Provided by the author(s) and NUI Galway in accordance with publisher policies. Please cite the published
version when available.

Title

Author(s)

An Economic Evaluation of Wave Energy Conversion Devices

Farrell, Anthony Niall

Publication
Date

2012-11-28

Item record

http://hdl.handle.net/10379/3347

Downloaded 2023-01-08T23:46:40Z

Some rights reserved. For more information, please see the item record link above.

An Economic Evaluation of Wave
Energy Conversion Devices
Anthony Niall Farrell

Supervisors: Professor Cathal O’Donoghue
Dr. Karyn Morrissey

Discipline of Economics,
J.E. Cairnes School of Business and Economics,
National University of Ireland, Galway
November 2012

Abstract
The ambition to achieve an environmentally sustainable, cost-effective and secure future
energy supply has motivated greater use of renewable resources for electricity generation.
The majority of renewable capacity to date has been served by wind turbine technology.
However, current Irish energy policy has expressed a desire to diversify renewable energy
portfolios by increasing the share of electricity generated by alternate renewable
technologies. Ireland has a considerable wave energy resource and, as such, the deployment
of Wave Energy Conversion (WEC) devices has been cited as contributing to such
diversification. An appropriate economic evaluation of this decision must consider each of
the costs and benefits that comprise the economic trade-off associated with deployment.
Given the pre-commercial nature of these devices, many of these parameters are unknown or
uncertain.
This thesis develops three modelling frameworks to improve the understanding of uncertain
or unknown parameters determining cost-effective WEC deployment, thus improving the
fidelity of WEC policy appraisal in Ireland. The need for this contribution is motivated
through discussions of the policy, market and economic context for WEC deployment. The
first modelling framework presented comprises a probabilistic method of device cost
estimation. This allows a degree of likelihood to be placed on a cost or profitability estimate,
improving the interpretation of values for the appraisal of investment and policy support. The
second modelling framework presented builds on this by developing a real options modelling
approach to analyse the deployment trade-off relative to dynamic fuel and carbon prices. This
model identifies the time period and economic conditions for cost-effective deployment.
The final section of this thesis analyses the spatial and micro-level distribution of socioeconomic impact as a result of WEC deployment using Spatial Microsimulation. In providing
this contribution, a Spatial Microsimulation framework is created, known as SMILE. A novel
statistical matching algorithm known as ‘Quota Sampling’ is developed thus providing a
methodological contribution to the literature of Spatial Microsimulation. This thesis
concludes by outlining future applications and extensions of these modelling frameworks.
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Chapter 1. Introduction
Energy policy of the European Union (EC, 2007; 2010a) is formulated around the goals of
achieving a secure, cost-effective and environmentally sustainable supply. The current and
projected pattern of energy usage presents a considerable challenge in achieving these goals,
however. Fossil fuels such as coal, oil and gas served 85% of primary global energy supply in
2004 (IPCC 2011), with overall use exhibiting a trend of constant growth (IEA, 2009a). In an
Irish context, over 90% of total energy (electricity, gas and heat) requirements are imported
(DCENR, 2009), with 60% of Ireland’s electricity generated by imported gas (DCENR,
2009). At an international level, a trend of increasing reliance on finite resources (BP, 2011)
has raised concerns surrounding security of supply in the long run (EC, 2007; 2010a). From
an Irish perspective, import reliance and a lack of diverse fuel sources exposes the Irish
energy supply to potential supply shocks should any one of the existing supply avenues
become unavailable (DCENR, 2009; Fitz Gerald, 2011). These patterns affect the potential
for achieving a cost-effective supply, whereby a trend of increasing demand in the presence
of a finite resource has resulted in steadily increasing fuel prices (EC, 2010b).
Achieving an environmentally sustainable energy supply is also influenced by these trends.
Burning fossil fuels for energy supply results in greenhouse gas (GHG) emission, a factor
regarded as contributing to climate change (Rogner et al., 2007). According to the Fourth
Assessment Report of the Intergovernmental Panel on Climate Change (IPCC), global
atmospheric concentrations of CO2-equivalent GHG have increased from 275-285ppm in the
pre-industrialised era to 391ppm as of September 2012 (Rogner et al., 2007; Tans and
Keeling, 2012). The most appropriate stabilisation pathway is still unknown, with potential
GHG concentrations in the range of 450-550ppm stated in the literature (den Elzen and
Meinshausen, 2005; Stern, 2007; Murphy et al., 2004; Kuik et al, 2009; DECC, 2009).
IPCC’s 2007 Fourth Assessment Report has asserted that Annex I (developed) countries need
to reduce GHG emissions 25- 40% below 1990 levels by 2020, and 80-95% below 1990
levels by 2050, in order for cumulative emissions to remain below the 450ppm threshold
(Gupta et al., 2007). Although a concentration of 450ppm may represent a lower bound (Kuik
et al., 2009), it is clear that the immediate mitigation of GHG emissions is required to meet
even the least onerous of targets. Reducing emissions from energy use plays a key role in
achieving these goals (Sims, 2004).
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Installed renewable generation in Ireland met 14% of overall electricity demand in 2010
(Eirgrid, 2011), with a 2020 target of 40% penetration (DCENR, 2010). Wind energy
currently comprises the majority of installed renewables, accounting for 1,585MW of a total
1,868MW installed capacity in 2011 (Eirgrid Group, 2011). To meet current targets, it is
envisaged that Ireland will need an installed capacity of 4,350MW renewables by 2020
(Eirgrid & SONI, 2010). Although this may be met by onshore wind energy alone, there is a
desire to diversify the renewable technology portfolio beyond wind (DCENR, 2009). Given
Ireland’s large wave energy resource, wave energy provides one potential opportunity for
diversification (MI and SEI, 2005; ESBI, 2005).
Ireland’s ocean energy strategy has cited enhanced security of supply and potential socioeconomic benefit as primary drivers for diversification through Wave Energy Conversion
(WEC) device deployment (MI & SEI, 2005). Enhanced security of supply may be derived
from less exposure to fluctuating fuel prices and intermittency of output. Allan et al. (2011a)
have shown that a diversified energy portfolio which includes ocean technologies has the
propensity to reduce the exposure of electricity generation cost to fluctuations in international
fuel prices. Furthermore, Carbon Trust (2006) found that adding wave power to the grid may
result in lower overall variability than adding just wind power. Further motivation to adopt
ocean energy is derived from indirect socio-economic benefit, with Ireland’s ocean energy
strategy (MI & SEI, 2005) explicitly stating that “the scale of support offered to achieve
[commercial] deployment will be proportional to the economic and industrial opportunities
offered by ocean energy to the nation”.
The deployment of WEC devices in Ireland is not without criticism, however (Devitt and
Malaguzzi-Valeri, 2011; Fitz Gerald, 2011). WEC devices are at a pre-commercial stage of
development. In order for the listed advantages of deployment to be realised, electricity must
be generated at a cost greater than that incurred for established renewables such as wind. To
accommodate this additional cost, a premium on the publicly-funded Renewable Energy
Feed-in Tariff (REFIT) price-support mechanism is required. Currently, the REFIT scheme
offers €0.068/kWh for onshore wind (DCENR, 2012), with €0.22/kWh proposed for wave
energy (DCENR, 2009). This additional cost is ultimately imposed on electricity consumers,
as the REFIT price support mechanism is funded through a standard levy on all electricity
bills. The imposition of this cost on consumers of electricity has been met with particular
criticism. Devitt and Malaguzzi-Valeri, (2011) have found that the additional social cost
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incurred to support wave energy is disproportionate to other renewables. Based on this
finding, Fitz Gerald (2011) has argued that it is favourable to meet environmental targets by
the cheaper alternative of onshore wind alone.
It is against this policy background that the deployment of wave energy conversion devices
has been proposed in Ireland. Alongside the analyses already discussed, a growing body of
literature exists to offer insight into the potential costs and benefits of deployment (e.g. SQW,
2010; Allan et al., 2011b; Dalton et al., 2012; Teillant et al., 2012; O’Connor et al., 2013).
However, these studies have acknowledged that a range of uncertainty exists surrounding
their findings. Informed debate regarding cost-effective WEC deployment requires a
comprehensive understanding of the associated economic costs (WEC device cost, external
costs) and benefits (avoided GHG, avoidance of high fuel prices, external benefits). It is due
to the presence of this uncertainty that this thesis reviews the current knowledge of WEC
costs and benefits and identifies three areas where further research may mitigate uncertain or
unknown aspects of this economic trade-off. In particular, 3 modelling frameworks are
created to give greater insight into the;
1.

