
weight factors. This implies that customers need to be asked to estimate how their
interruption cost varies. However, the non-monetary characteristics of residential
interruption costs can make the estimation difficult for the households.

In contrast to the other multiplicative time-varying interruption cost models de-
scribed in Section 3.2.5, the model proposed in this thesis uses data for the underly-
ing factors causing the temporal variations in residential interruption costs: activity
patterns, daylight and outdoor temperature. Because statistics for these underly-
ing factors often are available, the model parameters can be estimated without
residential customers having to directly specify how their interruption cost varies
with time. Activity patterns are often already available in time-use diary data, see
for example [85]. Weather and daylight statistics are also relatively easy to obtain.

To be able to quantify how disrupted activities, loss of lighting and uncomfort-
able indoor temperature affect the interruption cost, customer valuations of how
these effects of an outage influence the inconvenience experienced are also needed.
In customer surveys, these valuations are often included and made on an inconve-
nience scale. The values on the inconvenience scale are not used in absolute terms
but rather to identify how households valuate a certain effect of an outage compared
to the other effects. Thus, the model uses ’hard’ statistical data for the underlying
factors while still maintaining the important connection to the customer valuations
of the inconvenience experienced during an outage. Because of the non-monetary
characteristics of residential interruption costs it might in many cases be consider-
ably easier for a household to identify and rank these effects than to estimate how
their interruption cost varies on an hourly, daily and monthly basis.

To be able to capture the distributed nature of residential interruption costs,
an approach similar to the ones described in Section 3.2.3 is taken. The approach
is to let the cost for the reference outage event vary according to a probability
distribution function. To model the additional cost for households due to lack of
public services during a widespread outage it is assumed that there is a relation
between the number of affected households and the number of public services closed.
When many households are affected by an outage, so are probably also many public
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services. The additional cost is thus modeled to be a function of the number of
affected households.

4.2 Formulation of the Interruption Cost Model for
Residential Customers

Customer interruption costs are commonly normalized before being used, for ex-
ample, with respect to annual peak demand. The normalized interruption cost for
a household, COST (k, t, d), for an outage of duration d, occurring at time t, that
affect k households is modeled as:

COST (k, t, d) = fcustomer(k) · fseason(t) · factivity(t) · C(d) (4.1)

where

fcustomer(k) = Factor for deviation in the number of affected
households from the reference event

fseason(t) = Time-varying cost weight factor for seasonal
deviation from the reference time

factivity(t) = Time-varying cost weight factor for deviation
in activity pattern from the reference time

C(d) = Normalized reference (worst case) interruption cost in
SEK/kW for a household due to an outage of duration d

The influence on the interruption cost due to the widespread effect is modeled
through the multiple customer factor, fcustomer(k), the influence due to outdoor
temperature and daylight is modeled through the season factor, fseason, and the
influence due to activity patterns is modeled through the activity factor, factivity.
All three factors models the deviation from a surveyed reference outage event. The
interruption cost as a function of outage duration is denoted C(d) in equation (4.1).

When a non-widespread outage occurs at the reference time all three cost weight
factors equal one, and the interruption cost, COST (k, tref , d), equals C(d). Often
the reference time included in surveys is the worst possible time of day, day of week,
and month, reflecting the worst case.

The interruption cost as a function of outage duration, C(d), can either be
modeled using average (or aggregated) cost data, getting the customer damage
function, or be randomized from a probability distribution. These two different
approaches to model C(d) are described in Section 4.2.1. The multiple customer
factor is presented in Section 4.2.2. The season and activity factors can be modeled
to be either deterministic or stochastic. The different approaches are described in
Section 4.2.3 and Section 4.2.4, respectively. In order to get the interruption cost
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in monetary terms, the normalized interruption cost estimated using the model
must be multiplied by the demanded load during the outage. Thus, a load model
that calculates the demanded load at each time t is needed. The time-varying load
model used in this thesis is presented in Section 4.4.

4.2.1 Reference (Worst Case) Interruption Cost

The normalized reference (worst case) interruption cost, C(d), is in this thesis mod-
eled in two different ways. The first way is a customer damage function approach
and the second way is a probability distribution approach.

Customer Damage Function Approach

To estimate the cost as a function of duration, the well known customer damage
function is applied. The customer damage function is based on average cost data
from a survey and estimates the cost for the intermediate durations not included
in the survey by linear interpolations between the surveyed durations. An example
of a customer damage function for residential customers, where the cost data is
retrieved from the Swedish customer survey conducted during 2003-2005 presented
in [60], is shown in Figure 4.1.
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Figure 4.1: Customer damage function for residential customers (1 SEK ≈ 0.11 Euro).
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Probability Distribution Approach

To be able to capture the dispersed nature of residential interruption costs, the
reference interruption costs are assumed to be random according to a probability
distribution. Characteristic for the probability distribution for worst case cost data
is that it is highly skewed, not at all similar to a normal distribution. The nor-
mal distribution is though much more appreciated to deal with when determining
the probability distributions for the intermediate non-surveyed durations. Many
techniques exist to transform the highly skewed data to normally distributed data.
For example, the Box-Cox transformation is used in [64]. Another technique is to
assume that the worst case cost data are lognormally distributed, in which case a
log transformation should result in normally distributed data.

The large group of zero cost responses usually encountered in surveys must
be handled differently since neither the Cox-Box nor the log transformation of
zero is defined. However, if the zero cost responses are neglected it will lead to
an overestimation of the interruption costs. The probability for zero cost must
therefore be calculated for each surveyed interruption duration.

The probability distribution approach used in this thesis can be summarized in
three preparatory steps and three application steps. For each surveyed duration
perform the following preparatory steps:

1. Determine zero cost probability.
The probability for interruption cost to be zero is approximated by the share
of respondents claiming to have an interruption cost of zero.

2. Log transform non-zero interruption cost data into a normal distri-
bution.

3. Derive parameters for the resulting normal distribution.

To calculate the reference (worst case) interruption cost using the probability dis-
tribution approach perform the following application steps:

1. Determine the zero cost probability and the normal distribution for
the considered duration.
Only a few outage durations are included in a survey. To estimate the in-
terruption cost for intermediate, non-surveyed durations, linear interpolation
and extrapolation of the results for the surveyed durations from the prepara-
tory steps is performed.

2. Generate a standard uniform random number.

3. Determine reference (worst case) interruption cost.
If the random number is smaller than the zero cost probability derived in
application step 1, an interruption cost of zero is returned. Else do:
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a) Draw a random number from the normal distribution derived in appli-
cation step 1.

b) The model prediction of the reference (worst case) cost is obtained by
means of inverse (exponential) transformation of the random number.

4.2.2 Multiple Customer Factor

An outage affecting different public services will give extra costs for the customers
that are not able to use the services. These costs are difficult to measure, but it is
indicated that they are large [60, 81], and thereby important not to ignore. Public
services are often localized in densely populated areas and the number of public
services is often correlated to the number of households in the same area.

Except the inconvenience due to lack of public services, a widespread outage
can have a larger impact than a more limited outage because of the decreased
efforts that can be made to mitigate the consequences of the blackout. Affected
households can seek help in adjacent areas not affected by the blackout. These
areas can also contribute with mobile reserve power and personnel resources. The
external possibilities to reduce consequences disappear when the households in these
adjacent areas also are exposed to the blackout and the areas need the resources
for their own part.

The multiple customer factor is modeled to be dependent on the total number
of affected households and is defined as:

fcustomer(k) = η
√
k + 1 (4.2)

where

k = Number of affected households
η = Scaling parameter, η ≥ 0

Figure 4.2 shows the multiple customer factor where η is set to 0.019. The increase
is fast in the beginning when the number of affected customers is relatively low.
This may lead to an overestimation of the multiple customer factor for outages
affecting only a limited number of households, for example up to a few thousand
households, since the surrounding areas can help to reduce the consequences of the
blackout. However, this can be avoided by setting the multiple customer factor
equal to one for non-widespread outages, giving the following expression:

fcustomer(k) =
{

1 if k < K
η
√
k + 1 if k ≥ K (4.3)

where
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k = Number of affected households
η = Scaling parameter, η ≥ 0
K = Minimal number of affected households for

an outage to be classified as widespread
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Figure 4.2: The multiple customer factor with η = 0.019.

If the blackout is of such a magnitude that all adjacent areas also are affected
it is reasonable to assume that the increase in the multiple customer factor will
flatten out. Almost all public services that can come into consideration are already
closed down by the outage and the interruption cost is saturated. This effect is
modeled by the proposed multiple customer factor, as shown in Figure 4.2.

The proposed model is only a first step and more surveys that investigate the in-
creased costs for households due to long-lasting and widespread outages are needed
in order to clarify the relationship between the customer interruption cost and the
magnitude of the outage.

4.2.3 Deterministic Time-varying Cost Weight Factors

This section presents the deterministic formulation of the season and activity fac-
tors using average data. The underlying factors causing an inconvenience were
assumed to be falling indoor temperature, loss of lighting, destroyed food in refrig-
erator and freezer, and disrupted activities. The inconvenience due to falling indoor
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temperature is modeled through the weight w1, due to loss of lighting through w2,
due to destroyed food through crefrig and due to interrupted activities through
v′m, m = 1, . . . ,M . Since the entire interruption cost is assumed to be derived
from the underlying factors, this gives:

w1 + w2 + crefrig +
M∑
m=1
v′m = 1 (4.4)

Furthermore, wnon−season is used to denote the non-seasonal related inconvenience
and vnon−activity is used to denote the non-activity related inconvenience. By defi-
nition1:

wnon−season = 1− w1 − w2 = crefrig +
M∑
m=1
v′m (4.5)

vnon−activity = 1−
M∑
m=1
v′m = crefrig + w1 + w2 (4.6)

Note that the fraction of the inconvenience derived from destroyed food, crefrig, is
included in both wnon−season and vnon−activity .

Season Factor

Variations in interruption costs due to season are in the model assumed to depend
on loss of lighting and uncomfortable indoor temperature. The inconvenience due
to uncomfortable indoor temperature is modeled to be linearly dependent on the
difference between the indoor and outdoor temperature. A simplification made is
that the influence of the outdoor temperature on the season factor is modeled to
be independent of the outage duration. However, it is possible to argue that the
customers incorporate this duration dependence when stating their interruption
costs for the reference event for different durations in a survey. Depending on the
climate households can have both electric heating and air conditioning. Since the
model will be applied to Swedish data in Chapter 7, the Nordic climate is considered
were air conditioning is not very common. Therefore, the temperature dependent
part is formulated to only consider falling indoor temperature. The inconvenience
due to an outage occurring on a hot summer day can, for example, be accounted for
by using the absolute sign instead of the maximum in equation (4.7). The season
factor is defined as:

fseason(t) = w1 max
(
Tin − T (t)

Tin − Tmean,ref , 0
)

+ w2 Z(t) + wnon−season (4.7)

1Note that the expression for wnon−season is only valid if it is dark outside at the reference
time. Otherwise, wnon−season = 1− w1 = w2 + crefrig +

∑M
m=1 v

′
m would hold.
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where

Tin = Preferred indoor temperature
T (t) = Average daily outdoor temperature at time t

Tmean,ref = Average daily outdoor temperature
at the reference time

Z(t) = Binary variable that assumes the value 1
if no daylight at hour t and 0 otherwise

wj = Weight for the inconvenience
due to factor j, j = 1, 2

wnon−season = Constant for the non-season related
fraction of the inconvenience

If it is warmer outside than inside there will be no problem with falling indoor
temperature and the temperature part is therefore zero. The loss of lighting was
modeled using a binary variable Z(t) that assumes the value 1 if there is no daylight
at hour t and 0 otherwise. In customer surveys households are generally asked to
rank different effects of an outage on an inconvenience scale, and these values are
used to estimate the weights wj . Note that the values from the inconvenience scale
are not used in absolute terms but only to identify the fraction of inconvenience
derived from a certain factor. The constant wnon−season is the fraction of the
inconvenience experienced due to factors other than loss of lighting and falling
indoor temperature.

Activity Factor

Some of the household activities such as cooking and watching TV are dependent
on electricity. Activities follows a daily pattern and do also vary with day of week.
From time-use diary data, activity patterns for each hour can be drawn. These
patterns show the fraction of the population that perform a certain activity m
during each hour, i.e. xm(t) in equation (4.8). An illustration of an activity pattern
is shown in Figure 4.3.

The inconvenience experienced when activities are interrupted due to an out-
age is in surveys usually stated by households on an inconvenience scale. These
data are used to determine the fraction of the inconvenience, v′m, due to a certain
interrupted activity. The non-electricity dependent activities have v′m = 0. For
reasons explained below, the weights v′m:s must be rescaled into vm:s before being
used in the equation (4.8). The fraction of the inconvenience due to other factors
than interrupted activities is captured in vnon−activity . ForM activities the activity
factor is formulated as:
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Figure 4.3: The percentage of the population performing the seven different activ-
ities each hour during a weekday. Based on the time-use diary data study [86].

factivity(t) = vnon−activity +
M∑
m=1
xm(t) · vm (4.8)

where

M = Number of activities that are dependent
on electricity

vm = Rescaled weight for the inconvenience due to
that activity m is interrupted, m = 1, . . . ,M

xm(t) = The extent of activity m at time t
vnon−activity = Constant for the non-activity related

fraction of the inconvenience

If all activities were performed fully at the reference time, i.e. xm(tref ) = 1 ∀m,
the activity factor would take the value one, since per definition:

vnon−activity +
M∑
m=1
v′m = 1
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However, since the sum of the fractions for all activities (both electricity dependent
and electricity independent) is equal to one for each time, i.e.

∑M
m=1 xm(t) = 1 ∀ t,

this is not the case. To receive the value one at the reference time the weights v′m
must be rescaled before being used in factivity . The scaling is done using the same
constant γ for all weights. Thus, vm = γ v′m, m = 1, . . . ,M , where γ is given by:

γ =
∑M
m=1 v

′
m∑M

m=1 xm(tref ) · v′m
(4.9)

4.2.4 Stochastic Time-varying Cost Weight Factors

This section describes the stochastic formulation of the season and activity factors.
This formulation recognizes the stochastic nature of the underlying factors that
induce the temporal variations in residential interruption costs but is otherwise
identical to the deterministic formulation. Modeling the outdoor temperature and
the performed activities as stochastic makes it possible to simulate the consequences
of outages occurring during, for example, extreme temperature conditions. Because
the activity factor is stochastic, it is unique for each household i. The same does
not apply for the season factor because all households in a distribution system are
assumed to experience the same outdoor temperature.

When an outage occurs at the reference time E[fseason(tref )] = E[f iactivity(tref )]
= 1, and hence on average the interruption cost COST i(tref , d) equals the reference
(worst case) interruption cost, C(d). As stated earlier, the reference time included
in surveys is often the worst possible time of day, day of week, and month, reflecting
the worst case. However, the worst case captured in surveys may not always be the
actual worst case.

Since some of the underlying factors in reality are stochastic, outages can cause
more severe consequences than the worst case cost captured in surveys. In the
model, the stochastic nature of outdoor temperature and performed activities are
accounted for by letting these underlying factors be random according to probability
distributions derived from data. This implies that the time-varying cost weight
factors fseason(t) and f iactivity(t) should be able to assume values greater than one
for an outage more severe than the reference event.

Season Factor

Variations in interruption costs due to season are in the stochastic case modeled in
the same manner as in the deterministic case. The difference is that the outdoor
temperature is modeled to be stochastic. The season factor is thus defined as:

fseason(t) = w1 max
(
Tin − T (t)

Tin − Tmean,ref , 0
)

+ w2 Z(t) + wnon−season (4.10)
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where

Tin = Preferred indoor temperature
T (t) = Daily outdoor temperature at time t,

drawn from a probability distribution
Tmean,ref = Average daily outdoor temperature

at the reference time
Z(t) = Deterministic binary variable that

takes the value 1 if no daylight
at hour t and 0 otherwise

wj = Weight for the inconvenience
due to factor j, j = 1, 2

wnon−season = The non-season related fraction
of the inconvenience

The weight factors wj are estimated from an inconvenience scale ranking. The
constant wnon−season is the fraction of the inconvenience experienced due to other
factors than loss of lighting and falling indoor temperature. The daily outdoor
temperature T (t) is modeled to be stochastic according to different probability
distributions for each month estimated from temperature data. This implies that
the season factor is random, and will exceed one if an outage occurs during an
exceptionally cold winter day. The loss of lighting is, as before, modeled using a
binary variable Z(t) that assumes the value 1 if there is no daylight at hour t and
0 otherwise.

