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ABSTRACT

Power system components age over time, due to thermal, electrical, mechanical, and chem-

ical stresses. Ageing components tend to fail more frequently, increasing the risk of power

supply interruptions during normal system operation and under extreme events such as

earthquakes. Maintenance and retirement activities should be targeted at critical compo-

nents that pose the highest risks of interruptions. However, developing failure models of

ageing medium voltage underground cables and old power transformers, used for quan-

titative risk assessment, is a challenging task for utilities due to the lack of failure data.

Using non-traditional failure models, i.e., models that incorporate components’ condition

data and loading levels, is an interesting alternative that would allow utilities to enhance

their risk-based maintenance and retirement approaches. This thesis addresses the mod-

elling challenges for cable maintenance prioritisation, power transformer retirement, and

transmission system reinforcement considering earthquakes.

This thesis presents an approach to prioritise the maintenance of ageing medium

voltage underground cables. The approach combines, for the first time, the index known

as maintenance potential index with a new aged-related repairable failure model to identify

cables whose maintenance would yield the greatest benefits to the reliability of a power

distribution system. The case study in this thesis suggested that cable maintenance

prioritisation significantly depends on the impacts of age-related repairable failures on

the expected system interruption cost, which emphasises the importance of considering

the effects of cable ageing. The proposed model for aged-related repairable failures was

compared with the IEC-Arrhenius-Weibull model through computer simulations, which

consist of failure rate and cable ranking calculations as well as sensitivity analysis. The

results revealed that using Arrhenius relationship may negatively affect the calculation

of the failure rate of ageing cables, reducing its value and making it very dependent on

the shape parameter of the Weibull distribution. This thesis also presents a risk-based

approach for planning the retirement of power transformers. To overcome the problem

of limited end-of-life failure data, the approach calculates the apparent age of power

transformers using health index data, and estimates the scale parameter of the Weibull

distribution using the Arrhenius relationship, the IEC thermal model, and an equivalent

load model. The case study results suggested that the improved ageing failure model



v

yields better predictions of the unavailability due to ageing failure, increasing its value as

power transformers get older and thus enhancing retirement decisions.

Finally, a two-stage adaptive robust optimisation problem to determine reinforcement

decisions of transmission systems with seismic risk and aged equipment is presented. The

availability of generating units, lines, and transformers is modelled by classifying these

components into several groups (based on seismic hazard zone, ageing status, and risk

of being damaged by a tsunami), and by using a polyhedral uncertainty set for each

group. Unlike traditional optimisation problems, the proposed problem calculates the

expected capacity of all aged components by using models of repairable and ageing failures,

helping system planners to obtain more accurate reinforcement decisions. The assessment

proposed in the thesis suggested that transmission systems with aged components require

more reinforcements (i.e., more transmission lines and power transformers) to mitigate

the impacts of earthquakes.
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c Power transfer capacity of component c [MW]
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PEmax
g Production capacity of generating unit g [MW]

P
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g Upper bound of production capacity of generating unit

g [MW]

Γc Uncertainty budget for power transfer capacity

Γd Uncertainty budget for maximum load demand

Γg Uncertainty budget for power generation capacity

Binary Variable

xC
c This variable is 1 if prospective component c is built and

0 otherwise.

Continuous Variables

pCc Power flow through component c [MW]

pEg Power produced by generating unit g [MW]

pLSd Amount of curtailed load [MW]

η Auxiliary variable used to gradually reconstruct the objective

function of the problem [$]

θn Voltage angle at node n



Chapter 1

Introduction

1.1 Background and Research Motivation

Electrical power systems have a great number of components (generators, transformers,

overhead lines, underground cables, etc.) that constantly produce and carry electricity

to supply the demand of residential, commercial, and industrial customers. To achieve

this function, utilities perform several activities that are commonly grouped into the

following main processes: system development, asset management, and system operation

[1]. System development involves planning the expansion or reinforcement of generation,

transmission, and distribution systems, i.e., planning the construction of power plants,

substations, and transmission and distribution lines. Asset management comprises several

activities, such as acquisition, installation, operation, maintenance, and retirement of

power equipment [2]. These activities allow asset managers to optimally handle power

system assets over their entire life cycle [3]. This thesis focuses on maintenance and

retirement of ageing components as well as transmission system reinforcement.

1
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To plan the maintenance and retirement of ageing components, it is necessary to

create mathematical models of both repairable failures and non-repairable (end-of-life)

failures, so that the potential impacts of failures on power system reliability indices can

be quantified [4], [5]. The research work presented in this thesis was motivated by the

technical difficulties to create accurate age-related repairable and non-repairable failure

models. These models require large failure data sets for each type of component, which

may not be available. In the United Kingdom, few non-repairable failures of power trans-

formers have been recorded [6]; they have occurred mainly due to random events (e.g.,

external short-circuits, lightnings, switching transients, etc.). Since these failures have

not been influenced by the ageing process, it is very difficult to formulate statistical mod-

els to plan power transformer retirement. Furthermore, traditional models do not take

into account the influence of loading and weather conditions on failure rates or failure

probabilities.

The research work was also motivated by the significant amount of ageing assets in

some power systems. Ageing assets increase the probability of power service interrup-

tions, as their ability to withstand mechanical, electrical, thermal, and chemical stresses

decreases over the time. A 2015 report published by the United States Department of

Energy indicated that 70% of power transformers and 70% of transmission lines were 25

years or older, and 60% of circuit breakers were 30 years or older [7]. The problem of

ageing components has been also identified in the United Kingdom, where transmission

and distribution systems have ageing assets that are unable to adapt to changing power

generation and needs [8]. A 2014 report published by UK Power Networks indicated that

the average service age of 132-kV power transformers that are part of London Power

Networks was 33 years, and that the average service age of the oldest 10% of those trans-

formers was 56 years [9]. To enhance the reliability of power distribution systems, major

electric utilities in the United States doubled their capital investments from 1997 to 2017
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to replace old equipment (poles, conductors, and substation transformers) [10]. Equip-

ment maintenance expenditures of those utilities were also increased in the same period

[10].

There is another important factor that motivated this research work. Maintenance

strategies used in power systems have changed over time. Preventive maintenance is

the strategy in which inspections and tests are performed at regular time intervals (e.g.,

every six months, or once a year). To reduce maintenance costs and the number of

spare equipment, some electric utilities employ a more advanced strategy called condition-

based maintenance, in which maintenance actions are carried out when the condition of a

component needs it [11]. This approach is used particularly for critical ageing assets whose

replacements require high capital investments [11]. This is the case of power transformers,

whose replacement may cost several millions of U.S. dollars, and manufacturing their

replacement may take up to two years [7]. There are several techniques used to monitor the

condition of power transformers, including in-service partial discharge testing, insulting oil

monitoring, tap changer monitoring, internal temperature measurement, etc. [11]. These

techniques provide a lot of data that can be used to determine the actual condition of

power transformers, which is usually done by calculating health indices [12]. Considering

that some electric utilities are continuously collecting transformer condition monitoring

data, there is an exciting opportunity to incorporate this information into non-repairable

failure models, and to use these advanced models for planning the retirement of power

transformers.

Power transmission systems in some parts of the world are subject to extreme events,

such as earthquakes, hurricanes, and wildfires, and they should be considered when making

transmission system reinforcement plans. Although earthquakes have low probability of

occurrence, their impacts on power systems, especially those located in the Ring of Fire,
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can be very significant [13]. The 2011 Japan earthquake, with a magnitude of 9.0 (Mw),

caused severe damages to power plants, transmission lines, and substations, which led to

long, widespread blackouts [14]. Considering that electric utilities are not replacing aged

transmission system equipment at an appropriate rate (mainly due to limited budgets)

[15], and that aged equipment has higher failure probability, the impacts of earthquakes

could be much worse. Thus, it is also vital to investigate how aged components can affect

reinforcement plans of transmission systems with seismic risk.

1.2 Scope of the Research

This thesis focuses on two research areas. The first is maintenance prioritisation of ageing

underground power distribution system cables and retirement planning of aged power

transformers. Medium voltage underground power cables and power transformers used

in transmission, subtransmission, and distribution substations will be considered in the

research. The mathematical modelling of both repairable failures of ageing cables and

non-repairable failures of aged power transformers will be a part of this thesis. The data

needed to develop failure models have been taken from the power system literature and/or

created using probability distributions. Computer programs have been developed using

the software MATLAB to analyse the performance of failure models and their effects on

cable maintenance prioritisation and transformer retirement plans.

The second research area is reinforcement planning of power transmission systems

with seismic risk and aged equipment. Mathematical optimisation tools have been em-

ployed to solve this problem, especially tools that can cope with uncertainties. The 24-bus

IEEE Reliability Test System [16] has been used to validate the formulation of the opti-

misation problem, which has been solved using the software GAMS.
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1.3 Research Aim and Objectives

As mentioned in Section 1.1, maintenance and retirement planning of ageing components

is a difficult task due to the lack of data needed to develop appropriate age-related fail-

ure models (particularly, failure models for underground cables and power transformers).

Furthermore, power transmission systems with seismic risk might experience greater in-

frastructure damages due to the higher failure probabilities of ageing components. Consid-

ering these problems, the aim of this thesis is to investigate the maintenance prioritisation

of ageing underground cables, the retirement planning of power transformers, and the re-

inforcement planning of transmission systems that are subject to seismic events and have

aged equipment. The objectives to achieve the overall aim are:

1. To perform a critical review of conventional mathematical models of age-related

repairable and non-repairable failures, as well as of the methods to incorporate

those models into power system reliability assessment. (Chapters 2 and 3 present

this review.)

2. To develop an age-related repairable failure model for underground cables incorpo-

rating the effects of loading conditions. (Chapter 4 details the model development.)

3. To develop an approach to prioritise the maintenance of underground cables consid-

ering age-related repairable failures, and implement it on MATLAB. (The approach

is presented in Chapter 4.)

4. To improve the conventional non-repairable failure model, considering the current

condition and future winding temperature of power transformers. (Chapter 5 ex-

plains the proposed improvements.)
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5. To develop an approach to plan the retirement of power transformers considering

non-repairable failures, and implement it on MATLAB. (The approach is presented

in Chapter 5.)

6. To formulate an optimisation problem to determine reinforcement plans for trans-

mission systems with seismic risk and aged equipment, and solve it using the software

GAMS. (Chapter 6 presents the proposed optimisation problem.)

1.4 Research Contributions

Below are the research contributions that will be presented in Chapters 4-6.

• Approach for prioritising the maintenance of ageing underground power

distribution system cables. Unlike traditional approaches for cable maintenance

prioritisation, the approach presented in the first part of Chapter 4 combines, for

the first time, the index known as maintenance potential index with a new age-

related repairable failure model to identify critical cables whose maintenance would

produce the greatest benefits to the reliability of a power distribution system. To

incorporate the effects of loading conditions, the proposed failure model employs

a model that converts the time-varying loading conditions of cables into a single

equivalent load, capturing hidden patterns that further improve the maintenance

prioritisation process.

• Critical analysis and comparison of the proposed age-related repairable

failure model and the IEC-Arrhenius-Weibull model. The IEC-Arrhenius-

Weibull model is the first attempt to model age-related repairable failures of under-

ground cables considering their loading conditions. In the second part of Chapter
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4, a comprehensive study was performed to critically analyse and compare the main

aspects of the IEC-Arrhenius-Weibull model and the failure model developed in this

thesis. The study provides several novel and important insights that can help re-

searchers and asset managers successfully implement both models as well as develop

new models.

• Improved method for calculating the unavailability due to ageing failure

of power transformers. The conventional model to calculate the unavailability

due to ageing failure requires enough end-of-life failure data. Two major improve-

ments were made to the conventional ageing failure model (which are presented in

Chapter 5), so that it can be used when limited end-of-life failure data is available.

First, the apparent (condition-based) age of power transformers is calculated using

health index data. Second, the scale parameter of the Weibull distribution is esti-

mated by combining, in a novel way, the Arrhenius relationship, the IEC thermal

model, and an equivalent load model. Incorporating the apparent age and the wind-

ing hottest-spot temperature of each power transformer improves significantly the

accuracy of the calculation of the unavailability due to ageing failure, a key aspect

of the transformer retirement planning process.

• New approach for planning the retirement of power transformers. The

proposed approach, described in Chapter 5, has two parts: identification of the best

retirement candidates and calculation of the retirement year. An advanced version

of the credible improvement potential index is used to rank aged power transformers

considering their expected capacity. To enhance the ranking process and the calcula-

tion of the retirement year, the approach uses the improved method to calculate the

unavailability due to ageing failure, which incorporates information on the current

condition and future winding hottest-spot temperature of each power transformer.

Furthermore, considering that special events, such as partial discharges, thermal
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faults, and winding deformations, may reduce the operating capacity of aged power

transformers, the proposed approach includes this aspect in the calculation of the

expected capacity to further enhance retirement decisions.

• Two-stage adaptive robust optimisation problem for reinforcing power

transmission systems with seismic risk and aged equipment. The two-

stage adaptive robust optimisation problem, described in Chapter 6, models the

availability of components differently, by creating groups of components based on

their location with respect to the epicentre, ageing status, and risk of damage by a

tsunami, and by using a polyhedral uncertainty set for each group. The advantage of

this modelling approach is that fragility curves of components are not needed. More-

over, the effects of equipment ageing, commonly neglected in reinforcement planning

studies, are incorporated into the optimisation problem constraints to produce more

accurate reinforcement plans.

1.5 Thesis Structure

This section outlines the content of Chapters 2-7.

Chapter 2: Literature Review

Chapter 2 presents a summary and a critical analysis of previous works about component

failure models, risk-based approaches for retiring power transformers, methods for pri-

oritising the maintenance and retirement of power system components, and approaches

for reinforcing power transmission systems with seismic risk. Furthermore, the chapter

presents the research gaps that will be addressed in Chapters 4-6.
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Chapter 3: Concepts, Models, and Techniques Used in Power System Risk

Assessment

Chapter 3 explains the most important concepts, mathematical models, and techniques

used in power system risk assessment, which will be mainly employed for developing

the approaches for cable maintenance prioritisation (Chapter 4) and power transformer

retirement (Chapter 5). The conventional models of repairable and non-repairable failures

are reviewed in detail. Then, the use of Monte Carlo simulation techniques to sample

component states is explained. Furthermore, the chapter briefly describes the procedures

for evaluating the impacts of component failures on power systems and the models for

calculating adequacy indices of composite (generation and transmission) and distribution

systems.

Chapter 4: Maintenance Prioritisation of Power Distribution Cables Con-

sidering Age-Related Repairable Failures

An age-related repairable failure model for underground cables and the procedure for

estimating its parameters are presented in Chapter 4. The failure model takes into account

the effects of cable loading conditions. The chapter also presents several indices used to

rank power system components and the changes made to these indices for prioritising

the maintenance of ageing cables. The performance of the age-related repairable failure

model and the cable maintenance prioritisation approach are carefully examined using a

test system and computer simulations. Chapter 4 also includes a critical analysis and

a computer simulation-based comparison of the IEC-Arrhenius-Weibull model and the

proposed cable failure model.

Chapter 5: Estimating the Retirement of Power Transformers
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Chapter 5 describes a risk-based approach for planning the retirement of power trans-

formers. The approach includes several methods for calculating and incorporating the

apparent age and winding hottest-spot temperature of power transformers into the con-

ventional ageing failure model. The chapter also details the procedures to calculate the

expected capacity of power transformers, to identify the best retirement candidates (using

a modified version of a component ranking index presented in Chapter 4), and to calcu-

late their year of retirement. The application of the approach is demonstrated through

a case study, which considers several aged power transformers of subtransmission and

distribution substations.

Chapter 6: Transmission System Reinforcement Considering Earthquakes

and Aged Equipment

A two-stage adaptive robust optimisation problem to determine reinforcement plans of

power transmission systems with seismic risk is presented in Chapter 6. The problem

formulation includes a method to model the availability of generating units, lines, and

transformers using polyhedral uncertainty sets. Furthermore, the chapter also describes

the procedure to incorporate the effects of equipment ageing into the optimisation problem

(using the expected capacity calculation method described in Chapter 5). The case study

and changes made to the 24-bus IEEE Reliability Test System are explained in detail.

Chapter 7: Conclusions and Future Work

The last chapter of this thesis, Chapter 7, contains the main conclusions of the research

work and some suggestions for future research.



Chapter 2

Literature Review

2.1 Introduction

This chapter presents a literature review on maintenance prioritisation and retirement

of ageing power system components, and on transmission system reinforcement planning

(which are the areas that will be investigated in this thesis, as mentioned in Chapter 1,

Subsection 1.2). The literature review starts with a brief description of the main tasks of

power system risk assessment. Then, the main features of component failure models used

in power system risk assessment are described and critically analysed1. The literature

review continues with indices for prioritising maintenance and retirement activities of

power equipment. Risk-based equipment retirement strategies and mathematical models

for transmission system reinforcement planning are also analysed. The chapter ends with

a summary, which includes problems and aspects that need further study.

1The theoretical details of relevant component failure models, techniques used in power system risk
assessment, such as Monte Carlo simulation and contingency analysis, and mathematical models of some
system risk indices will be presented in Chapter 3.

11
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2.2 Risk Assessment of Power Systems

Power system risk assessment allows us to analyse both system adequacy and system

security. Adequacy relates to the existence of sufficient assets in a power system to meet

its load demand and operational constraints, whereas security relates to the ability of

a power system to respond to dynamic and transient perturbations [17]. Power system

risk assessment can be used for several applications. This chapter focuses on applications

for system adequacy studies, particularly reliability-centred maintenance and equipment

retirement planning.

Power system risk assessment comprises four main tasks [17]: to determine component

outage models, to sample system states and calculate their probability of occurrence,

to determine the consequences of system states (this task is also known as contingency

analysis), and to calculate system risk indices. Outages of power system components are

classified into independent and dependent outages. This thesis focuses on independent

repairable and non-repairable failures. The main features of repairable and non-repairable

failure models of power system components will be analysed in detail in the next section

of this chapter, as these models are needed to develop maintenance and retirement plans

presented in Chapters 4 and 5.

The second task, sampling system states and calculating their probability of occur-

rence, is performed as follows. System states can be generated using two methods, state

enumeration and Monte Carlo simulation. Their use depends on the characteristics of

power system components and the system itself (e.g., size and operating conditions) [18].

The state enumeration method is used when a system has simple operating conditions and

components have low failure probabilities. On the other hand, Monte Carlo simulation

is employed when a system has complex operating conditions and components have high

failure probabilities, since the number of system states can be very high. To generate
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system states with the Monte Carlo method, sequential or non-sequential techniques can

be applied. The approach to calculate the probability of occurrence of system states de-

pends on the method used to select them. For instance, for the non-sequential Monte

Carlo technique, this probability is calculated by dividing the occurrence number of the

system state s by the total number of samples [17].

The third and fourth tasks, determining the consequences of system states and cal-

culating system risk indices, depend on the type of system under study. Risk assess-

ment studies are usually carried out for generation-demand systems, composite genera-

tion and transmission systems, and radial distribution systems. For composite generation

and transmission systems, the procedure to determine the consequences of system states

(known as contingency analysis) includes power flows and optimal power flows [18]. For

radial distribution systems, the consequences of system states are determined by identi-

fying load points that are affected by component failures and restoration actions [19].

System risk indices reflect the system performance considering equipment failures

and ratings, load demand, variable power generation, etc. Most system risk indices are

calculated as the expected value of a random variable. The Expected Energy Not Supplied

(EENS) index is commonly used in composite system studies, whereas the System Average

Interruption Frequency Index (SAIFI) and the System Average Interruption Duration

Index (SAIDI) are usually used in distribution system studies [18].

2.3 Component Failure Models

As mentioned before, power system components undergo repairable and non-repairable

(end-of-life) failures throughout their operation. Failures change the status of components
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[20]. When a repairable failure occurs, the status of a component changes from an oper-

ating state to a failure state. After being repaired, the component returns to operation.

On the other hand, when a component experiences its end-of-life failure, the component

cannot longer be repaired, and should be replaced or upgraded depending on the system

requirements. Repairable and end-of-life failures can be analysed using the bathtub curve.

The bathtub curve is usually employed to describe the relationship between the failure

rate of power system components and their age [21]. As shown in Figure 2.1, the bathtub

curve has three regions: the infant stage, the normal operating stage, and the wear-out

stage. In the infant stage, the failure rate starts with a high value and then rapidly

decreases, stabilising at time t1. Failures in this region occur due to several reasons,

including design and manufacturing errors, transportation and installation problems, etc.

In the normal operating stage, the failure rate is approximately constant, indicating that

failures occur randomly. The normal operating stage ends at time t2. After this, the wear-

out stage begins, and the failure rate increases due to ageing. Repairable and end-of-life

failures of power system components can occur at any of these three regions. External

short-circuits can cause end-of-life failures of power transformers during their normal

operating stage, and repairable failures of power generators can occur during their wear-

out stage. This thesis focuses on repairable and end-of-life failures that occur in the last

region, i.e., age-related repairable failures and age-related end-of-life failures.

2.3.1 Age-Related Repairable Failure Models

Repairable failures of power system components can be modelled as an up-down-up cycle

[18], as depicted in Figure 2.2. This cycle can also be described as a sequence of up times

and down times. An up time is also known as time to failure (TTF), and a down time is

also known as time to repair (TTR). When components show no signs of ageing, up times
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Figure 2.1: Idealised bathtub curve [22]

are modelled using a homogeneous Poisson process, in which the times between successive

failures are independent and identically distributed [23]. A homogeneous Poisson process

has constant failure rate, and has been commonly used in power system risk assessment

studies.

Figure 2.2: Up-down-up cycle of a two-state component [18]

When component ageing is taken into account, up times can be modelled using a

nonhomogeneous Poisson process. In this case, the times between successive failures are

not independent and identically distributed [23]. The failure rate of a nonhomogeneous

Poisson process increases over time, and can be modelled using the failure rate function

of the two-parameter Weibull distribution [24]. This case is known as Weibull process, in

which only the time to the first failure is Weibull distributed [25]. More details on the

Weibull process are given in Chapter 3, Subsection 3.3.2.
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To calculate the parameters of the failure rate function, consecutive inter-failure

times of identical components that have shown ageing signs are required [23]. However,

collecting this information is a difficult task, due to the following reasons: power system

components have long lifespans (e.g., the average lifetimes of underground cables and

overhead conductors that operate at ≥110 kV are 51 and 54 years, respectively [15]), and

power system components may operate under different loading and weather conditions,

factors that can affect both their ageing process and their failure times. Despite the

problem of failure time data availability, several works ([26], [27]) have employed the failure

rate function of the Weibull process to model repairable failures of ageing underground

power distribution cables.

The authors of [26] utilised another type of data to calculate the scale and shape

parameters of the Weibull distribution. They employed annual cable failure data, without

identifying whether failures are due to random events or ageing. Then, the parameters

are calculated by using the maximum likelihood method.

In [27], repairable failures of ageing cables are modelled by combining the failure rate

function of the Weibull process with the Arrhenius relationship. To this end, the authors

of the study assumed that cable sections of a distribution feeder are identical components.

The Arrhenius relationship, which models the lifetime of cable insulation as a function of

its temperature, is used to calculate the scale parameter (α) of the Weibull distribution.

Cable temperatures are calculated using the standard IEC (International Electrotechnical

Commission) 60287-1-1 and loading data. A methodology is proposed to determine the

Arrhenius relationship parameters. The parameter β of the Weibull distribution was not

calculated in the study, and took values between 1.0 and 1.8 to describe different degrees

of ageing. The proposed model is called IEC-Arrhenius-Weibull model.
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Two observations can be made regarding the IEC-Arrhenius-Weibull model. First,

its authors did not explain the following: why are repairable failures of ageing cables

influenced by the lifetime of their insulation? Second, it is assumed that loading conditions

of cables influence the occurrence of their repairable failures. The latter idea has also been

investigated in [28] and mentioned in [29].

The influence of loading conditions on failure times of power cables is explored in [28].

A mathematical model was developed to calculate failure times considering short-term and

long-term emergency loading conditions. The model also depends on two coefficients that

incorporate information of power cables (e.g., information on installation, condition, and

degradation risks).

As mentioned in [29], the influence of loading conditions on cables’ repairable failures

may be investigated using the model proposed in [30]. The model combines the failure

rate function of the two-parameter Weibull distribution with an exponential function. The

exponential function is utilised to integrate the effect of loading conditions. However, no

previous study has applied this modelling approach for ageing power distribution cables.