uncertainty of wave energy cost,

2.

the temporal optimality of wave energy deployment and;

3.

the micro-level distribution of socio-economic impacts.

The contributions offered by each framework are demonstrated in the context of Irish policy
evaluation, thus informing the debate on WEC deployment in Ireland.

1.1.

Aims and Objectives

The central aim of this thesis is to provide a greater understanding of three uncertain or
unknown aspects of the policymaker’s decision to support the deployment of wave energy
conversion devices in Ireland. To achieve this aim the following research objectives have
been formulated:
1.

To review the policy and market background against which wave energy
conversion devices are to be introduced in Ireland.

2.

To define and review the economic trade-off faced by a policymaker when
deciding to support the deployment of a novel renewable energy technology such
as wave energy. Doing so by means of a literature review will identify the gaps in
current understanding to be addressed by this thesis.
3
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3.

To build a probabilistic model to quantify the uncertainty surrounding wave
energy conversion device cost estimates.

4.

To use the probabilistic model to identify prudent cost estimates for policy
appraisal; to evaluate the current price support policy and identify effective rates
of price support; and to inform device developers as to the rates of cost reduction
required to achieve economically feasible deployment under current policy.

5.

To build a Real Options model to analyse the dynamic interaction of uncertain
WEC cost progression and uncertain future fuel and GHG prices

6.

To apply the Real Options model to determine the time period and market
characteristics under which wave energy deployment is cost-effective; to provide
a full account of potential deployment criteria conditional on concurrent
expectations of future costs and fuel/GHG prices; to inform the policy debate as
to the cost premium of sub-optimal deployment.

7.

To create a spatial microsimulation framework for the entire Irish population,
known as the Simulated Model of the Irish Local Economy (SMILE) to facilitate
socio-economic analysis at the local and micro-level.

8.

To improve on existing methodologies of spatial microsimulation by developing a
statistical matching technique of greater computational efficiency. This is known
as Quota Sampling.

9.

To test the validity of the new statistical matching technique to ensure reliability
of output.

10.

To use the spatial microsimulation model to assess the net distributional impact of
socio-economic benefits and costs that may arise from wave energy conversion
device deployment.

11.

To examine how the findings and modelling frameworks presented in this thesis
may inform the direction of future work.

4
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1.2.

Structure of this Thesis

In order to achieve the stated research objectives, the structure of this thesis is outlined in
Table 1.1.
Chapter
Chapter 2
Chapter 3
Chapter 4
Chapter 5
Chapter 6
Chapter 7
Chapter 8
Chapter 9

Table 1.1: Thesis Chapter and Associated Objectives
Objective
1
2
3,4
5,6
7,8
7,8,9
10
11