The worst case in the Nordic climate typically has a reference time during the
cold winter period of the year. The expected value of the season factor at such
reference time is one, see equation (4.11).

E[fseason(tref )] = w1 P

(
Tin − T (tref)
Tin − Tmean,ref > 0

)

× E[
(
Tin − T (tref )
Tin − Tmean,ref

)
] + w2 Z(tref ) +

+ wnon−season = w1

(
Tin − E[T (tref )]
Tin − Tmean,ref

)
+

+ w2 Z(tref ) + wnon−season =
= w1 + w2 + wnon−season = 1 (4.11)

The time of day in the worst case is typically defined as in the late afternoon, when
most of the households have returned to their homes after work. The daylight hours
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are few during the winter period of the year in the Nordic countries and in the late
afternoon Z(tref ) = 1. In the winter it is almost certain that the outdoor temper-
ature is lower than the indoor temperature which implies that the probability in
equation (4.11) can be approximated by 1. The expected value for the season factor
at the reference time is therefore one, since per definition E[T (tref )] = Tmean,ref
and the sum of the weights for the non-seasonal factors and the seasonal factors is
one.

Activity Factor

The stochastic activity factor has the same structure as the deterministic one. For
M activities the activity factor is thus:

f iactivity(t) =
M∑
m=1
xim(t) · vm + vnon−activity (4.12)

where

M = Number of considered activities
vm = Rescaled weight for the inconvenience due

to that activity m is interrupted,
m = 1, . . . ,M

xim(t) = Stochastic binary variable that takes
the value 1 if activity m is performed
by household i at hour t and 0 otherwise

vnon−activity = The non-activity related fraction
of the inconvenience

The difference between the deterministic and stochastic formulations lies in the
meaning of the variable xim(t). Instead of being the fraction of the population
performing an activity, xim(t) is in the stochastic case a binary variable that assumes
the value one if activity m is performed at time t, and zero otherwise. Activity
patterns, such as the one shown in Figure 4.3 give the probability distribution for
this binary variable. For example, on a weekday at 10 pm on average approximately
30 percent of the households in Sweden watch TV, see Figure 4.3. This would
imply that xTV (weekday, 10 pm) takes the value one with a probability of 0.3 if
the activities performed by different households are assumed to be independent. It
is in the model assumed that a household can perform only one activity each hour,
i.e.
∑M
m=1 x

i
m(t) = 1, ∀ t. Note that if no electricity dependent activity is performed

by household i at hour t, then f iactivity(t) = vnon−activity .
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The expected value of the activity factor at the reference time is:

E[f iactivity(tref )] = vnon−activity +

+
M∑
m=1
P (xim(tref ) = 1) · vm = 1 (4.13)

In order for equation (4.13) to hold, all weight factors derived from the inconve-
nience valuations, v′m, must, as in the deterministic case, be rescaled. In this case,
the scaling parameter γ is given by:

γ =
∑M
m=1 v

′
m∑M

m=1 P (xim(tref ) = 1) · v′m
(4.14)

4.3 Interruption Cost Model for Other Customer Sectors

In a distribution system all customer sectors are most likely represented and there-
fore a model that can make interruption cost predictions for all customer sectors
is needed in a cost-benefit analysis. In this thesis, a multiplicative approach with
time-varying cost weight factors for modeling temporal variations in customer in-
terruption costs is taken. For residential customers the interruption cost model
proposed in the previous section is used. For the other customer sectors the tem-
poral variations in interruption costs between different hours during the day, days
of week and months are modeled using three time-varying cost weight factors. This
is a state-of-art approach that is described in detail in the publications presented
in Section 3.2.5. The normalized interruption cost for customer sector S due to an
outage of duration d occurring at time t is calculated as:

COST S(t, d) = fShour(t) · fSday(t) · fSmonth(t) · CS(d) (4.15)

where

fShour(t) = Time-varying cost weight factor for hourly
deviation from the reference time for sector S

fSday(t) = Time-varying cost weight factor for day of week deviation
from the reference time for sector S

fSmonth(t) = Time-varying cost weight factor for monthly deviation
from the reference time for sector S

CS(d) = Normalized reference (worst case) interruption cost for
customer sector S due to an outage of duration d
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The reference cost CS(d) can either be modeled using the customer damage function
approach or a probability distribution approach that captures the dispersion in the
cost data. The two approaches were described in Section 4.2.1.

4.4 Proposed Time-Varying Load Model

Load demands in distribution systems vary with time and each customer sector
have a different load pattern. It is obvious that the applicability of a risk assess-
ment is limited if only a constant load is considered. The load model used in this
thesis accounts for both daily and seasonal variations in load demand. The model
also considers the different load patterns between weekdays and weekends. These
variations in load are captured through load curves that depend on time of day,
day of week and outdoor temperature.

In cost-benefit analysis of power distribution system the chronological variations
in load are modeled to be deterministic [59]. In this thesis the outdoor temperature
is modeled to be stochastic, which means that extreme temperature conditions
can be captured. Reported load curves are often valid in a certain temperature
intervals and it is possible that the modeled outdoor temperature is below the lowest
temperature interval or above the highest. In [87] it was established that there
is a linear relationship between energy consumption and outdoor temperature in
Sweden. It is possible that a similar dependency exists in case of high temperature
in warm countries where air conditioning is common. Therefore, the temperature
dependency in case of very high or low temperatures can be incorporated through
a coefficient that moves the load curve vertically. Since the model in this thesis will
be applied to the Swedish climate, only the case of low temperature is considered.

The new load model incorporates the linear relationship between load and tem-
perature during very low temperature conditions, and thereby captures the loss of
load and energy not supplied due to outages occurring on an exceptionally cold
winter day.





Chapter 5

Overview of Existing Reliability
Models

The reliability model describes the component failures and the restoration process
that follows. Every component in a power system can fail, for example, because
the component is wared-out or due to a technical fault. Additional factors, such
as wind, lightning, snow and temperature conditions, can increase the probabil-
ity of a component failure. During severe weather the components experience the
same catastrophic environment and multiple failures are common. Generally, se-
vere weather is common during certain periods of the year, which results in that
the failure rate of a component becomes time-varying. The restoration times will be
dependent on the failure cause, for example, a reparation process of overhead lines
cannot start until extreme winds have calmed. The availability of crew, which vary
with time of day and day of week, will also affect the restoration times. Therefore,
restoration times are time-varying as well. This chapter presents an overview of
different approaches to model component failure rates and restoration times. The
chapter concludes with a discussion of possible improvements that can be made when
developing a reliability model.

5.1 Overview of Existing Reliability Models

Many approaches have been taken to model the failure and restoration processes of
a component. This section describes some of the approaches for modeling failure
rates and restoration times. The time to failure of a component (TTF) is important
in the analysis, this time is strongly related to the failure rate of the component. A
component with a high failure rate will probably fail sooner than a component with
a low failure rate. As mentioned in Section 2.5.1 both the times to failure and the
restoration times, such as replacement time (RpT), repair time (RT), switching time
(SwT) and reclosing time (RcT), are generally assumed to be random according to
probability distributions.
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5.1.1 Failure Rate

One common simplification when modeling power system reliability is to assume
constant failure rates [9]. A constant failure rate implies that the TTF is expo-
nentially distributed. More advanced modeling attempts, accounting for aging of
components, maintenance actions, elevated rates during extreme weather condi-
tions and time-dependent patterns, have been made. All these attempts have in
common that they assume the failure rate to be time-varying.

Modeling the Aging and Maintenance Impact on Failure Rates

Components that were recently installed commonly suffers a relatively high failure
rate due to manufacturing effects. This period is called the infant mortality period
[29]. After this period the failure rate of a component is approximately constant,
but when the component begins to be wared-out the probability of a failure is
increased. The failure rate during a component’s lifetime describing this behavior is
referred to as the bath-tub curve [29]. The increased failure rate can be decreased by
maintenance of the component, which is referred to as the saw-tooth curve [29]. An
example of how to model the effect that aging and maintenance have on the failure
rate of a component is made in [88]. By multiplying the constant failure rate with
a time-varying scaling factor that assume different time-dependent functions, [88]
both captures the shape of the bath-tub curve and the saw-tooth curve. In [89] the
failure rate for a cable has been formulated as an expression of time and maintenance
actions. Geographical location will also have an impact on the failure rate of a
component. In [90] a model to predict the time-varying, vegetation-related failure
rates of overhead lines in distribution systems is developed. These are all examples
of how time-varying failure rates can be incorporated. When modeling impact of
maintenance and aging the simulations are usually carried out on a year-to-year
time frame. Thus, the time dependence modeled does not attempt to capture the
variations in failure rate during the day and during the year. These variations are
considered in the approaches described in the following sections, where it is assumed
that the failure rates of the components are in the flat part of the bath-tub curve.

Modeling Elevated Failure Rate During Severe Weather Conditions

Most component failure rates and restoration times are dependent upon weather
conditions. Especially overhead lines are vulnerable to what weather condition they
are exposed to. In [91] statistics from distribution systems in France together with
weather statistics show that there is a strong correlation between wind gust speed
and overhead line failures. Severe weather1 only exists during a fraction of the year,
but the failure rates during these short periods increase dramatically to an extent
that the impact of severe weather preferably should be considered in distribution
system reliability analysis [14].

1The term “adverse weather” is also often used.
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A commonly used method to include the weather impact on reliability is the
two-state weather model [9], where the weather conditions are divided into two
states: normal and severe. Often only the failure rate of overhead lines is assumed
to be affected by the current weather condition. The failure rates and restoration
times for the two states are usually considered constant, which results in two sets
of reliability indices that can be weighted by the probabilities of the two weather
states. The two-state weather model has also been further developed to better
capture the variations in weather severity by adding a third weather state [92].

Severe weather is generally more common during certain seasons making the
weather-caused failures not uniformly distributed over the year. A two-state weather
model that incorporates a time-varying factor to be multiplied with the failure rate
during normal weather conditions was introduced in [93]. This time-varying factor
models the variations in failure rate during the year due to annual weather pat-
terns. However, it was not fully described how this factor should be implemented
to give an accurate seasonal variation for severe weather and if it changes from year
to year.

The two-state weather models assume the entire network to be in the same
weather environment, which is a reasonable assumption for geographically con-
strained distribution networks. If the model should be applied to transmission
systems that cover a great geographical area, the failure rates for both states can
be present in different areas of the system. The approach taken in [94] is different.
In [94] the severe weather moves over the exposed transmission network and give
rise to time-dependent failure rates due to the wind and ice loads.

Other examples of studies where failure rates of overhead lines are expressed as
functions of wind speed or lightning intensity are found in [95] and [96], respectively.
An adaptive-fuzzy model that models the effects different aspects, such as wind and
lightning, have on failure rates of overhead distribution lines was presented in [97].
Another modeling approach, based on Bayesian networks, was taken in [98] to
predict the annual weather-related failure events on overhead lines.

Extreme temperature conditions have also been found to affect the failures of ca-
bles [91,99]. A DSO serving 3 million customers in New York city has incorporated
this dependency and models failure rates for cables as a function of temperature
when evaluating the system reliability in Monte Carlo simulations [99]. Extreme
temperature conditions are more likely to occur during certain periods of the year,
making the failure rates time-varying.

Modeling Time-varying Failure Rates from Observed Patterns

Failure statistics show time-dependent patterns for failure rates over the day, week
and year. The reason for this is that the failure causes often are time-dependent.
For example, a common cause for cable failures are accidental dig-ups which usually
occur during working hours. This pattern includes all types of failures, caused by
factors mention earlier such as severe weather, aging, technical issues and human
aspects. In [70] a reliability model that reproduces these time-dependent patterns,
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found in failure statistics, was developed.

5.1.2 Restoration Time

The common approach when modeling restoration times is to assume that they are
non time-varying and not dependent on the failure cause, such as severe weather [9].
Hence, the restoration time for a particular component type is randomized from
the same probability distribution for all outages. However, in reality restoration
times depend on a number of factors such as the cause of the failure, the time of
day and day of the week at which the outage has occur, and the prevailing weather
conditions. The total restoration time also depends on the distance the crew has to
travel to reach the failure, and accessibility of the failure location. In [100] a detailed
analysis of the impact these factors on restoration times for distribution system is
presented. In the detailed models described in the following sections, restoration
times are assumed to be functions of a number of these mentioned factors.

Modeling Restoration Times Due to Failures in Severe Weather

Since multiple failures during severe weather is relatively common, sufficient crews
may not exist to attend each failure when it occurs. Also the severe weather con-
ditions can delay reparations in order not to jeopardize the safety of the crew.

DSOs usually have a Outage Management System (OMS) that logs customer
calls and dispatches crews to affected areas [101]. In [101] improvements of the
OMS so that it more efficiently can handle large-scale storms are suggested. From
weather forecasts and historical data the storm damage and the reparation times
are predicted in advance. The purpose of such a management system is to predict
the need for crew maintenance resources after a major storm event. The great
restoration costs after a storm enables the DSOs to make large cost savings if crews
are dispatched more efficiently. However, [101] does not provide the explicit details
of how storm related information may be used to produce predictions in number of
failures and restoration times.

The restoration time can be divided into several intervals: the time for locating
the failure, the time for identifying the type of failure, the time for transporting
reparation crews and spare parts, and finally the actual reparation time [102].
These different time intervals are dependent on aspects such as current weather
conditions, preparedness of staff and the distance to the failure. A method that
considers correlations between the time intervals for a particular component and
also the correlation between the restoration times of different components in the
system in case of multiple failures is proposed in [102]. An example of a factor
causing these correlations is the unavailability of roads after a storm making it
difficult for crews and spare parts to reach the failed components. However, how
the restoration time is formulated as a function of, for example, weather condition
is not specified in detail.
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A three-state weather model was used in [14] with different restoration times
set for each state. In [95] the average restoration time of an overhead line after a
storm is assumed to be linearly dependent on the expected number of failures in the
distribution system due to the storm. The approach implies that the restoration
time becomes dependent on the size of the distribution system, with large systems
having longer restoration times than small systems. However, large systems prob-
ably have a higher number of available crews and a possible improvement is to
incorporate this in the model. In [95], the available number of crews is used to
determine if the restoration time model is to be adopted on a possible storm event
or not, but the number of crews does not enter the expression for the expected
restoration time. Beside from the crew dependent variations in restoration times,
it is in [95] assumed that the crews only isolate faults and not repair them during
high wind conditions.

Modeling Time-varying Restoration Times from Observed Patterns

Failure statistics can also be used to find time-dependent patterns for restoration
times over the day, week and year. These patterns will capture the impact on
restoration times due to all failure causes. For example, the restoration times for
overhead lines may be high during the winter period. A possible explanation for
this is that storms are more common during this period causing damages that take
a long time to restore. Thus, failure causes that follow a time-dependent pattern
over the day, week or year may cause a time-dependent pattern in the restoration
time. Apart from the failure cause also the availability of crew is probable to
affect the restoration time. For example, the restoration time tends to be longer on
weekends compared to weekdays, as well as during night hours compare to daytime.
In [70] and [93] the restoration times are modeled to be time-dependent using three
deterministic time-varying factors that incorporates the variations during the day,
week and year. The randomized restoration time for the reference event is then
scaled with these time-varying weight factors.

5.2 Discussion of Possible Improvements

This section includes a discussion of factors that are important to consider when
modeling failure rates and restoration times. Some of these factors have already
been proposed in previous publications and some are new. The section is concluded
with identified improvements in modeling failure rates and restoration times.

5.2.1 Need to Consider Time Variations

The failure rates and restoration times of most components are dependent on time-
varying factors such as weather conditions and reparation crew working hours. The
common approach is to assume that failure rates and restoration times are not time-
varying. However, it has been shown to be of importance to include time-varying
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failure rates and restoration times in reliability evaluations, since they have a direct
impact on the accuracy in the assessment of the interruption costs [93].