2.3.2 Age-Related End-of-Life Failure Models

The incorporation of age-related end-of-life failures (also known as ageing failures) into

power system risk assessment studies was first investigated in [31]. The author of the

study developed a method, whose theoretical details are presented in Chapter 3, Section

3.3.3, to calculate the unavailability due to ageing failure, which is the parameter needed

for risk assessment studies. The unavailability due to ageing failure of a component is

determined by calculating the probability of transitioning to ageing failure within a time

period (usually one year), given the service age of the component. This probability is



Chapter 2 18

calculated using normal or Weibull distributions, whose parameters are determined using

end-of-life failure data (which consist of two parts: the year in which components were

installed, and the year in which components were retired). Then, the unavailability due

to ageing failure and the non-sequential Monte Carlo technique are used to sample system

states. A 230-kV transmission system was used to analyse the impact of ageing failures

of cables on the system EENS index. The results showed that both the unavailability due

to ageing failure and the system EENS index increase significantly as cables get older.

A different method to calculate the unavailability due to ageing failure is proposed in

[32]. The method can be applied only when the normal distribution is utilised to calculate

the probability of transitioning to ageing failure. The results are very similar to the ones

obtained with the previous method [31].

Building ageing failure models of power system components is a difficult task, because

electric utilities have limited end-of-life failure data of their equipment. Electric utilities

have retired only a small amount of their components because of their long lifetimes and

limited budgets [15]. Furthermore, random events, such as maintenance errors, lightnings,

natural disasters, may cause end-of-life failures of power system components [33]. In this

case, end-of-life failure data cannot be used to build ageing failure models.

The availability of end-of-life failure data of power transformers has been investigated.

In [6], failures of power transformers installed in the United Kingdom were analysed. The

statistical analysis determined that failures of power transformers are random in nature,

i.e., transformer failures are not age related. Furthermore, the authors of [34] argue

that some electric utilities own small fleets of power transformers; and therefore, enough

end-of-life failure data are not available for the calculation of the ageing failure model

parameters.
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Several works have addressed the problem of lack of data for ageing failure modelling.

In [35], a method that uses both end-of-life failure data of retired components and sur-

vival data (i.e., service age data) of existing components was developed to calculate the

parameters of normal or Weibull distributions. The influence of survival data on ageing

failure models of power transformers is investigated in [36], [37]. The results indicate

that utilising survival data can make ageing failure models more accurate. The authors

of [38] and [39] analyse the uncertainty in ageing failure models of power transformers

and transmission lines, and quantify its effect on the system EENS index. Other ways to

address the problem of limited data for power transformer ageing failure modelling will

be discussed in the next section.

2.4 Retirement of Power Equipment

Ageing failure models of power system components are crucial for planning their retire-

ment. These models have been incorporated into advanced retirement approaches. In

[4], an approach to determine the year in which a piece of equipment should be retired

was developed. The year of retirement is determined by comparing two variables: the

expected system damage cost and the saved capital due to delaying the retirement of

the equipment. This comparison is performed annually and over a future planning pe-

riod. The expected system damage cost is the potential cost that ageing failures of power

equipment would produce, and is calculated by multiplying the system EENS index by the

service interruption cost. As explained in Section 2.3.2, the system EENS index captures

the effects of equipment ageing failures. The saved capital due to delaying the retirement

of a piece of equipment is calculated by multiplying the investment cost by an interest

rate. The retirement year is found when the cumulative expected system damage cost is

greater than the cumulative savings of the investment interests. This approach has been
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used in other research works to further analyse the retirement of power equipment and

its components.

The approach mentioned above was applied in [40] to decide which components of

an HVDC system should be replaced. The HVDC system is part of a power transmission

system, and the authors of the study considered that the HVDC system can operate at

derated capacities if any of its components fail. The derated capacity operation of the

HVDC system was included in the risk assessment of the transmission system.

The authors of [41] modified the approach given in [4] to allow the retirement of

two or more aged power system components. Firstly, an index is utilised to identify

the most important components for the reliability of a transmission system. Retirement

scenarios with the biggest beneficial impacts on system reliability indices are then deter-

mined through Pareto analysis. Finally, the economic comparison, previously described,

is performed for each scenario. A test system with aged power transformers was used to

evaluate the improved retirement strategy. End-of-life failure data and survival data of

UK power transformers were used to calculate the parameters of the ageing failure model.

The retirement strategies developed in [4], [40], [41] do not include two important

aspects of power transformers: condition and loading level. In some cases, old power

transformers can be in good or acceptable condition; and therefore, they should not be

retired. The condition of power transformers has been included in other studies [42],

[43]. Power transformer retirement decisions should also consider loading levels, because

transformers with higher loading levels can deteriorate faster than transformers with lower

loading levels [22]. These factors, condition and loading levels of power transformers, have

been recently analysed.

The conventional ageing failure model is modified in [44], [45] to consider the influence

of loading levels of power transformers. Instead of the traditional annual load curve, six
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loading levels are utilised to calculate the temperature of power transformers. Then, the

Arrhenius relationship uses these temperatures to estimate the lifetime of their insulating

paper, and this value is used for the scale parameter of the Weibull distribution. The

studies also include a method for the calculation of the Arrhenius relationship parameters.

The studies mentioned above (i.e., [44], [45]) have some drawbacks. First, the un-

availability due to ageing failure of power transformers cannot be calculated annually,

because the authors used the time intervals of their multi-step load model; and hence, the

unavailability values cannot be used in the retirement strategy proposed in [4]. Second,

the method for the calculation of the Arrhenius relationship parameters does not take into

account that transformers accumulate moisture over time, and this reduces the lifetime

of their insulating paper.

The authors of [46] also modified the retirement strategy given in [4] by incorporat-

ing condition monitoring information of power transformers. Data of carbon monoxide,

carbon dioxide, and furanic compounds are used to calculate a condition-based age of

the insulating paper of several power transformers. The service age of power transform-

ers used in their ageing failure model is substituted for the condition-based age of their

insulating paper.

The previous study,[46], has some drawbacks. The content of carbon monoxide and

carbon dioxide can indicate ageing of the insulating paper, but it can also indicate ageing

of the insulating oil [47]. Therefore, using data of carbon monoxide and carbon dioxide to

calculate the age of the insulating paper potentially yields to inaccurate results. Moreover,

the condition of other important components of power transformers, such as bushings,

windings, tap changer, is excluded in the study. A better approach is needed to incorporate

condition monitoring information of power transformers into their ageing failure model and
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retirement decisions. The approach should consider the overall condition of transformers,

and this could be achieved by using their health index.

A health index that evaluates the overall condition of circuit breakers was calculated

and incorporated into the failure model proposed in [48]. The index uses data of different

parameters, including moisture, gas pressure, and closing action times. Studies [46] and

[48] show that researchers are interested in developing methods to incorporate condition

monitoring data of power system components into conventional failure models.

Strategies that do not use ageing failure models for planning the retirement of power

equipment are described in [27], [49], [50]. These studies employ unconventional models

of age-related repairable failures and the sequential Monte Carlo technique to plan the

retirement of power distribution equipment (underground cables and overhead conduc-

tors). Ageing failures are not considered in the risk assessment because they, as explained

in Section 2.3, allow only one state transition, and this is not compatible with the se-

quential Monte Carlo technique [17]. In other words, ageing failures can be incorporated

into power system risk assessment only if the non-sequential Monte Carlo technique is

employed. The studies also employ component level reliability indices to prioritise the

retirement of power distribution equipment. Component level reliability indices will be

analysed in the next section of this chapter.

2.5 Ranking Indices of Power System Components

Systems used in engineering applications, such as transmission and distribution systems,

have multiple components that are connected and operate together. Some components

are more important (critical) than others for the reliability of a system. The importance

of a component depends on both its location in the system and its reliability performance
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measure [51]. The failure probability or the failure rate of a component can be used to

measure its reliability performance (i.e., its ability to operate correctly). Identifying the

most important components of a power system enables us to prioritise maintenance or

retirement activities. To this end, several component level reliability indices (also known

as measures of component importance) can be used, depending on the aim of the study

(e.g., maintenance or retirement).

Several component level reliability indices have been proposed to rank power system

components. The authors of [52] employ three indices to identify the most important

components of a transmission system. The indices utilise constant failure rates and evalu-

ate the impact of random failures on the system security margin, the load supply, and the

generating units. An index that calculates the total system energy cost is proposed in [53].

To calculate the total system energy cost, random failures of power generators, transmis-

sion lines, and power transformers as well as equipment ratings given by manufacturers,

load profiles, and power generation bids are considered.

In [54], critical components of composite generation and transmission systems are

identified through an index that calculates both the probability of outages caused by cut

sets (events in which several components fail at the same time) and the amount of load

shedding caused by outages of components that belong to cut sets. Another index is

proposed in [55]. The index calculates the impact that small changes in the failure rates

of components have on the expected system interruption cost. Furthermore, the authors

of [41] propose an index to prioritise the retirement of power transformers. The index uses

the ageing failure model of power transformers and non-sequential Monte Carlo simulation

to calculate the impact of ageing failures on the transmission system reliability.

All indices mentioned above evaluate the impact of components’ random repairable

failures and ageing failures on system reliability (security and adequacy). However, these
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indices do not take into account other important factors, such as age-related repairable

failures, operating conditions, and capacity reduction due to ageing. Further studies could

improve the ranking of power system components.

2.6 Transmission System Reinforcement

Reinforcement of transmission systems is another topic explored in this chapter. Math-

ematical models for determining transmission system reinforcements can be classified

into three groups [56]: heuristic models, optimisation models, and meta-heuristic models

(which have heuristic and optimisation features). Optimisation models usually have an

objective function and several constraints. The objective function can be minimised or

maximised. The objective function and the constraints describe technical and economic

aspects of transmission systems, e.g., the maximum power flow through components, gen-

eration and load-shedding costs, the maximum investment budget, etc. [57].

Optimisation models consider several reinforcement options and allow us to find the

optimal reinforcement plan. Classical optimisation models used for transmission system

reinforcement include linear and non-linear programming [58], [59], [60], dynamic pro-

gramming [61], and mixed integer programming [62], [63]. Some parameters used in the

reinforcement planning problem, such as future load demand, future generation costs, and

equipment availability, are uncertain. If these uncertain parameters follow a specific prob-

ability distribution, stochastic optimisation is employed [64], [65]. On the contrary, if the

uncertain parameters do not follow a specific probability distribution, robust optimisation

is employed to solve the transmission system reinforcement planning problem [66].

In recent years, reinforcement of generation and transmission systems that are ex-

posed to seismic events has been investigated. The authors of [67] formulated a two-stage
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stochastic optimisation model to determine the optimal investment strategy for a com-

posite generation and transmission system, i.e., the set of new power generators and

transmission lines that should be built to mitigate potential damages due to earthquakes.

Earthquakes with different magnitudes are simulated, and then the probability of damage

for each power system component is calculated using fragility curves. Fragility curves

use the magnitude of an earthquake as input and give the probability of damage for each

component, considering that several damage levels can occur (e.g., moderate, extensive,

or complete damage). Probabilities of damage are used to determine the availability of

components, information that is needed before solving the stochastic optimisation model.

A different optimisation model was developed in [68]. It employs optimisation via

simulation to identify transmission network investments. The behaviour of a transmission

system during and after a seismic event is simulated. The simulation considers both

the proposed network reinforcements and the process of disconnecting and restoring the

loads of the transmission system. The simulation of events (equipment failures and load

restoration) is performed using the sequential Monte Carlo technique. The proposed

model calculates, through multiple simulations, the conditional expectation of the energy

not supplied (ENS). The conditional expectation of ENS is the model’s objective function.

Fragility curves for generating units, transmission towers, and substations are used in the

study.

Two remarks are made about the previous work. First, modelling and simulating

the response and restoration of a power system when earthquakes occur, particularly

modelling repair and replacement times of damaged equipment, are complex tasks. For

instance, in the 2016 earthquake in Ecuador, personnel from different electric utilities

travelled to the affected zones to help restore the electricity supply [69]. In this case, the
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restoration process took several weeks. Second, earthquakes can cause end-of-life failures

in some components. This is not addressed in the simulation performed in [68].

A different approach for reinforcing transmission systems is presented in [70]. Four

indices are used to prioritise the replacement of substation equipment (e.g., porcelain

insulators, bushings of power transformers). The indices take into account several fac-

tors: equipment seismic withstand capability, seismic performance of the transmission

system, and replacement costs. Fragility curves are also used in the study to calculate the

probability of damage of substation equipment.

As mentioned above, fragility curves facilitate the calculation of the probability of

damage, due to an earthquake, of each power system component. However, there are some

important drawbacks that make the application of fragility curves in transmission system

planning studies difficult. First, building fragility curves requires large data sets for each

type of component. Data sets can be obtained from actual earthquake damages, laboratory

tests, or analytical approaches. The studies [67], [68], and [70] used fragility curves created

by U.S. government institutions and research centres [71], [72]. Applying those fragility

curves in studies of power systems located in other countries may not be correct, because

there are several parameters that influence the seismic vulnerability (failure probability)

of power equipment. Examples of these parameters include equipment type, voltage level,

equipment manufacturer, seismic design criteria, installation and anchorage, foundations

and soil conditions, and connection to other equipment [73]. The lack of data for building

fragility curves is also mentioned in [74]. To solve this problem, structural models of

transmission lines are employed in [74] to calculate the damage caused by windstorms.

Second, building fragility curves is a difficult task that may require expertise in other

areas, such as structural engineering [72] and data analytics [75]. For example, the authors

of [75] created fragility curves for overhead lines by ascribing 12,000 electrical failures to
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a windstorm model, and considered the effects of the spatial resolution of the electrical

failures on the fragility curves. And third, uncertainty is inherent in fragility curves, and

it may affect system reinforcement decisions. Therefore, new approaches are needed to

deal with the transmission system reinforcement problem.

Previous studies did not consider the impact of equipment ageing on transmission

system reinforcement decisions. The influence of equipment ageing on reinforcement plans

has been investigated only in a recent study [76]. Its authors proposed a two-stage stochas-

tic optimisation model in which old power generators can be either retired or refurbished.

Ageing models of power generators were not part of the solution, which assumed that

their capacity reduces 3% each year.

Equipment ageing models have been used only for asset management purposes, e.g.,

maintenance and retirement. Transmission system reinforcement studies consider long

planning periods, e.g., 20-30 years [66], in which the performance of some power system

components can deteriorate significantly. Including equipment ageing in reinforcement

studies could help system planners obtain more accurate investment decisions.

2.7 Summary

This chapter presents a critical review of the most relevant and recent models and meth-

ods used for planning the maintenance and retirement of ageing power equipment and

for planning transmission system reinforcements. Several limitations of existing works

were identified in this chapter. First, traditional models of age-related repairable and

non-repairable failures can be further improved by developing new methodologies to in-

corporate the effects of loading conditions of underground power distribution system cables

and power transformers, and by developing more advanced approaches to calculate the
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condition-based age of power transformers and the Arrhenius relationship parameters.

Second, component ranking indices can be enhanced by incorporating the effects of load-

ing conditions, age-related failures, and capacity reduction. Third, optimisation models

for reinforcing transmission systems that are subject to earthquakes can also be improved

by including equipment ageing models and by developing new approaches to determine

equipment availability.

These problems (or limitations) will be addressed comprehensively in the next chap-

ters, beginning with Chapter 4 which presents a new approach for the maintenance pri-

oritisation of ageing cables. Chapter 4 covers the second and third objectives of this

thesis.
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Concepts, Models, and Techniques

Used in Power System Risk

Assessment

3.1 Introduction

As mentioned in the previous chapter, power system risk assessment comprises four main

tasks: determining component failure models, sampling system states and calculating

their probabilities of occurrence, determining the impacts of component failures, and

calculating system risk indices. This chapter explains in detail how to perform each

of these tasks, considering composite (generation and transmission) systems as well as

distribution systems. This chapter also provides the necessary background information for

most of the research that will be presented in the next chapters, particularly information

on traditional mathematical models of age-related repairable and non-repairable failures.

These mathematical models will be used in the subsequent chapters.

29
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The chapter content is organised as follows. Probability distributions used for com-

ponent failure modelling are first discussed. Then, traditional mathematical models of re-

pairable and ageing failures are presented. The chapter continues by explaining the mains

aspects of Monte Carlo simulation. Then, the procedure for determining the impacts of

component failures on system operation, known as contingency analysis, is presented. Fi-

nally, this chapter provides several mathematical models used for calculating traditional

system risk indices.

3.2 Probability Distributions in Risk Assessment

The behaviour of power system components is considered as stochastic, i.e., components

of a certain type can fail at different times. This is because components are exposed to

different factors, such as loading and weather conditions as well as different maintenance

procedures, that may influence the ability of components to stay in operation [3], [77].

Repairable and ageing (end-of-life) failures can be modelled through random variables.

When repairable failures are being analysed, two variables that are commonly used are

the failure time and the repair time [78]. It is assumed that failure and repair times follow

specific probability distributions (e.g., exponential, normal, Weibull). Probability distri-

butions and other time-dependent functions are used for component failure modelling, as

explained below.

Let us start with the cumulative probability distribution function. Based on proba-

bility theory, any cumulative probability distribution function increases from zero to one.

The probability of ageing failure of power system components behaves in a similar way.

Components with few service years have low failure probabilities. However, if they remain

in service for long periods of time, their failure probabilities can eventually reach values
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close to 1.0. Because of this similarity, the cumulative probability distribution function

is known in power system risk assessment as the cumulative failure distribution function,

Q(t). The cumulative failure distribution has a complementary function known as the sur-

vivor function, R(t). The relationship between the survivor function and the cumulative

failure distribution is given by [18]:

R(t) = 1−Q(t). (3.1)

Another function that is commonly used in failure modelling is the probability density

function, whose name also changes slightly. If the derivative of the cumulative failure

distribution, Q(t), is calculated, the outcome is known as the failure density function,

f(t), which is given by [18]:

f(t) =
dQ(t)

dt
= −dR(t)

dt
. (3.2)

Based on (3.2), Q(t) and R(t) can be expressed as follows [18]:

Q(t) =

t∫
0

f(t) dt (3.3)

R(t) = 1−
t∫

0

f(t) dt. (3.4)

The relationships among the previously mentioned functions (cumulative failure dis-

tribution, survivor function, and failure density function) are illustrated in Figure 3.1. In

this figure, time, t, represents the service age of a certain type of components.
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Figure 3.1: Hypothetical failure density function [78]

Another important function is the transition rate. The transition rate in power system

risk assessment can be referred as the hazard rate (function), failure rate (function),

repair rate (function), etc. When component failures are analysed, the hazard rate, λ(t),

indicates the rate at which failures occur in a specific time period. The hazard rate can be

calculated by dividing the number of failures per unit time by the number of components

exposed to failure, as shown in (3.5), or by dividing the failure density function by the

survivor function, as shown in (3.6) [78].

λ(t) =
number of failures per unit time

number of components exposed to failure
(3.5)

λ(t) =
f(t)

R(t)
(3.6)

The concepts presented in this section, particularly the concepts of failure density

function and failure rate, are essential for understanding the conventional mathematical

models of repairable and ageing failures, which will be discussed in the next section.
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3.3 Component Failure Models

When a power system component undergoes a repairable or ageing failure, the outcome is

completely different. If a repairable failure occurs, the component is removed from service,

repaired, and put back into operation. On the other hand, if an ageing failure occurs,

the component must be retired from the system, and in some cases replaced by a new

component. Thus, repairable and ageing failures require different modelling approaches.

Stochastic processes are typically used to model random and age-related repairable fail-

ures. Two types of stochastic processes will be analysed in this chapter: Markov processes

and arrival-type processes. To model ageing failures, traditional probability distributions

can be employed only if enough end-of-life failure data are available.

3.3.1 Modelling Approach for Random Repairable Failures

Random repairable failures are usually modelled through a two-state stationary Markov

process [78]. Figure 3.2 shows a two-state space diagram of a repairable component,

which indicates that the component remains in one of its states (up or down) until a

transition occurs. In this two-state stationary Markov process, transition rates are mod-

elled using a constant failure rate, λ, and a constant repair rate, µ. These parameters

are constant because they are characterised by exponential probability distributions. The

time-dependant probabilities of being found in the up and down states are given by [18]:

Figure 3.2: Two-state space diagram of a repairable component [17]
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P0(t) =
µ

λ+ µ
− λe−(λ+µ)t

λ+ µ
(3.7)

P1(t) =
λ

λ+ µ
− λe−(λ+µ)t

λ+ µ
(3.8)

where P0(t) and P1(t) are the probabilities of being in the up and down states, respectively.

The unavailability due to repairable failure, a steady-state failure probability required

in power system risk assessment studies that employ non-sequential Monte Carlo simula-

tion, is calculated by letting t → ∞ in (3.8), as shown below [18]:

U =
λ

λ+ µ
(3.9)

where U is the unavailability due to repairable failure, λ is the failure rate (in fail-

ures/year), and µ is the repair rate (in repairs/year). The derivation of (3.9) is explained

in detail in [18].

If power system risk assessment studies employ sequential Monte Carlo simulation,

random repairable failures are modelled differently. Instead of calculating the unavailabil-

ity due to repairable failure, an artificial sequence of up and down states is generated over

a time period using failure and repair rates [19]. This topic will be further discussed in

Section 3.4.2.

3.3.2 Modelling Approach for Age-Related Repairable Failures

As mentioned above, the two-state Markov process models random repairable failures

of power system components as transitions between their up and down states. However,

random repairable failures are not the only ones that occur in actual power systems. Some

power systems have ageing components whose performance (reliability) reduces over time.
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In these cases, it is necessary to model repairable failures that are influenced by the service

age of components, i.e., by their ageing process.

Age-related repairable failures can be modelled by utilising another type of stochas-

tic process—the arrival-type process. Figure 3.3 provides an example of an arrival-type

process, in which a sequence of events with magnitudes X1, X2, X3, etc. occurs. In

the context of age-related repairable failures, these events and their magnitudes represent

repairable failure events and their failure times, respectively. An important characteristic

of arrival-type processes is that each failure time (i.e., X1, X2, X3,...) is modelled using

different random variables. When all failure times follow an exponential distribution, the

arrival-type process is known as a homogeneous Poisson process. On the other hand,

when failure times do not follow an exponential distribution, the arrival-type process is

known as a non-homogeneous Poisson process.

Figure 3.3: An example of an arrival-type process [79]

The non-homogeneous Poisson process has two important characteristics [23]. First,

it allows us to incorporate the influence of service age into the failure times of ageing

components. And second, when a non-homogeneous Poisson process is applied to de-

scribe the occurrence of repairable failures, the times between successive failures are not

independent and identically distributed. These characteristics make the non-homogeneous

Poisson process a valuable modelling tool for power systems with ageing components, and

it is usually applied considering a Weibull distribution.
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The Weibull process is a special case of the non-homogeneous Poisson process. In a

Weibull process, only the time to the first failure follows a Weibull distribution [25]. The

failure rate function of a Weibull process is given by [24]:

λ0(t) = λβt(β−1) (3.10)

where t represents the component age, λ is equal to 1/αβ, and α and β are the scale and

shape parameters of the Weibull distribution, respectively. The values of α and β can be

calculated using historical inter-failure time data of identical components.

When repairable failures are influenced by ageing, the parameter β is greater than

one, and the failure rate function shown in (3.10) increases as the age of components,

t, increases. (However, some components can enhance their performance over time, ex-

periencing fewer failures. In this case, their failure rate function should decrease as the

age of components increases (β is less than one) [24].) The failure rate function, λ0(t), is

used to generate consecutive failure times of ageing components when power system risk

assessment studies employ time sequential Monte Carlo simulation. Failure time sampling

will be further discussed in Section 3.4.2.

Besides repairable failures, ageing components can undergo non-repairable (end-of-

life) failures. This topic is analysed in the next section.

3.3.3 Ageing Failure Model

Ageing (end-of-life) failures of power system components are modelled differently. A key

aspect of ageing failure modelling is the concept of probability of transition to ageing

failure. To explain this concept, two factors must be first considered: component age, T ,

and a subsequent period, t; they are shown in Figure 3.4. The probability of transition
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to ageing failure is defined as the probability that a component will fail within t given

that the component has operated for T years [18]. The probability of transition to ageing

failure, Pf , is a conditional probability (because the component age must be specified),

and can be calculated as follows [31]:

Pf =

∫ T+t

T
f(t)dt∫∞

T
f(t)dt

(3.11)

where f(t) is, as explained in Section 3.2, the failure density function. To model ageing

failures, the probability density function of the normal (Gaussian) and Weibull distribu-

tions can be utilised. These continuous probability distributions have been extensively

used in reliability engineering because they can model different types of lifetime behaviours

[22].

Figure 3.4: Diagram used to explain the concept of probability of transition to ageing
failure [17]

Ageing failures cannot be incorporated into power system risk assessment studies

using (3.11); it is necessary to calculate the unavailability due to ageing failure. This

parameter allows us to determine, during the non-sequential Monte Carlo simulation,

whether a component is in the up or down state. The unavailability due to ageing failure

is considered as the average probability that a component will fail within t given that

it has survived for T years [31]. To calculate this parameter, the subsequent period t

is divided into N intervals with length ∆x, as shown in Figure 3.5. The probability of

transition to ageing failure in the sub-periods t0 and t1, t0 and t2, ..., t0 and tn is calculated

as follows [31]:

Pf =

∫ T+ti
T

f(t)dt∫∞
T

f(t)dt
(i = 1, 2, ..., N). (3.12)
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Figure 3.5: Intervals in time period t [17]

The probability of failure in the ith interval, Pi, can be calculated through the dif-

ference between two consecutive Pf [31], as shown in (3.13).