Each chapter will now be outlined in greater detail.
Chapter 2 discusses the rationale for renewable energy deployment and introduces the reader
to the Irish electricity market. This comprises a discussion of international energy and
environmental policy and how this has resulted in current Irish renewable energy targets.
Within this context, the rationale for supporting WEC deployment is offered, with supporting
policy and the current status of industry development outlined.
Chapter 3 outlines the economic issues pertaining to WEC deployment. The economic costs
and benefits which policy-makers must consider when evaluating the decision to provide
policy support for WEC device deployment are defined. A review of the relevant literature
pertaining to each of these factors is offered. This discussion identifies the gaps in the current
level of understanding to be addressed by this thesis. These gaps comprise the uncertainty of
device cost, dynamic cost-effectiveness and the distribution of socio-economic impact.
Chapter 4 develops a probabilistic model of WEC cost analysis to aid the interpretation of
uncertain cost parameters in the economic appraisal of WEC deployment. This provides a
number of contributions to the current literature. First, this methodology is applied to
quantify the level of uncertainty inherent in a given cost value, assisting interpretation for
both policy appraisal and investment analyses. This is applied to current cost estimates,
quantifying the certainty of their occurrence for the deployment of the Pelamis WEC device
in Ireland. Such quantification may be used to further inform the economic trade-off for
WEC deployment. Second, the current policy of price support is analysed to determine
whether it provides a return that is adequate to incentivise deployment. The probabilistic
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methodology allows for cost uncertainty and thus risk of inadequate policy support to be
incorporated into policy evaluation. Taking Ireland as a case study, this methodology is
applied to assess different Renewable Energy Feed-in Tariff (REFIT) price support
mechanisms for the Pelamis WEC device. Third, the probabilistic model is used to calculate
the rates of cost reduction required for economically feasible deployment under current Irish
policy. This analysis may inform device developers as to appropriate cost reduction targets in
order to achieve cost-effective deployment.
Chapter 5 builds on the probabilistic analysis presented in Chapter 4 to analyse the
uncertainty of WEC device cost relative to uncertain future fuel and GHG costs in a dynamic
setting. In doing so, this chapter ascertains the time period and market conditions at which a
policy of supporting WEC deployment is cost-effective, relative to an alternate fossil fuelbased technology. The incorporation of uncertainty in a temporal decision-making model
requires a sophisticated methodology beyond that of deterministic parity analysis, which rely
on the assumption of predictable future costs and analyse investments on a ‘now or never’
basis. As such, a real options modelling framework is developed. This incorporates the
uncertain dynamic interaction of fluctuating WEC cost, fossil fuel and greenhouse gas cost
into the policy decision. This is the first such real options analysis applied to consider the
temporal optimality of WEC deployment. A sensitivity analysis is carried out to identify
deployment criteria if scenario parameters vary beyond expected values. This analysis is
carried out in relation to costs internal to the electricity market only. However, the net
cost/benefit of enacting a policy of WEC support is calculated for each time period. This may
be used by as a benchmark against which external net cost/benefits may be compared for
comprehensive deployment evaluation.
An introductory note precedes Chapter 6 to introduce the reader to the socio-economic
analysis section of this thesis, whereby chapters 6, 7 and 8 construct a framework through
which the distribution of socio-economic impacts as a result of wave energy deployment may
be identified. This is carried out by creating a spatial microsimulation model of the Irish local
economy, known as SMILE (Simulated Model of the Irish Local Economy). This is a micro
unit-based model comprised of individuals grouped into households, through which
distributional analyses of spatially-explicit socio-economic changes may be analysed.
Building on the work of Ballas et al. (2006a) and Morrissey et al. (2008), Chapter 6
introduces the concept of microsimulation and motivates the need for SMILE. The SMILE
modelling platform is based on a synthetic dataset created by statistically matching small area
6
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census data with survey microdata to create an attribute-rich, spatially-explicit micro dataset.
The procedure of creating this SMILE modelling platform is outlined. In doing so, a
methodological contribution is made to the literature of spatial microsimulation by presenting
a new statistical matching technique, called ‘quota sampling’. This is a ‘probabilistic
reweighting’ procedure which uses random selection to reweigh nationally representative
survey microdata to be representative at the sub-national level, in accordance with small area
census distributions. This new approach improves the computational efficiency of previous
methodologies, widening the scope of application for spatial microsimulation modelling.
Having discussed the statistical matching procedure in Chapter 6, Chapter 7 outlines the
validation of this new procedure. Validation is an important step in the creation of a
microsimulation model to ensure that the simulation procedure is robust and the results
reliable. To carry this out, SMILE is synthesised by the Quota Sampling algorithm using
2002 data, with a number of validation procedures employed to ensure the process of data
synthesis results in a distribution of socio-economic attributes which corresponds to known
distributions both internal and external to the validation process. To complement the quota
sampling procedure, a calibration procedure is described. This ensures variables
unconstrained in the statistical match conform to known distributions, something which is
especially important in relation to income, as the application of SMILE in Chapter 8 requires
an accurate profile of spatial incomes. The performance of this process is assessed by
calibrating variables unconstrained in the quota sampling procedure to 2002 aggregate
distributions. Finally, an illustrative application of SMILE is given. The simulated data for
2002 is used in conjunction with a tax-benefit model developed by O’Donoghue et al.
(2012a) to analyse the redistributive effect of Irish tax-benefit policy in a spatial context.
Chapter 8 applies SMILE to identify the spatial and micro-level distribution of economic
benefit and cost as a result of WEC deployment. Additional employment and thus income for
certain individuals/households may result from WEC deployment. This is made possible by a
consumer-levied REFIT tariff, which may have a negative effect on household income. This
chapter analyses the change in income distribution arising from both of these effects. The
spatial microsimulation technique outlined in Section 6 and validated in Section 7 is applied
to generate a spatially representative distribution of income and employment using 2006
census data. Household income is adjusted to elicit the income effect as a result of REFIT
policy. This is linked to a simulated profile of additional employment as a result of WEC
deployment. Changes in the spatial profile of employment and income are then simulated to
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identify the distribution of socio-economic benefit. Analysing both of these effects together
allows for the net redistributive effect of WEC deployment to be identified. The framework
of analysis presented in this chapter allows for such impacts to be identified at a micro and
spatially-explicit level that was not previously possible in Ireland. This chapter also provides
a contribution to the literature of microsimulation, as, to the author’s knowledge, this is the
first empirical use of spatial microsimulation to predict income redistribution as a result of a
publically-financed policy to promote economic development.
Finally, Chapter 9 summarises the main results of the thesis and recommends some areas for
further research using each of the three modelling frameworks presented.

1.3.