5.2.2 Need to Include the Impact of Severe Weather
Severe weather is known to cause extreme outage events and is therefore in fo-
cus when developing the reliability model. In particular, the failure rate of over-
head lines is highly dependent on the current weather condition. During severe
weather the probability of overlapping failures is much higher than during favor-
able weather [9]. When overlapping overhead line failures occur in a meshed or
looped system it is possible that the redundancy in the system is overruled, mak-
ing the consequences for customers far greater than if the failures did not overlap.
The effect of overlapping overhead line failures overruling system redundancy is
considered in the Monte Carlo simulation procedure described in Section 2.6.

Overhead line failure rates are functions of weather conditions and increase with
the weather intensity level. The weather intensity level is highly stochastic due to,
for example, the stochasticity of wind speed, snow load and lightning intensity.
This can make the use of only two or three weather states, each with its specific
failure rate and restoration time, somewhat inflexible for power system reliability
assessments. By using the underlying factors, the reliability model can in contrast
be made dependent on the timing, duration and intensity of severe weather. The
model furthermore becomes relatively easy to adapt for different weather conditions
which vary because of geographical location and maybe also due to future climate
changes.

Since the focus of this thesis is to investigate the impact of dependencies on
risk assessments of distribution systems, not only the fact that time-varying pat-
terns in failure rates and restorations times exist is important, but also how these
patterns relate to the time variations in load and customer interruption cost. If
high customer interruption costs and loads are positively correlated to an increased
probability of component failure, it will affect the total annual interruption cost
substantially compared to if the correlation does not exist. The same it true for
restoration times. This implies that the actual pattern by which severe weather
occur during the year must be considered. Since customer interruption cost and
load vary mainly during the day and year and not from year to year, aging and
maintenance effects on failure rates will not be considered.

The reliability model developed in [70] considers when failures are more likely to
occur during the year using failure statistics. However, because severe weather with
its sharply increased failure probability is not considered it is less likely that failures
overlap than if a severe weather model is used. In [70] it is also assumed that the
observed pattern in failure rates derived from failure statistics is representative for
the analysis period ahead which might not be valid if the underlying factors causing
the time-varying failure rates change.
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5.2.3 Identified Improvements
The identified improvements in modeling failure rates and restorations times are:

• Incorporate the stochasticity of severe weather when modeling fail-
ure rate for overhead lines
When modeling the failure rate for overhead lines the stochasticity in timing,
duration and intensity of severe weather is considered. The timing of se-
vere weather is modeled to be stochastic both regarding the number of severe
weather events per year and the time of year that the events occur.

• Incorporate deterministic variations as well as the impact of severe
weather on restoration times
When modeling restoration times two previously proposed methods, presented
in [93] and [95], to incorporate time variations are combined. The notion that
the variation during the day and week can be explained by the availability
of crew is adopted from [93]. The restoration time is furthermore modeled
to depend on the remaining severe weather duration after the failure has
occurred, similar to the approach in [95].





Chapter 6

Proposed Reliability Model

This chapter presents the proposed reliability model. The aim is to incorporate the
improvements identified in the previous chapter. When considering extreme events
in risk assessments, not only a customer interruption cost model that includes the
consequences of such events is needed, but also a reliability model that captures the
elevated probability of component failures. Long-lasting power outages are often
caused by severe weather and the consequences are to a great extend determined by
the time of occurrence and outage duration. By using the stochastic nature of severe
weather intensity and duration, the variations in the failure rate for overhead lines
and restoration times for all components are modeled. Restoration times are also
modeled to depend on the expected availability of restoration crews. Furthermore,
the model also considers when the severe weather is likely to occur during the year
in order to capture possible correlations between high interruption costs and an
increased probability of component failures.

6.1 General Considerations when Formulating the
Reliability Model

When modeling time dependence in failure rates of components, a two or three-
state weather model, described in Section 5.1.1, is often used. Instead of sorting
weather conditions into a certain number of different states, the reliability model
proposed in this thesis models the impact of the severe weather on power system
reliability in a more direct manner.

Widespread high wind events as wind storms and hurricanes result in long-
lasting power outages. Furthermore, other kinds of severe weather are also many
times accompanied by high winds. Because high winds is an important contributor
to component failures, only the impact of severe weather due to high winds is, as
a first step, considered and non-high wind conditions will be referred to as normal
weather conditions. The model is also applied to test distribution systems that
are assumed to be located in an area where high wind events are deemed to be
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a larger threat to system reliability than for example lightning, icing and snow.
Severe weather affects failure rates as well as restoration times, and both aspects
are included in the reliability model. Since distribution systems cover a limited
geographical area, it is assumed that the entire distribution system experiences
the same weather conditions at all times. Only the failure rate for overhead lines is
assumed to depend on the present weather condition since they are the components
most exposed to high winds.

The general procedure for the time-varying reliability model is shown in Figure
6.1.

Generate times of 
occurrence and durations of 

high wind events

High wind event

Use the constant failure 
rate for normal weather 

condition
Generate wind speed 

during the high wind event

Consider normal weather 
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Figure 6.1: The general procedure for the time-varying reliability model.

There exist chronological weather variations, and thus will the failure rate be-
come time-varying. By using existing weather statistics for high wind events, a
non-homogeneous Poisson process (NHPP) is derived. The NHPP incorporates the
non-uniform distribution of the high wind events during the year, as well as the
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stochasticity in the number of events between different years.
The NHPP gives the number of high wind events during the year and when they

occur. Once this is done the severity and the duration of these events are gener-
ated by using knowledge about the distributions of wind speed and duration. To
derive these probability distributions, reliable weather data, which can be obtained
from local weather stations, are required. The proposed reliability model thereby
includes the variations in annual weather patterns, the variations in frequency of
severe weather between different years and the stochasticity of weather duration
and intensity level.

The restoration times for all system components are modeled to, beside the high
wind dependence, also have a time-varying factor that depend on the availability
of crews.

6.2 Formulation of the Reliability Model

A reliability model simulates the failure and restoration process of a component
described in Section 2.5.1. The time-varying failure rates and restoration times
in the model proposed in this thesis are described in Sections 6.2.1 and 6.2.2,
respectively.

6.2.1 Time-Varying Failure Rates
The failure rate for overhead lines is assumed to increase with the weather intensity
level. The weather intensity level during high winds is modeled through the wind
speed, w. Except for the weather intensity level, the duration of the severe weather
is also needed since it defines the time period during which the failure rate is
elevated. The durations of high wind events can be randomized from probability
distributions derived from weather statistics. The time-dependent failure rate for
overhead lines, λ(w(t)), is modeled as:

λ(w(t)) = λhw(w(t)) + λn(w(t)) (6.1)

where

λhw(w(t)) = Failure rate during high winds
λn(w(t)) = Failure rate during normal

weather conditions

The two different failure rates are defined as:

λhw(w(t)) =
{
λwind(w(t)) if w(t) ≥ wcrit
0 otherwise (6.2)
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λn(w(t)) =
{
λnorm if w(t) < wcrit
0 otherwise (6.3)

where wcrit is the critical wind speed above which the failure rate is assumed to be
elevated.

During normal weather conditions, λhw(w(t)) is zero and the failure rate λ(w(t))
in equation (6.1) is equal to the constant failure rate during normal weather condi-
tions, λnorm. During normal weather conditions, the failures that occur are assumed
to be caused by non-wind related factors such as overload, animals, personnel, etc.
Because the failure rate during high winds depends on the wind speed it is stochas-
tic, and is specified as a function of w(t). Using equations (6.2) and (6.3), the mean
of the failure rate λ(w(t)) in equation (6.1) can be derived as:

E(λ(w(t))) =
Thw
Ttot
E(λwind(w(t))) +

Tn
Ttot
λnorm (6.4)

The constants Thw and Tn, denote the annual average durations of high wind and
normal weather conditions, respectively. The duration of the year is denoted Ttot.
To derive the average failure rates in equation (6.4) the proportion of failures oc-
curring during each type of weather condition, Fhw and Fn, must be known:

Thw
Ttot
E(λwind(w(t))) = FhwE(λ(w(t))) (6.5)

Tn
Ttot
λnorm = FnE(λ(w(t))) (6.6)

DSOs usually register the failure cause and the number of failures per year. Thereby
can Fhw, Fn, and E(λ(w(t)) easily be determined from statistics. From weather
data the average annual durations for the different weather conditions can be de-
rived and thus, the values of E(λwind(w(t))) and λnorm, can be calculated using
equations (6.5) and (6.6).

The number of high wind events per year and their times of occurrence during
the year are determined by a non-homogeneous Poisson process (NHPP).

Frequency and Time of Occurrence of Severe Weather

The number of high wind events varies between different years, and they are more
likely to occur during specific periods of the year. This behavior can be captured
by using a non-homogeneous Poisson process (NHPP). The difference between a
homogeneous Poisson process (HPP) and a non-homogeneous Poisson process is
that the rate of occurrence parameter in the latter is a function of time. Some
basics of NHPPs are described in this section. For a detailed description of HPPs
and NHPPs, see [36]. Let v(t) denote the time-varying rate of occurrence parameter,
then the cumulative rate, V (t), is defined as:
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V (t) =
∫ t

0
v(u)du (6.7)

The number of failures in the interval (0, t] is Poisson distributed:

P (N(t) = n) = [V (t)]n

n!
e−V (t) for n = 0, 1, 2, . . . (6.8)

Hence, the mean number of failures in (0, t] is:

E(N(t)) = V (t) (6.9)

and the probability for an occurrence during hour h is:

E(N(t+ h)−N(t)) = V (t+ h)− V (t) =
∫ t+h
t

v(u)du (6.10)

The rate of occurrence for high wind events, vhw(t), and thus also the cumulative
rate for high wind events, Vhw(t) can be estimated from weather data.

By modeling the occurrences of high wind events with a Poisson process it is
assumed that two events cannot occur during the same time step, usually one hour.
Since the probability for one high wind event to occur during an hour is very small
this assumption is reasonable.

Modeling Failure Rates During High Winds

The increased failure rate for overhead lines during high wind conditions depends
on falling trees and poles. To model the failure rate during high wind events [95]
used the square of the wind speed, and a similar model structure is used in this
thesis. The failure rate during high wind conditions as a function of the wind speed,
λwind(w(t)), is defined as:

λwind(w(t)) =
(

1 + ξ
(
w(t)2

w2
crit

− 1
))
λnorm (6.11)

This formulation incorporates the quadratic dependence on the wind speed from [95]
and does also make sure that the failure rate is a continuous function of the wind
speed. The average value becomes:

E(λwind(w(t)) =
(

1 + ξ
(
E(w(t)2 |w(t) ≥ wcrit)

w2
crit

− 1
))
λnorm (6.12)
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With this definition, equation (6.2) is rewritten as:

λhw(w(t)) =

{ (
1 + ξ

(
w(t)2

w2
crit

− 1
))
λnorm if w(t) ≥ wcrit

0 otherwise
(6.13)

where

w(t) = Wind speed
wcrit = Critical wind speed
ξ = Scaling parameter

λnorm = The constant failure rate during
normal weather conditions

If the wind speed is above the critical wind speed, a high wind event occurs and
the failure rate due to high winds is larger than zero. The average failure rate,
E(λwind(w(t))) and the constant failure rate during normal weather conditions,
λnorm, are derived from equations (6.5), and (6.6), respectively. From weather
statistics the mean of the squared wind speed, E(w(t)2 |w(t) ≥ wcrit), can be
estimated. The derived values for E(λwind(w(t))), λnorm, and E(w(t)2 |w(t) ≥
wcrit) are then used in equation (6.12) to parameterize ξ.

6.2.2 Time-Varying Restoration Times

Weather conditions, the number of available crews and the severity of the damage
will affect the restoration time. The available crews will vary with time of day
and day of week. For example, reparations tend to take longer time if the fault
occurs in the night-time on a weekend; a time when the DSO has a small number
of reparation crews available. This time dependency in restoration time is, similar
to the approach in [93], modeled through weight factors. One weight factor, fd(t),
describes the variations between weekdays and weekends and the second, fh(t),
describes the hourly variations during the day, see equation (6.14). Both weight
factors are multiplied with the restoration time under normal weather conditions
for a reference time. At the reference time, defined as during working hours on a
weekday, the two weight factors are both equal to one.

During severe weather conditions it is assumed that no reparation work can be
performed in order to assure the safety of the reparation crews. A similar approach
was made in [95]. Except from the duration of the severe weather, other factors
as the severity of the weather and the maximum number of available crews that
can be called in will have an impact on the restoration times. In this thesis, the
reliability model is applied to different test distribution systems. Therefore, there is
an absence of data for how the number of faults and maximum number of available
crews affect the restoration time. The weather dependent additional restoration
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time, rw, is thus equal to the remaining duration of the severe weather after the
fault has occurred, tr. The parameterization of the restoration time for an actual
system should be based on historical data and experiences of restoration times as
a function of, for example, weather conditions, number of faults and the maximum
number of available crews for the system in question. The restoration time, r(t), is
defined as:

r(t) = fh(t) fd(t) rref + rw(tr) (6.14)

where

fh(t) = Time-varying weight factor for hourly deviation
from the reference time

fd(t) = Time-varying weight factor for day of week deviation
from the reference time

rref = Restoration time under normal weather conditions
for the reference time

rw = Weather dependent additional restoration time
tr = Remaining duration of the severe weather after the

fault has occurred

The restoration time during normal weather conditions for the reference time, rref ,
is modeled as a lognormally distributed random variable. As stated in Section
2.5.1, components can suffer from different types of failures. Depending on the
type of failure occurred different actions must be taken to restore the functionality
of the component, giving rise to different restoration times. The restoration times
considered in this thesis are repair/replacement time (RT/RpT), switching time
(SwT) and reclosing time (RcT). For RT/RpT, the full expression in equation
(6.14) is used. For SwT, rw is equal to zero since the crew will try to isolate the
fault as soon as it occurs [95]. For RcT, only rref is used.

6.3 Incorporating Other Types of Severe Weather

The reliability model presented can easily be extended to also consider, for example,
lightning, snow load and icing. By using the underlying factors that cause the
elevated failure rates, the model also becomes flexible for possible future changes
in the climate. If an additional underlying factor is to be included in the model it
is only to expand equation (6.1) to have one more term. Then the new term, the
failure rate due to the added underlying factor, can be model in an arbitrary fashion.
For example, lightnings are in Sweden more common during the summer [103],
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which can be incorporated using a second NHPP. Of course it is important to
consider if there are any dependencies between each added underlying factor and
the underlying factors already included in the model.



Chapter 7

Model Applications to Swedish
Conditions

Weather conditions have a direct impact on system reliability, and interruption costs
are not only a function of outage characteristics but do also depend on, for example,
geographical location and customers’ social and economic standing. Furthermore,
the demanded load is affected by, for example, the season. Therefore, the param-
eters for the reliability, cost, and load models must be adapted to the considered
distribution system. In this chapter the three proposed time-varying models are
parameterized according to Swedish conditions.

7.1 Summary of the Customer Survey Used for
Parameterization

For the parameterization of the customer interruption cost model the Swedish cus-
tomer survey conducted in Sweden during the period 2003-2005 is used. This survey
is presented in [60] and summarized in this section. The survey investigated both
interruption costs for planned and unplanned interruptions for the customer sec-
tors: residential, industrial, governmental & public, agricultural, and commercial.
Since this thesis only considers unplanned outages the costs for these were used.
To identify unreasonably high costs, referred to as outliers, in the survey data the
same procedure as in [60] was used. For the residential customers not only cost
data were obtained, but also the results of inconvenience ranking of negative effects
were used to parametrizes the weights in the activity and season factors.

As explained in Section 3.1.3 there exist different customer survey methods to
assess customer interruption costs. The method chosen depends on which customer
sector the survey is conducted for. In Table 7.1 the method chosen in [60] for each
customer sector is listed. For the residential sector a contingent valuation method
was used and for the other sectors a direct costing method was used. The time

75
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of occurrence1 2 for which the customers stated their costs are also listed for each
customer sector in Table 7.1.

Table 7.1: Survey method and the reference time for which the customers stated their
costs, listed for each customer sector. CVM=Contingent Valuation Method and DCM =
Direct Costing Method.