Pi =

∫ T+i∆x

T
f(t)dt−

∫ T+(i−1)∆x

T
f(t)dt∫∞

T
f(t)dt

(i = 1, 2, ..., N) (3.13)

Calculating Pi is a computationally intensive task due to the integrals. However, its

calculation can be approximated; this will be discussed later in this section.

Therefore, the unavailability due to ageing failure for the subsequent period t (typi-

cally one year) is calculated as follows [31]:

Ua =
N∑
i=1

Pi
UDi

t
(3.14)

where UDi is the average unavailable duration for the ith interval, and is given by [31]:

UDi = t− (2i− 1)
∆x

2
(i = 1, 2, ..., N). (3.15)

Equation (3.13) is substituted for an approximation (this allows us to easily calculate

the unavailability due to ageing failure, Ua). When the normal distribution is utilised, Pi

can be calculated as follows [31]:

Pi =
Q
(
T+(i−1)∆x−µ

σ

)
−Q

(
T+i∆x−µ

σ

)
Q
(
T−µ
σ

) (i = 1, 2, ..., N) (3.16)
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where

Q(y) =


w(y) if y ≥ 0

1− w(−y) if y < 0

(3.17)

w(y) = z(y)(b1s+ b2s
2 + b3s

3 + b4s
4 + b5s

5) (3.18)

z(y) =
1√
2π

exp

(
− y2

2

)
(3.19)

s =
1

1 + ry
(3.20)

and r = 0.2316419, b1 = 0.31938153, b2 = –0.356563782, b3 = 1.781477937, b4 =

–1.821255978 and b5 = 1.330274429. On the other hand, if the Weibull distribution

is employed, Pi is given by [31]:

Pi =
exp

[
−T+(i−1)∆x

α

]β − exp
[
−T+i∆x

α

]β
exp

[
−T

α

]β (i = 1, 2, ..., N). (3.21)

The parameters of the normal and Weibull distributions, (µ, σ) and (α, β) respec-

tively, in (3.16) and (3.21) are calculated using historical end-of-life failure data. It is

also important to mention that if the unavailability due to ageing failure is calculated for

several years, the component age, T , must be updated after each year.

Determining failure and repair rates as well as the unavailability due to repairable

and ageing failures is just the first step for power system risk assessment. The next section

explains how these values are utilised to randomly generate system states.
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3.4 Monte Carlo Simulation

Non-sequential and sequential Monte Carlo simulations are essential simulation techniques

in power system risk assessment. They enable us to generate system states, taking into

account failure rates, repair rates, and failure probability (unavailability) of power sys-

tem components. In this section, the basic principles of these simulation techniques are

described.

3.4.1 Non-Sequential Monte Carlo Simulation

The non-sequential Monte Carlo simulation is also known as the state sampling approach,

because it randomly determines the states of all system components. The state of a

component is obtained by comparing a random number that follows a uniform distribution

between [0, 1] with the component’s failure probability. The comparison determines if

either the component is in the success (up) state or the component is in the failure (down)

state. The comparison is explained below [78]:

si =


0 (success state) if Ri ≥ Qi

1 (failure state) if 0 ≤ Ri < Qi

(3.22)

where si is the state of the ith component, Ri is a random number, and Qi is the failure

probability (unavailability) of the ith component.

When a power system has aged components, their states must be determined consid-

ering both their unavailability due to repairable failure (U) and their unavailability due

to ageing failure (Ua). In this case, two separate random numbers must be employed for

each component.
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Power systems have multiple states, which can be determined after knowing the states

of all components. The state of a system with m components can be expressed using the

following vector s [78]:

s = (s1, ..., si, ..., sm). (3.23)

Each system state has a probability of occurrence. The probability of the system

state s can be calculated using (3.24) if the number of samples used in power system risk

assessment studies is sufficiently large [17], [78].

P (s) =
m(s)

Ms

(3.24)

where Ms is the number of samples, and m(s) is the number of times the system state s

appears during the sampling.

3.4.2 Sequential Monte Carlo Simulation

The sequential Monte Carlo simulation is also known as the state duration sampling

approach, and can be applied only for repairable failures. This simulation technique

generates an artificial sequence of up and down states over a period of time for each

system component. Then, these sequences are combined to determine the system state.

The steps for the simulation process are described below [17], [78].

• Specify the initial state of each component. It is usually assumed that all compo-

nents start with the success (up) state.

• Sample the duration of each component staying in its current state, using state dura-

tion distribution functions. When these functions follow an exponential distribution,



Chapter 3 42

the duration of the ith component state (Di) can be calculated by:

Di = − 1

λi

ln(Ri) (3.25)

where Ri is a uniformly distributed random number between [0, 1] for the ith com-

ponent, λi is the failure rate if the ith component is in the up state, and λi is the

repair rate if the ith component is in the down state.

It is important to mention that when aged-related repairable failures are incorpo-

rated into power system risk assessment, up times of components cannot be deter-

mined using (3.25). Other sampling techniques are required, and will be described

in the next chapter.

• Repeat the previous step throughout the simulation period, and save the sampled

values (the duration of up and down states). This simulation process yields chrono-

logical state transitions for each component, such as the one illustrated in Figure

2.2.

• Determine the state sequence of the system by combining the up-down-up cycles of

all its components.

• Analyse all system states and calculate the system risk indices. The calculation

of system risk indices when the sequential Monte Carlo simulation is used will be

discussed in Section 3.6.

3.5 Risk Assessment of Composite Systems

The main aspects of contingency analysis and the calculation of system risk (adequacy)

indices are presented in this section. Understanding how to perform these tasks is vital
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for assessing the risk of a composite (generation and transmission) system.

3.5.1 Contingency Analysis

Failures of generating units, transmission lines, and power transformers can cause several

problems to a composite system, including violations of thermal and voltage limits as

well as load shedding. These problems can be identified in power system risk assessment

studies. When several generating units are located at the same bus, contingencies can

be identified as follows [78]. When a generating unit fails, the other units may not be

operating at their full capacity, so they can be used to supply the load demand of the

failed unit. If the available generating capacity cannot supply the local load demand, then

it is necessary to reschedule the power generation in the system through an optimal power

flow (OPF) model. An OPF model determines whether power generation changes avoid

load curtailments. Two models can be applied: the AC power-flow-based OPF model

(which is a non-linear programming problem) and the DC power-flow-based OPF model

(which is a linear programming problem) [17].

Identifying contingencies due to failures of lines or power transformers is more dif-

ficult. If lines and/or power transformers fail, problems, such as overloading, voltage

violations, and isolating buses, can be identified by performing load flow calculations.

Load flow calculations shall consider the annual load curve of each load point (a load

modelling approach will be described in detail later in the chapter). If problems exist,

then remedial actions, generation rescheduling and load shedding, shall be carried out

using any of the OPF models previously mentioned and considering failures of generating

units.
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As mentioned above, load modelling is an important aspect in a contingency analysis,

particularly in load flow studies. Traditional annual load curves contain load levels that

are chronologically ordered. To incorporate annual load curves in composite system risk

assessment, three approaches can be used [78]: sampling of load states, multi-step load

models, and sampling load levels using multi-step models. The second approach is typi-

cally used due to its computational merits, and consists of two main steps [78]. First, the

annual load curve is converted into a load duration curve whose load levels are arranged

in a descending order. Second, the load duration curve is approximated by a multi-step

load model, which is created using the k-means algorithm as explained below.

The k-means algorithm is a clustering technique that groups the load duration curve’s

8760 elements into several load levels (also known as clusters). Each cluster contains

multiple load points whose mean value is the cluster’s load level. The iterative process to

create a multi-step load model is the following [78]:

• Choose initial cluster means, Mi, where i represents cluster i (i = 1, ..., NL).

• Calculate the distance between hourly load points Lk (k = 1, ..., 8760) and their

cluster mean. This distance is denoted as Dki in (3.26).

Dki =| Mi − Lk | (3.26)

• Assign load points to their nearest cluster, and then calculate new cluster means as

follows:

Mi =

∑
k∈IC Lk

NIi
(3.27)

where NIi is the number of load points of cluster i, and IC is a set that contains

the load points of cluster i.
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• Repeat the last two steps until the cluster means do not change between iterations.

The final values of Mi and NIi represent the load level in MW and the time length

in hours of the ith step, respectively.

Derated states of generating units and the effects of regional weather on transmission

line availability can also be included in the contingency analysis of composite systems.

Further information on these topics can be found in [78].

3.5.2 Adequacy Indices for Composite Systems

Risk (adequacy) indices allow us to measure the adequacy of composite power systems

taking into account component failures and ratings, loading patterns, and system con-

figuration. To include all these factors, risk indices are calculated, during Monte Carlo

simulations, as the expected values of random variables. Several risk indices can be used

for assessing the risk of composite systems. Two commonly used indices are shown below

[17]:

1. Probability of load curtailment (PLC):

PLC =
NL∑
i=1

(∑
s∈Fi

P (s)

)
Ti

Ttp

(3.28)

where P (s) is the probability of system state s, Fi is the set of all failure system

states at the ith load level, Ti is the time length of the ith load level, and Ttp is the

total period (in hours) of the annual load curve.

2. Expected energy not supplied (EENS, MWh/period):

EENS =
NL∑
i=1

(∑
s∈Fi

P (s)C(s)

)
Ti (3.29)
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where C(s) is the curtailed load (in MW) in the state s.

The indices PLC and EENS can be calculated for single buses or for the entire

system. If they are calculated for single buses, Fi contains only system states that cause

load curtailments at each bus.

Figure 3.6 shows the basic steps for composite system risk assessment that were

described in Sections 3.4 and 3.5.

Figure 3.6: Basic steps for composite system risk assessment [17]
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3.6 Risk Assessment of Power Distribution Systems

Power distribution systems mainly consist of distribution substations, primary (main) and

lateral feeders, distribution transformers, secondary circuits, and consumers’ connections

[19]. Electric power is distributed through main feeders and lateral distributors. Main

feeders originate from distribution substations and can be built using different configura-

tions, e.g., single, parallel, or meshed circuits. Distribution systems that use single-circuit

main feeders are known as radial distribution systems. If a distribution system has meshed

feeders, they can be converted into radial feeders by opening their switches. Distribution

transformers are connected to lateral feeders, and are responsible for supplying the con-

sumers’ load demand. However, a continuous electric power supply is not always possible.

Failures of distribution system components can affect the connection between supply

points and load points, causing service interruptions [78]. When component failures occur,

service interruptions depend on the switching logic of breakers and section switches as well

as on backup supply sources. All these factors that influence the electric power supply

must be considered in distribution system risk assessment studies.

In risk assessment of power distribution systems, non-sequential and sequential Monte

Carlo simulation can be used. Most studies employ the state duration sampling approach

(sequential Monte Carlo simulation), because frequency and duration risk indices can

be calculated at each load point [19]. These indices give customers an estimate of the

interruptions’ frequency and duration. Another advantage of using the state duration

sampling technique is that probability distributions of risk indices can be calculated.

To evaluate the performance of power distribution systems using the state duration

sampling approach, the following procedure must be considered [17], [19]:
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1. Generate artificial up-down-up operating cycles for all distribution system compo-

nents (feeder sections, distribution transformers). To do this, utilise their failure

and repair rates and (3.25), for random repairable failures.

2. Create up-down-up operating histories for all load points, considering component

failures, system configuration, and switching logic of breakers and section switches.

Load points’ operating histories are similar to components’ operating cycles, which

are illustrated in Figure 2.2.

3. Calculate the basic load point indices (average outage rate, average outage duration,

and average annual outage time) as follows:

λi =
Mi∑
Tui

(3.30)

ri =

∑
Tdi

Mi

(3.31)

Ui =

∑
Tdi∑

Tui +
∑

Tdi

(3.32)

where λi, ri, and Ui are the average outage rate, outage duration, and annual outage

time of the ith load point, respectively. Mi is the number of outages of the ith load

point.
∑

Tui and
∑

Tdi are the total up and down times of the ith load point.

4. Calculate the system indices and their average values for each year. (Typical system

indices are described later.)

5. Repeat this procedure until completing the total simulation years.



Chapter 3 49

3.6.1 Adequacy Indices for Distribution Systems

Two risk indices commonly used for power distribution systems are the following: the

System Average Interruption Frequency Index (SAIFI) and the System Average Interrup-

tion Duration Index (SAIDI). They are calculated using the basic load point indices λi

and Ui as follows [18]:

SAIFI =

∑
i∈R λiNi∑
i∈R Ni

(interruptions/system customer/year) (3.33)

SAIDI =

∑
i∈R UiNi∑
i∈R Ni

(hours/system customer/year) (3.34)

where λi and Ni are the average outage rate and the number of customers of the ith load

point, respectively. R is the set of load points, and Ui is the average annual outage time

of the ith load point.

3.7 Summary

This chapter presents basic concepts, mathematical models, and techniques used in power

system risk assessment. An essential concept is the use of time-dependent probabil-

ity functions to model the behaviour of power system components. Components’ ran-

dom repairable failures are usually modelled using a two-state stationary Markov pro-

cess, whereas components’ age-related repairable failures can be modelled using a non-

homogeneous Poisson process. A special case of the non-homogeneous Poisson process,

known as the Weibull process, will be utilised in the next chapter (Chapter 4) for mod-

elling age-related repairable failures of underground power distribution system cables and

for prioritising their maintenance. Ageing failures are modelled using a different approach,

in which both the probability of transition to ageing failure and the unavailability due to
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ageing failure must be calculated. This modelling approach will be employed in Chapter

5. The chapter includes a description of the non-sequential and sequential Monte Carlo

simulation techniques, which allow us to sample system sates. Finally, the main aspects

of contingency analysis and the calculation of some important system risk indices (EENS,

SAIFI, and SAIDI) are described.
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Maintenance Prioritisation of Power

Distribution System Cables

Considering Age-Related Repairable

Failures
1

4.1 Introduction

Cables used in power distribution systems age over time. Their ageing is a complex

process influenced by several factors, including loading and soil conditions, mechanical

stress, manufacturing imperfections, and maintenance. Ageing cables tend to have higher

failure probabilities, which increase the risk of service interruptions [82]. Therefore, it is

essential to identify which cables in a power distribution system pose the highest risks, so

1This chapter is based on publications [80] and [81].

51
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that their maintenance can be prioritised. In other words, maintenance activities should

be targeted at ageing cables whose failures might cause the highest economic losses.

As explained in Chapter 2, previous studies [52]-[55] have proposed several indices

to create rankings of power system components, including underground cables. However,

those indices take into account only random repairable failures, neglecting other impor-

tant factors, such as ageing and loading conditions. The influence of ageing and loading

conditions on repairable failures of cables has been studied in [26]-[28], but those studies

have not integrated these factors (ageing and loading conditions) into cables’ rankings

and maintenance prioritisation. Hence, further research is needed in this area.

This chapter presents an approach to incorporate the effects of both ageing and

loading conditions into an index used to rank power distribution system cables. The

approach includes an age-related repairable failure model, which combines the failure rate

function given in [30] with a method that converts the time-varying load of cables into

a constant equivalent load, and a methodology to calculate the model parameters. Age-

related repairable failures of cables are then included in the calculation of the maintenance

potential index, which was slightly modified to capture the impacts of random and age-

related repairable failures. The proposed approach is the first contribution of this thesis,

and was published in [80].

The proposed approach has two benefits. It identifies the most important cables of

a power distribution system taking into account their age-related repairable failures and

their respective loading conditions. Asset managers can leverage advanced cable rankings

to target maintenance activities at critical ageing cables to make sure power distribution

systems operate reliably. Moreover, the approach provides an age-related repairable failure

model for underground cables that can be used not only for maintenance planning studies

but also for power distribution system reliability studies.
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This chapter also presents a detailed comparison between the age-related repairable

failure model mentioned above and the age-related repairable failure model proposed in

[27]. Their modelling assumptions, methods for incorporating cables’ loading conditions,

and parameter estimation approaches are critically analysed. Furthermore, the perfor-

mance of both models is carefully evaluated, by plotting cable failure rates and creating

cable rankings. This comprehensive analysis of two age-related repairable failure models

of underground cables is the second contribution of this thesis, and was published in [81].

4.2 Age-Related Repairable Failure Model for Un-

derground Power Distribution Cables

Age-related repairable failures of medium voltage underground cables can be modelled

using a non-homogeneous Poisson process if two important assumptions are made: all ca-

ble sections are identical components, and the occurrence of cable failures is influenced by

loading conditions. The failure rate function given in [30] is used to model the occurrence

of age-related repairable failures of cables, and is given by:

λx(t) = λ0(t)g(x; δ) (4.1)

where λ0(t) is a baseline failure rate function, t represents the service age of cables, g(x; δ)

is a positive-valued function used to incorporate the loading conditions of cables, x is a

k × 1 covariate vector (which can contain information on the loading patterns of cables

or other stress factors), and δ is a vector of parameters.
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The failure rate function of the Weibull process, which is a special non-homogeneous

Poisson process, is used for λ0(t) as follows:

λ0(t) = λβt(β−1) (4.2)

where λ is equal to 1/αβ, and α and β are the scale and shape parameters of the Weibull

distribution.

Furthermore, an exponential function with one covariate is employed to incorporate

the effects of cables’ loading conditions into (4.1), as suggested in [30]. Therefore, the

failure rate model given in (4.1) can be written as follows [80]:

λx(t) = λβt(β−1) exp(δ1x1) (4.3)

where x1 is the equivalent load (in per unit) of a cable section, and δ1 is a parameter of

the exponential function. The subscript 1 indicates that one covariate, x1, is used for the

failure rate model; and hence, the covariate vector x in (4.1) has a single element.

4.2.1 Calculation of Cables’ Equivalent Load

The equivalent load of cable sections, x1, is calculated by using the method given in

[83]. This method was originally designed for mineral-oil-immersed transformers, and it is

assumed that it can also be applied for underground cables [80]. The method converts a

time-varying load into a constant equivalent load that produces the same total losses from

a temperature standpoint. The equivalent load of a cable section for a one-year period is
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calculated as follows [83]:

x1 =

[
L2
1t1 + L2

2t2 + ...+ L2
Mls

tMls

t1 + t2 + ...+ tMls

]
(p.u.) (4.4)

where L1, L2, ..., LMls
are the loading conditions (in p.u.) of a cable section (which

are calculated using backward/forward sweep power flow methods and hourly peak load

demand data), t1, t2, ..., tM are the duration of the load steps, andMls is the total number

of load steps. Since x1 is calculated using hourly load demand data and a one-year period,

the values of ti and Mls are 1 and 8,760 hours, respectively.

4.2.2 Parameter Estimation

The failure rate model given by (4.3) has three parameters—α, β, and δ1—that must be

calculated using consecutive failure times of a group of cable sections. To understand the

meaning of consecutive failure times, see Figure 3.3, which shows a sequence of events

with magnitudes X1, X2, ..., Xn. This sequence of events may represent the occurrence

of age-related repairable failures of a cable section, and in that case, the magnitudes

X1, X2, ..., Xn represent consecutive failure times TTF1, TTF2, ..., TTFn. Consecutive

failure times of a group of cables must reflect that the number of failures increases as

cables get old. In other words, consecutive failure times must indicate that an ageing

trend exists.

However, collecting consecutive failure times of ageing cables is a challenging task for

asset managers due to the following reasons: cables have long lifetimes (typically between

40 and 70 years [84]), the type of failure (random or age-related) may not be properly

identified, and some electric utilities own a great number of cables. On other hand, if

cable failure times are available, they may indicate that an ageing trend does not exist, as
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investigated in [85]. The study revealed that XLPE cables that operated in Denmark for

at least 30 years did not show signs of ageing. That is, their failures occurred randomly.

Consecutive failure time data of cable sections are not available in the power system

literature, so an iterative approach for generating artificial consecutive failure times of

ageing cables and for estimating the parameters of the failure rate model is proposed.

The approach comprises six steps, which are described below [80]:

• Step 1: Choose a power distribution system, and collect its technical data (hourly

load demand data as well as the resistance, reactance, lengths, ratings, and constant

failure rates of cables). Artificial failure times of the power distribution system’s

cable sections are created using the Thinning method (Step 4), considering that

they are subject to different loading conditions, and assuming that cable sections

have operated for several decades. In other words, the system is used to generate

failure times of its ageing cables; information that is not available for actual power

distribution systems.

• Step 2: Calculate the equivalent load of each cable section of the power distribution

system selected in the previous step, using (4.4) and the year with the highest load

demand. The year with the highest load demand is utilised because it is the scenario

in which cable sections are more stressed, and this may influence the occurrence of

age-related repairable failures.

• Step 3: Classify cable sections into two groups: the first group contains cables with

high equivalent loads, whereas the second group contains cables with low equivalent

loads. This step is performed to consider, in the generation of failure times (Step

4), that cable sections with higher loading levels may experience more repairable

failures than cable sections with lower loading levels.
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• Step 4: Generate artificial consecutive failure times for each cable section using the

Thinning method. The Thinning method randomly generates a sequence of failure

times (S0, S1, ..., Sn) over the interval [0, T ] as follows [86]:

Si = Si−1 −
1

K
log(Ui) (i = 0, 1, ..., n) (4.5)

where S0 = 0, Ui is a uniformly distributed random number between [0, 1], and K

is given by:

K = max
{0≤t≤T}

λs(t) < ∞ (4.6)

where λs(t) = λsβst
(βs−1). λs(t) is a failure rate function used specifically for gener-

ating failure times of cable sections. The calculation of its parameters (λs and βs,)

will be explained later.

Failure times are generated until Sn > T , and they are accepted only if [86]:

Vi ≤
λs(Si)

K
(4.7)

where Vi is a uniformly distributed random number between [0, 1]. (Equation (4.7)

is known as the thinning step, because it reduces the number of failure times.)

As seen in (4.6), the values of λs and βs must be calculated to generate failure times

of cable sections using the Thinning method. λs is calculated by neglecting the

effects of cable ageing. That is, λs is equal to the product between the constant

failure rate of cables (in failures/(year×miles)) and the average length of the cable

sections in the system (in miles).

βs, which is used in (4.6), also influences the generation of failure times. Its value

must be greater than one to increase the number of repairable failures as cables get

old. The value of βs is sampled, at each iteration, from two uniform probability
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density functions, using the Markov chain Monte Carlo (MCMC) method (more

details on the MCMC method can be found in [87]). Sampling βs at each iteration

allows us to generate different sequences of failure times for each cable section.

The intervals of the uniform probability density functions are [1.25, 1.40] (for cable

sections with high equivalent load) and [1.05, 1.20] (for cable sections with low

equivalent load). These intervals were chosen based on [27], and can be modified

using failure statistics or condition monitoring data of cables.

• Step 5: Once failure times are generated, calculate α, β, and δ1 using the maximum

likelihood method developed in [30]. Below are only the equations needed for the

failure rate model under study.

Equation (4.3) can be rearranged as follows:

λx(t) = βt(β−1) exp(x′δ) (4.8)

where x′δ = δ0x0 + δ1x1, and x0 = 1.

The log-likelihood function and its derivatives are given below:

l(β, δ) = n log β + (β − 1)
m∑
i=1

ni∑
j=1

log tij +
m∑
i=1

nix
′
iδ −

m∑
i=1

T β
i exp(x′

iδ) (4.9)

∂l

∂β
=

n

β
+

m∑
i=1

ni∑
j=1

log tij −
m∑
i=1

T β
i (log Ti) exp(x

′
iδ) (4.10)

∂l

∂δr
=

m∑
i=1

nixir −
m∑
i=1

T β
i xir exp(x

′
iδ), r = 0, 1. (4.11)

where m is the number of cable sections, [0, Ti] is the interval in which cable section

i experiences ni failures (at times ti1 < · · · < tini
), and n =

∑m
i=1 ni.
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The maximum likelihood estimates α̂, β̂, and δ̂1 are found by solving (4.10) and

(4.11), using the software MATLAB; the solution procedure is described in [30].

• Step 6: Repeat Step 4 (except the part related with λs) and Step 5 until the averages

of α̂, β̂, and δ̂1 do not change significantly.

Figure 4.1 summarises the steps of the approach previously described.

Figure 4.1: Flowchart of the approach for generating consecutive failure times of
cables sections and estimating the model parameters (this flowchart is a slightly modified

version of the one published in [80]).
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4.3 Indices for Creating Cable Rankings

Cables can be ranked using several indices that quantify the impact of repairable failures

on the reliability of a power distribution system [5], [55]. Those indices, however, were

not initially developed for power distribution systems, but for any engineering (technical)

system. The original indices (in particular, the index known as Birnbaum’s measure and

the improvement potential index [51]) as well as their adaptations for power distribution

systems will be briefly explained below.