Outputs from this thesis

A number of outputs in the form of book chapters have arisen from the research presented in
this thesis;


‘Creating a Spatial Microsimulation of the Irish Local Economy’ (N. Farrell, K.
Morrissey and C. O’Donoghue) based on elements of chapters 6 and 7 has been peerreviewed by a scientific committee and will be published in a ‘Spatial
Microsimulation: A Reference Guide for Users’ (eds. K. Edwards and R. Tanton) in
January 2013.



A second book chapter also based on elements of chapters 6 and 7 of this thesis
entitled ‘The SMILE Model: Construction and Calibration’ (C. O’Donoghue, N.
Farrell, K. Morrissey, J. Lennon, D. Ballas, G.P. Clarke and S. Hynes) has been
published in ‘Spatial Microsimulation for Rural Policy Analysis’ (eds. C.
O’Donoghue, D. Ballas, G.P. Clarke, S. Hynes and K. Morrissey) in October 2012.

Working papers based on the research of chapters 4, 5, and 8 have been produced for the
Socio-Economic Marine Research Unit (SEMRU) working paper series at NUI Galway and
are also being prepared for submission to international peer-reviewed journals.
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The research carried out within this thesis has been presented at a number of national and
international conferences. These include;


Farrell, N., Morrissey, K., O’Donoghue, C. (2012), Estimating the Regional SocioEconomic impact of an Irish Wave Energy Supply chain using Spatial
Microsimulation, European Meeting of the International Microsimulation Association,
Dublin, 17-19 May 2012.



Farrell, N., Morrissey, K., O’Donoghue, C. (2012), Quota Sampling as a Method for
Creating a Spatial Microsimulation Model, European Meeting of the International
Microsimulation Association, Dublin, 17-19 May 2012.



Farrell, N., Morrissey, K., O’Donoghue, C. (2012), The Deployment of WEC Devices
in the Presence of Uncertainty using Real Options Analysis, ESRI Guest Seminar,
Dublin, 27 March 2012.



Farrell, N., Morrissey, K., O’Donoghue, C. (2011), Appraisal of the Irish Renewable
Energy Feed-in Tariff for Wave Energy Conversion Devices. Regional Science
Association International: British-Irish Section, Cardiff, 8 September 2011.



Farrell, N., Morrissey, K., O’Donoghue, C. (2011), Appraisal of the Irish Renewable
Energy Feed-in Tariff for Wave Energy Conversion Devices. Irish Society for New
Economists, The Institute of Bankers, Dublin, 19 August 2011.



Farrell, N., Morrissey, K., O’Donoghue, C. (2011), Economic Evaluation Of Marine
Based Energy Sources, NUIG, Energy Night, 2011, Energy Research Poster Session,
26 January 2011.



Farrell, N., Morrissey, K., O’Donoghue, C. (2011), Marine-Based Energy Sources,
NUIG, Ryan Institute Research Day, Poster and Oral Presentation, 9 June 2011.



Farrell, N., Morrissey, K., O’Donoghue, C. (2010), Economic Impacts of an Irish
Marine Renewable Energy Supply Chain: A Regional Analysis, Glasgow, Regional
Science Association International: British-Irish Section, 25 – 27 August 2010



Farrell, N., Morrissey, K., O’Donoghue, C. (2009), Economic Evaluation of Marine
Renewable Energy. Teagasc Lunchtime Seminar. RERC, Teagasc, Athenry, 10 July
2010.



Farrell, N., Morrissey, K., O’Donoghue, C. (2009), Modelling Investment in Marine
Renewable Energy using Real Options Analysis. Presentation to Inaugural Irish Rural
Studies Symposium. RERC, Teagasc, Athenry, 1 September 2009.
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1.4.

Summary

This thesis develops three modelling frameworks to aid the interpretation of uncertain or
unknown parameters influencing the decision to deploy WEC devices. The probabilistic
model developed in Chapter 4 places a degree of likelihood on achieving a given cost
estimate, mitigating the difficulty presented by uncertain cost estimates in economic
evaluation. This is applied given current data available in the public domain, whilst also
contributing a framework through which future uncertainties may be quantified when further
information becomes available. Indeed, a framework is created whereby the uncertainty
surrounding the cost and/or economic return of any future novel energy device may be
quantified.
A similar framework is created in Chapter 5 to assess the dynamic interaction of uncertain
WEC cost and fossil fuel/GHG prices. The future evolution of GHG and fuel markets is
subject to considerable uncertainty. The choice of future energy technologies must consider
this uncertainty when planning a future schedule of capacity addition. The Real Options
model developed in Chapter 5 provides a framework through which such uncertainties may
be incorporated into capacity appraisal by policymakers.
Chapters 6-8 present a spatial microsimulation model (SMILE) which builds on work carried
out by Ballas et al., (2006a) and Morrissey et al. (2008). This model’s principal contribution
is the ability to analyse policy change across a broad number of sectors at a disaggregated
spatial level that would otherwise not be possible in Ireland. Using this model, it is possible
to produce spatially disaggregated population data, so that policy-makers can simulate the
effect of new policy proposals at the individual, household and/or small area, ED level. This
will be applied in this thesis to analyse the net redistributive effects of WEC policy,
complementing analyses at an aggregate, macro-level.
Alongside the model itself, the statistical matching procedure developed to create SMILE
also provides a contribution to the literature of spatial microsimulation. This is a
computationally efficient procedure known as Quota Sampling which makes a wider range of
applications for spatial microsimulation more practicable.
Having provided a general overview, Chapter 2 will now proceed by providing the market
and policy context through which the analyses contained within this thesis are carried out.
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Wave Energy Deployment in Ireland.
2.1.