Customer Survey Reference time
sector method in survey

January
Residential CVM Weekday

18.00

January
Industrial DCM Thursday

10.00

January
Governm. & public DCM Thursday

10.00

Individual
Agricultural DCM Worst

Case

January
Commercial DCM Thursday

10.00

The surveyed durations for unplanned outages were for the residential sector
1, 4, 8, and 24 hours. For the other sectors the surveyed durations for unplanned
outages were 1 min, and 1, 4, and 24 hours. The annual peak demand was used for
normalization of the interruption costs in [60]. Except for the residential sector the
individual annual peak load was used in the normalization process. For residential
customers the average peak load of 4.5 kW was used. The normalized interruption
costs for the surveyed durations are reported in Table 7.2.

1In the survey for the residential customers the inconvenience scale rankings of negative effects
of an outage is specified to be a weekday. For the thereby following WTP questions, however,
no day of week is specified. In this thesis is it though assumed that the WTP data is also
for a weekday. The difference in interruption cost between a weekday and weekend at 18.00 is
reasonably on the other hand not that large.

2For the agricultural sector the customers were asked to state their costs for the time in the
day, day of week and year where they suffer the highest interruption costs.
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Table 7.2: Average normalized interruption cost and standard deviation reported in
SEK/kW for unplanned outages of the surveyed durations.

Customer 1 min 1 hour 4 hours 8 hours 24 hours
sector

Residential
Average - 2.1 8.4 24.5 51.5
Std. dev. - 10 23 53 96

Industrial
Average 13 61 173 - 472
Std. dev. 31 130 305 - 768

Governm. & public
Average 3 35 116 - 305
Std. dev. 10 124 414 - 1004

Agricultural
Average 3 8 21 - 100
Std. dev. 18 42 85 - 298

Commercial
Average 51 170 535 - 1240
Std. dev. 377 631 1502 - 3007

7.2 Parameterization of the Interruption Cost Model for
Residential Customers

The proposed interruption cost model for residential customers consists of four
parts: the reference cost and the three cost weight factors. For the application
of the model to a distribution system, all four parts must be parameterized to
the local conditions. In this thesis, the model is parameterized to Swedish condi-
tions. Weather conditions for calculating the season factor were adapted from the
Gothenburg area located on the west coast of Sweden.

7.2.1 Reference (Worst Case) Interruption Cost

In this thesis, two alternative approaches for modeling the reference cost is con-
sidered. These are a customer damage function approach and a probability distri-
bution approach. The parameterization of both approaches are described in this
section. Both approaches are used to estimate the normalized interruption cost in
SEK/kW (1 SEK ≈ 0.11 Euro). To determine the interruption cost in monetary
terms, a load model that calculates the demanded load at time t is needed. The
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parameterization of the load model used in this thesis is presented in Section 7.4.

Customer Damage Function Approach

In this approach, the customer damage function, which models the interruption
cost to be a piece-wise linear function of outage duration is used. The normalized
average interruption costs for the surveyed durations are given in Table 7.2 and
the customer damage function based on these values is shown in Figure 7.1. To
determine the cost for durations that are longer than 24 hours or shorter than one
hour, linear extrapolation was used.
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Figure 7.1: Customer damage functions [SEK/kW] for the residential sector (1 SEK ≈
0.11 Euro). The surveyed durations are marked with an asterisk.

Probability Distribution Approach

Parameterization using the probability distribution approach is performed through
the three preparatory steps described in Section 4.2.1.

Preparatory step 1:
The probability for zero cost was calculated for each surveyed interruption duration
and the values are reported in Table 7.3.

Preparatory step 2:
After the zero cost responses were eliminated, the rest of the normalized cost data
were log transformed. The normality of the transformed non-zero data sets was
verified graphically by using Quantile-Quantile plots (QQ plots) shown in Figure
7.2. A QQ plot is a tool for visualizing the relationship between empirical quantiles
of data and theoretical quantiles of a reference distribution [44]. If the data has a
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similar distribution as the reference distribution then the QQ plot is approximately
linear. As seen in Figure 7.2 the QQ plots are close to linear implying that the
log transformed data sets can be approximated by normal distributions. In other
words, original non-zero cost data are approximately log normally distributed for
each surveyed duration.
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Figure 7.2: QQ plots of the log transformed non-zero cost data sets against normal
distributions.

Preparatory step 3:
In Figure 7.3, the derived normal distributions together with histograms of the log
transformed normalized non-zero cost data sets are shown. The number of bins for
the histograms were chosen according to the Freedman-Diaconis rule [104]. The
mean values and the standard deviations of the derived normal distributions are
given in Table 7.3.
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Figure 7.3: The log transformed non-zero cost data sets and derived normal distributions
for each of the surveyed durations.

Table 7.3: Parameter values for the derived normal distributions fitted to the log trans-
formed normalized non-zero cost data sets and zero-cost probabilities for each surveyed
duration.

Surveyed duration [hours] 1 4 8 24

Mean value 1.97 2.71 3.22 3.82
Standard deviation 1.52 1.35 1.29 1.27
Zero-cost probability 0.86 0.68 0.46 0.36

In contrast to the normalization in the customer damage function approach
here individual annual peak demand was used to normalize the surveyed cost data.
Individual data for annual peak demand is preferred since the probability distri-
bution approach seeks the variation within the customer sector. This variation is
better preserved when individual load is used compared to when average load for
the whole sector is used.
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Peak demand is, however, extremly difficult for a household to state. It was
therefore calculated using the individual annual energy consumption stated in the
survey3 and an assumed load factor of 22 percent4. The load factor of 0.22 was
in [60] derived from the average annual usage time of 1900 hours for residential
customers reported in [32].

7.2.2 Multiple Customer Factor

A first attempt to include the extra costs for widespread outages that affect a large
number of customers and thereby probably also cut off power for public services is
to use the costs for the third party that is not able to use the services. As proposed
in [60] the costs for a third party could either be measured by asking households to
state their extra costs due to not being able to use different public services, or by
asking the employees in each public service to estimate the cost for the customers
not being able to use their services. The latter method was chosen in [60].

To parameterize the multiple customer factor, the blackout study of the 2001
Kista-Akalla blackout in northen Stockholm presented in [82] is used. The blackout
lasted 34 hours and affected 16 000 households and a number of public services. The
households were in [82] asked to state their costs due to the outage. To make an
initial validation of the performed parameterization results reported in [60] are used.

Since a 24 hour outage was included in the survey presented in [60], the costs
stated for the 34 hour outage in [82] were rescaled to costs for a corresponding 24
hour outage. The rescaled stated average cost for a household due to the interrup-
tion was 529 SEK. The surveyed cost for a 24 hours interruption is 51.5 · 4.5 = 232
SEK. Furthermore, because the outage was over 24 hours, the daily average of the
activity factor was used in the parameterization, giving factitivy = 0.76. For the
season factor, the monthly average of 0.89 for March was used. This gives:

fcustomer =
Stated interruption cost

fseason · factivity · C(d) · Peak load

≈ 529
0.89 · 0.76 · 51.5 · 4.5 ≈ 3.4 (7.1)

Thus, the households’ costs increased by 240 % (fcustomer = 3.4) or 297 SEK due to
the multiple customer effect. Since 16 000 households were affected by the outage
in [82], this gives:

η = 3.4− 1√
16000

≈ 0.019 (7.2)

3Raw data from the survey for residential customers were obtained from Fredrik Carlsson and
Peter Martinsson at Gothenburg University.

4The peak load, Lpeak is using the average load Laverage and load factor fload calculated
according to: Laverage

fload
= Lpeak, where Laverage = E

8760 and fload = Tusage
8760 . Here the annual

energy consumption and the annual usage time are denoted, E, and Tusage, respectively.
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in equation (4.2). The multiple customer factor for this η is shown in Figure 7.4.
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Figure 7.4: The multiple customer factor with η = 0.019.

The third party interruption costs for one public service was in [60] found to be
around 26 000 SEK for a 24 hours outage. This cost was as large as the interruption
cost for the public service itself. The third party cost shall be divided among the
households that belong to this public service. The choice of η =0.019 gives that
around 160 households belong to each public service, which is a reasonable figure
at least in densely populated areas.

The parametrization of the multiple customer factor is based on data for the
increased costs due to interruption of public service functions, but these data have
been difficult to find. More surveys aiming to investigate the increased costs per
household that widespread outages cause are needed. To verify the shape of the
curve more data points would be desirable.

7.2.3 Time-varying Cost Weight Factors

In this section the two time-varying cost weight factors are parameterized according
to Swedish activity patterns and weather conditions. Since outdoor temperature
and activity pattern data in many cases are available, the proposed modeling ap-
proach facilitates the adjustment of the model to different conditions. From the
survey data, the fraction of inconvenience due to destroyed food, crefrig, was esti-
mated to be 0.19.
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Season Factor

The daily outdoor temperature was in the deterministic approach modeled as the
average daily outdoor temperature for each month and was assumed to be con-
stant during an outage. In the stochastic approach, the daily average outdoor
temperature was assumed to be random according to different normal probability
distributions for each month and QQ plots were used to verify this assumption.
Temperature data for the years 1998-2007 for Gothenburg, situated on the west
coast of Sweden, was retrieved from [105] and are presented in Table 7.4. The
preferred indoor temperature Tin was set to 21◦ C. The loss of lighting was mod-
eled using a binary variable Z(t) that assumes the value 1 if there is no daylight
at hour t and 0 otherwise. To determine Z(t), data for sunrises and sunsets for
Gothenburg were used. The weights were determined to w1 = 0.19, w2 = 0.15 and
wnon−season = crefrig +

∑k
m=1 v

′
m = 0.66.

Table 7.4: Temperature data from Gothenburg used in the season factor.

Month number 1 2 3 4 5 6
Average [◦C] -0.1 -0.6 1.2 6.2 10.9 14.0
Standard deviation [◦C] 4.4 3.9 4.2 3.4 3.1 3.0

Month number 7 8 9 10 11 12
Average [◦C] 16.4 16.2 12.8 7.7 3.3 0.7
Standard deviation [◦C] 2.8 2.9 2.7 3.5 3.8 4.5

At the reference time the season factor equals one5, since Z(tref ) = 1, T (tref ) =
Tmean,ref and the sum of the weight factors equals one. The deterministic season
factor as a function of time of year is shown in Figure 7.5. Since the daylight is
modeled to vary on an hourly basis, the season factor will fluctuate between the
upper and lower curve in Figure 7.5. If the average of Z(t) is taken for each month
the season factor is represented by the middle curve in Figure 7.5.

Activity Factor

To derive the activity patterns, Swedish time-use diary data from [86] were used.
The report [86] is summarized in [85] together with time-use diary statistics for
other European countries. The households were assumed to be able to perform
seven different activities, and the percentage of the population performing each
activity during each hour on a weekday is shown in Figure 7.6. Activity patterns
for weekdays and weekends for the seven activities were assumed not to change
over the year, and were in the stochastic approach used as probability distributions

5In the stochastic approach, the expected value of the season factor is one at the reference
time.
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Figure 7.5: The season factor as a function of the time of year.

for the stochastic binary variables xim(t) in equation (4.12). In the deterministic
approach, the variable xm(t) in equation (4.8) is neither stochastic nor binary.
Rather it is the percentage of the population performing activity m at time t.

The activities were numbered as: sleeping = 1, being at work = 2, doing house-
work = 3, cooking/meals = 4, spending free time at home = 5, watching TV = 6
and spending free time outside home = 7. For the non-electricity dependent activ-
ities the weights were set to zero. The derived weights for the different activities
are given in Table 7.5. As mentioned in Chapter 4, the derived weight must be
rescaled by the same factor, γ, in order for the activity factor to assume the value
one at the reference time6. These rescaled weights are denoted vm, m = 1, . . . ,M
and are also given in Table 7.5.

Table 7.5: Weights for the activity factor before and after rescaling.

Activity number, m 1 2 3 4 5 6 7

Factors before rescaling, v′m 0 0 0.09 0.016 0.011 0.011 0
Factors after rescaling, vm 0 0 0.49 0.085 0.057 0.057 0

Because of the absence of data, the fraction of inconvenience due to interrupted
free time spent at home was set to the same value as for not being able to watch
TV, hence v5 = v6. Furthermore, vnon−activity = w1 + w2 + crefrig = 0.53. The

6In the stochastic approach, it is the expected value of the activity factor that equals one at
the reference time.
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Figure 7.6: The percentage of the population performing the seven different activ-
ities each hour during a weekday. Based on the time-use diary data study [86].

deterministic activity factors for weekdays and weekend are shown in Figure 7.7.
Note that the activity factor for the reference scenario, which refers to a weekday
at 18.00, equals one. Furthermore, the activity factor is slightly larger than one for
some hours during the weekend.
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Figure 7.7: The activity factor as a function of time of the day.
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7.3 Parameterization of the Interruption Cost Model for
Other Customer Sectors

The customer interruption cost model consists of the proposed interruption cost
model for residential customers together with an interruption cost model for the
other customer sectors. In this section the parameterization of this second model is
presented. The model consists of four parts: the reference cost and the three cost
weight factors for hourly, daily and monthly variations. The parametrization of the
reference cost and the time-varying cost weight factors are described in Sections
7.3.1 and 7.3.2, respectively.

No survey investigating the time variations in interruption costs have ever been
conducted in Sweden. Only questions to identify the “worst timing” of an outage
for the different customer sectors have been included in surveys. However, the time
variations in interruption costs for a specific customer sector show similar patterns
in surveys conducted in different countries, see for example [61] and [74]. This can
be explained by that it is the interrupted activities, which is more customer sector
specific than country specific, that give rise to the costs. In this thesis time-varying
cost weight factors are adopted from studies conducted in the neighboring country
Norway, which are presented in [61]. The time-varying cost weight factors adopted
are the ones used in the modified Norwegian network tariff regulation that will
come into effect in 2009 [75].

Even though the time variations in cost were not included in the Swedish cus-
tomer survey [60], the worst case for each customer sector were identified by inves-
tigating what time in the day, week and year the customers experienced the highest
costs. The identified worst case for each customer sector are the same as in the
Norwegian customer survey [75], which strengthen the assumption that it is the
customer sector specific activities that determine the interruption costs.

7.3.1 Reference (Worst Case) Interruption Cost

As for the residential sector, two approaches can be taken when modeling the
reference cost. These are a customer damage function approach and a probability
function approach. The parameterization of both approaches, using data from the
Swedish customer survey presented in [60], are described in this section. Both
approaches are used to estimate the normalized interruption cost in SEK/kW.

Customer Damage Approach

The customer damage functions are based on the normalized interruption costs
given in Table 7.2. For intermediate durations the customer damage function mod-
els the interruption cost to be a piece-wise linear function of outage duration. In
Figure 7.8 the customer damage functions for all the sectors are shown. To deter-
mine the cost for durations that are longer than 24 hours, linear extrapolation was
used.
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Figure 7.8: Customer damage functions in SEK/kW for all customer sectors (1 SEK ≈
0.11 Euro). The surveyed durations are marked with different symbols.

Probability Distribution Approach

The probability distributions for the non-zero costs were, as for the residential
sector, assumed to be approximated with lognormal distributions. In contrast to
the residential sector no raw data were available to verify this assumption. To
derive the parameters for the lognormal probability distribution, the mean value
and standard deviation for the normalized non-zero cost data set for each duration
are needed. These can be calculated using the mean values and the standard
deviations for the cost data sets in [60], given in Table 7.2, together with the zero-
cost probability. The derived expressions used for calculations of the mean values
and standard deviations of the non-zero cost data sets are shown in Appendix C.
The log transformed normalized non-zero cost data sets for each of the surveyed
durations are assumed to follow normal distributions with parameter values given
in Table 7.6.

7.3.2 Time-varying Cost Weight Factors

The time-varying cost weight factors are, in the absence of Swedish studies, adopted
from the factors used in the modified Norwegian network tariff regulation [75]. The
reference times in the Norwegian survey [75], for which the time-varying cost weight
factors are one, are the same as in the Swedish customer survey [60] for industrial,
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Table 7.6: Parameter values for the derived normal distributions for the log transformed
normalized non-zero cost data sets and zero-cost probabilities for each surveyed duration.