4.3.1 Birnbaum’s Measure

To understand how the Birnbaum’s measure can be used to rank multiple components

of a system, it is necessary to first explain some important concepts and mathematical

notation, which can be applied for any system with n independent components.

The reliability of component i, i.e., the probability of being in the up state, at time t

is denoted as pi(t), whereas the unreliability of component i, i.e., the probability of being

in the down state, at time t is denoted as qi(t). The relationship between pi(t) and qi(t)

is given by [51]:

qi(t) = 1− pi(t). (4.12)

Likewise, ps(t) and Q0(t) represent the reliability and unreliability of any system

under study, respectively. In other words, ps(t) is the probability that the system is

functioning at time t, and Q0(t) is the probability that the system is not functioning at

time t. The relationship between ps(t) and Q0(t) is as follows [51]:

Q0(t) = 1− ps(t). (4.13)
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Considering a system with n independent components, its reliability, ps(t), can be

expressed as a function, h, that depends on the reliability of all its components, as shown

below [51]:

ps(t) = h(p1(t), p2(t), ..., pn(t)) = h(p(t)). (4.14)

The reliability of a system h(p(t)) can be determined by analysing how its components

are arranged. Components can be connected in series, parallel, series and parallel combi-

nations, etc., as shown in Figure 4.2. For example, when all components are connected in

series (as in Figure 4.2(a)), the reliability of the system is calculated by multiplying the

reliability of each component, as shown in (4.15).

h(p(t)) =
n∏

i=1

pi(t) (4.15)

(a) (b) (c)

Figure 4.2: Basic representation of a system with 3 components: (a) series structure,
(b) parallel structure, and (c) series and parallel structure [51]. The system is function-

ing when the end points a and b are connected.

Considering the definitions given above, the Birnbaum’s measure (which is the first

index for ranking components) determines how small changes in the reliability of compo-

nent i may affect the reliability of a system. This index is given by [88]:

IBi (t) =
∂h(p(t))

∂pi(t)
for i = 1, 2, ..., n (4.16)
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where IBi (t) is the Birnbaum’s measure for component i, and can also be calculated using

the definitions of system and component unreliability:

IBi (t) =
∂Q0(t)

∂qi(t)
for i = 1, 2, ..., n. (4.17)

It is important to mention that the calculation of the Birnbaum’s measure is typically

considered as a sensitivity analysis. The most important components in a system are

the ones whose reliability (or unreliability) variations produce the greatest effects in the

reliability of a system.

4.3.2 Improvement Potential Index

The improvement potential index measures how much the reliability of a system improves

if component i is replaced by a new component. That is, the index quantifies the potential

benefits for the reliability of a system if an existing component is replaced by a new one.

The improvement potential index, IIPi (t), with respect to component i is given by [51]:

IIPi (t) = h(1i, p(t))− h(p(t)) for i = 1, 2, ..., n (4.18)

where h(1i, p(t)) denotes the reliability of the system when component i is replaced by a

new one, whose reliability, pi(t), is 1.0 (or 1i as used in (4.18)).

4.3.3 Indices for Power Distribution System Components

The authors of [5] modified the Birnbaum’s measure, (4.16), and the improvement po-

tential index, (4.18), by including variables used in power distribution system reliability
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assessment. The first variable is the failure rate of power distribution system components,

and the second variable is the total interruption cost. Thus, the new version of the Birn-

baum’s measure for power distribution systems, which calculates the change of the total

interruption cost due to a small variation in the failure rate of component i, is given by

[5]:

IHi =
∂Cs

∂λi

($/failure) (4.19)

where λi is the failure rate of component i (in failures/year), and Cs is the total (system)

interruption cost (in $/year), which is calculated using the method given in [55].

Likewise, if the failure rate and the total interruption cost are included in the im-

provement potential index, its new version for power distribution systems is given by

[5]:

IMP
i = Cs(λ)− Cs(0i, λ) ($/year) (4.20)

where λ is a vector that represents the failure rates of all components. IMP
i is known as

the maintenance potential index, because it quantifies how much the total interruption

cost reduces if the failure rate of component i reduces to zero (0i) through maintenance.

4.4 Rankings of Ageing Cables

As mentioned in Subsection 4.3.3, cables of a power distribution system can be ranked

using the maintenance potential index, IMP
i . The calculation of this index was modified

to incorporate the age-related repairable failure model presented in Section 4.2. The first

modification is to utilise the expected value of the system interruption cost. Considering

this change, equation (4.20) is written as follows [80]:

IMP
i = EICs(λ)− EICs(0i, λ) ($/year) (4.21)
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where EICs is the expected system interruption cost.

The expected system interruption cost is calculated by adding the interruption costs

of all load points, as shown below [78]:

EICs =

nlp∑
k=1

EICk (4.22)

where nlp is the total number of load points, and EICk is the expected interruption cost

of load point k. EICk is given by [78]:

EICk =

∑Nk

i=1 Wk(Di)× Pik

Mni

(4.23)

where Wk(Di) is the customer damage function (in $/kW) at load point k, Di is the

duration of interruption i, Pik is the demand at load point k, and Nk is the number of

interruptions over the time period Mni.

The second modification involves generating two up-down-up cycles for each cable

section (these cycles are used in power distribution system reliability assessments with se-

quential Monte Carlo simulations) [80]. By doing this, random and age-related repairable

failures are incorporated into the calculation of the maintenance potential index. The

failure (up) times of the first cycle are sampled using a constant failure rate and the sam-

pling method given by (3.25), whereas the failure times of the second cycle are sampled

using the proposed failure rate model and the Thinning method, which was described in

Section 4.2.2. Repair (down) times of the up-down-up cycles are sampled using the repair

rate of cables and (3.25).
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4.5 Case Study

The performance of the age-related repairable failure model and rankings of cable sections

of the power distribution system given in [19] are presented in this section.

4.5.1 Test System

The test system has four main feeders (F1-F4) and three subfeeders (F5-F7), as shown in

Figure 4.3. It is assumed that the system has single core copper conductors installed in

underground electrical ducts. The system’s maximum load demand was used to calculate

the conductors’ cross-sectional areas and ratings, which are given below:

• The main sections of feeders F1-F3 have a cross-sectional area of 240 mm2. The

resistance and reactance of these cables are 0.098 and 0.103 (Ω/km), respectively,

and their rating is 530 (A).

• The main sections of feeder F4 have a cross-sectional area of 300 mm2. The resistance

and reactance of these cables are 0.079 and 0.114 (Ω/km), respectively, and their

rating is 570 (A).

• The main sections of subfeeders F5-F7 and all lateral sections have a cross-sectional

area of 70 mm2. The resistance and reactance of these cables are 0.342 and 0.144

(Ω/km), respectively, and their rating is 270 (A).

The test system has 40 load points (LP1-LP40), whose hourly load profile was taken

from [16], and their customer types are shown in Table 4.1. Maximum and average load

demands, number of customers, and customer damage functions (needed to calculate the

expected system interruption cost) were taken from [78], [89]. Failures of substation and
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distribution transformers, breakers, and switches were not considered in the case study

as it analyses only cable failures. More information on the test system is given in the

appendix, Section A.1.

Figure 4.3: The test system is a modified version of the system given in [19].

Table 4.1: Customer types of the test system’s load points [80]

Customer type F1 F2 F3 F4
Residential 1 7-10 1-3 18-21, 28-34, 39-40
Residential 2 11 4-5 16 22-23, 26-27, 35-36
Commercial 12-13 6 24-25, 37-38
Small user 1 14, 17
Small user 2 15
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4.5.2 Failure Rate of Ageing Cables

The test system was utilised to calculate the parameters of the failure rate model, λx(t),

following the procedure described in Section 4.2.2. The equivalent loads of cable sections

were calculated using MATPOWER [90] and hourly load demand data. Then, cable

sections were classified into two groups. The group of cables with high equivalent load

contains cable sections that are located at the beginning of feeders F1-F4 (cables 1, 3, 13,

15, 27, 29, 35-38). For this group, βs can take any value between 1.25 and 1.40, whereas for

the second group, βs can take any value between 1.05 and 1.20. Based on the cable ageing

analysis carried out in [26], it was assumed that all (11 and 33 kV) cable sections start

to experience age-related repairable failures after 18 years of operation. Cable failures

were generated over a 20-year period using the Thinning method. Therefore, (artificial)

age-related repairable failures are simulated when the service age of cables varies between

18 and 38 years. Equations (4.10) and (4.11) are solved using the failure times of all cable

sections, and the resulting parameters are α̂ = 10.59, β̂ = 1.16, and δ̂1 = 0.31.

Figure 4.4 shows the failure rates (in failures/year) calculated using the proposed

model and two equivalent loads (0.15 and 0.40 p.u.). It can be seen that both failure

rates increase as the service age of cables increases. Failure rates are also influenced by

the equivalent loads; this means that a cable section with an equivalent load of 0.40 p.u.

has a higher failure rate than a cable section with an equivalent load of 0.15 p.u. It is

important to mention that the equivalent loads used for Figure 4.4 remain constant over

the 20-year period. Constant equivalent loads were utilised only to illustrate the results

the proposed failure rate model. The equivalent loads of cables should be calculated

annually to capture the effects of load demand variation.

The failure rate that is commonly used to describe random repairable failures of

cables is also depicted in Figure 4.4. This failure rate is constant and is for a 0.8-km cable
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Figure 4.4: Failure rates of the test system’s cable sections [80]. The failure rates were
calculated using artificial consecutive failure times and two equivalent loads (0.15 and
0.40 p.u.). The figure also shows the conventional failure rate of a 0.8-km cable section,

which indicates the occurrence of random repairable failures.

section. It can be clearly seen that the conventional failure rate has a much lower value;

only 16% of the maximum value of the failure rate used to describe age-related repairable

failures with an equivalent load of 0.40 p.u.

4.5.3 Rankings of the Test System’s Cables

The most important part of this study is to rank cable sections based on their importance

for the test system reliability, so that maintenance activities can be prioritised. The

maintenance potential index, IMP
i , is calculated for all cable sections taking into account

both random and age-related repairable failures. To calculate the conventional failure rate

of cables, the cable length data given in [89] are utilised. For age-related repairable failures,

the failure rate is calculated using (4.3), the estimated parameters, and the equivalent

load of each cable section. The maintenance potential index is calculated over a year (the

cable age increases from 18 to 19 years). A computational program was developed using

MATLAB to perform sequential Monte Carlo simulations and to calculate the expected

system interruption costs.
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Figure 4.5a shows the maintenance potential index (in k$/year) of cable sections

located in the 11-kV network. The most important component is cable section 29, whose

index is 22.5 k$/year. This means that performing maintenance to cable section 29 would

result in the greatest reduction of the expected system interruption cost. It can also be

seen that the first six places in the ranking are occupied by cable sections of feeder F3

(27-30, 33-34). This is because small users located at load points 14, 15, and 17 (see Table

4.1) have higher interruption costs than residential and commercial users, and when any

of these six cables fails, the expected system interruption costs are higher. The next six

places in the ranking are occupied by cables 23-26 and 11-12, which supply electricity to

commercial customers. The remaining cables supply the demand of residential customers.

Figure 4.5b shows the ranking for the cable sections located in the 33-kV network.

The first twelve positions are occupied by cables located in feeder F4 (35-40, 42, 44-46,

48-49). It can also be seen that the indices of the 33-kV cables are greater than the indices

of the 11-kV cables. For example, the index of cable section 35 is 82.9 (k$/year), whereas

and the index of cable section 29 is 22.5 (k$/year). These results occur due to the radial

configuration of feeder F4 and the lack of normally open switches in this part of the test

system.

Figures 4.5a and 4.5b also show that the impact of age-related repairable failures on

the index of each cable section is greater than the impact of random repairable failures.

This can be clearly seen in the index of cable section 35 (Figure 4.5b), where the effects

of age-related and random repairable failures represent 63% and 37% of the index, re-

spectively. This happens because, as seen in Figure 4.4, the failure rate that describes

the occurrence of age-related repairable failures is greater than the failure rate that de-

scribes the occurrence of random repairable failures, and this behaviour is captured by

the expected system interruption cost, parameter used for the calculation of cable indices.
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(a)

(b)

Figure 4.5: Maintenance potential index-based rankings for the (a) 11-kV and (b)
33-kV cable sections of the test system depicted in Figure 4.3 [80]. The maintenance
potential indices are calculated considering both random and age-related repairable

failures.

It is important to mention that the cable rankings shown in Figure 4.5 can change

significantly if only random repairable failures are taken into account (i.e., if cable ageing

is neglected), or if different loading conditions are used. In the first case, cable rankings

can change because the maintenance potential index would only capture the effects of

random repairable failures on the expected system interruption cost. In this case, only

one up-down-up cycle for each cable section should be generated. For instance, if only
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the effects of random repairable failures are quantified, cable section 37 would occupy the

first place in Figure 4.5b; the index of this cable section would be around 32 k$/year.

In the second case, considering different hourly load profiles or different annual load

growths (due to solar PV generation [91] and/or transportation electrification [92]) might

change the loading conditions of the test system’s cable sections, affecting both future

age-related repairable failures as well as cable rankings. Figure 4.6 shows the rankings

of the ageing cables considering a service age of 22 years and annual load growths of

0.6%, 0.4%, 0.5%, 0.3%, and 0.8% for customers classified as Residential 1, Residential 2,

Commercial, Small user 1, and Small user 2, respectively. The results indicate that the

maintenance prioritisation changes. For example, cable section 40 dropped in the ranking

from the fourth to the fifth place, whereas cable section 24 rose from 10 to 9 in the ranking

(see also Figure 4.5).

In recent years, extreme weather events—storms, hurricanes, and floods—as well as

wildfires have occurred more frequently in some countries like Japan, Philippines, Ger-

many, United States, and Australia [93], causing long power supply interruptions [94].

To reduce the impact of these events, some electric utilities (like Florida Power & Light

Company and Pacific Gas and Electric Company) have replaced overhead power distribu-

tion lines with underground cables [95]. As the number of underground cables increases

in power distribution systems, asset managers need advanced methods to identify critical

cables and prioritise their maintenance. This maintenance prioritisation process can be

done by using the approach presented in this chapter.
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(a)

(b)

Figure 4.6: Maintenance potential index-based rankings for the (a) 11-kV and (b) 33-
kV cable sections of the test system depicted in Figure 4.3 considering load increments.

4.6 IEC-Arrhenius-Weibull Model

Another age-related repairable failure model for underground power distribution cables

is proposed in [27]. The model, which is called IEC-Arrhenius-Weibull, also incorporates

the loading conditions of cables into their failure rate, but this is done using a different

approach. The approach combines the failure rate function for the two-parameter Weibull

distribution, shown in (4.2), with the Arrhenius relationship and the industrial standard

IEC 60287-1-1.
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The Arrhenius relationship is used in [83] to calculate the life of the paper insulation

of mineral oil-immersed transformers if a constant winding hottest-spot temperature is

provided. Studies that investigate ageing (end-of-life) failures of power transformers have

assumed that since the paper insulation is a critical component, the parameter α of the

Weibull distribution that models the lifetime of power transformers can be approximated

by the life measure of the Arrhenius relationship [44]. That is, α is equal to the life

measure of the paper insulation. The authors of [27] made the same approximation (as

underground cables also have paper insulation), but in their study the approximation is

used for modelling age-related repairable failures of cables.

The Arrhenius relationship is given by [27]:

L(θc) = A exp

(
B

θc

)
(4.24)

where L(θc) is a life measure of cables (in years), θc is the cable temperature (in ◦K), and

A and B are constants whose values are calculated using historical cable loading data.

The standard IEC 60287-1-1 [96] is used to calculate the cable temperature.

When α equals L(θc), the failure rate of the IEC-Arrhenius-Weibull model, can be

written as follows [27]:

λ(t) =
1[

A exp
(
B
θc

)]β βt(β−1). (4.25)
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4.7 Analysis of Age-Related Repairable Failure Mod-

els

So far two approaches for modelling age-related repairable failures of cables have been

presented. Model 1 consists of a compound failure rate, (4.3), whereas Model 2 modifies

the failure rate of the Weibull distribution by including the Arrhenius relationship, (4.25).

Their modelling assumptions, methods for incorporating cables’ loading conditions, and

parameter estimation approaches are deeply analysed and compared in this section.

4.7.1 Modelling Assumptions

Models 1 and 2 are based on the principle of a non-homogeneous Poisson process, which

means that consecutive failure times are not independent and identically distributed. A

requirement for modelling age-related repairable failures using a non-homogeneous Poisson

process is that components must be identical. In Models 1 and 2, it is assumed that cable

sections are identical components. Some actual power distribution systems have cables

with the same manufacturing, installation, and maintenance characteristics, but cable

sections usually have different lengths and undergo different loading conditions. There is

no evidence in the power system literature that the occurrence of age-related repairable

failures depends on cable length. In other words, there is no evidence that a 1-mile

cable section undergoes more age-related repairable failures than a 0.5-mile cable section,

assuming both cables have the same service age. However, cable length is taken into

account when random repairable failures are modelled, by multiplying the failure rate of

a particular class of cables (in failures/(year×mile)) by the length of a cable (in miles).
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The other assumption made in Models 1 and 2 is that loading conditions influence the

occurrence of age-related repairable failures; therefore, ageing cables with higher loading

levels fail more frequently than cables with lower loading levels, as discussed in Section

4.5.2. This assumption is reasonable because loading conditions directly affect the temper-

ature of any piece of equipment, and temperature plays an important role in the electrical,

mechanical, chemical, and physical deterioration of materials [22]. In the case of cables,

high operating temperatures may gradually deteriorate the insulation, metallic sheath,

terminals, or other components until eventually a failure occurs.

4.7.2 Incorporation of Cables’ Loading Conditions

As mentioned above, cable sections in a power distribution system usually have different

loading conditions, and their influence on age-related repairable failures is considered in

Models 1 and 2. To incorporate the influence of loading conditions, Model 1 employs

a straightforward method: an exponential function that modifies the failure rate λ0(t)

depending on the equivalent load of each cable section. Calculating the equivalent load

of cables only requires to collect hourly load demand data, perform load flows, and use

(4.4). Because of the simplicity of the method, it can be applied to power distribution

systems with a great number of cable sections.

Model 2 uses the Arrhenius relationship to incorporate cables’ loading conditions.

This method is more complicated because it requires to calculate the temperature of each

cable section, using the method given in the standard IEC 60287-1-1. The method was

originally developed to calculate a constant electrical current that yields the maximum

cable temperature [96]. However, the authors of Model 2 use the method in a different

way: they calculate cable temperatures using known loading conditions. Calculating the

temperature of cables requires more data, such as dielectric losses, thermal resistances,
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and alternating current resistances. Furthermore, it is not clear in [27] whether the tem-

perature is calculated using the average or maximum loading level of each cable. Utilising

the Arrhenius relationship also requires to calculate its parameters, A and B. This task

can be very challenging because there is not enough information in the power system

literature.

4.7.3 Estimation of Model Parameters

Due to the lack of cable failure data, an iterative approach, described in Section 4.2.2, was

developed to estimate the parameters of Model 1. The approach generates, over a time

period [0, T ], consecutive failure times of cable sections of a power distribution system

and then uses the maximum likelihood method. Two important observations are made

about the approach. First, although artificial failure times are generated over the interval

[0, T ], this does not mean that cable sections start experiencing age-related repairable

failures just after their installation (i.e., cable ageing does not begin at time 0). If failure

times for an 18-year-old cable are generated over 20 years, its service age would increase

from 18 to 38 years, but the proposed approach uses the interval [0, 20]. In other words,

artificial failure times are generated considering the simulation period.

Second, condition monitoring information of cables and/or knowledge of asset man-

agers can be used to enhance artificial failure time generation. For example, if condition

monitoring information indicates that some cables in a power distribution system are age-

ing faster than others, the interval [1.25, 1.40] used to generate failure times should be

adequately modified.

Model 2 has two parameters (α and β) whose values were not calculated using actual

or artificial consecutive failure time data. As mentioned before, α is approximated through
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the Arrhenius relationship. However, a great disadvantage of the Arrhenius relationship

is that it does not provide information on consecutive failure times of cables. It provides

an estimation of cable lifetimes, information that might be irrelevant for age-related re-

pairable failure modelling. The parameter β takes values between 1.0 and 1.8 to consider

different ageing levels; however, those limits were not based on failure statistics of power

distribution system cables.

4.8 Model Comparison

Models 1 and 2 have been used in [80] and [27] to perform studies that quantify the impact

of age-related repairable failures of cables on the reliability of power distribution systems.

Those studies involve time sequential Monte Carlo simulations, contingency analysis, and

system reliability index calculations. Considering all this, a four-step process is proposed

to carefully evaluate the performance of Models 1 and 2. The process is described below

[81]:

1. Select appropriate values for the parameters of Models 1 and 2 (including the Ar-

rhenius relationship parameters). The parameter values must allow the comparison

of the performance of Models 1 and 2.

2. Calculate and plot the failure rate (function) of ageing cables using both models.

3. Perform a sensitivity analysis of the Arrhenius relationship parameters (A and B).

This analysis will help us understand how small changes of the Arrhenius relation-

ship parameters influence the failure rate of cables.
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4. Create cable rankings by calculating the maintenance potential index, IMP
i , and by

considering only age-related repairable failures when sampling the states of cable

sections.

4.8.1 Failure Rates

Based on the procedure described above, the parameters of Models 1 and 2 are selected

as follows. The test system depicted in Figure 4.3 will be used to create cable rankings, so

the parameters that were calculated in Section 4.5.2 (α = 10.59, β = 1.16, and δ1 = 0.31)

are utilised for Model 1. (Remember that those parameters were calculated by generating

artificial consecutive failure times of cable sections and by using the maximum likelihood

method.) For Model 2, the parameter β takes the same value, i.e., β = 1.16, and the

parameter α is calculated through the Arrhenius relationship. The Arrhenius relationship

parameters for XLPE cables calculated in [27] (A = 2.414 and B = 1020) are utilised for

the model comparison.

The next step is to calculate the failure rates using the parameters previously deter-

mined. Figure 4.7 shows the failure rates calculated using Model 1, with an equivalent

load of 0.30 p.u., and Model 2, with a temperature of 90◦C. Power distribution cables

usually operate at temperatures below 90◦C; however, this value was chosen because it

represents the worst case. When the cable age is 18 years, both failure rates have an initial

value of 0.035 (failures/year), which represents the rate of random repairable failures of

a 0.8-km cable section. Then, both failure rates increase as the age of cables increases.

However, it can be seen that Model 1 yields higher failure rates than Model 2. This result

is mainly because Models 1 and 2 employ very different values for α (10.59 and 40.05,

respectively). Furthermore, it can be seen that the failure rate of Model 2 increases very

slowly over the 20-year period, although the cable temperate is 90◦C.
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Figure 4.7: Failure rates calculated using Models 1 and 2, an equivalent load of 0.30
p.u., and a temperature of 90◦C [81]

Figure 4.8: Failure rate calculated using Model 2, a temperature of 90◦C, and three
values of β [81]

The failure rate of Model 2 is further investigated by using three values for the

parameter β (1.16, 1.40, and 1.60), as shown in Figure 4.8. The results indicate that

unlike Model 1, Model 2 significantly depends on β to describe different levels of cable

ageing. This dependence can be clearly seen in (4.25), and is the result of using the

Arrhenius relationship. To reach almost the maximum failure rate of Model 1 shown in

Figure 4.7 (0.17 failures/year when the cable age is 38 years), β must increase from 1.16

to 1.60.
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4.8.2 Sensitivity Analysis

Calculating the Arrhenius relationship parameters used in Model 2 is a difficult task that

involves making assumptions about the ageing of different types of power distribution

cables, as discussed in [27]. For that reason, performing a sensitivity analysis, the third

step of the proposed procedure, is important to investigate how small changes of the

Arrhenius relationship parameters (±5%) influence the failure rate of cables. The same

cable temperature (90◦C) is used for the sensitivity analysis. If this temperature and the

original Arrhenius relationship parameters for XLPE cables (A = 2.414 and B = 1020) are

utilised, the resulting life measure is 1.0 p.u. (or 40 years as explained in [27]). When the

Arrhenius relationship parameters suffer minor changes (±5%), the resulting life measures

are 0.83 p.u. (or 33.1 years) and 1.21 p.u. (or 48.4 years).