Introduction

The purpose of this chapter is to provide an appropriate context for the analysis of Wave
Energy Conversion (WEC) device deployment in Ireland. Section 2.2 begins this discussion
by outlining current international trends in energy markets, motivating the deployment of
renewable energy technologies in the pursuit of a sustainable electricity supply. International
measures to help achieve this are discussed in Section 2.3. The remainder of this chapter
translates these international effects into an Irish context. In order to provide an appropriate
context for this, Section 2.4 outlines the operation and development of Ireland’s Single
Electricity Market (SEM). Section 2.5 builds on Sections 2.3 and 2.4 to discuss how
international renewable energy commitments have been applied in an Irish context and the
implications this may have for a future portfolio of electricity generation in Ireland’s SEM.
Having outlined the policy and market background, Section 2.6 introduces the reader to WEC
devices. The concept of wave energy is explained and a list of prominent technologies is
given. This is followed by a discussion of the policy context and stage of commercial
development for WEC technologies in Ireland. This chapter concludes in Section 2.7 with a
discussion of the current stage of commercial development in achieving stated policy goals.

2.2.

The Rationale for Renewable Energy Deployment

A sustainable energy supply has been defined by EU Energy Policy (European Commission,
2007; 2010a) as comprising the three central ‘pillars’ of security, cost-effectiveness and
environmental sustainability. The security and cost-effectiveness of future energy supplies is
determined by access to fuel resources. Fossil fuels such as coal, oil and gas served 85% of
global total primary energy supply1 in 2004 (IPCC 2011). Fossil fuels are decomposed
organic material that have been formed 286-360 million years ago and for the purposes of
human use these fuels are in finite supply and thus considered non-renewable. If current rates
of consumption were to remain constant, it has been suggested that proven global gas, oil and
coal reserves are likely to run out in 58, 46 and 118 years respectively (BP, 2011). The point
1

Total Primary Energy Supply comprises energy in the form of electricity, heat and gas. A reference to energy
in this chapter collectively refers to electricity, heat and gas provision.
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at which reserves may run out may be even sooner however, as recent trends of energy
consumption suggest that total global energy demand will rise by 1.5% per annum from 2009
to 2030, totalling 40% over the duration, whilst electricity demand is expected to grow by
2.5% per annum during this period (IEA, 2009a).
This trend may affect the ability to maintain existing standards of living. Modern economies
have relied on easy access to affordable energy sources in order to maintain the standards of
living to which they have become accustomed. However, the outlined trend of demand
growth in the presence of a finite supply has contributed to a steadily increasing price of
fossil fuels. This trend is discussed in IEA (2009a) and EC (2010b). Not only do such price
increases threaten standards of living, but much of this supply is imported from outside the
EU (EC, 2007). As such, this trend may result in greater imports and thus a greater transfer of
EU wealth to entities located outside the EU (EC, 2007). Given these trends, the long-term
maintenance of energy prices at affordable levels, and reduced leakage of EU wealth,
requires reduced reliance on finite fossil fuel resources. To achieve this whilst maintaining
existing rates of consumption, alternative sources of energy are required. The alternative to a
fossil fuel-based energy source is a renewable resource (IPCC, 2011). A greater share of
renewable resources in the supply of energy is thus required.
Concerns regarding the harmful environmental effects of Greenhouse Gas (GHG) emission
have provided further motivation for the proliferation of renewable energy. The combustion
of fossil fuels for energy generation results in the emission of Carbon Dioxide (CO2), a
primary contributory factor to global climate change. It has been estimated that the
combustion of fossil fuels accounted for 56.6% of all anthropogenic GHG emissions (CO2equivalent2) in 2004 (Rogner et al., 2007).
According to the Fourth Assessment report of the Intergovernmental Panel on Climate
Change (IPCC), global atmospheric CO2 concentrations have increased from 275-285ppm in
pre-industrialised era to 391.05ppm in September 2012 (Tans and Keeling, 2012; Rogner et
al., 2007). The precise effect these changes may have on the global climate is unknown. It has
been stated that climate change must be limited to within 2˚C above pre-industrial
temperatures to avoid severe adverse effects (den Elzen and Meinshausen, 2005). The most
appropriate stabilisation pathway to achieve this is still unknown, with potential GHG

2

Using Carbon Dioxide as a benchmark, carbon dioxide equivalent is a measure used to compare the emissions
from various greenhouse gases based on their global warming potential (OECD, 2012).
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concentrations in the range of 450-550ppm stated in the literature (den Elzen and
Meinshausen, 2005; Stern, 2007; Murphy et al., 2004; Kuik et al, 2009; DECC, 2009).
Within this range, stabilisation of CO2 concentrations at 450ppm is said to avert the most
severe consequences on human and ecological systems with a likelihood of 60% or greater.
(den Elzen and Meinshausen, 2005; Stern, 2007; Murphy et al., 2004). IPCC’s 2007 Fourth
Assessment Report asserted that Annex I (developed) countries need to reduce GHG
emissions 25- 40% below 1990 levels by 2020, and 80-95% below 1990 levels by 2050, in
order to stabilize below the 450ppm threshold (Gupta et al., 2007). Although a concentration
of 450ppm may represent a lower bound of potential abatement targets (Kuik et al., 2009), it
is clear that the immediate mitigation of GHG emissions in energy use plays a key role in
meeting even the least onerous of targets (Sims, 2004).
This section has demonstrated that in order to sustain existing standards of living, energy
must remain affordable. Achieving this goal and that of avoiding irreversible environmental
damage requires a major shift in how energy is produced and utilised. It is based on these
driving factors that policies to achieve sustainable and secure future energy supply portfolios
incorporate increasing shares of renewable generation technology3 (See, for example, EC,
2011). These policies will now be outlined.

2.3.