Customer 1 min 1 hour 4 hours 24 hours
sector

Industrial
Mean value 2.51 3.69 4.88 5.94
Standard deviation 1.14 1.19 1.06 1.00
Zero-cost probability 0.45 0.25 0.25 0.25

Governm. & public
Mean value 3.03 4.52 5.52 6.24
Standard deviation 0.61 1.05 1.11 1.14
Zero-cost probability 0.88 0.78 0.75 0.69

Agricultural
Mean value 2.35 2.42 3.28 4.87
Standard deviation 1.26 1.42 1.32 1.16
Zero-cost probability 0.87 0.74 0.67 0.61

Commercial
Mean value 4.06 4.61 5.75 6.74
Standard deviation 1.61 1.47 1.35 1.24
Zero-cost probability 0.76 0.42 0.31 0.32

governmental & public and commercial sectors. The agricultural sector stated
their cost for the individual worst case in the Swedish survey. For the agricultural
sector, the reference time is therefore assumed to be the worst case identified for the
agricultural sector in Swedish survey, which was between 6 - 12 am on a weekend in
February. However, the reference time for the agricultural sector in the Norwegian
survey was 6 am on a weekday in January. Therefore, the factors for the variations
due to day of the week and month were, for the agricultural sector, rescaled so they
would take the value one for the reference time in the Swedish survey. The time-
varying cost weight factors for modeling the temporal variations in interruption
costs between different hours during the day, day of week and month are given in
tables 7.7, 7.8, and 7.97.

7These values are taken from [75], with the described rescaling for matching the reference time
for the agricultural sector.
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Table 7.7: Values for time-varying factor fhour that describes the temporal variations in
interruption cost between different hours in the day.

Time period 00 - 06 06 - 08 08 - 12 12 - 16 16 - 20 20 - 24

Industrial 0.7 0.9 1.0 1.0 0.8 0.6
Governm. & public 0.4 0.6 1.0 1.0 0.7 0.5
Agricultural 0.8 1.0 0.9 0.7 1.0 0.8
Commercial 0.5 0.7 1.0 1.0 0.8 0.6

Table 7.8: Values for time-varying factor fday that describes the temporal variations in
interruption cost between different days of the week.

Day of week Weekday Saturday Sunday

Industrial 1 0.6 0.6
Governm. & public 1 0.5 0.4
Agricultural 0.9 1.0 1.0
Commercial 1.0 0.8 0.7

Table 7.9: Values for time-varying factor fmonth that describes the temporal variations
in interruption cost between different months of the year.

Month Jan Feb Mar Apr May Jun

Industrial 1.0 1.0 1.0 1.0 1.0 1.0
Governm. & public 1.0 1.0 1.0 0.9 0.8 0.7
Agricultural 0.9 1.0 1.0 1.0 0.8 0.8
Commercial 1.0 1.0 1.0 1.0 1.0 0.9

Month Jul Aug Sep Oct Nov Dec

Industrial 0.9 1.0 1.0 1.0 1.0 1.0
Governm. & public 0.6 0.8 0.9 1.0 1.0 1.0
Agricultural 0.8 0.8 0.9 0.9 1.0 1.0
Commercial 0.9 1.0 1.0 1.0 1.0 1.0
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7.4 Parameterization of the Time-varying Load Model

The load model proposed in this thesis accounts for both daily and yearly variations
in load demand using load curves for each customer sector adopted from [106].
The load curves depend on time of day, day of week and outdoor temperature.
The reference level for the load curves that is the average load demand, has been
updated to better represent present load statistics and are reported in Table 7.10.
The average load levels were calculated using annual usage time and median values
for peak load obtained in the Swedish customer survey presented in [60].

Table 7.10: Average load for the different customer sectors.

Customer sector Average Load [kW]

Residential 0.98
Industrial 91.90
Governm. & public 9.59
Agricultural 6.79
Commercial 44.35

The load curves in [106] are reported for different temperature intervals. How-
ever, the temperature might be below the lowest interval. In [87] it was established
that there is a linear relationship between energy consumption and outdoor tem-
perature in Sweden. Therefore, this temperature dependency was incorporated as
a coefficient that moves the load curve vertically in case of low temperatures. The
demanded load during spring or fall for the commercial and agricultural sectors at
a temperature between 5 and 10 ◦C is shown in Figure 7.9.

7.5 Parameterization of the Reliability Model

The root causes of power interruptions are component failures. Therefore, basic
component reliability data, given in Section 7.5.1, are essential in the reliability
model. The failure rates are annual averages and the restoration times are for
normal conditions. However, the failure rate for overhead lines depends greatly on
the current weather conditions and is therefore modeled to be time-varying. For the
Gothenburg area, where the test distribution systems are assumed to be located,
high wind events are deemed to be a larger threat to system reliability than for
example lightning, icing and snow [107]. Restoration times will also depend on
the current weather conditions and the availability of crews, implying that they
are also time-varying. The parameterizations of the time-varying failure rates and
restoration times are described in Section 7.5.2 and Section 7.5.3, respectively.
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Figure 7.9: The demanded load for the commercial and agricultural customer sec-
tors during spring/fall at a temperature between 5 and 10 ◦C.

7.5.1 Basic Component Reliability Data

To parameterize the reliability model basic component data for the failure and
restoration processes are needed. Average failure rates and restoration times are
given in Table 7.11 and are adopted from [108] with the exception of the failure
rate for cables which corresponds to Swedish data presented in [109].

Table 7.11: Reliability data for system components.

Component λP λT RT/RpT SwT RcT
[f/yr] [f/yr] [h] [h] [h]

Transformers
33/11 kV 0.015 0.05 15 1 0.083
11/0.4 kV 0.015 - 10 1 -

Breakers
33 kV 0.002 0.02 4 1 0.083
11 kV 0.006 0.06 4 1 0.083

Overhead lines
11 kV 0.065 - 5 1 -

Cables
11 kV 0.019 - 30 3 -
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In Table 7.11, λP is the permanent (total) failure rate, λT is the temporary
failure rate, RT/RpT is the repair/replacement time, SwT is the switching time, and
RcT is the reclosing time. The restoration time under normal weather conditions for
the reference time, rref , in equation (6.14) is equal any of the three times depending
on which outage event that has occurred. Note that for overhead lines and cables,
the failure rates are given in [f/yr, km]. The failure rate for overhead lines is
the average annual failure rate, the parameterization of the time-varying failure
rate is carried out in Section 7.5.2. The probability distributions for the system
components are adopted from [110] and shown in Table 7.12. It was assumed that
breakers have the same standard deviation as bus bars have in [110]. Note that the
probability distribution for the time to failure is exponential with the parameter λ
given in Table 7.11.

Table 7.12: Probability distributions for system components.

Distribution Standard deviation

Time To Failure (TTF) Exponential -

Repair time (RT)
Overhead lines Lognormal 1 hours
Cables Lognormal 6 hours
Breaker Lognormal 0.4 hours

Replacement time, (RpT)
Transformer Lognormal 1 hour

Switching time (SwT) Lognormal 0.4 hours

Reclosing time (RcT) Lognormal 2 minutes

7.5.2 Time-varying Failure Rates

To parameterize the time-varying failure rates, ten years of weather statistics from
a weather station in Gothenburg have been used [105]. These weather data contain
information on, for example, daily mean temperature and wind speed for each 30
minute period for the years 1998 to 2007. As the measure of wind speed the gust
wind speed was chosen, since it is the gust wind that bring down poles and trees.
To parameterize the non-homogeneous Poisson process (NHPP) for the occurrence
of high wind events a meteorological study with weather data from a greater time
span, presented in [15], was used. The greater time span is needed since high winds
events are somewhat rare in Sweden and due to the low frequency it is difficult to
determine a probability distribution for when high wind events occur during the
year using only ten years of weather data.
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NHPP for High Wind Events

The critical gust wind speed, wcrit, was defined as 21 m/s because this speed is
the limit for issuing a storm warning in Sweden [111]. In [15] 84 years of weather
statistics of high wind events from sea weather stations located on the west coast
of Sweden are presented. An assumption made is that high winds at sea with a
constant probability during the year hit land and give rise to the high wind events
over land. This means that the data in [15] can be used to derive the probability
distribution of when high wind events occur in the Gothenburg area over the year.
However, because high winds are more frequent at sea the mean number of high
wind events per year is estimated using the ten years of weather data from the
weather station located in the Gothenburg area. From [15] it can be concluded
that high winds events have a tendency to occur during the winter, see Figure 7.10.
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Figure 7.10: The probability of high winds events during the year.

Using the derived probability distribution, the non-homogeneous rate of oc-
currence vhw(t) for the NHPP is estimated, see Figure 7.11. The dotted line is
the average rate of occurrence, which is the rate of occurrence parameter in the
corresponding HPP.

The mean number of high wind events as a function of time Vhw(t) is shown in
Figure 7.12. As shown in Figure 7.12 the mean number of high wind events per
year is estimated to E(Nhw(8760)) = 2.90. In [15] only statistics of the number
of high wind events and when these occur are presented. No data of the weather
intensity level at these occasions are included in the study and must therefore be
retrieved from another source.
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Figure 7.11: The rate of occurrences for high winds events estimated from weather
data.
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Intensity and Duration of High Wind Events

Besides from the NHPP, data for the duration and intensity of the high wind events
are also needed. The durations for high wind events and also gust wind speed were
determined from the weather station data.

Twenty-nine observations of gust wind speeds above the critical gust wind speed
of 21 m/s were collected from the weather station data. Using the square of these
observations the average squared gust wind speed, E(w(t)2 |w(t ≥ wcrit)), in equa-
tion (6.12) was estimated to be 566 m2/s2. When a high wind event has oc-
curred, a gust wind speed that is larger than wcrit has to be randomized. To
create a probability distribution of gust wind speeds above wcrit, the distribution
of Δwsq(t) = w(t)2 − w2

crit was determined from the wind observations. The vari-
able Δwsq(t) was shown to have a Weibull distribution which is verified by the
straight line in the probability plot in Figure 7.13. An Anderson-Darling test [112]
at 5 % significance level was also performed to further verify the assumed distribu-
tion. After a value for Δwsq(t) has been randomized the squared gust wind speed
w(t)2 = Δwsq(t) + w2

crit can be calculated.
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Figure 7.13: Probability plot of a Weibull distribution for the variable Δwsq(t),
with scale and shape parameters estimated to a = 134, and b = 1.24, respectively

The probability distribution for the duration of high wind events was estimated
from weather data with a mean value of E(Dhw) = 2.95 h. Also here a Weibull
distribution provided the best fit to data. As verification of the assumed distribu-
tion a probability plot and an Anderson-Darling test were performed. The assumed
Weibull distribution was not rejected by the Anderson-Darling test at 5 % signifi-
cance level. Parameters for the two Weibull distributions are given in Table 7.13.
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Table 7.13: Scale and shape parameters for the two Weibull distributions.

Variable a b

Δwsq(t) 134 1.24
Dhw 3.05 1.08

Failure Rates during High Wind Events

The average annual duration of high wind events was estimated to:

Thw = E(Dhw)E(Nhw(8760)) = 2.95 · 2.90 ≈ 8.56 h (7.3)

The average annual duration of normal weather was thus calculated as Tn = Ttot−
Thw = 8751 h. To estimate the proportion of failures occurring during the different
weather conditions failure statistics for overhead lines from the database DARWin
was retrieved [113]. The DARWin database is operated by Swedenergy, and in
2006 it contained reliability data reported from 111 power companies. To obtain
as many years as possible of data, power companies in the whole of Sweden was
considered. The proportion of failures were estimated to Fhw = 0.498 and Fn =
0.502, using reliability data from 1990-2006. The average failure rate for overhead
lines, E(λ(w(t))) was set to 0.065 failures per km and year, see Table 7.11, and
the failure rate during normal weather conditions, λnorm, was estimated to 0.033
failures per km and year, using equation (6.3). By using equation (6.5) the average
failure rate due to high winds was estimated to:

E(λwind(w(t))) = 33.2 failures per km and year (7.4)

Using equation (6.12) the scaling parameter value was estimated to ξ = 3586.

7.5.3 Time-Varying Restoration Times

The weight factors for daily and hourly variations in restoration times were retrieved
from [93] and are listed in Table 7.14. The additional time due to severe weather is
stochastic and equals the remaining duration of the severe weather after the fault
has occurred.

Note that the time-varying factors are all greater then one. This is because
the restoration time for the reference time is assumed to be for normal weather
conditions and during working hours. In [93] the same average restoration times
found in [108] and presented in Table 7.11 were used. Since Billinton is the author
for both [93] and [108] it is assumed that the restoration times given in Table 7.11
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Table 7.14: Weight factors for temporal variations in restoration times.

Day of week fd

Weekday 1.0
Weekend 1.2

Time of day fh

00 - 07 1.2
07 - 17 1.0
17 - 24 1.1

represent the restoration times during normal weather conditions and during work-
ing hours, which implies that time-varying weight factors over one are correct.





Chapter 8

Case Studies

In this chapter the three proposed time-varying models: the customer interruption
cost model, the reliability model and the load model, are applied in risk assessments
of two different test distribution systems. The first case study considers a rural
distribution system and the second case study is carried out on a mixed urban/rural
distribution system. In both case studies, the effect on the estimation of reliability
indices such as ECOST, EENS and IEAR from modeling customer interruption
costs, component failures and load to be time dependent is investigated. In addition
to considering average values of system reliability indices, tools for risk analysis
from the finance industry industry, Value-at-Risk and Conditional Value-at-Risk,
are also used for the evaluation. The case studies show that these risk tools can be
applied to risk assessments of power systems and that they provide a measurement of
the risks of extreme costs. Applying these tools allows for extreme events to be given
more weight in the investment decision-making process. The chapter concludes with
a discussion of the obtained simulation results.

8.1 Risk Assessments of Two Test Distribution Systems

This section describes the procedure to perform a risk assessment of distribution
systems in accordance to steps A to C in Figure 2.5. In the case studies risk
assessments of two test distribution systems are performed, with results given in
Section 8.2 and Section 8.3, respectively. In Section 8.4 a cost-benefit analysis of
replacing overhead lines with cables in the second test system is carried out.

The first step in a risk assessment is to acquire system data and perform an
FMEA. The second is to decide the modeling approach to use and formulate the
customer interruption cost, reliability and load models. The last step in the risk
assessment is to perform Monte Carlo simulations.

99
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8.1.1 Step A: The Distribution Systems Used in the Case
Studies

Table 8.1 shows the definition of urban, mixed urban/rural and rural distribution
systems, according to density of customers per meter cable or overhead line, given
in [114]. The small radial test system used in the first case study is a rural dis-
tribution system with residential customers, having 140 meters of overhead lines
per customer. In the second case study, a looped test distribution system with a
mixture of different customer sectors is considered. The system has approximately
85 meters of overhead lines per customer. From the definition in Table 8.1 the
looped distribution system is a mixed urban/rural system. Data for the two test
systems are presented below.

Table 8.1: Definition of different distribution systems according to density of customers
per meter cable or overhead line.

Type Meter cable or overhead line
per customer [m/customer]

Urban 1-60
Mixed urban/rural 61-120
Rural >120

Test System Used in Case Study 1: A Rural Distribution System

The small radial distribution system used in the first case study is shown in Figure
8.1. This system is denoted Test system 1. The system has three load points, LP1,
LP2 and LP3, which have 35, 25 and 40 residential customers, respectively. The
overhead line lengths are L1 = 2.0 km, L2 = 4.8 km and L3 = 7.2 km. The system
furthermore has two breakers, B1 and B2, surrounding the 33/11 kV transformer
T1. It also has three 11/0.4 kV transformers, T2 to T4, one at each load point.
These transformers have fuses that prevent transformer failure to affect the rest
of the system. Not shown in the Figure 8.1 are the disconnectors located on both
sides of lines and breakers, which enables the isolation of these components. The
fuses and disconnectors are assumed to be 100 % reliable. Results of an FMEA for
the system are found in Appendix B.

Test System Used in Case Study 2: A Mixed Urban/Rural
Distribution System

The test distribution system used in the second case study is denoted Test system 2
and is shown in Figure 8.2. The network configuration of this test system was first
presented in [42] and has a looped feeder that under normal operating conditions is
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Figure 8.1: Test system 1.

operated as two radial feeders with an open disconnector between LP6 and LP11,
as shown in Figure 8.2.