Figure 4.9 depicts the failure rate calculated using Model 2 and considering the new

life measures, 33.1 and 48.4 years, and β = 1.16. The failure rate increases when the life

measure reduces to 33.1 years. It can also be seen that the failure rate reduces when the

life measure increases to 48.4 years. These changes are not significant, but it is unclear if

the use of cables’ life measures is suitable for modelling age-related repairable failures (as

discussed in Section 4.7.3). Life measures only provide an estimate of the lifetime of cables

given a constant temperature. Therefore, if life measures are used as the scale parameter

of the Weibull distribution in Model 2, information on age-related repairable failures of

cables is not incorporated into the model. In other words, life measures provide estimates

of cable lifetimes, but those estimates do not provide information on the occurrence of

age-related repairable failures.
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4.8.3 Cable Rankings

The last step to evaluate the performance of Models 1 and 2 is to create cable rankings.

To this end, the maintenance potential index of the test system’s 11-kV cable sections was

calculated using Models 1 and 2, for a one-year period. The equivalent load of each cable

section, used in Model 1, was calculated through power flow simulations, with one hour

granularity, and using (4.4). The temperature of all cable sections, used in Model 2, was

assumed to be 90◦C. This assumption was made because as seen in Figure 4.8, the failure

rate of cables mainly depends on the value of the parameter β; and therefore, calculating

the temperature of each cable section would not cause significant changes in the failure

rate.

The rankings of the 11-kV cable sections calculated using Models 1 and 2 are depicted

in Figure 4.10(a) and Figure 4.10(b), respectively. Both rankings have similar trend lines,

but the positions of some cable sections differ. For example, cable section 27 occupies the

third place when Model 1 is utilised and the forth place when Model 2 is utilised. It can

also be seen that Models 1 and 2 produce different indices. The indices of cable section

29 are 13.9 (k$/year) when Model 1 is used and 4.3 (k$/year) when Model 2 is used. This

Figure 4.9: Failure rate calculated using Model 2 and varying the Arrhenius relation-
ship parameters (A, B) [81]
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difference is because the failure rate of Model 1 is higher than the failure rate of Model

2, as shown in Figure 4.7, producing higher expected system interruption costs.

(a)

(b)

Figure 4.10: Maintenance potential index-based rankings for the 11-kV cable sections
of the test system depicted in Figure 4.3 [81]. The index is calculated using (a) Model

1 and (b) Model 2.

4.9 Summary

This chapter presented an approach for prioritising the maintenance of ageing underground

power distribution system cables. The approach is used to create cable rankings so that
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maintenance activities can be targeted at critical cables. Cables are ranked by calculating

their maintenance potential index, which considers the occurrence of both random and

age-related repairable failures, their impact on the expected system interruption cost, and

the reduction of the failure rate of cables if maintenance is performed.

The approach was applied to a radial power distribution system with 64 ageing ca-

ble sections and residential, commercial, and industrial customers. The results indicate

that the contribution of age-related repairable failures to the maintenance potential index

of each cable is greater than the contribution of random repairable failures. This em-

phasises the importance of modelling age-related repairable failures for the maintenance

prioritisation of ageing cables.

This chapter also presented a detailed study of two age-related repairable failure

models of underground cables. The study, which is the second contribution of the thesis,

critically analyses their modelling assumptions, their methods for incorporating loading

conditions, and their parameter estimation approaches, and evaluates the performance of

both models through computer simulations. The simulation results show that the IEC-

Arrhenius-Weibull model depends significantly on the shape parameter of the Weibull

distribution, and that calculating the scale parameter through the Arrhenius relationship

can reduce the failure rate of ageing cables.
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Estimating the Retirement of Power

Transformers
1

5.1 Introduction

A technical report published in 2015 by the International Electrotechnical Commission

(IEC) indicated that power transmission systems in developed countries have a great

number of assets that have exceeded their designed lifetime [15], and another report

published in 2012 indicated that the average age of large power transformers installed in

the U.S. is 40 years [98]. Having aged power transformers in operation increases the risk

of power supply interruptions, and for that reason, asset managers must carefully plan

their retirement. Planning the retirement of aged power transformers is a challenging

task; it involves quantifying risks in economic terms, i.e., it is necessary to calculate both

the probability of ageing (end-of-life) failures of power transformers and the potential

economic losses caused by those events.

1This chapter is based on publication [97].

84
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Previous works ([4], [41], [46]) have proposed several risk-based strategies for retiring

power transformers. The strategies employ ageing failure models, perform non-sequential

Monte Carlo simulations and contingency analysis, and calculate risk indices. However,

the existing approaches have two important problems. First, some electric utilities do not

have enough end-of-life failure data of power transformers [6], [33] (needed for calculating

ageing failure model parameters). Second, power transformer condition—a factor that

plays a key role in retirement decisions—has not been properly included in the traditional

ageing failure model, as explained in Chapter 2 (Section 2.4).

Considering these problems, this chapter presents an advanced approach for retiring

power transformers. First, the scale parameter of the Weibull distribution is calculated

by combining the Arrhenius relationship with the IEC thermal model and a method

to calculate the annual equivalent load of power transformers. Second, the apparent

(condition-based) age of power transformers is calculated by using probabilistic health

indices and linear regression models, and then, its value is adjusted using the model of

the unavailability due to ageing failure. Third, the approach ranks the aged transformers

of a power system through an index that calculates the potential benefits of retiring

aged transformers for the reliability of the power system. Finally, the approach uses the

economic comparison method developed in [4] to calculate their year of retirement. The

entire approach was published in [97].

5.2 Overview of the Risk-Based Approach for Retir-

ing Power Transformers

Figure 5.1 shows the basic steps of the proposed approach for retiring power transformers.

The approach comprises three parts: data collection, rankings of power transformers, and
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retirement year calculation. An overview of them is given below.

Figure 5.1: Basic steps of the proposed approach for retiring power transformers [97]

The first part involves collecting data of the power system that will be analysed

(e.g., capacity of power generators, hourly load demand, annual demand growth, network

topology, and average service interruption cost) as well as data of its power transformers

(e.g., service age, average lifetime, failure and repair rates, health indices, and parameters
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for winding-hottest spot temperature calculation). It is also necessary to collect ambient

temperature data.

To proceed with the second part of the approach, it is necessary to identify which

power transformers should be considered for retirement. This can be done by comparing

the service age of each power transformer with its average lifetime, as suggested in [4]. If

the service age of a transformer exceeds its average lifetime, the transformer is considered

as aged. Another option is to employ health indices of power transformers (indices used

for retirement planning). If the health index of a power transformer indicates that its

condition is poor, the power transformer is considered as aged. Then, all aged trans-

formers are ranked by calculating their credible improvement potential (CIP) index. This

index quantifies how much the expected system damage cost (EDC) reduces if an aged

transformer is replaced by a new one. The index also takes into account the unavailability

due to repairable and ageing failures of each power transformer.

The final part of the approach involves calculating the year in which an aged power

transformer should be retired. If an aged power transformer remains in operation, its

expected damage cost (caused by ageing failures and capacity reduction) must be deter-

mined. Considering that the retirement of the aged power transformer is delayed, the

capital investment needed for its replacement is not utilised (i.e., it is saved), but its value

changes over time. The saved capital due to delaying the retirement of the transformer is

compared with its expected damage cost for several years until the cumulative expected

damage cost exceeds the cumulative saved capital [4].



Chapter 5 88

5.3 Unavailability due to Ageing Failure Considering

Apparent Age and Winding Temperature

This section details the procedure used to calculate the unavailability due to ageing failure

of power transformers. The unavailability due to ageing failure is utilised in the second

and third parts of retirement approach.

5.3.1 Arrhenius Relationship and IEC Thermal Model

The unavailability due to ageing failure of power transformers can be calculated using

(3.14) and (3.21), as explained in Subsection 3.3.3. The probability of transition to ageing

failure, given by (3.21), depends on the scale and shape parameters (α, β) of the Weibull

distribution. (The Weibull distribution is typically used to model the lifetime of a group

of power system components, including transformers.) The scale parameter (α) is the

time at which 63% of all components under study experience end-of-life failures [99]. To

model end-of-life failures of power transformers, the authors of [44] calculated the scale

parameter using the Arrhenius relationship, which provides a life measure of the paper

insulation for a constant winding hottest-spot temperature. This approximation was also

used in this study, but other methods were incorporated to improve the scale parameter

calculation. The Arrhenius relationship is given by [44]:

L(θH) = c1 exp

(
c2
θH

)
(5.1)

where L(θH) is a life measure of the paper insulation (in years), α = L(θH), θH is the

winding hottest-spot temperature (in ◦K), and c1 and c2 are constants. An approach for

calculating c1 and c2 will be presented in Section 5.3.2.
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The winding hottest-spot temperature, θH , changes over time depending on both

loading conditions and ambient temperature, and can be calculated using the methods

developed in IEEE Std. C57.91 [83] and IEC-60076-7 [100]. An annual equivalent load

and an annual equivalent ambient temperature are employed in this study to calculate the

winding hottest-spot temperature; this is done because the unavailability due to ageing

failure is calculated annually (see (3.14)). The annual equivalent load of a power trans-

former, denoted as LE, is calculated using the method explained in the previous chapter,

see Subsection 4.2.1. The only difference is that the annual equivalent load of a power

transformer is determined in real units (i.e., in MVA).

The annual equivalent ambient temperature is a constant, non-existent ambient tem-

perature that produces the same ageing of the paper insulation as a time-varying temper-

ature. To calculate the annual equivalent ambient temperature using the method given

in [100], it is necessary to make two assumptions: the ambient temperature changes sinu-

soidally, and an increase of 6◦K doubles the paper’s ageing rate. The annual equivalent

ambient temperature, θE, is calculated as follows [100]:

θE = θya + 0.01
[
2(θma−max − θya)

]1.85
(5.2)

where θya is the yearly average ambient temperature, and θma−max is the monthly average

temperature of the hottest month. θya and θma−max are calculated using historical ambient

temperature data.

After the equivalent load of a power transformer and the equivalent ambient tem-

perature are obtained, the winding hottest-spot temperature is calculated using the IEC

thermal model [100]:

θH = θE +∆θo,r

(
1 +RK2

1 +R

)x

+HgrK
y (5.3)
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where ∆θo,r is the top-oil temperature rise in steady state at rated losses, R is the ratio

of load losses at rated current to no-load losses, K is the load factor (which is calculated

by dividing the annual equivalent load, LE, by the power transformer capacity), gr is the

average-winding-to-average-oil temperature gradient at rated current, x and y are oil and

winding exponents, and H is the hot-spot factor.

5.3.2 Arrhenius Relationship Parameters

The parameters of the Arrhenius relationship given in (5.1), c1 and c2, are usually cal-

culated by performing multiple accelerated life tests. In an accelerated life test, a sam-

ple of insulating paper undergoes a constant temperature (higher than normal operating

temperatures) until the sample reaches its end-of-life, and its lifetime is measured [101].

However, accelerated life test data cannot be directly used to calculate c1 and c2, because

the Arrhenius relationship is used to model end-of-life failures of power transformers (not

the end-of-life failures of paper insulation). Therefore, a different method is needed to

estimate these parameters.

The method proposed in [44] was utilised to calculate the Arrhenius relationship

parameters, and it was improved by incorporating the effects of moisture accumulation in

paper insulation. The method determines the values of c1 and c2 by solving (5.1) twice.

To solve the equations, it is necessary to know two ordered pairs: (θH,1, L1) and (θH,2, L2).

L1 and L2 represent two life measures (in years) whose values depend on two constant

winding hottest-spot temperatures, θH,1 and θH,1.

The first ordered pair (θH,1, L1) is calculated through the DP (degree of polymeri-

sation) reduction model. (The DP is usually used to indicate the condition of the paper

insulation [47].) This model determines the time in which the degree of polymerisation



Chapter 5 91

reduces from 1000, typical value for new transformers, to 200, value used as end-of-life

criterion [102], when the paper insulation undergoes a constant temperature. The DP

reduction model is shown below [102], [103]:

1

DPt

− 1

DP0

= k × tθH (5.4)

where DP0 and DPt are the initial and final DP, respectively, tθH is the paper insulation

lifetime, and k is the ageing rate, which is calculated as follows [104]:

k = A× exp

[
−EA

R(θH + 273)

]
(5.5)

where EA is the activation energy (128 kJ/mol), R is the molar gas constant (8.314

kJ/mol/◦K), and A is a constant whose value depends on the paper moisture content.

L1 is calculated using (5.4) and (5.5) for a winding hottest-spot temperature of 80◦C,

i.e., L1 = tθH,1
. The pre-exponent factor A is calculated considering that the paper mois-

ture content increases by 0.5% each time the DP is halved [105], and that the relationship

between the paper moisture content and the pre-exponent factor A is given by [103]:

A = 9.37× 1013x2 + 1.03× 1013x− 2.58× 1010 (hours)−1 (5.6)

where x is the paper moisture content. The values of x used for calculating A are 1%

when the DP varies between 1000 and 500, 1.5% when the DP varies between 499 and

250, and 2% when the DP varies between 249 and 200. Hence, the value of A changes in

(5.5) as the DP reduces.

As mentioned above, a second ordered pair, (θH,2, L2), is required to calculate the
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Arrhenius relationship parameters. At low operating temperatures, paper insulation de-

grades very slowly [83], and its lifetime is much greater than the average lifetime of power

transformers. Hence, the DP reduction model cannot be used to calculate L2. Because

the average lifetime of power transformers is not significantly affected by low operating

temperatures, it was assumed that the value of life measure L2 is 100 years for a winding

hottest-spot temperature of 36◦C. This assumption is similar to the one made in [44].

5.3.3 Apparent Age

The previous section detailed how the scale parameter of Weibull distribution is calcu-

lated. This is an important aspect of the unavailability due to ageing failure of power

transformers. Another relevant aspect is their service age, as reflected in (3.14). The ser-

vice age of a power transformer is the number of years that it has remained in operation,

and so the service age does not provide information on the actual condition of a power

transformer. Considering this problem, a methodology has been developed to calculate

the age of power transformers using health index data. (Health indices are commonly

used to determine the overall condition of power transformers [106].)

The proposed methodology consists of two parts. In the first part, the age of a

power transformer is calculated by utilising the approach developed in [107] and [108],

which models the relationships between the service age and the probability of a dominant

condition state (a dominant condition state can be good, fair, poor, or faulty). Equations

(5.7) and (5.8) give these relationships for two dominant condition states, good and fair.

These equations were obtained using service age and health index data of 265 power

transformers that operate in transmission systems with different voltage levels (110, 132,
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275, and 330 kV) and linear regression methods [107]:

PHI,good = −3.96× 10−3T + 0.747 (5.7)

PHI,fair = 4.5× 10−3T + 0.23 (5.8)

where PHI,good and PHI,fair are the probabilities that the health index (HI) of a power

transformer indicates that it is in good or fair condition, respectively, and T is the service

age. (Note that if different service age and health index information is used, equations

(5.7) and (5.8) may vary.)

If the probabilistic health index of a power transformer is known, its condition-based

age—also known as apparent age—can be easily calculated by solving (5.7) or (5.8) de-

pending on whether the dominant condition state is good or fair. The resulting apparent

age, T , may be greater or lower than the service age of the transformer.

In the second part of the methodology, the apparent age is adjusted to control the

maximum variation of the unavailability due to ageing failure. This is important because

the apparent age may vary significantly with respect to the service age, and this may

affect the unavailability calculation. The proposed steps to adjust the apparent age are

the following:

• The first step is to select a maximum allowed difference between the service age

and the apparent age. For instance, if the service of age a power transformer is

45 years and the maximum allowed difference is 15 years, the apparent age of this

transformer may vary between 30 and 60 years.
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• The second step is to calculate the unavailability due to ageing failure using both

the service age and the apparent age of the relevant transformer. This calculation

is performed annually over a future period (e.g., eight years).

• The third step is to compare the unavailability calculated using the service age with

the unavailability calculated using the apparent age. Because the unavailability due

to ageing failure increases as components get older [31], the unavailability values of

the last year are compared. If the unavailability calculated using the apparent age

does not exceed a maximum variation (e.g., ±50%) with respect to the unavailability

calculated using the service age, the apparent age is accepted. On the other hand, if

the unavailability exceeds the maximum variation, add or subtract accordingly one

year to the apparent age.

• Steps 2 and 3 must be repeated until the maximum variation given in Step 3 is met.

It is worth mentioning that a different method to estimate the condition-based age of

power transformers is proposed in [109]. The study was published after [97] was accepted.

The authors of [109] also investigated how the condition-based age of power transformers

influences their unavailability due to ageing failure and the EENS of a transmission system.

5.4 Expected Capacity of Aged Power Transformers

Transmission and distribution substations may have several power transformers connected

in parallel to enhance power supply reliability [21]. If a power transformer fails, the

remaining ones should be able to supply the entire load demand. However, as power

transformers age, their capacity may reduce significantly, and this may lead to load cur-

tailments. Hence, it is important to accurately calculate the expected capacity of aged
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power transformers and to incorporate it into the retirement planning process. These

topics will be covered in this section and Section 5.5.

Before presenting the method for calculating the expected capacity, it is necessary

to explain important details about the ratings of power transformers. Liquid-immersed

power transformers have several ratings listed in increasing order on their nameplates,

along with cooling class designations. Cooling classes are designated using four-letter

codes. The codes ONAN/ONAF, for example, indicate that a power transformer has a

set of fans, and that its coolant circulates through natural convection; the codes ONAN/O-

FAF indicate that a power transformer has fans and pumps to increase its power-carrying

capacity during periods of high load [110]. Traditional risk assessment studies of com-

posite (generation and transmission) systems use the maximum MVA rating of power

transformers, ignoring that failures of fans and pumps can reduce the available capacity.

Special events, such as electrical and thermals faults as well as winding deformations,

can also reduce the capacity of power transformers. When a special event occurs, power

transformers may remain in service, but with reduced capacity [111]. Special events

are caused by lightnings, maintenance errors, large load disconnections, external short-

circuits, manufacturing and design errors, etc. [33]. Although the occurrence of special

events is usually considered as random, some power transformers can experience special

events more frequently. Transformer failure surveys have revealed that power transformers

of distribution substations are more susceptible to winding deformations, because they

are closer to distribution networks with overhead lines where short-circuits occur more

frequently [112].

The expected capacity of aged power transformers was calculated using the method

developed in [113], and it was improved in this study by incorporating the effects of both

special events and winding hottest-spot temperature. The method treats the capacity of
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aged power transformers as a discrete random variable whose states are the following: full

capacity state, derated capacity states due to failures of transformer components, derated

capacity states due to special events, and full failure state.

The full capacity state occurs when all components—bushings, tap changer, fans,

pumps, paper insulation, etc.—are available (i.e., when all components are working cor-

rectly). The probability of the full capacity state, denoted as Pfull, is calculated as follows

[113]:

Pfull =
Mc∏
i=1

(1− Ui) (5.9)

where Mc is the total number of components, and Ui is the total unavailability of compo-

nent i.

To calculate the total unavailability of a component, it is important to consider that

repairable and ageing failures can occur. The total unavailability of a component is given

by [113]:

Ut = Ur,c + Ua,c − Ur,c × Ua,c (5.10)

where Ur,c and Ua,c are the unavailability due to repairable and ageing failures, respectively.

The subscript c indicates that the unavailability calculation is for transformer components.

Ua,c is calculated using the conventional ageing failure model, (3.14), whereas Ur,c is

calculated using (3.9).

Several derated capacity states due to failures of fans and pumps were considered.

The probability of being at the kth derated capacity state, denoted as Pdk, is calculated

as follows [113]:

Pdk =

Mk∑
j=1

Nj∏
n=1

Un

Nj∏
n=1

(1− Un)

Pup (5.11)
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where Mk is the number of failure events that cause the kth derated state, Nj is the

number of failed components in the jth failure event, and Pup is the probability that the

relevant transformer is in the up state. Pup is given by [113]:

Pup = 1− (Ur + Ua − Ur × Ua) (5.12)

where Ur and Ua are the unavailability due to repairable and ageing failures of the relevant

transformer, respectively. Ua is calculated using the improved ageing failure model, de-

scribed in Section 5.3; this allows us to incorporate the effect of the winding hottest-spot

temperature into the expected capacity calculation. Ur is calculated using (3.9).

As mentioned above, special events (winding deformations, and thermal and electrical

faults) can also reduce the capacity of power transformers. Based on the classification

of thermal and electrical faults given in [100] and information on winding deformations

collected in transformer failure surveys [33], it was considered that special events can yield

three derated capacity states. The first state is caused by partial discharges, thermal

faults with a maximum temperature of 300◦C, or winding deformations. The second state

is caused by low energy discharges, thermal faults with temperatures between 300◦C and

700◦C, or winding deformations. The third state is caused by high energy discharges or

thermal faults with temperatures greater than 700◦C.

The probability of the kth derated state due to special events, denoted as Pdsk, is

calculated as follows [97]:

Pdsk =

Sk∑
j=1

Pse,j × Pup (5.13)

where Sk is the number of special events that cause the kth derated capacity state, and

Pse,j is the probability of the special event j, which can be calculated using failure data

and maintenance records of power transformers.
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Failures of critical components, such as paper insulation, windings, core, and tank,

can lead to the full failure state, in which power transformers are removed from service.

The probability of being at the full failure state, denoted as Pdown, is given by [113], [97]:

Pdown = 1− Pup −
NDf∑
k=1

Pdk −
NDs∑
k=1

Pdsk (5.14)

where NDf is the number of derated capacity states caused by failures of fans and pumps,

and NDs is the number of derated capacity states caused by special events.

Once the probabilities Pfull, Pdk, Pdsk, and Pdown have been calculated, the expected

capacity of a power transformer can be easily determined by multiplying its full capacity

and its derated capacity states (in MVA) by their relevant probabilities. The values of de-

rated capacity states due to failures of fans and pumps can be calculated using the ratings

and cooling classes provided on the nameplate of the transformer. However, determining

the values of the derated capacity states due to the special events is more difficult. The

authors of [114] mention that winding deformations can affect the performance of power

transformers, but they do not specify capacity reductions. Considering this, it was as-

sumed that special events can lead to 10%, 25%, and 50% capacity reductions [97]. For

instance, partial discharges reduce the capacity of a power transformer to 90%, whereas

high energy discharges reduce the capacity of a power transformer to 50%.

5.5 Ranking of Aged Power Transformers

Some power systems have several aged power transformers whose retirement must be

carefully planned. As explained in Subsection 4.3.2, the credible improvement potential

index can be used to identify the best candidates for the retirement planning process.

The credible improvement potential index calculates how much the reliability of a power
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system improves if an aged power transformer is replaced by a new one [41]. This index

was enhanced by using the expected damage cost as the power system reliability indicator

and the total unavailability of power transformers as their unreliability indicator, and by

incorporating the effects of transformer capacity reduction [97].

The credible improvement potential (CIP) index, denoted as ICIP
i , is calculated as

follows [97]:

ICIP
i = IBi × (U t

i − U
(n)
i ) (£/year) (5.15)

where IBi is the Birnbaum’s measure of transformer i, U t
i is the total unavailability of

transformer i (which is calculated using (5.10)), and U
(n)
i is the unavailability of the new

transformer.

The Birnbaum’s measure calculates the reduction of the expected damage cost (EDC)

when the unavailability of transformer i reduces from U t
i to U

(n)
i , and is given by [97]:

IBi =
∂EDC

∂Ui

(£/year). (5.16)

Instead of using (5.16), the Birnbaum’s measure of transformer i is calculated as

follows [97]:

• Calculate the EENS caused by repairable and ageing failures of transformer i, by

performing non-sequential Monte Carlo simulations and contingency analysis for a

one-year period. To sample the state of transformer i, it is necessary to generate

two random numbers. The first number is compared with the unavailability due

to repairable failure, while the second number is compared with the unavailability

due to ageing failure. To sample the states of other components, generate a random

number and compare it with the unavailability due to repairable failure. Then,
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the contingency analysis is performed, as explained in Section 3.5, and the EENS

caused by failures of transformer i, which is denoted as EENSdir, is calculated using

(3.29). The subscript dir indicates that the EENS is directly caused by transformer

i’s failures.

• If transformer i is in a substation that has other transformers, calculate the EENS

caused by the capacity reduction of transformer i. For instance, if a substation has

an aged transformer (T1) and a non-aged transformer (T2), the expected capacity

of T1 is calculated using the methodology presented in Section 5.4. The reduced

capacity of T1 and the repairable failures of T2 may cause load curtailments, which

are included in EENSind. The subscript ind indicates that the EENS is indirectly

caused by transformer i.

• Assume that transformer i is replaced with a new transformer whose unavailability

due to repairable failures is U
(n)
i . Then, calculate the EENS caused by failures of

the new transformer, denoted as EENSnew.

• Calculate the expected damage costs by multiplying EENSdir, EENSind, and

EENSnew (in MWh/year) by the average unit interruption cost (in £/MWh). This

simplified method for determining the expected damage costs is used because cus-

tomer damage functions cannot be applied when ageing failures are modelled [17].

• Finally, calculate the Birnbaum’s measure of transformer i using (5.17).