International Measures to Develop Renewable Energy

At an international level, environmental sustainability has been the primary motivating factor
influencing renewable energy deployment. Environmental commitments have been
determined by the United Nations Framework Convention on Climate change (UNFCCC), an
international treaty established at the United Nations Conference of Environment and
Development in 1992 (UNFCCC, 2012). Although this treaty did not place binding
environmental commitments with respect to global climate change, it provided the framework
through which updates or ‘protocols’ may be established which set mandatory emission
limits. It is through this convention that the international mechanisms of the Kyoto protocol
(Kyoto Protocol, 1997) and the Copenhagen Accord (Copenhagen Accord, 2009) have been
implemented.
The Kyoto protocol comprises the first binding international environmental agreement to
reduce global GHG emissions. Under this programme, the EU-15 have been obliged to
3

For Example, the European Energy Roadmap 2050 (EC, 2011) analyses a number of scenarios whereby
environmental commitments may be achieved. The analysed scenarios find that renewable energy rates of
penetration in the order of 45%-97% are required by 2050.
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reduce GHG emissions to 8% below 1990 levels by 2012, with a burden sharing mechanism
within the EU’s commitment requiring Ireland to reduce CO2 emissions to no more than 13%
above 1990 levels (Kyoto Protocol, 2007). Expiring in 2012, the current successor to the
Kyoto protocol is the Copenhagen Accord. The Copenhagen Accord is not a legally binding
commitment, but rather member states have ‘pledged’ to reduce a certain amount of GHG
emissions. Under the Copenhagen Accord, the EU have pledged to reduce GHG emissions to
20% less than 1990 levels by 2020, whilst the US have pledged a reduction of 4%
(Copenhagen Accord, 2009). The Copenhagen Accord has failed to produce a legally binding
agreement to extend the mandate of the Kyoto Protocol, and it has been suggested that a
number of controversies and disagreements at the 2010 summit lessened the ability of those
present to achieve a legally binding commitment (Christoff, 2010). As such, the Copenhagen
Accord suggests that developed countries reduce their GHG emissions by 12-19% less than
1990 levels by 2020. This is considerably less than the 25-40% reduction suggested by
scientists to limit climate change to a 2 degree increase (Gupta et al., 2007; Christoff, 2010).
However, subsequent to Copenhagen, progress on ratifying a legally binding agreement was
made at the Durban Climate Change convention of November/December 2011, where it has
been stated that a legally binding successor to the Kyoto protocol should be in place by 2015
at the latest (UNFCCC, 2011).
It is based on these environmental commitments that binding renewable energy targets have
been put in place through devolved European and domestic Irish policy. Ireland is bound to
comply with the EU’s consolidated energy and environmental policy known as the ‘Climate
Action and Renewable Energy Package’ (EC, 2012a). Current European targets stipulate that
20% of consumed energy be sourced from renewables by 2020, with Ireland bound to a 16%
commitment for that period (European Parliament and Council, 2009). It should be noted that
the directive sets gross mandatory emission targets for each member state, but sectoral shares
amongst heat, transport and electricity are left for individual Member States to determine,
along with the policy instruments employed.
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2.4.