As shown in Figure 8.2 there are two parallel 33/11 kV transformers. These
are, however, operated one at the time in order to decrease losses in the system.
Normally it is the transformer T1 that is operated, but during repair and mainte-
nance, T2 is used instead. As in Test system 1 the 11/0.4 kV transformers have
fuses and on both sides of each line and breaker disconnectors are located. The
fuses and disconnects are assumed to be 100 % reliable. Results from the FMEA
for Test system 2 are given in Appendix B.
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Figure 8.2: Test system 2.

In the system, residential, agricultural, industrial, commercial and governmental
& public customers are present at the load points specified in Table 8.2. The lengths
of the 13 overhead lines/cables in the system are given in Table 8.3.
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Table 8.2: Load point data for Test system 2.

Load point Number of customers Customers type

LP1 2 Industrial
LP2 3 Governmental
LP3 30 Commercial
LP4 10 Agricultural
LP5 75 Residential
LP6 1 Industrial
LP7 125 Residential
LP8 2 Industrial
LP9 4 Industrial
LP10 3 Industrial
LP11 3 Industrial
LP12 85 Residential

Table 8.3: Length of the overhead lines/cables in Test system 2.

Line/cable L1 L2 L3 L4 L5 L6 L7
Length [km] 1 2.8 2.4 1.8 1.4 1.6 2.8

Line/cable L8 L9 L10 L11 L12 L13
Length [km] 1.4 1.8 1.6 2.4 4.0 4.0

8.1.2 Step B: Modeling Approaches

To investigate the impact of considering time dependencies in customer interruption
costs, demanded load, component failure rates and restorations times, as well as
the impact of considering the dispersion in interruption costs within each customer
sector, four different modeling approaches have been adapted. Since there are three
models that can be modeled to be either time-varying or not, there are many more
than four possible approaches that can be investigated. However, to investigate all
possible approaches would be tedious and therefore four that were deemed to be
representative have been selected.

The three models are parameterized according to Swedish conditions as de-
scribed in Chapter 7. Before the simulations can begin some choices have to be
made. When time-varying interruption costs and loads are considered the outdoor
temperature is assumed to be stochastic while the performed activities are modeled
to be deterministic. Stochastic outdoor temperature is assumed because it increases
the realism in the simulation and because it enables the simulation of outages occur-
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ring at extreme temperatures. Activity patterns are assumed to be deterministic
because there are always a reasonably large number of households in each load
point in the considered test distribution systems. Since the activities performed by
different households are assumed to be independent, the stochastic activity factor
will converge towards its average for the time of the considered interruption, which
is equal to the deterministic activity factor. If the number of households in a load
point is low, however, using the stochastic activity factor would be more appro-
priate. With a stochastic temperature the load will become stochastic since it is
modeled to be a function of temperature, see Section 4.4.

Both test systems used in the case studies have a relatively small number of
customers. Therefore, even if all customers in a system suffer a power interruption,
the interruption is not defined as widespread. Hence, there is no additional cost for
households due to widespread effects and the multiple customer factor fcustomer(k)
in the interruption cost model for residential customers found in equation (4.1)
is equal to one for all of the simulation cases described below. For the effect of
widespread outages, see [19] where the interruption cost model for residential cus-
tomers is applied to a transmission system.

The four considered modeling approaches are:

• Approach 1: No time dependencies are considered

1. Customer interruption cost model:
Customer interruption costs are modeled to only depend on outage dura-
tion. The time-varying cost weight factors in equations (4.1) and (4.15)
are set to one. The customer damage function approach is applied to
model the reference (worst case) costs using the average values in Table
7.2.

2. Reliability model:
Failure rates are assumed to be constant and restoration times non time
dependent, i.e. the figures in Table 7.11 for normal weather conditions
are used. Standard deviations for time to next failure and restoration
times are given in Table 7.12.

3. Load model:
Average demanded loads presented in Table 7.10 are used.

• Approach 2: Incorporating time dependencies in customer inter-
ruption cost and load

1. Customer interruption cost model:
Customer interruption costs are modeled to be time dependent using
the time-varying cost weight factors in equations (4.1) and (4.15). The
customer damage function approach is applied to model the reference
(worst case) costs using the average values in Table 7.2.
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2. Reliability model:
Failure rates are assumed to be constant and restoration times non time
dependent, i.e. the figures in Table 7.11 for normal weather conditions
are used. Standard deviations for time to next failure and restoration
times are given in Table 7.12.

3. Load model:
The time-varying load model described in Chapter 4 is used.

• Approach 3: Incorporating time dependencies in customer inter-
ruption cost and load, as well as the variations in interruption cost
within each customer sector

1. Customer interruption cost model:
Customer interruption costs are modeled to be time dependent using
the time-varying cost weight factors in equations (4.1) and (4.15). The
probability distribution approach is applied to model the reference (worst
case) costs. Parameters for the probability distributions are found in
Tables 7.3 and 7.6.

2. Reliability model:
Failure rates are assumed to be constant and restoration times non time
dependent, i.e. the figures in Table 7.11 for normal weather conditions
are used. Standard deviations for time to next failure and restoration
times are given in Table 7.12.

3. Load model:
The time-varying load model described in Chapter 4 is used.

• Approach 4: Expansion of Approach 3 to also incorporate time
dependencies in failure rates and restoration times

1. Customer interruption cost model:
Customer interruption costs are modeled to be time dependent using
the time-varying cost weight factors in equations (4.1) and (4.15). The
probability distribution approach is applied to model the reference (worst
case) costs. Parameters for the probability distributions are found in
Tables 7.3 and 7.6.

2. Reliability model:
The failure rate for overhead lines and restoration times are modeled
using the time-varying model described in Chapter 6. The failure rate
for overhead lines is given by equation (6.1). For other components than
overhead lines, the values reported in Table 7.11 are used. Restoration
times are modeled according to equation (6.14) with the time-varying
weight factors specified in Table 7.14. Standard deviations for time to
next failure and restoration times are given in Table 7.12.
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3. Load model:
The time-varying load model described in Chapter 4 is used.

8.1.3 Step C: Monte Carlo Simulation Procedure

The time sequential Monte Carlo simulation technique used consists of steps 1 to
12 described in Section 2.6 with additional considerations for time-varying failure
rates and restoration times. The technique is visualized through the flowchart in
Figure 8.3 with the step number given in each box. The dashed boxes in Figure
8.3 represent the considerations of time-varying failure rates and restoration times
described in Chapter 6. The technique is applied to the four different modeling ap-
proaches in order to investigate effect of time dependencies in customer interruption
costs, component failures and loads in the two considered test systems.

The simulation is performed on an annual basis, and Tf = 8760 hours. For each
simulated year, the number of outages and outage characteristics such as duration
and time of occurrence can vary. If time-varying failure rates are considered high
wind events are generated. The number of high wind events can vary in each year,
as well as the time of occurrence of the events. For each outage in a simulated year
the interruption cost and the energy not supplied are calculated, and for each year
the total interruption cost, energy not supplied, outage duration and number of
outages for each load point are obtained. In the beginning of each year the weather
condition is assumed to be normal and all components are assumed to be working.

The following remarks on Step 8 and Step 11 can be made:

Step 8: The FMEA in Appendix B only includes events consisting of failure in one
component, and no second order failures are considered1. However, if time-
varying failure rates are considered, high wind events are generated during
which the failure rate for overhead lines is sharply elevated and overlapping
failures are not that uncommon. For a system with redundancy in the case
of one line failure, such as Test system 2, it is important to consider that this
redundancy can be overruled by a second line failure making the consequences
more severe than if the two line failure were not overlapping.

When performing the Monte Carlo simulations there is also a possibility that
a load point is affected by a new failure event before it has regained power
supply. If this is not accounted for it might lead to an overestimation of the
interruption duration and frequency for the load point since the time during
which the failure events overlap is counted twice. In [41] it was concluded
that this is not an important issue for small distribution systems, but should
be considered when the distribution system includes many components and
the component restorations times are relatively long.

1With an exception of Test system 2, where a failure of transformer T2 while transformer T1
is under maintenance is considered as an own event, see the FMEA worksheet in Appendix B.
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Figure 8.3: Flowchart for the Monte Carlo algorithm, where a time sequential simula-
tion technique is used. TVFR=Time-Varying Failure Rates and TVRT=Time-Varying
Restoration Times.
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Both that redundancy can be overruled due to double line failures and that a
load point can be affected by a new failure event before it has regained power
supply are considered in the simulations.

Step 11: The coefficient of variation applied to EENS with a maximum tolerance
error of 2.5 % was used as the stopping criteria for both test systems. If the
difference between results from two different modeling approaches lies within
twice this tolerance error, which is 5 %, it cannot be excluded that they would
converge to the same value eventually.

8.2 Case Study 1: A Rural Distribution System

This section presents the results of the risk assessment performed for Test system
1, which is a radial rural distribution system with only residential customers. The
test system is presented in Section 8.1.

8.2.1 Simulation Results

After approximately 4500 simulated years the stopping criterion was fulfilled for
modeling approaches 1, 2 and 3 while approach 4 needed another 1000 years. In
Table 8.4, the basic load point indices average annual outage frequency, λ, and
average annual outage time, U , are shown. Note that λ is approximately the same
for all three load points while there is a difference in U . The longer out on the feeder
the load point is located, the longer is the average annual outage time. Since the
system is simple in its structure the load point indices were verified using analytical
methods for modeling approaches 1, 2 and 3. Convergence curves for the load point
indices were used to verify that they had converged using the stopping criteria of
2.5 % set for the EENS value.

Table 8.4: Average annual outage frequency, λ, and average annual outage time, U , for
the three load points in Test system 1 using the four different modeling approaches.

Approach 1 Approach 2 Approach 3 Approach 4
λ U λ U λ U λ U

LP1 1.056 1.817 1.050 1.825 1.055 1.764 1.034 2.175
LP2 1.056 2.991 1.049 2.983 1.052 2.917 1.034 3.948
LP3 1.050 4.768 1.043 4.726 1.056 4.804 1.032 6.620

Modeling approaches 1-3 utilize the same reliability model and therefore are
the values for λ and U approximately the same. Time-varying failure rates and
restoration times are used in modeling approach 4. There is a small decrease in
λ in approach 4, but within twice the tolerance error set with respect to EENS.
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When modeling the failure rates to be time-varying according to the occurrence of
severe weather, there is an increased probability for overlapping line failure which
might cause a lower outage frequency for the load points. The average annual
outage time increases because of the time-varying restoration times that specifies
that restoration times are, on average, longer during non-working hours and that
the restoration process cannot be initiated before high winds have calmed.

In Figure 8.4, the average customer interruption cost (ECOST) for the three
load points in Test system 1 using the four different modeling approaches are shown.
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Figure 8.4: ECOST for the three load points in Test system 1 using the four modeling
approaches.

When comparing modeling approaches 1 and 2 it is evident that considering the
time occurrence of an outage decreases the obtained interruption cost compared to
when the worst cost is used for all outages. Even though the worst case cost is
multiplied with the average load, it still produces an overestimation of ECOST.

Modeling approaches 2 and 3 both consider the timing of the outage. The
difference lies in how the reference (worst case) interruption cost is modeled. Ap-
proach 2 uses the customer damage function which builds on average values for each
customer sector. Approach 3 aims to capture the variations in interruption costs
within each customer sector by modeling reference (worst case) interruption cost
by randomizing from a probability distribution. As shown in Figure 8.4 modeling
approaches 2 and 3 have similar ECOST for the different load points. Since a large
number of draws are made from the reference cost distribution in approach 3, the
average of the observed reference costs will converge towards the mean value used
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in approach 2.
In approach 4, the interruptions will not be evenly distributed over the year but

will rather partly follow the severe weather which is more common in winter. This
will have an increasing effect on ECOST since the interruption cost increases with
falling outdoor temperature. In approach 4, the average annual outage time is also
longer than in the other approaches which increases ECOST. As shown in Figure
8.4, approach 4 is the approach that gives the highest ECOST for the residential
customers in Test system 1.

In Figure 8.5, the expected energy not supplied (EENS) for the three load
points in Test system 1 using the four different modeling approaches are shown. In
approach 1 to 3 EENS is approximately the same. In approach 2 and 3, a time-
varying load model is used but since the interruptions are evenly distributed during
the year EENS for these approaches converges towards the value derived using
average load in approach 1. In approach 4, outages are more common in winter
because high winds are more common in winter and the average annual outage time
is also larger. Both theses factors increases EENS, making it considerably higher
than for the other approaches.
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Figure 8.5: EENS for the three load points in Test system 1 using the four modeling
approaches.

Figure 8.6 shows the interrupted energy assessment rate (IEAR) for the three
load points in Test system 1 using the four different modeling approaches. IEAR
is calculated as ECOST divided by EENS, see Chapter 2. In approach 1, where
the worst cost is used for all outages IEAR takes its highest value. There are small
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differences in IEAR at load point level between approach 2 and 3. The fact that
approach 2 and 3 give similar results for IEAR comes from that the approaches
employs the same approach to model the impact of the timing of outages and the
same reliability model. In approach 4, the reliability model is different but not the
interruption cost or load models. IEAR is higher than for approach 2 and 3 because
outages are more concentrated to the cold period of the year when interruption costs
are higher.
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Figure 8.6: IEAR for the three load points in Test system 1 using the four modeling
approaches.

The total ECOST, EENS and IEAR for entire Test system 1 using the four
modeling approaches are listed in Table 8.5. Similar patterns between the modeling
approaches that were found at load point level can also be seen at system level.
ECOST is highest for modeling approach 4, lowest for approach 2 and 3, and in
between for approach 1. For EENS, the differences between approaches 1, 2 and 3
are within twice the tolerance error of 2.5 %, while EENS is almost 40 % higher for
approach 4. Regarding IEAR, it is highest for approach 1, about 25-30 % lower for
approaches 2 and 3 and somewhere in between for approach 4.

The risk tools VaR and CVaR at 95 % confidence level were applied to the
customer interruption cost to estimate the risk for extreme costs in order to provide
valuable additional insight in the analysis. With this application, VaR measures
the maximal annual interruption cost that will not be exceeded during 95 % of all
years, while CVaR is the average interruption cost during the 5 % most extreme
years. Table 8.6 presents these values for each load point in Test system 1 using
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Table 8.5: Average interruption cost and energy not supplied for the entire Test system
1 using the four different modeling approaches.

Approach 1 Approach 2 Approach 3 Approach 4

ECOST [SEK/year] 770 520 550 880
EENS [kWh/year] 320 310 310 450
IEAR [SEK/kWh] 2.40 1.68 1.78 1.98

the four modeling approaches.

Table 8.6: Tail measures, VaR and CVaR at 95 % confidence level, applied to customer
interruption costs for the three load points in Test system 1 using the four different
modeling approaches.

Approach 1 Approach 2 Approach 3 Approach 4
VaR CVaR VaR CVaR VaR CVaR VaR CVaR

LP1 610 1060 470 790 370 1850 549 2820
LP2 700 940 510 720 520 1470 1040 3130
LP3 1400 1850 1070 1420 1620 4560 2620 6470

When comparing approach 1 to approach 2, Table 8.6 shows that using the
worst case cost to model customer interruption costs does not only provide average
values that are higher than when the timing of the outages are considered but
also costs during extreme years, measured by VaR and CVaR, are higher. When
comparing approach 2 and 3, VaR decreases for the most reliable load point, LP1,
is about the same for LP2 but increases significantly for LP3. CVaR is, however,
more than doubled for approach 3 for all load points. Thus, when accounting for the
dispersion of customer interruption costs within the customer sector, it is mainly
the average value during the 5 % years with the most extreme costs that is affected.
In modeling approach 4, VaR and CVaR, as well as ECOST, assumes their highest
values of all modeling approaches.

8.3 Case Study 2: A Mixed Urban/Rural Distribution
System

This section presents the results of the risk assessment performed for Test system
2, which is a looped urban/rural distribution system with a mixture of different
customer sectors. The test system is presented in Section 8.1.
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8.3.1 Simulation Results

For modeling approaches 1, 2 and 3, around 6000 simulated year were needed to
fulfill the stopping criterion. For modeling approach 4, however, almost 10000
simulated years were needed. In Table 8.7 the basic load point indices λ and U
are shown for the twelve load points in Test system 2. Convergence curves for the
load point indices were used to verify that they had converged using the stopping
criteria of 2.5 % set for the EENS value. For modeling approaches 1 to 3, the same
reliability model is used and the load point indices assume very similar values for
all three approaches. The values for average interruption frequency, λ, reported for
modeling approach 4 is somewhat lower than for the other three approaches but
within the twice the tolerance error. It might though be the case that the more
frequent overlaps in component failures due to the time-varying failure rate for
overhead lines lowers λ. The average annual outage duration is higher in approach
4 since it is more common with double line failures. Unchanged or slightly lowered
λ in combination with increased U means that the average duration of an outage
increases in approach 4. Furthermore, the longer out on the radials the load point
is located, the more U increases for approach 4 in comparison to approaches 1 to
3. The longer out on a radial a load point is located, the larger is the probability
that it is affected by a double line failure that overrules system redundancy.