IBi = EDCdir + EDCind − EDCnew (£/year) (5.17)
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5.6 Retirement Year

The credible improvement potential index, described in the previous section, allows us to

rank aged power transformers whose retirement year needs to be determined. To calculate

the year in which a power transformer should be retired, it is necessary to compare the

cumulative expected damage cost—also known as expected risk cost—caused by both

ageing failures and capacity reduction with the cumulative saved capital due to delaying

its retirement.

This economic comparison is performed for a number of years until the cumulative

expected damage cost exceeds the cumulative saved capital. In mathematical terms, the

economic comparison is expressed as follows [4]:

ny∑
i=1

Ei >

ny∑
i=1

(1 + r)ny−1r × V (5.18)

where Ei is the expected damage cost, r is the interest rate, and ny is the year of retire-

ment. The saved capital due to delaying the retirement of a transformer is calculated by

multiplying the compound interest rate by the cost of installing a new transformer (V ).

It is important to mention that the expected damage cost caused by ageing failures

can be calculated using two cases [4]. In the first case, the states of all components

are sampled using their unavailability due to repairable failure. In the second case, the

unavailability due to ageing failure of the relevant transformer is also considered. The im-

proved ageing failure model is utilised in the latter case, and this enables us to incorporate

transformer condition and temperature information into the retirement year calculation.

The expected damage cost caused by ageing failures is calculated by subtracting the ex-

pected damage cost obtained in the first case from the expected damage cost obtained in

the second case.
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5.7 Case Study

5.7.1 Test System

The 138-kV network of the 24-bus IEEE Reliability Test System (RTS), shown in Figure

A.2, was modified by adding overhead lines and step-down power transformers at buses 1-

7. Figure 5.3 shows the changes made to bus 1. As it can be seen, the new substations have

single and parallel power transformers with different ratings (20, 33, and 75 MVA). Buses

2-7 suffered similar changes. The IEEE RTS was extended to investigate the retirement

of transformers that supply the load demand of a 46-kV subtransmission system and a

23-kV distribution system. The ratings and maximum load demand of the step-down

transformers were taken from a technical report of an Ecuadorian electric utility [115].

The maximum load demand at buses 1-7 is the same as the one specified for the IEEE RTS.

Typical impedance values, taken from [116], were used for the step-down transformers.

Figure 5.2: 138-kV network of the 24-bus IEEE RTS [16]

For the first part of the proposed retirement approach, service age and health index

data of the test system’s power transformers must be collected. However, this information
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Figure 5.3: Changes made to bus 1 of the 24-bus IEEE RTS [97]. Several overhead
lines and step-down power transformers were included in the test system.

is not available in [115], so it was assumed that there are 11 aged step-down power trans-

formers, whose service age, probabilistic health index, and overall condition are given in

Table 5.1. This information was taken from [107], and will be used to calculate the appar-

ent age of the power transformers. The first column of the table indicates the substation

and transformer number. For instance, S1-TR2 means substation 1 and transformer 2.

All substations listed in the table have two transformers except substations 4 and 12.

Table 5.1: Service age and probabilistic health index of the power transformers used
for the analysis [97], [107]. The first column indicates the substation and transformer

number.

Transformer
Service age Probabilistic Overall
(years) health index condition

S1-TR2 39 0.51 fair
S4-TR 48 0.60 good
S11-TR2 47 0.54 fair
S12-TR 40 0.55 good
S14-TR1 44 0.56 fair
S15-TR2 54 0.54 fair
S16-TR1 58 0.50 fair
S19-TR1 53 0.55 fair
S20-TR1 45 0.52 good
S23-TR1 37 0.50 fair
S23-TR2 41 0.56 fair
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5.7.2 Unavailability due to Ageing Failure

The unavailability due to ageing failure of the power transformers listed in Table 5.1 was

calculated considering the following four cases:

• Case 1: The service age of power transformers and their Weibull distribution are

utilised in (3.14). (This is the traditional way of calculating the unavailability due

to ageing failure.)

• Case 2: The apparent age of power transformers, calculated using the methodology

described in Subsection 5.3.3, and their Weibull distribution are utilised in (3.14).

• Case 3: The service age of power transformers and their Weibull distribution with

the winding hottest-spot temperature, calculated using (5.1), are used in (3.14).

• Case 4: The apparent age of power transformers and their Weibull distribution with

the winding hottest-spot temperature are used in (3.14). (This case considers, at the

same time, the improvements for the unavailability calculation described in Section

5.3.)

The parameters of the Weibull distribution calculated in [44] were used to model

the lifetime of the test system’s power transformers for Cases 1 and 2. The parameters,

α = 70.79 (years) and β = 5, were calculated using mainly service age data of power

transformers of the UK transmission system, in which few end-of-life failures of power

transformers have occurred. The parameter β = 5 is also used for Cases 3 and 4, whereas

the parameter α was calculated through the Arrhenius relationship, whose constants c1

and c2 have a value of 0.01 and 2803.5, respectively. They were calculated by following

the procedure given in Subsection 5.3.2.
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The apparent age and winding hottest-spot temperature, used in Cases 2-4, were

determined as follows. The apparent age of each power transformer was calculated using

the probabilistic health index given in Table 5.1 and the methodology explained in Sub-

section 5.3.3, which uses the linear regressions models (5.7) and (5.8). Although these

models were created using data of power transformers that operate at 110, 132, 275, and

330 kV [107], it was assumed that the models can be used for the test system’s power

transformers, which operate at 69 and 138 kV. The models may vary for transformers of

different power systems, but their calculation is excluded from this study. The hourly load

demand profiles, the hourly ambient temperature, and the IEC thermal model parameters

needed for the winding hottest-spot temperature calculation were taken from [16], [117],

and [45] respectively. Furthermore, an annual load demand growth of 0.6% was utilised

[118].

Figure 5.4 shows the unavailability due to ageing failure of transformer S14-TR1 for

Cases 1-4; the unavailability was calculated over five years (2021-2025), and its values

will be used to analyse the retirement of S14-TR1 in Section 5.7.4. When the apparent

age is utilised, the unavailability values increase. For example, in 2021, the unavailability

calculated using the apparent age is 1.6 times the unavailability calculated using the

service age (see Cases 1 and 2). It can also be seen that the unavailability of S14-

TR1 increases more quickly when the Weibull distribution with winding hottest-spot

temperature is used. The unavailability increment over the five-year period for Case 2

(Weibull distribution) is 0.0032, whereas the unavailability increment for Case 4 (Weibull

distribution with winding hottest-spot temperature) is 0.0076. The unavailability of S14-

TR1 for Case 4 is further analysed below.

Figure 5.5 shows how increments of age and winding hottest-spot temperature influ-

ence the unavailability of S14-TR1. The results indicate that age increments play a more
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Figure 5.4: Unavailability due to ageing failure of transformer S14-TR1 using service
age and Weibull distribution (Case 1), apparent age and Weibull distribution (Case 2),
service age and Weibull distribution with winding temperature (Case 3), and apparent

age and Weibull distribution with winding temperature (Case 4)

significant role in the unavailability. For instance, when the transformer age increases

from 54 to 58 years and the winding hottest-spot temperature is 49.4◦C, the unavailabil-

ity increases from 0.023 to 0.030, whereas when the winding hottest-spot temperature

increases from 49.4 to 50◦C and the transformer age is 54 years, the unavailability only

increases from 0.023 to 0.024. Furthermore, the red dots in Figure 5.5 indicate the com-

bined effect of age and winding hottest-spot temperature increments; these unavailability

values are the same as the ones shown in Figure 5.4 (Case 4).

The unavailability due to ageing failure of other power transformers is further anal-

ysed. Their unavailability values are shown in Tables 5.2 and 5.3 for Cases 3 and 4,

respectively. Unlike the unavailability of S14-TR1, the unavailability of S4-TR reduces

when its apparent age is employed (e.g., the unavailability reduced from 0.0147 to 0.0063

in 2025). This is because its apparent age, 38, is lower than its service age, 48. This result

shows the importance of taking into account the condition of power transformers for their

unavailability calculation when planning their retirement.

Another interesting result is given in Table 5.2. Although transformers S15-TR2 and
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Figure 5.5: Unavailability due to ageing failure of transformer S14-TR1 using apparent
age and Weibull distribution with winding temperature (Case 4) [97]

Table 5.2: Unavailability due to ageing failure of the test system’s power transformers
using service age and Weibull distribution with winding temperature (Case 3) [97]

Year S1-TR2 S4-TR S15-TR2 S19-TR1
2021 0.0067 0.0101 0.0126 0.0099
2022 0.0075 0.0111 0.0138 0.0108
2023 0.0085 0.0122 0.0150 0.0117
2024 0.0095 0.0134 0.0163 0.0127
2025 0.0106 0.0147 0.0176 0.0138

Table 5.3: Unavailability due to ageing failure of the test system’s power transformers
using apparent age and Weibull distribution with winding temperature (Case 4) [97]

Year S1-TR2 S4-TR S15-TR2 S19-TR1
2021 0.0108 0.0040 0.0204 0.0161
2022 0.0120 0.0045 0.0220 0.0174
2023 0.0133 0.0051 0.0238 0.0188
2024 0.0148 0.0057 0.0256 0.0202
2025 0.0164 0.0063 0.0276 0.0217

S19-TR1 have almost the same service age (54 and 53 years, respectively), their unavail-

ability values are not similar. This is because the first transformer has higher load factors

than the second transformer, and this yields higher winding hottest-spot temperatures

and higher unavailability values for S15-TR2. (The same ambient temperature data was

used for all transformers, so ambient temperature does not influence the results.) For

instance, in 2021, the load factor of S15-TR2 is 0.388 p.u., whereas the load factor of
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S19-TR1 is 0.356 p.u. This result shows the other benefit of the enhanced ageing failure

model: it incorporates the influence of the winding hottest-spot temperature into the

unavailability of each transformer. The traditional ageing failure model does not do this.

However, the proposed method to incorporate the effects of loading conditions—that

is, the method that combines the Arrhenius relationship, the IEC thermal model, and

(4.4)—has a disadvantage: Overloading periods, which can last a few hours, accelerate

the ageing of transformers’ paper insulation (as discussed in [83]), but the impact of these

intermittent events is not considered by the proposed method, since it converts hourly

loading conditions into a constant annual equivalent load for the calculation of the winding

hottest-spot temperature.

5.7.3 Expected Capacity of Test System’s Power Transformers

The data needed to calculate the expected capacity of the test system’s power transform-

ers —failure and repair rates as well as lifetime probability distributions —were selected

based on the information found in [15], [33], [45]. For instance, normal probability dis-

tributions were used to model the lifetime of fans and pumps; the values of the mean

lifetime and standard deviation are (20, 5) years for fans and (25, 5) years for pumps.

Furthermore, it was assumed that fans and pumps are replaced after they reach their

mean lifetimes. Table 5.4 shows the capacity levels of S16-TR1 and the possible states

of its cooling system components. The nameplate ratings of S16-TR1 are 20/27/33 MVA

(ONAN/ONAF/OFAF).

Figure 5.6 shows the capacity probability distributions of S16-TR1, which were cal-

culated for five years (2021-2025). The probability of being at the full capacity state (33

MVA) reduces each year, whereas the probabilities of the derated capacity states (20, 23.5,
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Table 5.4: States of cooling system components and capacity levels of transformer
S16-TR1 [97]. Its nameplate ratings are 20/27/33 MVA (ONAN/ONAF/OFAF).

Oil pump Fan 1 Fan 2 Capacity, MVA
0 0 0 20.0
0 0 1 23.5
0 1 0 23.5
0 1 1 27.0
1 0 0 20.0
1 0 1 30.0
1 1 0 30.0
1 1 1 33.0

27, and 30 MVA) caused by failures of the cooling system components increase each year.

All these results indicate that the capacity of S16-TR1 fluctuates, i.e., it is not constant

as considered in traditional power system reliability assessment studies. This finding will

be further explored below.

Figure 5.6: Capacity probability distributions of transformer S16-TR1 calculated us-
ing service age and Weibull distribution with winding temperature (Case 3) [97]

Table 5.5 shows the expected capacity of S16-TR1 calculated over 2021-2025 for

Cases 1 and 4. The expected capacity changes each year, and all its values are lower than

the transformer’s maximum rating, 33 MVA. The expected capacity calculated using

the apparent age and Weibull distribution with winding temperature (Case 4) is slightly

lower than the expected capacity calculated using the service age and Weibull distribution
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Table 5.5: Expected capacity of transformer S16-TR1 using service age and Weibull
distribution (Case 1), and apparent age and Weibull distribution with winding temper-

ature (Case 4) [97]

Year Case 1, MVA Case 4, MVA
2021 29.606 29.480
2022 29.668 29.515
2023 29.792 29.605
2024 29.980 29.754
2025 30.237 29.963

(Case 1). This is because as seen in Subsection 5.7.2, the probability of having S16-TR1

in operation decreases more rapidly if the improved ageing failure model is used. Note

that the results of Table 5.5 may vary if a different replacement policy of the cooling

system components is employed. For example, if asset managers allow cooling system

components to operate beyond their average lifetime, their unavailability due to ageing

failure may affect the expected capacity significantly.

5.7.4 Ranking and Year of Retirement of Power Transformers

The power transformers listed in Table 5.1 were ranked by calculating their credible im-

provement potential index, ICIP
i , for two scenarios: using the full and expected capacity

of power transformers. A six-step load model was created using the k-means algorithm

described in Section 3.5 and, was used for calculating the EENS. Furthermore, two inter-

ruption costs were used to calculate the expected damage cost: 858.8 (£/MWh) for loads

located at substations with single transformers and 1226.4 (£/MWh) for loads located at

substations with parallel transformers [119]. All calculations were performed using the

software MATLAB.

Table 5.6 shows the ranking of the power transformers for Cases 1-4 using their full

capacity. The ranking list has eight transformers; the remaining transformers (S11-TR2,

S19-TR1, and S20-TR1) are not part of the ranking because their credible improvement
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potential indices are equal to zero. Transformer S16-TR1 occupies the first place in the

ranking for Cases 1-4, and this indicates that its retirement should be prioritised. Trans-

formers S12-TR and S4-TR occupy the second and third places for Case 1, respectively.

However, if the apparent age and Weibull distribution with winding hottest-pot tempera-

ture (Case 4) are utilised for S4-TR, this transformer drops to the last place of the ranking;

therefore, planning its retirement would not be a priority.

Table 5.6: Ranking of the test system’s power transformers for Cases 1-4 using their
full capacity (results follow the format (index in £/year, ranking)) [97]

Case S1-TR2 S4-TR S12-TR S14-TR1 S15-TR2 S16-TR1 S23-TR1 S23-TR2
1 (7.1, 7) (36.5, 3) (58.9, 2) (7.4, 6) (13.9, 4) (138.6, 1) (3.1, 8) (9.2, 5)
2 (25.1, 3) (10.7, 7) (76.4, 2) (13.4, 6) (17.3, 5) (158.2, 1) (9.6, 8) (24.0, 4)
3 (29.8, 7) (68.0, 4) (90.9, 2) (47.3, 5) (31.4, 6) (681.8, 1) (29.3, 8) (74.2, 3)
4 (51.6, 7) (43.9, 8) (98.2, 3) (86.7, 4) (60.5, 6) (701.9, 1) (81.7, 5) (115.4, 2)

Table 5.7 shows the ranking of the power transformers for Cases 1-4 using their

expected capacity. The new ranking list has ten power transformers, whose indices are

slightly different except for S12-TR and S4-TR. When the expected capacity is employed,

transformer S23-TR1 occupies the third place in the ranking (Case 4), instead of the fifth

place given in Table 5.6. This result indicates that neglecting capacity reductions of power

transformers may affect the retirement planning process.

Table 5.7: Ranking of test system’s power transformers for Cases 1-4 using their
expected capacity (results follow the format (index in £/year, ranking)) [97]

Case S1-TR2 S4-TR S12-TR S14-TR1 S15-TR2 S16-TR1 S23-TR1 S23-TR2 S11-TR2 S19-TR1
1 (7.7, 7) (36.5, 3) (58.9, 2) (8.9, 6) (14.5, 4) (145.1, 1) (5.1, 8) (14.4, 5) (1.9, 10) (2.8, 9)
2 (26.1, 4) (10.7, 8) (76.4, 2) (15.2, 7) (18.0, 6) (162.4, 1) (18.9, 5) (36.7, 3) (1.7, 10) (2.6, 9)
3 (30.7, 8) (68.0, 4) (90.9, 2) (49.2, 5) (32.0, 7) (685.4, 1) (42.2, 6) (89.0, 3) (1.5, 10) (3.3, 9)
4 (52.2, 7) (43.9, 8) (98.2, 4) (88.5, 5) (61.1, 6) (706.2, 1) (104.5, 3) (130.7, 2) (1.6, 10) (3.1, 9)

Because transformer S16-TR1 occupies the first place in the rankings, its year of

retirement was calculated by comparing the cumulative expected system damage cost

(calculated using an interruption cost of 1226.4 (£/MWh)) with the cumulative saved
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capital due to delaying its retirement (calculated using a replacement cost of £0.8 million

and an interest rate of 5.0%). Table 5.8 shows their values for Cases 1 and 4 considering

the transformer’s full and expected capacity. If the improved ageing failure model (Case

4) and the full capacity are used, S16-TR1 should be retired in 2025 (year in which the

cumulative expected system damage cost is greater than the cumulative saved capital),

and if the expected capacity is incorporated, S16-TR1 should be retired in 2024. Both

results seem reasonable since this transformer has a service age of 58 years.

Table 5.8: Cumulative expected system risk cost and cumulative saved capital for
transformer S16-TR1 [97]

Year
System risk cost, k£

Saved capital, k£
Case 1 with Case 4 with Case 4 with
full capacity full capacity exp. capacity

2021 7.9 29.2 31.5 40.0
2022 18.5 65.8 71.1 82.0
2023 31.6 110.1 118.9 126.0
2024 47.5 161.4 174.4 172.4
2025 66.8 228.1 221.0

Table 5.8 also shows that if the conventional ageing failure model (Case 1) and the

full capacity are utilised, the year of retirement of S16-TR1 cannot be determined, as the

cumulative expected system damage cost does not exceed the cumulative saved capital.

A key aspect that can affect the application of the proposed retirement approach is

that some power systems have substations with multiple power transformers connected in

parallel, and when an aged power transformer fails, the amount of curtailed load is zero or

minimal. In other words, failures of an aged power transformer do not cause any damage

(or cause minimal damage) to the reliability of power systems, so its year of retirement

cannot be calculated using the proposed approach. This situation occurred for one of

the tests system’s power transformers, S20-TR1. Failures of S20-TR1 did not cause load

curtailments, and for that reason, this transformer is not part of the rankings given in
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Tables 5.6 and 5.7. In such cases, asset managers should plan the retirement of power

transformers by calculating appropriate health indices, as investigated in [106], [12].

5.8 Summary

This chapter presented a risk-based approach to plan the retirement of aged power trans-

formers. The approach includes several methods that enhance the conventional ageing

failure, by calculating the apparent age of power transformers and the scale parameter

of the Weibull distribution. The strategy first ranks power transformers by using their

credible improvement potential index, and then calculates their year of retirement by

comparing the cumulative expected system risk cost (caused by ageing failures and ca-

pacity reduction) with the cumulative saved capital due to delaying the retirement of the

relevant transformer.

The 138-kV network of the IEEE RTS was extended to evaluate the performance of

the transformer retirement approach. The results suggest that incorporating the apparent

age and the effects of both winding hottest-spot temperature and capacity reduction can

enhance the retirement planning process of power transformers significantly when there

is limited availability of end-of-life failure data.

The proposed approach provides a set of models and methodologies that exploit

different types of data. For instance, health indices of power transformers are employed

to estimate their apparent age, and load and weather data are utilised to determine

their thermal stress. These models and methodologies improve the conventional ageing

failure model, allowing asset managers to quantify risks posed by aged transformers more

accurately and thus to make better capital investments.
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Transmission System Reinforcement

Considering Seismic Events and

Aged Equipment

6.1 Introduction

Earthquakes around the world have caused both significant damages to power system

infrastructure and long, widespread power supply interruptions [14], [120]. To mitigate

the impact of earthquakes on power systems, there are several strategies that have been

investigated, and some of them already implemented, including the use of distributed

generation and microgrids for power supply [121], replacement of old power equipment that

was not seismically designed [70], and reinforcement of power transmission systems [67],

[68]. This chapter focuses on the last strategy, i.e., determining the optimal number and

location of new components (lines and transformers) that should be built in a transmission

system with seismic risk.

114
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The transmission reinforcement planning (TRP) problem (considering seismic events)

has been studied in [67] and [68]. The authors of those studies applied stochastic optimi-

sation and optimisation via simulation to determine reinforcement plans. In both studies,

the availability of components is determined by calculating their peak ground accelera-

tion and by using fragility curves to obtain the probability of damage of each component.

However, existing fragility curves [71], [72], developed by U.S. government institutions and

research centres, may not accurately predict seismic damages on power system infrastruc-

ture [122], because factors such as soil conditions, equipment ageing, voltage levels, and

seismic design criteria vary in different countries, affecting the damage predictions given

by fragility curves. Another drawback of [67] and [68] is that the capacities (or ratings)

of power system components remain constant over the planning period, i.e., component

ageing is neglected.

Considering these problems, a two-stage adaptive robust optimisation problem to

determine optimal reinforcement decisions is presented in this chapter. The availability of

components is modelled in a different (deterministic) way: Components are grouped based

on their location with respect to an earthquake’s epicentre, their ageing status, and their

risk of being affected by a tsunami, and then a polyhedral uncertainty set is used for each

group. (It is assumed that the test system is in close proximity to a coastal area where

earthquakes or aftershocks are in mid sea to make tsunamis.) A method for calculating

the uncertainty budgets of the polyhedral uncertainty sets is developed. The method

models the uncertainty budget as a function of the peak ground acceleration, allowing

us to create a link between seismic events and component availability. Furthermore, the

main steps to calculate the expected capacity of aged components and its incorporation

into the optimisation problem are described in detail.
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6.2 Deterministic TRP Problem

This section describes the formulation of the deterministic TRP problem, in which the

maximum future load demand is constant, and components are always available. This

optimisation problem has been previously investigated in [66], and it determines the num-

ber and location of transmission lines and/or power transformers that should be built

at the beginning of the planning period to supply the maximum future load demand,

PD
d

max. The deterministic TRP problem’s objective function and constraints are given

below [66]:

min∆

∑
c∈ΩC+

ICc x
C
c + σ

[∑
g

CE
g p

E
g +

∑
d

CLS
d pLSd

]
(6.1)

subject to∑
c∈ΩC+

ICc x
C
c ≤ IC,max

(6.2)

xC
c = {0, 1} ∀c ∈ ΩC+ (6.3)∑
g∈ΩE

n

pEg −
∑

c|s(c)=n

pCc +
∑

c|r(c)=n

pCc =
∑
d∈ΩD

n

(
PD
d

max − pLSd
)

∀n (6.4)

pCc = Bc

(
θs(c) − θr(c)

)
∀c \ c ∈ ΩC+ (6.5)

pCc = xC
c Bc

(
θs(c) − θr(c)

)
∀c ∈ ΩC+ (6.6)

−Fmax
c ≤ pCc ≤ Fmax

c ∀c (6.7)

0 ≤ pEg ≤ PE
g

max ∀g (6.8)

0 ≤ pLSd ≤ PD
d

max ∀d (6.9)

−π ≤ θn ≤ π ∀n (6.10)

θn = 0 n: ref. (6.11)
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where the set ∆ contains the decision variables, i.e., ∆ = {xC
c , pEg , pLSd , pCc , θn}. xC

c is a

binary variable that indicates whether or not a prospective component c should be built.

pEg is the power produced by generating unit g, and pLSd is the curtailed load by demand

d. pCc represents the power flow through component c, and θn is the voltage angle at node

n. (The nomenclature of this chapter is given at the beginning of this dissertation.)

The objective function, (6.1), minimises the total costs, i.e., the costs of building

new transmission lines and/or power transformers and the power generation and load

shedding costs. However, the objective function does not employ the total cost of building

a component c. It uses the annualised investment cost, ICc , which is a cost that occurs

equally in every year of component c’s lifetime [123]. Because of this, power production

and load-shedding costs are multiplied by a time factor σ whose value is 8,760 hours [66].

Equation (6.2) controls that the investment costs do not exceed the maximum in-

vestment budget, IC,max. Equation (6.3) sets the values for xC
c . Equation (6.4) controls

the power balance at each bus. The power transferred through existing and prospective

components is calculated by (6.5) and (6.6). Power transfer and generation limits are

given by (6.7) and (6.8), respectively. Load-shedding limits are modelled through (6.9).

Finally, constraint (6.10) sets the limits for all voltage angles except the slack bus’ voltage

angle, whose value is set by (6.11).