Ireland’s Electricity Market

Having discussed the need for renewable electricity generation and international policy
commitments, this chapter will now turn to the devolution of these requirements at a
domestic level in Ireland. To adequately understand the implications of such policy measures,
the market context through which they may be introduced needs to be properly understood.
This section will thus overview the structure and operation of Ireland’s electricity market.
At its most basic level, an electricity market operates by generating electricity at a number of
generating stations and passing this electricity through a distribution system to the point of
consumption. Currently, there is no technology that can store electricity in a cost effective
manner and thus supply must equal demand at every moment in time (AEMO, 2010). This
instantaneous balancing is made easier as consumers share common patterns of usage (e.g.
common sleeping patterns, meal times and hours of work) and thus electricity usage is highly
predictable throughout the day. A typical daily load profile is illustrated in Figure 2.1, where
one can see a slump in demand during the night-time hours of 1.00-6.00, a midday plateau
during the hours of 10.00-16.00 and a peak in demand at 17.00-19.00. This daily pattern is
observed throughout the year, with a greater overall level of demand in winter than in
summer, reflecting greater heat and light requirements.
Figure 2.1: Irish Single Electricity Market System Demand 16 February 2012
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The Australian Energy Market Operator provides an intuitive explanation of the various
stages involved in a typical system of electricity supply (AEMO, 2010). First, electricity is
generated at a generating station. This is then transported across the country by means of the
transmission network. The transmission network is used to transport electricity over long
distances at high voltage and may be considered the ‘highway’ of electricity transmission.
Transmission networks are a natural monopoly, as they are large in nature and excessive cost
prohibits the creation of a competing network (Filippini, 1998).
Electricity is distributed from the transmission network to the point of consumption by means
of the distribution network. This network is analogous to the local roads connecting a
highway to one’s house. Like the transmission system, the distribution network is also a
natural monopoly (Filippini, 1998). Finally, there must be co-ordination between the
generation of electricity and the billing of consumption by consumers. This is carried out by
suppliers, with many suppliers often competing in a liberalised market.
If one public body provides all of these electricity market services, then a vertically
integrated structure exists. Alternatively, there may be a competitive electricity market, with
a number of entities operating. Three models of market design exist to co-ordinate such
activity; the Power Exchange Model, the Power Pool Model and the use of Direct Bilateral
Contracts. A Power Exchange Model employs an auction process, whereby generator bids are
matched with supplier bids by a third party ‘auctioneer’, with a price determined such that the
market clears (Fumagalli et al., 2007). A Power Pool is a similar mechanism whereby each
individual generator bids a quantity-price combination for each trading period. All bids are
‘pooled’ and the least cost combination is dispatched for that period. The price is determined
by the most expensive unit dispatched (The Competition Authority, 2006; 2010). A Direct
Bilateral Contract involves private negotiation between suppliers and generators to coordinate market operations and is the least transparent mechanism of trade (Hausman et al.,
2008). Ireland’s electricity market has developed from a vertically integrated structure to a
Power Pool Model. This development will now be outlined.
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2.4.1 Development of Ireland’s Electricity Market
In order to provide an organised and reliable service for all, the Electricity Supply Board
(ESB) was established in 1927. Its primary objective was ‘to make provision for the
reorganization and regulation of the generation, transmission, distribution, and supply of
electricity throughout the State’ (Electricity (Supply) Act, 1927). The ESB was given sole
responsibility for providing electricity through a vertically integrated structure, and
proceeded to take control of the first large scale Irish generating plant; the Hydroelectricity
plant at Ardnacrusha on the River Shannon. Comprising 85MW of installed capacity, this
plant was sufficient to meet 70% of Ireland’s electricity demand, with the remainder
primarily being provided by an old coal-fired station in Pigeon House, Dublin. Drought in
1933 motivated the expansion of the Pigeon House site, along with further hydro stations
built on the rivers Liffey, Erne and Lee. By 1953, 60% of Irish electricity was produced by
hydroelectricity (Lang, 1969).
Throughout the 1950s, emphasis was placed on the development of peat fired power stations,
in order to take advantage of Ireland’s only significant natural mineral resource. During the
period of their construction, peat-fired boilers were more costly than equivalent oil or coalfired boilers, with the volume of milled peat required being eight times that of coal for a
given rate of electricity output (Lang, 1969). Despite the need to locate peat generation
stations in remote midlands areas, the potential for employment in harvesting and the security
of supply benefits that accompanied the use of indigenous fuel overrode concerns of costeffectiveness (Jacobs, 2001). A number of further stations were built in 1950-1969 to
diversify the generation portfolio and by the end of 1964 the generating capacity was divided
in the ratio 26% hydro, 39% peat, and 35% fuel oil (Lang, 1969).
With an increase in economic activity in the 1970s and 1980s came an increase in the demand
for electricity. As a result, Ireland’s largest generating stations were constructed at
Moneypoint, Co. Clare (915MW) and Poolbeg, Co. Dublin (1015MW), burning coal and
gas/oil respectively. Once again, the choice of fuel employed was decided upon based on
maintaining a diverse fuel portfolio, with coal chosen at Moneypoint due to a perceived overreliance on oil and a forecasted decline in future peat stocks. This station came on-stream in
1987 at a time of poor economic performance, resulting in considerable overcapacity in
electricity generation. The need to finance this excess capacity resulted in electricity prices in
excess of other EU countries were experienced throughout the 1980s and 1990s, negatively
affecting both welfare and international competitiveness. A decline in real prices was
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experienced at the end of the 1990s, however, as economic activity increased to meet this
overcapacity. By 2000, this excess capacity had been significantly eroded and new capacity
was required (Fitz Gerald et al., 2005).
Aside from a number of small-scale operations supplementing generation, the ESB had a
complete monopoly in all aspects of electricity generation and supply/consumer interface
from its inception to 2000 (Energy Ireland, 2009). This changed in the 2000s when a
liberalised market was developed. This was motivated by EU legislation to establish common
rules for European electricity markets (EC, 1997) and the observed lower prices in
jurisdictions with increasing levels of private electricity production (Jacobs, 2001). Thus, a
liberalised ‘all-island’ (i.e. both Northern Ireland and the Irish Republic) market, known as
the Single Electricity Market (SEM) came into effect as of 1st of November, 2007.
2.4.2 Electricity Supply in the Single Electricity Market
The Single Electricity Market is a joint venture between regulating bodies in both the
Republic and Northern Ireland. The structure of this market is displayed in Table 2.1, and
may be described as follows. The Commission for Energy Regulation (CER) and Northern
Ireland Authority for Utility Regulation (NIAUR) are the independent bodies appointed to
regulate the electricity markets in the Irish Republic and Northern Ireland respectively.
These bodies grant licences to market participants and approve generation and network
connection. In the Irish Republic, the ESB has been split into a number of divisions to
encourage competition and transparency, whilst still remaining under the parent company of
ESB Group. These operations include ESB Power Generation, ESB Networks, and Electric
Ireland (formerly ESB Customer Supply).
The various bodies of the ESB operate separately via a ‘ring-fenced’4 arrangement to
encourage competition, despite stemming from the same parent company. The operation of a
number of these subsidiary groups has been transferred to encourage competition. Although
still owned by ESB, the Transmission System Operator (TSO) function has been transferred
from ESB to an independent body known as Eirgrid, and the distribution system operator role

4

Ring-fencing requires that each entity of ESB group must have separate management and financial accounts.
Ring-fencing also prohibits cross-subsidies and imposes an obligation that all contracts between affiliates of the
same company are on an arm’s length basis and on normal commercial terms. In the absence of ring-fencing,
generators might have an incentive to sell electricity to their affiliated supply companies at below the price that
other retail suppliers would be willing to pay, to the detriment of rival suppliers (The Competition Authority,
2010).
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of ESB has been established as a separate body known as ESB Networks (The Competition
Authority, 2010).
Like ESB in the republic, Northern Ireland Electricity (NIE) was established in 1973 to
generate, transmit and supply electricity in Northern Ireland. The operations of NIE have
since been separated, with much of this separation carried out to accommodate the liberalised
structure of the SEM. In 1992/1993, the power generation assets were sold to private owners
(NIE, 2012). NIE was transferred to a holding company known as Viridian in 1998 to allow
for operation in other markets, such as the Irish republic. With the establishment of the SEM
in 2007, the supplier role (now known as Power NI) was transferred to a subsidiary of
Viridian. To ensure independence of distribution and system operation, NIE retained the
transmission and distribution element of this business at this time. However, the TSO in
Northern Ireland, known as the System Operator for Northern Ireland (SONI) was
subsequently sold by Viridian to Eirgrid in 2009. The remaining transmission and distribution
assets of NIE were purchased by ESB Group in 2010, with NIE now acting as a subsidiary of
that operation (NIE, 2010; Utility Regulator, 2012).
The administrative bodies in the republic and north of Ireland interact through the Single
Electricity Market Operator (SEMO) in the following way. SEMO facilitates the continuous
operation and administration of the Single Electricity Market and is managed as a contractual
joint venture between Eirgrid and SONI. SEMO is licensed and regulated cooperatively by
the CER in the Irish republic and NIAUR in the north of Ireland (SEMO, 2013).
Table 2.1: Market Operators in the Single Electricity Market
Market Role