Table 8.7: Average annual outage frequency, λ, and average annual outage time, U , for
the twelve load points in Test system 2 using the four different modeling approaches.

Approach 1 Approach 2 Approach 3 Approach 4
λ U λ U λ U λ U

LP1 1.182 0.963 1.181 0.962 1.187 0.969 1.141 1.193
LP2 1.198 1.109 1.197 1.107 1.199 1.085 1.154 1.496
LP3 1.196 1.095 1.196 1.096 1.201 1.132 1.155 1.652
LP4 1.197 1.588 1.196 1.589 1.201 1.615 1.151 2.321
LP5 1.199 1.127 1.198 1.126 1.202 1.108 1.156 1.705
LP6 1.182 0.963 1.181 0.962 1.187 0.969 1.141 1.528
LP7 1.198 1.856 1.197 1.854 1.202 1.834 1.148 2.745
LP8 1.002 0.781 1.002 0.780 0.994 0.777 0.986 1.004
LP9 1.002 0.781 1.002 0.780 0.994 0.777 0.986 1.114
LP10 1.002 0.781 1.002 0.780 0.994 0.777 0.986 1.200
LP11 1.002 0.781 1.002 0.780 0.994 0.777 0.986 1.292
LP12 1.016 1.970 1.015 1.968 1.010 1.936 0.995 2.977

In Figure 8.4, the average customer interruption cost (ECOST) for the twelve
load points in Test system 2 using the four different modeling approaches are shown.
Using modeling approach 1 tends to give the highest ECOST values, while ap-
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proaches 2 and 3 gives the lowest values. For modeling approach 4, there are
differences from load point to load point. For the commercial customers in load
point 3, approach 4 gives an ECOST value somewhere in between the values given
by approach 1 and approaches 2 and 3. The same is true for the governmental cus-
tomers in load point 2. For industrial customers, the results from approach 1 and
4 are similar, but there is a small difference. For load points that are close to the
bus bar, that is load points 1 and 8, approach 1 gives a slightly higher value. For
the load points longer out on the feeder, i.e. load points 6, 9, 10 and 11, approach
4 gives a somewhat higher value than approach 1. There is thus a dependence on
the system configuration.
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Figure 8.7: ECOST for the twelve load points in Test system 2 using the four modeling
approaches.

To investigate the dependence on system configuration, a closer look at load
points 8 to 11 is taken. In Table 8.8 relative ECOST values for modeling approach
4, with respect to the values derived using approach 3, are given. The values in the
table illustrate that the relative difference between the two modeling approaches
increases the longer out on the feeder the load point is located. Since all four load
points represent the same customer sector, there is no difference to be found in
the customer interruption cost model. The only difference is that the time-varying
reliability model is used in approach 4 but not in approach 3. What gives rise to
the observed pattern is that during storms, the high wind makes it more common
with double line failures that overrule the redundancy in the system. This is more
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probable to affect load point longer out on the feeder since they are more exposed
to these kinds of double line failures. The less reliable a load point is, the more
ECOST increases for modeling approach 4 compared to the other approaches.

Table 8.8: Relative ECOST for load points 8-11 for modeling approach 4. For each
load point, the ECOST value is divided by the ECOST value estimated using modeling
approach 3.

ECOSTapp 4
ECOSTapp 3

LP8 1.20
LP9 1.25
LP10 1.30
LP11 1.36

In Figure 8.8, the expected energy not supplied (EENS) for the twelve load
points in Test system 2 using the four different modeling approaches are shown.
Since the same reliability model is used in modeling approaches 1, 2 and 3 they all
give the same EENS. For modeling approach 4, using the time-varying reliability
model increases the EENS due to three reasons. The first reason is the agglomer-
ation of outages in winter when the demanded load is higher. The second is that
the restoration times are longer on non-working hours. The third reason is that
the storms give rise to more double line failures that overrule system redundancy
which results in a larger number of longer outages compared to when the impact
of storms are ignored.

The interrupted energy assessment rate (IEAR) for the twelve load points in
Test system 2 using the four different modeling approaches are shown in Figure
8.9. IEAR is highest for modeling approach 1 since the worst cost is used to
model the interruption costs for all outages regardless of the time of occurrence.
Approaches 2 and 3 give results that are lower than approach 1, but similar to each
other. The lowest IEAR tends to be given by approach 4, almost 40 % lower than
for approach 1. One possible explanation is that the average outage duration is
longer in approach 4. This is plausibly caused by a larger number of long outages.
The average reference (worst-case) interruption cost typically increases slower for
longer durations, see Figure 7.8. Since the loss of load typically increases linearly
with outage duration, long outages will cause a lower value for IEAR.

The total ECOST, EENS and IEAR for entire Test system 2 using the four
modeling approaches are listed in Table 8.9. From Table 8.9 it is evident that using
approach 1 gives a slight overestimation of system ECOST compared to approach
4, while approaches 2 and 3 results in an underestimation. For EENS, approach 4
gives a value that is about 50 % higher than for approaches 1 to 3. IEAR shows a
decreasing trend as more and more time dependencies are considered, with approach
4 giving a value that is about 35 % lower than approach 1.
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Figure 8.8: EENS for the three load points in Test system 2 using the four modeling
approaches.

Table 8.9: Average interruption cost and energy not supplied for the entire Test system
2 using the four different modeling approaches.

Approach 1 Approach 2 Approach 3 Approach 4

ECOST [SEK/year] 143000 110000 106000 133000
EENS [kWh/year] 2170 2130 2130 3160
IEAR [SEK/kWh] 65.7 51.7 49.8 42.0

Using the time sequential Monte Carlo technique also the probability distri-
butions of the indices can be obtained. The probability distributions of the cus-
tomer interruption cost and the energy not supplied for load point 9 obtained using
modeling approach 4 are shown in Figure 8.10. The number of bins are chosen
according to Freedman-Diaconis rule [104]. As shown in the figure the probability
distributions are reasonably well approximated by exponential distributions. The
exponential distribution is highly skewed with an average value close to the ordi-
nary axis (zero). Therefore, it can be interesting to, in addition to average values,
also investigate extreme values in the tail of the distribution. Shown in Figure
8.10 are the average values ECOST and EENS, as well as VaR and CVaR at 95 %
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Figure 8.9: IEAR for the three load points in Test system 2 using the four modeling
approaches.

confidence level. As for case study 1, VaR applied to customer interruption costs
measures the maximal annual interruption cost that will not be exceeded during
95 % of all years. CVaR applied to customer interruption costs is the average in-
terruption cost during the 5 % most extreme years. Figure 8.10 shows that the
average interruption cost and expected energy not supplied during the five percent
most extreme years are approximately eight times higher than the average values
for all simulated years for load point 9.

For ECOST, VaR and CVaR where calculated for all load points to estimate the
risk for extreme costs. The results are presented in Table 8.10. For approach 1, the
VaR values are approximately three times higher than ECOST. For approaches 2
and 3 VaR is about four time higher than ECOST, while finally for approach 4 VaR
is about five times higher than ECOST. The probability distribution is becoming
increasingly skewed as more and more time dependencies are considered. When
comparing the results for approach 1 with the results for approach 2, VaR is lower
for approach 2 for all customer sectors except the industrial. However, the relative
differences for non-industrial customers are smaller for VaR than for ECOST. The
reason for the increase for the industrial sector and the smaller relative differences
for the other customer sectors is most likely the fact that the temperature is time-
varying and stochastic in approach 2. The years that give the five percent highest
interruption cost in approach 2 are probably the years during which the interruption
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Figure 8.10: The distribution for the annual interruption cost and energy not sup-
plied for load point 9 in Test system 2.

occur when the temperature is low and thus the load and customer interruption
cost is high. When comparing approach 2 and 3, VaR values are in general only
slightly higher in approach 3 while CVaR values are considerably higher. Taking
the dispersion within each customer sector into account thus mainly affect the most
extreme years. For approach 4, both VaR and CVaR show their highest values.

8.4 A Cost-benefit Analysis - Investment in Cables

A commonly discussed action to increase system reliability is to replace overhead
line with cables. This investment action is investigated for Test system 2 using a
cost-benefit approach. There are two different investment alternatives considered;
either replacing L1 to L13 with cables or keeping the overhead lines. For both
alternatives, modeling approach 4 was used and the probability distributions for
COST and ENS were derived.
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Table 8.10: Tail measures, VaR and CVaR at 95 % confidence level, applied to customer
interruption costs for the twelve load points in Test system 2 using the four different
modeling approaches.

Approach 1 Approach 2 Approach 3 Approach 4
VaR CVaR VaR CVaR VaR CVaR VaR CVaR

LP1 35000 42700 37900 48600 44100 84200 50400 97200
LP2 15100 21100 9400 13300 12000 25900 17000 38100
LP3 166700 221100 144500 194200 157500 24920 206800 352800
LP4 2500 360 1900 2800 2300 4300 3200 6000
LP5 600 1100 500 800 400 700 800 1800
LP6 17500 21400 18900 24300 23800 53100 30800 68800
LP7 2300 3300 1700 2500 1600 2600 2900 4600
LP8 30700 38100 33300 44100 36100 79000 44700 95300
LP9 61400 76200 66800 88200 75300 130300 90500 170900
LP10 46100 57200 50100 66100 55100 101600 72200 138200
LP11 46100 57200 50100 66200 56400 97100 73900 146300
LP12 1700 2300 1300 1800 1300 1900 2400 3500

In Table 8.11, the relative annual customer interruption cost per load point for
cables compared to overhead lines are shown. In the table average values, as well
as VaR and CVaR at the 95 percent level are given.

With cables the average customer interruption cost (ECOST) decreases for every
load point, a similar result was derived for EENS. It is for load points 4, 7 and 12
that the change in ECOST is the smallest. Note that load points 4, 7 and 12 are the
only load points that do not have redundancy for some single overhead line/cable
failures. The average values therefore indicate that the investment in cables has
the smallest impact on these three load points.

If VaR is considered, the situation is not as clear. VaR represents the maximal
annual interruption cost that will not be exceeded during 95 % of all years. The
decrease is not as prominent as with average values and some load points do actually
experience an increase. There is neither any significant difference between the three
less reliable load points and the other load points.

Regarding the CVaR value, the average annual interruption cost of the 5 % most
extreme years, it is actually increased for the three load points with lowest level of
redundancy. The lower failure rate but longer reparation times of cables means that
there are fewer high cost events for these three load points, but when they occur
the consequences are worse. For the other load points, CVaR is decreased and the
reason is that they can always be supplied after the shorter switching time after a
overhead line/cable failure has occurred. It is only if two overlapping failures occur
that they might be without power during the entire reparation time, a situation
that is only likely to occur for overhead lines (and not cables) during severe weather
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because of the highly elevated failure rates.

Table 8.11: Relative annual customer interruption cost per load point for cables compared
to overhead lines. VaR and CVaR are given at 95 % confidence level.

ECOST VaR CVaR

LP1 0.68 0.75 0.96
LP2 0.63 0.71 0.82
LP3 0.63 0.83 0.80
LP4 0.79 0.81 1.23
LP5 0.61 0.81 0.64
LP6 0.59 0.61 0.76
LP7 0.78 1.01 1.34
LP8 0.65 0.78 0.82
LP9 0.62 0.77 0.84
LP10 0.62 0.73 0.82
LP11 0.60 0.72 0.78
LP12 0.82 1.18 1.45

In Table 8.12, ECOST together with VaR and CVaR applied to customer in-
terruption costs at 95 percent confidence level for the entire distribution system is
given for the case of overhead lines and cables.

Table 8.12: System ECOST, as well as VaR and CVaR at 95 % confidence level applied
to customer interruption costs, for overhead lines and cables.

ECOST VaR CVaR

Overhead lines 133 000 465 000 760 000
Cables 84 000 381 000 562 000

The total annual decrease in customer interruption costs in the system due to
replacing overhead lines with cables amounts to about 49 000 SEK on average,
84 000 SEK if VaR is considered and 198 000 SEK if CVaR is considered, see Table
8.12. However, these are somewhat small numbers compared to the investment cost
of about 300 000 SEK per kilometer [114], making it a total of 8.7 MSEK for the
entire system, which contains 29 km of overhead lines/cables. In the rudimentary
cost-benefit analysis performed, only the investment cost due to replacing over-
head lines is considered and thus are, for example, differences in maintenance cost
between the two alternatives ignored.
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For cables, an economic life-time of 40 years and a interest rate of 7 % are
assumed, yielding an annuity factor of 13.33. This means that the total expected
benefits from investment in cables is 49 000×13.33≈ 653 000 which is less than ten
percent of the costs. Even if the CVaR value for the interruption cost is assumed
to occur every year for the 40 years, investment in cables is still not socioeconomic
justifiable in this numerical example.

Although no general conclusions can be drawn from this example, it can be noted
that several previous studies have found that replacing overhead lines with cables
is far from being economically justifiable. For example, results from studies in the
US state Virginia and Australia are reported in [115]. In the study conducted in
Virginia, the costs and benefits of a comprehensive effort to replace all distribution
system overhead lines with cables is investigated. The costs are in the study found
to be 2.5 times larger than the benefits, and it was in a press release made by the
state concluded that it would be “unreasonable” to replace all overhead lines with
cables [116].

8.5 Discussion of Simulation Results

In the simulations it has been found that accounting for time dependencies in
load, normalized customer interruption costs, failure rates and restoration times
have a considerable impact on the estimation of customer interruption costs and
energy not supplied due to outages. When only the time variations in load and
normalized interruption costs are considered, as in modeling approaches 2 and 3,
ECOST decreases with about 30 % for both considered test systems while EENS
is unaffected compared to when time variations are ignored and the worst case
normalized interruption costs and average loads are used, as in approach 1. If the
time variations in failure rates and restoration times also are accounted for, as in
approach 4, the ECOST value on system level was found to be approximately the
same as when all time variations are ignored. However, for the two considered
test distribution systems, the impact on ECOST by considering all time variations,
compared to ignoring them, had different signs. For the radial system, ECOST was
increased by 15 %, while for the looped system ECOST was decreased by 7 %. On
load point level, the simulations show that the difference can be considerably larger.
The EENS value was found to be almost 50 % higher when all time variations are
considered.

It was found that ignoring time variations severely underestimates the risks for
extreme costs. When all time dependencies are considered, the average cost during
the five percent years with the highest costs (CVaR) is more than doubled for many
load points compared to when all time dependencies are ignored. Distribution
systems are in most cases extremely reliable and power outages are rare events.
Using average values may, therefore, be misleading since the average year never
occurs and it is important with adequate estimations of extreme costs.

For Test system 2, a cost-benefit analysis of replacing the overhead lines with
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cables was performed. The analysis was performed by regarding average values
and also by considering extreme costs measured using Value-at-Risk (VaR) and
Conditional Value-at-Risk (CVaR) at 95 % confidence level. The results indicate
that the system interruption cost can be several times higher than ECOST during
extreme years. For overhead lines CVaR, which is the average value for the five
percent years with the highest cost, was found to be five times higher than ECOST.
For cables CVaR was found to be seven times higher than ECOST. By the help of
VaR and CVaR the case study also shows that cables can cause higher customer
interruption costs for some load points in the system during extreme years. The
customer interruption cost for the entire system is, however, decreased. Investment
in cables is expensive and for the test system the annual decrease in customer inter-
ruption costs is found to be rather small in comparison and thus not socioeconomic
justifiable.