6.3 TRP Problem Using Robust Optimisation

Optimisation problems can have uncertain parameters [124]. Stochastic optimisation

solves these types of problems by modelling uncertain parameters through probability

distributions [125]. However, in some cases, data needed to calculate probability distri-

bution parameters are not available, or in other cases, uncertain parameters cannot be
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modelled using probability distributions. Robust optimisation is a different approach for

solving optimisation problems with uncertainty. It models uncertain parameters using de-

terministic approaches, also known as uncertainty sets [124]. There are different types of

uncertainty sets, including quadratic, polyhedral, and cardinality-constrained uncertainty

sets, whose size is controlled by a parameter known as uncertainty budget.

Robust optimisation was chosen in this study to solve the problem of reinforcing trans-

mission systems with seismic risk, because probability distributions (i.e., fragility curves)

sometimes provide inaccurate predictions about the availability of generating units, lines,

and transformers, as reported in [122]. Before presenting the formulation of the robust

TRP problem, it is necessary to first explain how its uncertain parameters are modelled.

6.3.1 Modelling Approach for Uncertain Parameters

Three uncertain parameters were considered for the TRP problem: the availability of

generating units, PE
g

max, the availability of transmission lines and power transformers,

Fmax
c , and the maximum future load demand, PD

d
max. These parameters are modelled by

mainly using polyhedral uncertainty sets.

The polyhedral uncertainty set used to model the maximum future load demand is

given by [66]:

PD
d

max ∈
[
PDmax

d , P
Dmax

d

]
∀d (6.12)∑

d

(
PD
d

max − PDmax
d

)∑
d

(
P

Dmax

d − PDmax
d

) ≤ Γd (6.13)

where PDmax
d and P

Dmax

d are the lower and upper bounds of the maximum future load

demand, respectively. It can be seen in (6.12) that the uncertain parameter PD
d

max is

modelled as an independent, bounded random variable whose probability distribution
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is unknown. Γd represents the uncertainty budget, which controls the variation of the

uncertain parameters. Γd can take any values between 0 and 1. If Γd equals 0, then

PD
d

max = PDmax
d , i.e., there is no uncertainty, whereas if Γd equals 1, then PD

d
max can

take any value in the interval
[
PDmax

d , P
Dmax

d

]
, i.e., there is maximum uncertainty [66].

In summary, the polyhedral uncertainty set given by (6.12) and (6.13) contains a set of

values for the maximum future load demands that will be used to solve the TRP problem.

To model the availability of generating units, lines, and transformers, in addition

to using polyhedral uncertainty sets, it is necessary to consider several factors. The

first factor is the location of power system components with respect to an earthquake’s

epicentre. Components located near the epicentre are more likely to experience failures

or damages than components located farther away from the epicentre [126]. The second

factor is that some components—especially components located near coastal regions—can

be affected by tsunamis. For example, several thermal and nuclear power generators,

substations, and transmission lines were affected by the 2011 Japan earthquake’s tsunami

[127]. The last factor is the influence of both ageing and corrosion on the availability of

components. Some components, in particular transmission lines and power transformers,

have exceeded their design lifetimes and have been affected by corrosion, making them

more vulnerable if a high magnitude earthquake occurs [128], [129].

Considering these factors, components were classified into several groups to model

the remaining two uncertain parameters, PE
g

max and Fmax
c . To do this, it was consid-

ered that components are located in high, moderate, and low seismic hazard zones. A

high seismic hazard zone is located near a region where earthquakes tend to occur more

frequently, whereas a low seismic hazard zone is located farther away from that region

[126]. Generating units were classified into four groups: Ωg = {ΩHH
g ,ΩHHT

g ,ΩMH
g ,ΩLH

g };

the group ΩHHT
g , for example, contains only generating units located in the high seismic
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hazard zone and with risk of being damaged by a tsunami. Lines and transformers were

classified into six groups: Ωc = {ΩHH
c ,ΩHHA

c ,ΩMH
c ,ΩMHA

c ,ΩLH
c ,ΩLHA

c }; the group ΩLHA
c ,

for example, contains only aged lines and transformers located in the low seismic hazard

zone. (Section 6.5 explains the criterion for identifying aged components.)

The proposed approach to model the availability of generating units, PE
g

max, and the

availability of lines and transformers, Fmax
c , consists in utilising a polyhedral uncertainty

set for each group in Ωg and Ωc; hence, 10 polyhedral uncertainty sets are employed for

the robust TRP problem. For instance, the polyhedral uncertainty set for components in

the group ΩLHA
c is given by:

Fmax
c ∈

[
0, F

max

c

]
∀c ∈ ΩLHA

c
(6.14)∑

c∈ΩLHA
c

(
F

max

c − Fmax
c

)∑
c∈ΩLHA

c
F

max

c

≤ ΓLHA
c (6.15)

where F
max

c is the upper bound of component c’s capacity, and ΓLHA
c is the uncertainty

budget of this polyhedral uncertainty set. Note in (6.14) that the lower bound of compo-

nent c’s capacity is 0. This means that a line or transformer may be unavailable (i.e., in

full failure state) if its parameter Fmax
c is equal to 0.

The uncertainty budgets used to control the variability of PE
g

max and Fmax
c also take

values between 0 and 1. A method for calculating their values was developed and is

described in Section 6.4.

6.3.2 Two-Stage Adaptive Robust TRP Problem Formulation

The two-stage adaptive robust optimisation problem that will be used to determine re-

inforcement decisions of transmission systems with seismic risk and aged components is

based on the problem formulated in [66]. The optimisation problem takes into account
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two stages (also known as sequence of decisions). In the first stage, reinforcement deci-

sions are made at the beginning of the planning period. That is, a set of lines and/or

transformers is chosen from all possible alternatives. Then, the values of the uncertain

parameters (maximum future load demand and availability of generating units, lines, and

transformers) are determined. In the second stage, remedial (adaptive) actions are per-

formed. Remedial actions include power generation rescheduling and (in the worst case

only) load curtailment, and they are aimed at reducing transmission system operation

costs considering the realisations of the uncertain parameters.

The modified version of the two-stage adaptive robust TRP problem is given below:

minxC
c

max∆2ND min∆3RD

∑
c∈ΩC+

ICc x
C
c +σ

[∑
g

CE
g p

E
g +

∑
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]
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pCc = Bc(θs(c) − θr(c)) ∀c \ c ∈ ΩC+ (6.18)

pCc = xC
c Bc(θs(c) − θr(c)) ∀c ∈ ΩC+ (6.19)

−Fmax
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g

max ∀g (6.21)

0 ≤ pLSd ≤ PD
d

max ∀d (6.22)

−π ≤ θn ≤ π ∀n (6.23)

θn = 0 n: ref. (6.24)
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g

max ∈
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0, P
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g

]
∀g ∈ Ωg (6.25)
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Dmax

d

]
∀d (6.29)∑

d

(
PD
d

max − PDmax
d

)∑
d

(
P

Dmax

d − PDmax
d

) ≤ Γd (6.30)

subject to∑
c∈ΩC+

ICc x
C
c ≤ IC,max

(6.31)

xC
c = {0, 1} ∀c ∈ ΩC+. (6.32)

The optimisation problem (6.16)-(6.32) has a three level structure with the following

decision variables: xC
c represents the reinforcement decisions, the set ∆2ND contains the

realisations of the uncertain parameters (i.e., ∆2ND = {PE
g

max, Fmax
c , PD

d
max}), and the

set ∆3RD contains the system operation variables (i.e., ∆3RD = {pEg , pLSd , pCc , θn}).

Constraints (6.17)-(6.24), which were described in Section 6.2, form the feasible re-

gion for the system operation variables [66]. Constraints (6.25)-(6.28) are the polyhedral

uncertainty sets used to model the availability of components, and must be applied for

each group in Ωg and Ωc. Constraints (6.29)-(6.30) form the polyhedral uncertainty set

for the maximum future load demand.

Note that a power transmission system may be affected by earthquakes with different

epicentres. In those cases, the groups of components in Ωg and Ωc may vary, and this must

be considered when solving the two-stage adaptive robust TRP problem. This situation,

earthquakes with different epicentres, will be analysed in Section 6.7.
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6.4 Uncertainty Budget Calculation

As mentioned in Subsection 6.3.1, the availability of generating units, lines, and trans-

formers depends on the uncertainty budgets Γg and Γc. Each group in Ωg and Ωc has

components with specific characteristics (different seismic hazard zone, ageing status, or

risk of being damaged by a tsunami), so each group must have a different uncertainty

budget. For example, generating units located in a high seismic hazard zone are more

likely to experience failures or damages than generating units located further away from

the epicentre, so their uncertainty budget ΓHH
g must be higher. A method for calculating

the uncertainty budget of each polyhedral uncertainty set was developed, and is described

below.

Considering that components are classified based on seismic hazard zones, the pro-

posed method models the uncertainty budget as a function of the peak ground acceleration,

which measures the maximum ground acceleration at a specific location [130]. Fragility

curves of power system components show that their probability of damage increases as

the peak ground acceleration increases [71]. Considering this, an exponential function is

used to describe the relationship between the uncertainty budget and the peak ground

acceleration, and is given by:

Γ = a× exp(b× PGA) (6.33)

where, a and b are constants, and PGA is the peak ground acceleration.

The uncertainty budgets for the TRP problem are calculated as follows:

• Step 1: Calculate the peak ground acceleration of all components (generating units,

lines, and transformers) using adequate attenuation models. Attenuation models
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depend on several factors, including type of earthquake, type of shaking, type of

soil, etc. [128].

• Step 2: Determine the highest peak ground acceleration for each group of compo-

nents. This step is important because components located in a same seismic hazard

zone may experience different peak ground accelerations, depending on their location

and soil conditions. Choosing the highest values allows us to consider reinforcement

decisions for the worst conditions.

• Step 3: Use the highest peak ground acceleration values and (6.33) to calculate the

uncertainty budget for each polyhedral uncertainty set.

Steps 1-3 must be performed for each earthquake scenario. Earthquake scenarios

must give both the location of the fault and the earthquake magnitude, which are critical

factors for the calculation of the peak ground acceleration.

The constants a and b were determined by solving (6.33) twice. This method is also

used in Chapter 5 (Subsection 5.3.2) to estimate the Arrhenius relationship parameters.

Two ordered pairs, (PGA1, Γ1) and (PGA2, Γ2), must be provided to solve the equations.

The values of (PGA1, Γ1) and (PGA2, Γ2) may be estimated using historical component

damage data, the transmission system planner’s criteria, and analytical approaches, like

the ones used in [72].

6.5 Incorporation of Expected Capacity of Aged Com-

ponents

As it can be seen in (6.25) and (6.27), the solution of the two-stage adaptive robust TRP

problem depends on the upper bounds of the polyhedral uncertainty sets, P
Emax

g and F
max

c .
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The maximum production capacity of generating units and the maximum thermal ratings

of lines and transformers—which are specified by their manufacturers—are employed as

P
Emax

g and F
max

c , respectively [66]. However, as components of generating units, lines,

and transformers age, their ratings tend to reduce, as shown in Chapter 5 (Subsection

5.7.3).

Incorporating the expected capacity of aged components into the two-stage adaptive

robust TRP problem is likely to help system planners make more accurate reinforcement

decisions. Figure 6.1 shows the basic steps of the proposed methodology for incorporating

the expected capacity. The steps are described below:

1. Classify generating units, lines, and transformers as aged or non-aged equipment by

comparing, each year of the planning period, their service age with their average

lifetime. If the service age of a component is greater than its average lifetime, the

component is considered as aged. This classification method is used in [4].

2. Identify critical components of generating units, lines, and transformers whose fail-

ures or faults may affect the power generation and transfer capacity. Surveys on

power equipment failures [33], [131] and technical reports [132], [133], [134] were em-

ployed in this study to identify critical components of hydro generators (insulation

system, windings, and turbine), transmission lines (conductors, towers, and insula-

tors), and power transformers (bushings, windings, insulation system, core, tank,

and cooling system components). Then, collect data of repairable and ageing fail-

ures of critical components, e.g., failure rates, repair rates, and lifetime probability

distributions.

3. Calculate the expected capacity of all generating units, lines, and transformers clas-

sified as aged equipment using the method explained in Chapter 5, Section 5.4. The
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Figure 6.1: Basic steps for incorporating equipment ageing effects into the two-stage
adaptive TRP problem

expected capacity must be calculated each year of planning period as follows [113],

[97]:

EC = SfPf +

NDf∑
k

SdkPdk +
NDs∑
k

SdskPdsk + SdPd (6.34)

where EC is the expected capacity. Sf is the full capacity state (MW), whose

probability is Pf . Sdk is the kth derated capacity level due to component failures

(MW), and its probability is Pdk. Sdsk is the kth derated capacity level due to

special events (MW), and its probability is Pdsk. Sd is the full failure state, whose
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probability is Pd. NDf and NDs are the number of derated capacity states due to

component failures and due to special events, respectively.

When calculating the expected capacity, it is important to consider two factors.

First, if equipment components (such as, the fans of a power transformer) are re-

placed, their service age must be updated accordingly. Second, if an aged generating

unit, line, or transformer is replaced within the planning period, its expected capac-

ity must be determined until the replacement year.

4. Calculate, each year of the planning period, the power generation and transfer ca-

pacity of the system under consideration.

5. Determine the year in which the system has its lowest total capacity, and use the

corresponding expected capacity of aged generating units, lines, and transformers

as the upper bounds of their polyhedral uncertainty sets. This step is performed

because earthquakes can occur randomly during the planning period, and reinforce-

ment decisions should be made considering the worst condition of the system in

terms of power generation and transfer capacity.

6.6 Solution of Robust TRP Problem

The two-stage adaptive robust TRP problem has a nonlinear constraint, (6.19), in which

the binary variable xC
c is multiplied by the continuous variable θn. In other words, the

optimisation problem is a mixed integer nonlinear programming (MINLP) problem. To

facilitate its solution, it is necessary to substitute constraint (6.19) for the following linear

inequalities [66]:

−xC
c F

max
c ≤ pCc ≤ xC

c F
max
c ∀c (6.35)
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−
(
1− xC

c

)
M ≤ pCc −Bc

(
θs(c) − θr(c)

)
≤

(
1− xC

c

)
M ∀c (6.36)

where M is a positive constant [135], [136].

The linear version of the two-stage adaptive robust TRP problem was decomposed

into a master problem and a subproblem. They are solved by applying the Benders decom-

position algorithm [66], [137], which is an iterative process that makes the master problem

and subproblem exchange information: The master problem provides the reinforcement

decisions (xC
c ), whereas the subproblem provides the realisations of the uncertain param-

eters (PE
g

max, Fmax
c , PD

d
max).

6.6.1 Master Problem

The master problem is shown below:

minxC
c , pE

g,v′ , pLS
d,v′ , pC

c,v′ , θn,v′

∑
c∈ΩC+ ICc x

C
c + η (6.37)

subject to∑
c∈ΩC+

ICc x
C
c ≤ IC,max

(6.38)

xC
c = {0, 1} ∀c ∈ ΩC+ (6.39)∑

g∈ΩE
n

pEg,v′ −
∑

c|s(c)=n

pCc,v′ +
∑

c|r(c)=n

pCc,v′ =
∑
d∈ΩD

n

(
PD
d,v′

max,∗ − pLSd,v′
)

∀n, ∀v′ ≤ v

(6.40)

pCc,v′ = Bc(θs(c),v′ − θr(c),v′) ∀c \ c ∈ ΩC+,∀v′ ≤ v (6.41)

pCc,v′ = xC
c Bc(θs(c),v′ − θr(c),v′) ∀c ∈ ΩC+,∀v′ ≤ v (6.42)

−Fmax,∗
c,v′ ≤ pCc,v′ ≤ Fmax,∗

c,v′ ∀c,∀v′ ≤ v (6.43)

0 ≤ pEg,v′ ≤ PE
g,v′

max,∗ ∀g, ∀v′ ≤ v (6.44)
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0 ≤ pLSd,v′ ≤ PDmax,∗
d,v′ ∀d, ∀v′ ≤ v (6.45)

−π ≤ θn,v′ ≤ π ∀n, ∀v′ ≤ v (6.46)

θn,v′ = 0 n:ref., ∀v′ ≤ v (6.47)

η ≥ σ

[∑
g

CE
g p

E
g,v′ +

∑
d

CLS
d pLSd,v′

]
∀v′ ≤ v (6.48)

where v is the iteration counter, and η is a continuous auxiliary variable used to reconstruct

the problem’s objective function. PEmax,∗
g,v′ , Fmax,∗

c,v′ , and PD
d,v′

max,∗ are the subproblem’s

optimal solution, and their values can change after each iteration. As it can be seen in

(6.40)-(6.48), the size of the master problem increases after each iteration.

6.6.2 Subproblem

The subproblem’s objective function and constraints are the following:

max∆SUB σ

[∑
g

CE
g p

E
g +

∑
d

CLS
d pLSd

]
(6.49)

subject to

σCE
g − λn(g) + ϕE,max

g − ϕE,min
g = 0 ∀g (6.50)

σCLS
d − λn(d) + ϕD,max

d − ϕD,min
d = 0 ∀d (6.51)

λs(c) − λr(c) − ϕC
c + ϕC,max

c − ϕC,min
c = 0 ∀c \ c ∈ ΩC+ (6.52)

λs(c) − λr(c) − ϕC+
c + ϕC,max

c − ϕC,min
c = 0 ∀c ∈ ΩC+ (6.53)∑

c\c∈ΩC+|s(c)=n

Bcϕ
C
c +

∑
c∈ΩC+|s(c)=n

xC,∗
c Bcϕ

C+
c −

∑
c\c∈ΩC+|r(c)=n

Bcϕ
C
c

−
∑

c∈ΩC+|r(c)=n

xC,∗
c Bcϕ

C+
c + ϕN,max

n − ϕN,min
n = 0 ∀n \ n : ref.

(6.54)
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c\c∈ΩC+|s(c)=n

Bcϕ
C
c +

∑
c∈ΩC+|s(c)=n

xC,∗
c Bcϕ

C+
c −

∑
c\c∈ΩC+|r(c)=n

Bcϕ
C
c

−
∑

c∈ΩC+|r(c)=n

xC,∗
c Bcϕ

C+
c + ϕN,max

n − ϕN,min
n − χref = 0 ∀n \ n : ref.

(6.55)

0 ≤ ϕC,max
c ⊥ Fmax

c − pCc ≥ 0 ∀c \ c ∈ ΩC+ (6.56)

0 ≤ ϕC,min
c ⊥ pCc + Fmax

c ≥ 0 ∀c \ c ∈ ΩC+ (6.57)

0 ≤ ϕC,max
c ⊥ Fmax

c − pCc ≥ 0 ∀c ∈ ΩC+ (6.58)

0 ≤ ϕC,min
c ⊥ pCc + Fmax

c ≥ 0 ∀c ∈ ΩC+ (6.59)

0 ≤ ϕE,max
g ⊥ PEmax

g − pEg ≥ 0 ∀g (6.60)

0 ≤ ϕE,min
g ⊥ pEg ≥ 0 ∀g (6.61)

0 ≤ ϕD,max
d ⊥ PDmax

d − pLSd ≥ 0 ∀d (6.62)

0 ≤ ϕD,min
d ⊥ pLSd ≥ 0 ∀d (6.63)

0 ≤ ϕN,max
n ⊥ π − θn ≥ 0 ∀n (6.64)

0 ≤ ϕN,min
n ⊥ θn + π ≥ 0 ∀n (6.65)

where ∆SUB contains the realisations of the uncertain parameters (PEmax
g , Fmax

c , PDmax
d ),

the system operation variables (pEg , pLSd , pCc , θn,), and the dual variables (λn, ϕE,max
g ,

ϕE,min
g , ϕD,max

d , ϕD,min
d , ϕC

c , ϕ
C+
c , ϕC,max

c , ϕC,min
c , ϕN,max

n , ϕN,min
n , χref ). The subproblem

constraints were obtained by applying the Karush–Kuhn–Tucker conditions, as explained

in [66], [137]. Constraints (6.17)-(6.30) are also part of the subproblem.
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6.7 Case Study

6.7.1 Test System

The 24-bus IEEE Reliability Test System (RTS) [16] was utilised to evaluate the per-

formance of the two-stage adaptive robust TRP model. Several prospective transmission

lines (l39-l43, l45, l47) and power transformers (t44, t46) were added in the test system, see

Figure 6.2. The length of prospective lines varies between 15 and 30 miles. Cables l1 and

l10 were replaced with overhead lines, and the power generation capacity increased from

3,405 to 3,895 MW. Furthermore, an annual load demand growth of 0.8% was considered.

More information on the test system is given in the appendix, Section A.2.

The annualised investment cost of prospective component c, ICc , was calculated as

follows [123]:

ICc = NPV× r(1 + r)n

(1 + r)n − 1
(6.66)

where NPV is the net present value. r is the interest rate, and n is the lifetime of a

prospective component. The costs of building single circuit overhead transmission lines

were taken from [138], e.g., $1.5M/mile for 138-kV lines, and $1.7M/mile for 230-kV lines.

6.7.2 Aged Equipment and Test System’s Capacity

Before solving the optimisation model, it is necessary to identify aged components and

calculate their expected capacity over the planning period. The service age of the test

system’s components was randomly selected, as this information is not available in [16].

For example, generating unit g1, line l1, and transformer t7 have been in service for 23,

30, and 30 years, respectively. Furthermore, typical average lifetimes of generating units,

lines, and transformers (taken from [15]) were used for their classification.
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Figure 6.2: Modified version of the 24-bus IEEE Reliability Test System. Prospective
lines (l39-l43, l45, l47) and transformers (t44, t46) were included in the original system.

Its power generation capacity was also increased.

Figure 6.3 shows both the expected capacity and the nameplate capacity of generating

unit g1, line l1, and transformer t7, from 2022 to 2041. It can be seen that the expected

capacity of these components reduces as they get older. For example, in 2041, the capacity

of g1, l1, and t7 would reduce by 53%, 19%, and 46%, respectively. These possible capacity

reductions are significant, and should not be neglected by transmission systems planners.

However, the method for calculating the expected capacity does not consider other factors

that may influence its behaviour over the planning period, such as preventive maintenance,

and loading and weather conditions. It is also important to mention that the availability

of accurate equipment component failure data is essential for capturing and incorporating
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(a) (b)

(c)

Figure 6.3: Expected and nameplate capacity of (a) generating unit g1, (b) transmis-
sion line l1, and (c) power transformer t7 over the planning period

the effects of equipment ageing into reinforcement decisions.

Figure 6.4 shows the total capacity (power generation and transfer capacity) of the

test system for two cases: the first considers equipment ageing, whereas the second ex-

cludes equipment ageing. It can be seen that the capacity of the test system changes over

the planning period (first case). An old power transformer is replaced by a new one in

2030, and this increases the total capacity. However, equipment ageing makes the total

capacity reduce to 13.8 GW in 2041, which represents a 13% reduction.

2041 is the year in which the test system has its lowest capacity, so the expected

capacity of aged components for this year is used in the polyhedral uncertainty sets.
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Figure 6.4: Comparison of test system’s total capacity

6.7.3 Calculated Uncertainty Budget

Figure 6.5a shows the relationship between the uncertainty budget and the peak ground

acceleration used to model the availability of generating units. The values of the uncer-

tainty budget are higher for generating units that are exposed to both ground shaking and

risk of being damaged by a tsunami. The uncertainty budget increases as the peak ground

acceleration increases, and this indicates that higher peak ground accelerations would pro-

duce more damages to generating units. Figure 6.5b shows the relationship between the

uncertainty budget and the peak ground acceleration used to model the availability of

lines and transformers. The values of the uncertainty budget are higher for aged lines and

transformers. That is, aged components would experience more damages than non-aged

components for a given peak ground acceleration.

(a) (b)

Figure 6.5: Uncertainty budgets for polyhedral uncertainty sets used to model (a) the
availability of generating units and (b) the availability of lines and transformers
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6.7.4 Test System Reinforcement Decisions

A program was created using the software GAMS to determine which lines or transformers

should be built in the test system, considering two earthquake scenarios with epicentres

located near buses 17 and 7. Figure 6.2 shows the test system for the second scenario;

components in red, orange, and black colours are located in high, moderate, and low

seismic hazard zones, respectively. (For the first scenario, the components in the seismic

hazard zones are different). The peak ground acceleration of each component was not

calculated, since information on the distance among components and soil conditions is

not available for the IEEE RTS. So, the following peak ground accelerations for the high,

moderate, and low seismic hazard zones were employed: 1.3, 0.8, and 0.3 (g) for the first

scenario, and 1.2, 0.6, and 0.2 (g) for the second scenario. These values were chosen

considering that a maximum peak ground acceleration of 1.407 (g) was registered during

a 7.8 earthquake [139]. Then, the uncertainty budgets of each group of components were

determined using the peak ground accelerations and the results shown in Figure 6.5.