Investigations around the world have indicated that it is not socioeconomic
optimal to replace overhead lines with cables in rural and mixed urban/rural areas
because of the huge investment costs [115, 117]. Still, the process of replacing
overhead lines with cables is currently progressing at a rapid pace in Sweden. For
investment decisions that the DSOs have to make also the regulations play a major
part. For example, DSOs have to pay a considerable compensation to customers for
outages longer than twelve hours and the cost increases with outage duration [34].
From 2011 unplanned outages may not exceed 24 hours. DSOs are thus aiming to
minimize the risk of long-lasting and widespread outages that in many cases are
caused by overhead line failures due to severe weather.





Chapter 9

Conclusions and Future Work

This chapter concludes the thesis, and areas for future work are discussed.

9.1 Conclusions

Designing the distribution system of the future poses new challenges in a changing
world where people are becoming increasingly dependent on reliable electricity.
The fundamental goal for Distribution System Operators (DSOs) is to serve their
customers with a reliable and low cost power supply. Improved reliability can be
obtained by increased investments, reinvestments and maintenance. However, while
underinvestment leads to an unacceptable number of power outages, overinvestment
will result in costs that are too high for society. The task for system planners and
operators is to find an adequate level of risk given the economic constraints. In
this risk assessment, not only the probability of power interruptions, but also the
severity of their consequences should be included.

A risk assessment can be performed from either the perspective of customers
or the perspective of the grid owner, depending on whether the consequences faced
by customers or the grid owner are considered. Consequences of power outages are
usually measured through interruption costs. The aim of this thesis is to develop
methods for risk assessments of power distribution systems from a cost-benefit
viewpoint that focus on the customer-oriented perspective. From this perspective
realistic assessments of customer interruption costs are essential.

To perform a customer-oriented risk assessment of a distribution system three
different models are needed: a customer interruption cost model, a load model and a
reliability model. The customer interruption cost model describes the consequences,
or costs, of power interruptions that customers face. Customer interruption costs
are normalized by, for example, demanded load and normalized interruption costs
are the output of the customer interruption cost model. A load model is also
required that predicts the loss of load due to the outage. By combining the customer
interruption cost model and the load model, the customer interruption costs are
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estimated in monetary terms. Distribution systems consist of many components
such as breakers, overhead lines, cables and transformers, and failures of these
components are the root causes for power interruptions. The reliability model
describes these component failures and the restoration processes that follow. The
three models can be used together in a cost-benefit analysis to investigate the
consequences for customers due to different investment alternatives.

For the three models, the common modeling approach used today and the im-
provements made in this thesis are presented below:

• Customer interruption cost model: Commonly customer interruption
costs are modeled as a function of only outage duration. However, studies
have shown that the timing of an outage has a great effect on the conse-
quences experienced by customers. To describe customer interruption costs
as realistically as possible it is important to take dependencies into consid-
eration in addition to outage duration. For example, outdoor temperature
has a huge impact on the consequences of longer interruptions for residen-
tial customers. This thesis proposes a customer interruption cost model for
residential customers that incorporates the underlying factors that cause the
time dependencies: activity patterns and outdoor temperature. In this way
the model is able to capture the effects of interruptions that are extreme in
other senses than only having a long duration as the consequences of an in-
terruption occurring at an exceptionally cold winter day. The interruption
costs for the industrial, commercial, agricultural and governmental sectors
are modeled using a state-of-the-art approach that accounts for deterministic
time dependencies.

• Load model: The load demanded by customers will vary with time, both on
a daily and a seasonal basis. The seasonal variations are usually modeled by
a deterministic load profile for the year. In the load model proposed in this
thesis the seasonal variations are modeled through a temperature dependency.
To mimic reality the outdoor temperature is modeled to be stochastic, making
it possible to capture extreme events.

• Reliability model: Outage duration is important when modeling customer
interruption costs and long outages are often caused by severe weather. Most
component failure rates and restoration times are dependent upon weather
conditions. Overhead lines are especially vulnerable to the weather condition
they are exposed to. In the approach most commonly used the weather condi-
tions are divided into two different states, one for normal weather and one for
severe weather, both having constant failure rates. However, weather condi-
tions are highly stochastic regarding timing and duration as well as intensity.
Therefore, the reliability model proposed in this thesis uses the stochastic
nature of the severe weather intensity and duration to model variations in
the failure rate for overhead lines and restoration times for all components.
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Furthermore, the model also considers when severe weather is likely to occur
during the year.

Some causes of failure, such as severe weather, are more likely to occur during
certain periods of the year. For instance, the frequency of storms in Sweden is higher
during the cold period of the year. During this part of the year, demanded load
and customer interruption costs are also high. If high loads and interruption costs
coincide with an increased probability for severe weather this must be considered in
the risk assessments in order not to underestimate costs. This thesis develops a set
of models that incorporate the time dependencies within each of the three models,
and also between the models. By modeling underlying factors that give rise to
time dependencies in customer interruption cost, load and component failures, this
thesis takes a step towards mapping a dependence structure.

Commonly, the planning of distribution systems is based on average indices, such
as Expected Energy Not Supplied (EENS) and Expected Customer Interruption
Cost (ECOST), which are average values of system performance. It is, however,
also important to be aware of the risk of extreme events since these kinds of events
can bring devastating consequences. Going beyond planning based on averages
requires tools that can evaluate the full consequences of all events that could occur.

Including extreme events in risk assessment consists of two tasks. Firstly, the
full probability distributions of indices must be derived and secondly a tool to eval-
uate the associated risks of extreme events must be used. Monte Carlo simulations
provide the whole probability distribution of the indices, which gives a more com-
plete understanding of power interruption risks and their associated uncertainties.
This thesis uses a time sequential Monte Carlo technique that models system be-
havior chronologically during the year. To mimic reality the outdoor temperature,
frequency, timing and intensity of storms are made stochastic, making it possible to
capture extreme events. To evaluate the risks of extreme costs, the tools Value-at-
Risk and Conditional Value-at-Risk used in the finance industry have been applied.

Risk assessments of two test distribution systems using the developed models
have been performed. Results from the simulations show that accounting for time
dependencies in load, customer interruption costs, failure rates and restoration
times have a considerable impact on the estimation of customer interruption costs
and energy not supplied due to outages. A conclusion that can be drawn from the
simulation results is that to take the time dependencies into account is especially
important when considering extreme outage events that give rise to extreme costs.

9.2 Discussion and Future Work

In a cost-benefit analysis made on a test distribution system, the replacement of
overhead lines with cables was found not to be socioeconomically justifiable. No
general conclusions can be drawn from this specific case, but it can be noted that
similar findings have been presented in different studies conducted around the world.
In reality, however, the process of undergrounding overhead lines is accelerating in
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Sweden. To investigate this, the consequences of outages seen from the perspective
of the DSO must be considered. This risk assessment will be performed in the next
phase of this project, where an interruption cost model with factors that affect the
costs for power interruptions experienced by DSOs will be formulated.

When determining the costs for the DSOs, the regulator plays an important
role when formulating network tariff regulation and laws. In Sweden, network tar-
iff regulation is carried out through the Network Performance Assessment Model
(NPAM), but possible principles for a new type of regulation have been investi-
gated. In parallel to this regulation, laws for customer compensations for power
interruptions longer than 12 hours also exist. From the year 2011 another law will
come into effect which states that unplanned outages may not exceed 24 hours. This
will imply very large costs for the DSOs for long power interruptions. To achieve
relevant results when conducting studies on regulation policies it is important to
consider country specific data, such as a representative test distribution system.
Therefore, representative test distribution systems for Sweden will be employed.

An interesting aspect of the next phase of this project is to compare results of
the two risk assessments: the DSO-oriented and the customer-oriented. If laws and
regulation are optimal from a socioeconomic point of view the results from the risk
analyses will suggest the same investment alternative. Otherwise, the comparison
can give ideas about designing regulations in order to give the DSOs incentives
to build, operate and maintain power systems in a socioeconomically optimal way.
Since society today is becoming increasingly dependent on electricity, it is of great
importance that power system reliability is not too low but still at an economically
realistic level. In order to assure this, better evaluation instruments, such as the
ones developed in this project, are needed.



Appendix A

Customer-based Reliability Indices

This appendix defines the customer-based reliability indices that are calculated on
system level. The notations used in the definitions:

λi : Interruption frequency at load point i
Ni : Number of customers at load point i
Ui : Annual unavailability or outage time at load point i
R : Set of load points in the considered system

The five most most popular customer-based reliability indices [23] are defined as:

SAIFI - System Average Interruption Frequency Index =
∑
i∈R λiNi∑
i∈R Ni

SAIDI - System Average Interruption Duration Index =
∑
i∈R UiNi∑
i∈RNi

CAIDI - Customer Average Interruption Duration Index =
∑
i∈R UiNi∑
i∈R λiNi

ASAI - Average Service Availability Index =
∑
i∈R 8760Ni−

∑
i∈R UiNi∑

i∈R 8760Ni

ASUI - Average Service Unavailability Index =
∑
i∈R UiNi∑
i∈R 8760Ni
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Appendix B

FMEA analysis

This appendix presents the FMEA worksheets for Test system 1 and Test system 2.

B.1 Test System 1

The FMEA worksheet for Test system 1 is given in Table B.1.

Table B.1: FMEA worksheet for Test system 1.

Component data Event type Protection System impact

Passive, Permanent, LPs LPs LPs
Event Active, Temporary, Triggered affected by affected by affected by

no. Component Total∗ Maintenance unit∗∗ RT/RpT SwT RcT

1 T1 T P B1 LP1-3 - -
2 T1 T T B1 - - LP1-3
3 T2 T P FT1 LP1 - -
4 T3 T P FT3 LP2 - -
5 T4 T P FT4 LP3 - -
6 B1 T P - LP1-3 - -
7 B1 A T - - - LP1-3
8 B2 T P B1 LP1-3 - -
9 B2 A T B1 - - LP1-3
10 L1 T P B2 LP1-3 - -
11 L2 T P B2 LP2-3 LP1 -
12 L3 T P B2 LP3 LP1-2 -

∗ The events for which it is irrelevant whether the fault is passive or
active are specified as Total.

∗∗ The triggered unit can either be breakers (B) or transformer fuses (FT).
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B.2 Test System 2

The FMEA worksheet for Test system 2 is given in Table B.2 [42].

Table B.2: FMEA worksheet for Test system 2.

Component data Event type Protection System impact

Passive, Permanent, LPs LPs LPs
Event Active, Temporary, Triggered affected by affected by affected by

no. Component Total∗ Maintenance unit∗∗ RT/RpT SwT RcT

1 T1 or T2 T P B2/B3 - LP1-12 -
2 T1 or T2 T T B2/B3 - - LP1-12
3 T3 T P FT3 LP2 - -
4 T4 T P FT4 LP3 - -
5 T5 T P FT5 LP4 - -
6 T6 T P FT6 LP5 - -
7 T7 T P FT7 LP7 - -
8 T8 T P FT8 LP12 - -
9 T1 + T2 T P B2/B4 LP1-12 - -
10 B2/B4 + T1/T2 T P B1 LP1-12 - -
11 B3/B5 + T1/T2 T P B2/B4 LP1-12 - -
12 T1 + T2 T M B2/B4 LP1-12 - -
13 B2/B4 + T1/T2 T M B1 LP1-12 - -
14 B3/B5 + T1/T2 T M B2/B4 LP1-12 - -
15 B1 T P - LP1-12 - -
16 B1 T T - - - LP1-12
17 B2/B3 T P B2/B3 - LP1-12 -
18 B2/B3 A T B1 - - LP1-12
19 B4/B5 T P B4/B5 - LP1-12 -
20 B4/B5 A T B2/B3 - - LP1-12
21 B6 P P B6 - LP1-7 -
22 B6 A P B4/B5 - LP1-12 -
23 B6 A T B4/B5 - - LP1-12
24 B7 P P B7 - LP8-12 -
25 B7 A P B4/B5 - LP1-12 -
26 B7 A T B4/B5 - - LP1-12
27 BB1 T P B1 - LP1-12 -
28 BB1 T T B1 - - LP1-12
29 BB2 T P B4/B5 - LP1-12 -
30 BB2 T T B4/B5 - - LP1-12
31 L1 T P B6 - LP1-7 -
32 L2 T P B6 - LP1-7 -
33 L3 T P B6 - LP1-7 -
34 L4 T P B6 LP4 LP1-3, 5-7 -
35 L5 T P B6 - LP1-7 -
36 L6 T P B6 - LP1-7 -
37 L7 T P B7 LP7 LP1-6 -
38 L8 T P B7 - LP8-12 -
39 L9 T P B7 - LP8-12 -
40 L10 T P B7 - LP8-12 -
41 L11 T P B7 - LP8-12 -
42 L12 T P B7 LP12 LP8-11 -
43 L13 T P B7 - - -
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∗ The events for which it is irrelevant whether the fault is passive or
active are specified as Total.

∗∗ The triggered unit can either be breakers (B) or transformer fuses (FT).

Since the maintenance durations of T1 and T2 are very long faults occurring
simultaneously of components in parallel, that is B2-B5, should be considered. The
replacement times of T1 and T2 are also such a duration that faults occurring in
the same parallel components during the replacement process should be consid-
ered. These second order faults are included as separate event in the FMEA. For
derivations of expected failure rates and repair times of these second order faults,
see [42].





Appendix C

Calculation of Average and
Standard Deviation for the
Non-zero Costs in the Survey

This appendix presents the calculations of average and standard deviation of non-
zero costs in the survey [60]. The notations used are:

N : Total number of respondents
M : Number of respondents that stated a non-zero interruption cost
K : Number of respondents that stated a zero interruption cost
xall : Data for all the cost data
xnon : Data for the non-zero cost data
p0 : Zero-cost probability

The average and variances are defined as:

μall = 1
N

N∑
n=1
xall,n (C.1)

μnon = 1
M

M∑
m=1
xnon,m (C.2)

s2all = 1
N − 1

N∑
n=1

(xall,n − μall)2 (C.3)

s2non = 1
M − 1

M∑
m=1

(xnon,m − μnon)2 (C.4)

For each surveyed duration a cost data set have been collected. The three param-
eters μall, sall and pnon for each of the data set are reported in [60], but not μnon
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APPENDIX C. CALCULATION OF AVERAGE AND STANDARD

DEVIATION FOR THE NON-ZERO COSTS IN THE SURVEY

and snon. In the report also the total number of respondents, N , are given. With
pnon and N known, M and K can be calculated. In this appendix the derivations
of μnon and snon as functions of known parameters are shown.

C.1 Average

The average for the non-zero cost data is:

μnon =
μall

1− p0 (C.5)

C.2 Standard Deviation

From expression (C.3):

s2all =
1
N − 1

[ M∑
m=1

(xnon,m − μall)2 +
K∑
k=1
μ2
all

]
=

= 1
N − 1

[ M∑
m=1

(x2
non,m − 2xnon,mμall + μ2

all) +
K∑
k=1
μ2
all

]
(C.6)

⇒
M∑
m=1
x2
non,m = (N − 1)s2all −

K∑
k=1
μ2
all +

M∑
m=1

2 xnon,m μall −
M∑
m=1
μ2
all (C.7)

From expression (C.4):

M∑
m=1
x2
non,m = (M − 1)s2non −

M∑
m=1
μ2
non +

M∑
m=1

2 xnon,m μnon (C.8)

Expressions (C.7) and (C.8) give:

(N − 1)s2all −
K∑
k=1
μ2
all +

M∑
m=1

2 xnon,m μall −
M∑
m=1
μ2
all =

(M − 1)s2non −
M∑
m=1
μ2
non +

M∑
m=1

2 xnon,m μnon

⇒ (N − 1)s2all −
K∑
k=1
μ2
all −

M∑
m=1
μ2
all +

M∑
m=1
μ2
non +

+
M∑
m=1

2 xnon,m μall −
M∑
m=1

2 xnon,m μnon = (M − 1)s2non
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⇒ 1
m
·
[
(N − 1)s2all −

K∑
k=1
μ2
all −

M∑
m=1
μ2
all +

M∑
m=1
μ2
non

]
+

+ 1
M

M∑
m=1

2(μall − μnon)xnon,m = (M − 1)
M

s2non

The variance for the non-zero cost data is:

⇒ s2non = 1
m− 1

·
[
(N − 1)s2all −

K∑
k=1
μ2
all −

M∑
m=1
μ2
all +

M∑
m=1
μ2
non

]
+

+ 2M
M − 1

(μall − μnon)μnon
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