The values of other parameters need to be determined before solving the optimisation

problem. The uncertainty budgets for the maximum load demand are 0.20, 0.30, and

0.40 (higher values of ΓD indicate more uncertainty). The lower and upper limits of the

maximum load demand (PDmax
d , P

Dmax

d ) were calculated using the ±10% of the maximum

load demand. Finally, an annualised investment budget of $16,000,000 was utilised for

both scenarios.

Table 6.1 shows the reinforcement decisions for Scenarios 1 and 2. The results indicate

that as the uncertainty of the maximum load demand increases, more components should

be built in the test system. When the uncertainty budget Γd is 0.20, only line l39 should

be built (Scenario 1), whereas when the uncertainty budget Γd increases to 0.40, lines l39,

l41, and l42 should be built.
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Table 6.1: Lines and transformers that should be built in the test system

Γd Scenario 1 Scenario 2

0.20 l39 l43, l47

0.30 l39 l43, l47

0.40 l39, l41, l42 l40, t44, l47

The results of Table 6.1 also tell us that more components should be built when

Scenario 2 is considered. This is an interesting result because the peak ground accelera-

tions used in Scenario 2 (1.2, 0.6, and 0.2 (g)) are lower than the ones used in Scenario 1

(1.3, 0.8, and 0.3 (g)), that is, the test system’s components are exposed to lower seismic

motions in Scenario 2. However, more reinforcements are needed because the 138-kV

network, located near the epicentre, has less power generation capacity. Most generat-

ing units are located in the 230-kV network, which is the part of the system that is less

affected by the earthquake used in Scenario 2.

To investigate the influence of equipment ageing on reinforcement decisions, it was

considered that more components in the test system exceed their average lifetime during

the planning period. The results are depicted in Table 6.2. It can be seen that new

components should be built: t44 and l47 in Scenario 1, and t46 and l39 in Scenario 2 (see

Tables 6.1 and 6.2)

Table 6.2: Lines and transformers that should be built in the test system (considering
more aged components).

Γd Scenario 1 Scenario 2

0.20 l39, t44, l47 l40, t46, l47

0.30 l39, t44, l47 l39, l40, l47

0.40 l39, t44, l47 l39, l40, l47

On the other hand, if equipment ageing is neglected (i.e., the nameplate capacity

of generating units, lines, and transformers is utilised in the optimisation model, and
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Ωc has groups with only non-aged components), reinforcements are not required except

for Scenario 2 and when the uncertainty budget Γd is 0.40. Only in this case, line l47

should be built. Therefore, neglecting equipment ageing in the two-stage adaptive robust

optimisation model yields completely different reinforcement plans.

The main benefit of using robust optimisation to solve the TRP problem is that

component availability is modelled in a deterministic way, through polyhedral uncertainty

sets (instead of fragility curves). This facilitates the modelling process that transmission

system planners must do. However, the two-stage adaptive robust TRP problem does not

include important factors such as the impact of distributed intermittent renewable power

generation [140] and the load restoration process after an earthquake occurs, which can

be influenced by the power stored in electric vehicles [141] or by the increased electric

vehicle charging demand [142]. Incorporating these factors into the optimisation model

would be the next research step.

6.7.5 Variation of Peak Ground Accelerations

The reinforcement decisions previously discussed consider three uncertain parameters

(PE
g

max, Fmax
c , PD

d
max). However, other parameters, such as the peak ground accelera-

tion (PGA, used in (6.33)), can also be a source of uncertainty. To analyse how variations

of the peak ground acceleration may affect reinforcement plans, some of the peak ground

accelerations used in Scenarios 1 and 2 were slightly increased.

Table 6.3 provides the new reinforcement decisions, which are compared with the

results of Table 6.2. All components remain the same except for l41 in Scenario 1 and

t44 and l45 in Scenario 2. These results tell us that small variations of the peak ground

acceleration might affect the test system’s reinforcement plans. Hence, the peak ground
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acceleration of each component should be carefully calculated using appropriate attenua-

tion models.

Table 6.3: Lines and transformers that should be built in the test system considering
increments of peak ground accelerations

Γd Scenario 1 Scenario 2

0.20 l39, l41, l47 l40, t44, l47

0.30 l39, l41, l47 l39, l40, l45, l47

0.40 l39, l41, l47 l39, l40, l45, l47

As shown in Tables 6.1-6.3, reinforcement decisions vary for each earthquake scenario.

A definitive reinforcement plan should be created, as this would benefit the use of the

optimisation model. This topic will also be included in the final version of the work

presented in this chapter.

6.8 Summary

This chapter presents a two-stage adaptive robust optimisation model to determine the

best reinforcement decisions for power transmission systems that are subject to seismic

events and have aged equipment. The model has three uncertain parameters (the availabil-

ity of generating units, the availability of lines and transformers, and the future maximum

load demand), which are modelled by using polyhedral uncertainty sets and by taking into

account components’ seismic hazard zones, ageing status, and risk of being damaged by

a tsunami. An approach for calculating the expected capacity of aged components and

incorporating it into the optimisation model is also developed.

The performance of the optimisation model was evaluated using a modified version

of the 24-bus IEEE RTS; changes include two earthquake scenarios, aged equipment, load
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demand growth, and prospective lines and transformers. The results indicate that the

expected capacity of aged equipment (generating units, lines, and transformers) and the

test system capacity tend to decrease, in a non-linear way, over the planning period. The

results also show that the amount of aged equipment can influence the number of lines

and transformers that should be built, and that neglecting equipment ageing may yield

less accurate reinforcement plans.

Considering that fragility curves are not always reliable and that power systems in

some parts of the world have a significant amount of aged equipment, the two-stage

adaptive robust optimisation model can help transmission system planners incorporate

hidden features into their expansion planning models. In that context, the proposed

approach would make a solid foundation to fulfil critical planning objectives in a vulnerable

power transmission system.
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Conclusions and Future Work

7.1 Conclusions

Power distribution systems, particularly those located in large cities, have a great number

of medium voltage underground cables whose service age is close to or has exceeded their

design lifetime. Ageing cables may fail more frequently, so asset managers must care-

fully plan their maintenance to maintain or improve the reliability of power distribution

systems. Chapter 4 presented an approach to prioritise the maintenance of ageing cables.

The approach includes an age-related repairable failure model that considers the ef-

fects of cables’ loading conditions. The approach also includes an index known as the

maintenance potential index, which is used to create rankings of cables and thus to pri-

oritise their maintenance. This index considers, for the first time, the impacts of random

and age-related repairable failures as well as the effects of loading conditions. A radial

distribution system with sixty four ageing cable sections was used to analyse the perfor-

mance of the proposed approach. The results showed that the rankings of cable sections

140
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significantly depend on their age-related repairable failures. For instance, age-related re-

pairable failures contributed to the maintenance potential index of cable section 35 (the

most important cable in the 33-kV network) by 63%, whereas random repairable failures

contributed only by 37%. This result means that modelling age-related repairable failures

of cables plays a critical role in the maintenance prioritisation process. Previous studies

have not investigated the effects of cable ageing; they simply assume that cables have con-

stant failure rates. However, in this study, failure rates increase as cables get older, and

also vary depending on the loading level of each cable. Therefore, by incorporating the

effects of ageing and loading conditions, the proposed approach can help asset managers

significantly improve the maintenance prioritisation process of underground cables.

The second major finding was that if only random repairable failures are modelled

(i.e., cable ageing is neglected in the test system), the rankings of cable sections may

change in comparison to the case mentioned above (in which cable ageing is considered).

This finding means that traditional approaches might target maintenance activities at

the non-critical cable sections of a power distribution system. To avoid this problem, the

proposed approach considers the influence of both random repairable failures and age-

related repairable failures, identifying the most important cables and prioritising their

maintenance in a more effective way.

Chapter 4 also presented a comprehensive comparison between the proposed age-

related repairable failure model and the IEC-Arrhenius-Weibull model developed in [27].

Their modelling assumptions, methods for incorporating loading conditions, and param-

eter estimation approaches were compared and critically analysed. Furthermore, the test

system with sixty four cable sections and computer simulations were employed to analyse

the performance of both models. The simulation results indicated that using the Arrhe-

nius relationship to incorporate the effects of loading conditions reduces the failure rate of
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ageing cables and affects the rankings used to prioritise their maintenance. This finding

means that the Arrhenius relationship might not be an appropriate method to develop

age-related repairable failure models of cables, especially because it does not provide any

information on the occurrence of repairable failures. The case study results also indicated

that the failure rate function of the IEC-Arrhenius-Weibull model mainly depends on the

shape parameter of the Weibull distribution. This dependence was not mentioned by

the authors of the IEC-Arrhenius-Weibull model in [27], and could be considered as an

important modelling drawback.

Modelling age-related repairable failures is a key aspect of maintenance planning,

whereas modelling ageing (end-of-life) failures is a key aspect of retirement planning.

Chapter 5 presented an approach for planning the retirement of power transformers. To

improve the calculation of the unavailability due to ageing failure, the approach combines

several methods to calculate the apparent age of power transformers and to incorporate

their winding hottest-spot temperature. The proposed approach ranks the aged trans-

formers of a power system using a modified version of the index known as credible im-

provement potential index, which considers the effects of capacity reduction—something

that has not been previously done.

The retirement approach was carefully examined using a test system with single

and parallel power transformers. Computer simulation results showed that the unavail-

ability due to ageing failure calculated with the improved model increases faster than

the one calculated with the conventional model (whose parameters were estimated using

few transformer end-of-life failure data). This result indicates the potential benefits of

incorporating the winding hottest-spot temperature. More accurate predictions of the un-

availability due to ageing failure are important because they improve both the ranking of

aged transformers and the calculation of their retirement year. Although the conventional
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model was designed to predict the unavailability due to ageing failure using only end-of-

life failure data, calculating the apparent age and incorporating the winding hottest-spot

temperature can help to overcome the problem of limited transformer end-of-life failure

data.

In the case study, the expected capacity of aged power transformers was calculated

over a five-year period. For instance, the expected capacity of transformer S16-TR1 (whose

maximum capacity is 33 MVA) is 29.480 MVA in 2021 and 29.963 MVA in 2025 (Case

4). These results indicate that the expected capacity of aged power transformers is lower

than their maximum capacity. Traditional power system reliability assessment studies

assume that the capacity of a power transformer is always equal to its maximum value,

neglecting the ageing of its components. However, if the expected capacity is calculated

and incorporated into the proposed approach, transformer retirement decisions can be

further improved, as shown in the case study.

Chapter 6 presented a two-stage adaptive robust optimisation problem to determine

reinforcement plans of power transmission systems that are subject to seismic events and

have aged components. Robust optimisation was chosen because component availability

modelling does not require probability distributions (i.e., fragility curves are not needed).

To model the availability of generating units, lines, and transformers, the proposed ap-

proach creates several groups of components based on three factors—seismic hazard zone,

ageing status, and risk of being damaged by a tsunami—, and then a polyhedral uncer-

tainty set is used for each group. Furthermore, a procedure to incorporate the expected

capacity of aged generating units, lines, and transformers into the optimisation problem

was developed.

The performance of the optimisation problem was analysed through a case study,

which used a modified version of the 24-bus IEEE RTS. The results suggested that if the
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number of aged components (generating units, lines, and transformers) in the test system

increases, more transmission lines and power transformers should be built. This result in-

dicates that power systems with aged equipment might require more capital investment to

mitigate the impacts of earthquakes. On the other hand, if equipment ageing is neglected

in the test system, the results indicated that reinforcement plans could be completely

different and could not improve the resilience of the transmission system. Although the

availability of components significantly depends on the earthquake magnitude and their

distance from the epicentre, incorporating other factors, such as ageing status and risk

of being damage by a tsunami, can help system planners determine more realistic rein-

forcement decisions. These factors have not been considered by previous approaches for

transmission system reinforcement planning, which rely on fragility curves to model the

availability of components. Considering that some system planners may not have access

to reliable fragility curves, the two-stage adaptive robust optimisation model presented in

Chapter 6 is a better alternative that also incorporates the effects of equipment ageing.

7.2 Future Work

The following research topics are suggested based on the work presented in this thesis,

and they are described with the aim of keeping developing the areas of power system asset

management and expansion planning.

• Impact of distributed power generation and transportation electrification on cable

maintenance prioritisation and power transformer retirement. The loading level of

underground cables and power transformers can change considerably due to the

incorporation of electric vehicles and distributed generation, and this might affect

the occurrence of age-related repairable and non-repairable failures. Future research
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studies could investigate how the maintenance prioritisation of ageing cables and the

retirement of aged power transformers are affected by changes in loading conditions.

This would require using long-term power generation and load forecasting methods,

taking into account electric vehicle charging patterns, public electric vehicle charging

stations, prosumers, etc.

• Limiting the loading of aged power transformers for retirement planning studies.

If a substation has aged power transformers connected in parallel and sharing the

total load demand, it may be difficult to determine the economic losses caused

by ageing failures for retirement planning studies. Future research works could

investigate the possibility of limiting the amount of load that an aged transformer

can supply. For instance, if a substation has two aged transformers and one of them

undergoes an ageing (non-repairable) failure, it could be assumed that the remaining

transformer can use only 50% of its expected capacity to supply the load demand.

This assumption would allow asset managers to extend the lifetime of the second

transformer, by reducing its thermal stress, and to capture the impacts of the first

transformer’s ageing failure.

• Retirement planning of underground power distribution system cables. The approach

for planning the retirement of aged power transformers (presented in Chapter 5)

could also be applied to underground cables. A new method to calculate the ap-

parent age of cables should be developed, as their service age might not give an

indication of their actual condition. The method should use relevant cable condi-

tion monitoring data, e.g., partial discharge measurements. Moreover, a new method

to calculate the EENS caused by cable ageing failures should be proposed. Unlike

composite (generation and transmission) systems, distribution systems have switch-

ing devices that restore the power supply when components fail, and this should be

considered in the EENS calculation.
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• System operation costs after a seismic event. In the two-stage adaptive robust

optimisation problem described in Chapter 6, system operation costs (i.e., power

generation and load-shedding costs) are calculated considering a one-year period.

The load restoration process, performed after a seismic event occurs, should be

modelled and included in the optimisation problem to enhance the calculation of

system operation costs. The modelling approach should consider that some compo-

nents experience repairable failures, and others experience non-repairable failures,

and that repair and replacement times may vary during earthquakes. Another inter-

esting aspect that could be included in the load restoration process is the modelling

of electric vehicle charging demand and intermittent renewable power generation.

If an earthquake causes severe damages to buildings, hospitals, houses, etc., a great

amount of people would attempt to travel to the affected areas to provide help, and

this might increase the load demand of electric vehicles at different points of a trans-

mission system. A possible solution to include the load restoration process would be

to combine robust optimisation with optimisation via simulation. This would allow

system planners to simulate component failures, repairs, and replacements, as well

as load demand change and intermittent power generation.
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Test Systems

A.1 Radial Test System

The test system shown in Figure A.1 is used in Chapter 4 for analysing cable maintenance

prioritisation. The test system’s configuration, voltage levels, and location of components

and load points were taken from [19]. The test system’s load data (in MW) and the number

of customers are given in Tables A.1 and A.2, respectively. Moreover, as mentioned in

Subsection 4.5.1, the 24-bus IEEE Reliability Test System’s hourly load profile (in p.u.)

is used for the case study in Chapter 4. This information will be given in Section A.2.

A.2 24-Bus IEEE Reliability Test System

Figure A.2 shows the 24-bus IEEE Reliability Test System and the changes made to it to

analyse transmission system reinforcement in Chapter 6. Table A.3 shows the load data (in

MW) of all load buses, and Tables A.4, A.5, and A.6 contain all the information to create

147
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Figure A.1: Test system used in Chapter 4

Table A.1: Load data of the test system shown in Figure A.1

Load point Load, MW Load point Load, MW Load point Load, MW
1 0.8869 16 0.8137 31 0.8869
2 0.8869 17 1.6300 32 0.8869
3 0.8869 18 0.8869 33 0.8869
4 0.8137 19 0.8869 34 0.8869
5 0.8137 20 0.8869 35 0.8137
6 0.6714 21 0.8869 36 0.8137
7 0.8869 22 0.8137 37 0.6714
8 0.8869 23 0.8137 38 0.6714
9 0.8869 24 0.6714 39 0.8869
10 0.8869 25 0.6714 40 0.8869
11 0.8137 26 0.8137
12 0.6714 27 0.8137
13 0.6714 28 0.8869
14 1.6300 29 0.8869
15 2.4450 30 0.8869

the hourly load profile of the 24-bus IEEE Reliability Test System. Furthermore, Table

A.7 shows the impedance and ratings of existing and prospective lines and transformers.
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Table A.2: Number of customers at load points

Load No. of Load No. of Load No. of
point customers point customers point customers
1 220 16 200 31 220
2 220 17 1 32 220
3 220 18 220 33 220
4 200 19 220 34 220
5 200 20 220 35 200
6 10 21 220 36 200
7 220 22 200 37 10
8 220 23 200 38 10
9 220 24 10 39 220
10 220 25 10 40 220
11 200 26 200
12 10 27 200
13 10 28 220
14 1 29 220
15 1 30 220

Figure A.2: Test system used in Chapter 6
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Table A.3: Load data of test system shown in Figure A.2

Bus Load, MW Bus Load, MW
1 126 10 228
2 113 13 310
3 211 14 227
4 86 15 371
5 83 16 117
6 159 18 390
7 146 19 212
8 200 20 150
9 205

Table A.4: Weekly peak load in percent of annual peak [16]

Week Peak load Week Peak load
1 86.2 27 75.5
2 90.0 28 81.6
3 87.8 29 80.1
4 83.4 30 88.0
5 88.0 31 72.2
6 84.1 32 77.6
7 83.2 33 80.0
8 80.6 34 72.9
9 74.0 35 72.6
10 73.7 36 70.5
11 71.5 37 78.0
12 72.7 38 69.5
13 70.4 39 72.4
14 75.0 40 72.4
15 72.1 41 74.3
16 80.0 42 74.4
17 75.4 43 80.0
18 83.7 44 88.1
19 87.0 45 88.5
20 88.0 46 90.9
21 85.6 47 94.0
22 81.1 48 89.0
23 90.0 49 94.2
24 88.7 50 97.0
25 89.6 51 100.0
26 86.1 52 95.2
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Table A.5: Daily peak load in percent of weekly peak [16]

Day Peak load
Monday 93
Tuesday 100
Wednesday 98
Thursday 96
Friday 94
Saturday 77
Sunday 75

Table A.6: Hourly peak load in percent of daily peak [16]

Winter weeks Summer weeks Spring/fall weeks
1-8 & 44-52 18-30 9-17 & 31-43

Hour Wkdy Wknd Wkdy Wknd Wkdy Wknd
12-1am 67 78 64 73 63 75
1-2 63 72 60 70 62 73
2-3 60 68 58 66 60 69
3-4 59 66 56 65 58 66
4-5 59 64 56 64 59 65
5-6 60 65 58 62 65 65
6-7 74 66 64 62 72 68
7-8 86 70 76 66 85 74
8-9 95 80 87 81 95 83
9-10 96 88 95 86 99 89
10-11 96 90 99 91 100 92

11-Noon 95 91 100 93 99 94
Noon-1pm 95 90 99 93 93 91

1-2 95 88 100 92 92 90
2-3 93 87 100 91 90 90
3-4 94 87 97 91 88 86
4-5 99 91 96 92 90 85
5-6 100 100 96 94 92 88
6-7 100 99 93 95 96 92
7-8 96 97 92 95 98 100
8-9 91 94 92 100 96 97
9-10 83 92 93 93 90 95
10-11 73 87 87 88 80 90
11-12 63 81 72 80 70 85
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Table A.7: Impedance, ratings, and voltage levels of transmission lines and power
transformers (most of the data was taken from [16])

From bus To bus X, p.u. Rating, MVA, Voltage level, kV
1 2 .0139 175 138
1 3 .2112 175 138
1 5 .0845 175 138
2 4 .1267 175 138
2 6 .1920 175 138
3 9 .1190 175 138
3 24 .0839 400 Transformer
4 9 .1037 175 138
5 10 .0883 175 138
6 10 .0605 175 138
7 8 .0614 175 138
8 9 .1651 175 138
8 10 .1651 175 138
9 11 .0839 400 Transformer
9 12 .0839 400 Transformer
10 11 .0839 400 Transformer
10 12 .0839 400 Transformer
11 13 .0476 500 230
11 14 .0418 500 230
12 13 .0476 500 230
12 23 .0966 500 230
13 23 .0865 500 230
14 16 .0389 500 230
15 16 .0173 500 230
15 21 .0490 500 230
15 21 .0490 500 230
15 24 .0519 500 230
16 17 .0259 500 230
16 19 .0231 500 230
17 18 .0144 500 230
17 22 .1053 500 230
18 21 .0259 500 230
18 21 .0259 500 230
19 20 .0396 500 230
19 20 .0396 500 230
20 23 .0216 500 230
20 23 .0216 500 230
21 22 .0678 500 230
14 23 .0490 500 230
18 19 .0259 500 230
12 13 .0519 500 230
5 7 .1037 175 138
16 18 .0490 500 230
9 12 .0678 400 Transformer
13 19 .0519 500 230
3 24 .0678 400 Transformer
1 9 .1037 175 138
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[52] J. Setréus, P. Hilber, S. Arnborg, and N. Taylor, “Identifying critical components

for transmission system reliability,” IEEE Transactions on Power Systems, vol. 27,

no. 4, pp. 2106–2115, 2012.



Bibliography 159

[53] G. Hamoud, “Assessment of transmission system component criticality in the de-

regulated electricity market,” in International Conference on Probablistic Methods

Applied to Power Systems. IEEE, 2008, pp. 1–8.

[54] B. Lami and K. Bhattacharya, “Identification of critical components of compos-

ite power systems using minimal cut sets,” in Innovative Smart Grid Technologies

Conference. IEEE, 2015, pp. 1–5.

[55] P. Hilber and L. Bertling, “Monetary importance of component reliability in electri-

cal networks for maintenance optimization,” in Conference on Probabilistic Methods

Applied to Power Systems. IEEE, 2004, pp. 150–155.

[56] G. Latorre, R. D. Cruz, J. M. Areiza, and A. Villegas, “Classification of publications

and models on transmission expansion planning,” IEEE Transactions on Power

Systems, vol. 18, no. 2, pp. 938–946, 2003.

[57] R. Sioshansi and A. J. Conejo, Optimization in Engineering. Springer, 2017.

[58] L. L. Garver, “Transmission network estimation using linear programming,” IEEE

Transactions on Power Apparatus and Systems, no. 7, pp. 1688–1697, 1970.

[59] R. Villasana, L. Garver, and S. Salon, “Transmission network planning using linear

programming,” IEEE Transactions on Power Apparatus and Systems, vol. PAS-104,

no. 2, pp. 349–356, 1985.

[60] H. Youssef and R. Hackam, “New transmission planning model,” IEEE Transactions

on Power Systems, vol. 4, no. 1, pp. 9–18, 1989.

[61] Y. Dusonchet and A. El-Abiad, “Transmission planning using discrete dynamic

optimizing,” IEEE Transactions on Power Apparatus and Systems, vol. PAS-92,

no. 4, pp. 1358–1371, 1973.



Bibliography 160

[62] N. Alguacil, A. L. Motto, and A. J. Conejo, “Transmission expansion planning: A

mixed-integer lp approach,” IEEE Transactions on Power Systems, vol. 18, no. 3,

pp. 1070–1077, 2003.

[63] S. De La Torre, A. J. Conejo, and J. Contreras, “Transmission expansion planning

in electricity markets,” IEEE Transactions on Power Systems, vol. 23, no. 1, pp.

238–248, 2008.

[64] L. Baringo and A. Baringo, “A stochastic adaptive robust optimization approach

for the generation and transmission expansion planning,” IEEE Transactions on

Power Systems, vol. 33, no. 1, pp. 792–802, 2017.

[65] A. Bagheri, J. Wang, and C. Zhao, “Data-driven stochastic transmission expansion

planning,” IEEE Transactions on Power Systems, vol. 32, no. 5, pp. 3461–3470,

2016.

[66] A. J. Conejo, L. Baringo, S. J. Kazempour, and A. S. Siddiqui, “Investment in

electricity generation and transmission,” Cham Zug, Switzerland: Springer Inter-

national Publishing, vol. 106, 2016.

[67] N. R. Romero, L. K. Nozick, I. D. Dobson et al., “Transmission and generation

expansion to mitigate seismic risk,” IEEE Transactions on Power Systems, vol. 28,

no. 4, pp. 3692–3701, 2013.

[68] T. Lagos, R. Moreno, A. N. Espinosa et al., “Identifying optimal portfolios of re-

silient network investments against natural hazards, with applications to earth-

quakes,” IEEE Transactions on Power Systems, vol. 35, no. 2, pp. 1411–1421, 2019.

[69] E. Nery et al., Resiliência de Sistemas Eletroenergéticos. Interciencia, 2019.
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