Republic of Ireland
Owner
Operator

Generation
Many
Transmission ESB
Distribution ESB
Networks
Supply
N/A

Many
Eirgrid
ESB
Networks
Many

Regulator

Northern Ireland
Owner
Operator

Regulator

CER
CER
CER

Many
NIE
NIE

Many
SONI
NIE

NIAUR
NIAUR
NIAUR

CER

N/A

Many

NIAUR

Adapted from: The Competition Authority, 2010
The Single Electricity Market (SEM) is a pool-based mechanism for the sale of electricity by
generating units to suppliers across the island of Ireland. All suppliers are obliged to trade
electricity through the SEM, as are generators with a capacity greater than 10MW5 (All
5

Smaller generators have the option of participating in the SEM, or may trade direct with suppliers via bilateral
agreements. This helps to overcome the prohibitively large administrative burden of SEM participation.
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Island Project, 2007). This pool structure fragments the vertically integrated framework
which existed under the previous ESB monopoly, whereby non-ESB generated electricity
was traded by means of bilateral contracts, a mechanism which lacked transparency and thus
cost-effectiveness. Wind energy currently comprises the majority of installed renewables,
accounting for 1,585MW of a total 1,868MW installed capacity in 2011 (Eirgrid Group,
2011) As of the 31st of December 2011, there was 6,829MW of installed capacity in the
SEM. 2011 load varied from a minmum of 1,678MW at 5.45 on 6th March, to 4,644MW at
17.45 on 5th January. The maximum level of wind output was recorded in 2011, totalling
1,474MW on 26 November 2011 (Eirgrid Group, 2011).
Trading in the SEM operates as follows. For each trading period, participating generators
submit a day-ahead commercial bid (a certain quantity at a certain price) for each half hourly
trading period. This bid is based on the avoidable costs of electricity generation (short run
marginal costs). From these bids, a ‘merit’ order of all generator bids is constructed, which
may be considered as the supply curve of electricity for the trading period. SEMO optimises
the dispatch of generators by choosing the total amount of electricity to be generated such
that anticipated demand for electricity may be supplied at least cost. The market clearing
price is determined by the ‘marginal plant’, or the most expensive unit, dispatched during a
given trading period (CER, 2011). Generating units that are not dispatched during a given
period are ‘out of merit’. This market clearing mechanism is discussed in greater detail by
CER (2011).
The primary payment to generators is known as the System Marginal Price (SMP), which is
the short run marginal cost of the marginal unit along with what is known as an uplift
payment6, if required. Alongside this, generators are paid capacity payments. A capacity
payment compensates generators for making dispatchable electricity capacity available.
These payments are calculated by an annual ‘pot’ determined as the fixed costs of a best new
entrant peaking plant multiplied by the capacity by volume judged to be required to meet
adequacy standards (Broderick, 2011; Garrad Hassan, 2011). The capacity payment is funded
by suppliers (Garrad Hassan, 2011).

6

SMP is set at a level that is sufficient for participants to recover full costs of production. Often, a generator may
incur considerable start-up costs. If this cost is not covered by the SMP, an additional payment known as ‘uplift’
is applied. Uplift makes sure that all the generators recover their total costs, including any expenses associated
with start-up and no-load costs. This is most pertinent when a thermal generator is required to run for a short
period. Please see Jablonska et al. (2010) for more information on the calculation of uplift payments.
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The cost of generation for any given unit at any moment in time, and thus the choice of
electricity generating units to be dispatched for each trading period, is determined by
technical constraints and concurrent demand (CER, 2011). Generating units may be
delineated according to baseload, mid-merit and peaking capacity. Baseload generators are
designed for continuous supply. They are the most efficient, but incur great start up, shut
down and ‘cycling’7 costs. Thus, system supply is scheduled such that baseload capacity runs
at a continuous rate. Coal, Peat and some combined cycle gas turbine (CCGT)8 comprise
most baseload capacity in the SEM. Mid-merit plant are those more flexible than baseload
capacity, incurring less cycling costs. Given their flexible nature, the level of output delivered
by mid-merit generators is most often varied in order to balance supply and demand.
However, given inefficiencies inherent in designing a flexible generating plant, these
generators are less efficient and thus more costly than baseload capacity. Finally, peaking
plant are the most expensive, but the most flexible. These comprise heavy fuel oil (HFO) and
Open Cycle Gas Turbine (OCGT) (CER, 2011; Denny, 2007). Peaking plant are often
dispatched for short periods where a large amount of electricity is required at short notice,
such as at the peak level of demand between the hours of 17.00-19.00.
For security of supply purposes, indigenous peat and renewables such as wind (and wave) are
given ‘must run’ status, and thus all other generation is chosen subject to this constraint. The
variability of renewable generation requires greater cycling of capacity in the decision to
dispatch, providing a further constraint which must be considered when optimising the
generating units dispatched (Denny & O’Malley, 2009; CER, 2011).
2.4.3 Suppliers and Generators in Ireland’s Electricity Market
Shortly after liberalisation, ESB Power Generation owned 15 generating stations, with a total
installed capacity of 4651MW to service approximately 75% of the market (ESB, 2009;
Energy Ireland, 2009). As this was a barrier to a competitive market, the CER and ESB
signed the ‘Asset Strategy Agreement’ in 2007 to address this dominant position, with ESB
required to reduce capacity to c.40% of total generation by 2010. This resulted in the sale of
Tarbert and Great Island Power Stations, 620MW and 240MW respectively, to Endesa in
2008. Table 2.2 illustrates the share of generation capacity amongst participants in the SEM,
7

Altering the level of electricity generated is known as ‘cycling’.

8

Gas plant may be either Combined cycle gas turbine (CCGT) or Open Cycle Gas Turbine (OCGT). Both plant
are more flexible than coal or peat plant. CCGT are more efficient, but the level of output is less flexible than
OCGT plant. As such, CCGT may be considered baseload (if the particular plant is old and not capable of
flexible operation) or mid-merit plant (if recently built), whilst OCGT may be considered as a peaking unit.
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where it can be seen that although ESB Power generation has reduced its capacity
considerably according to the Asset Strategy Agreement, it is still holds the largest market
share (The Competition Authority, 2010).

Table 2.2: Island of Ireland Installed Generating Capacity by Generating Company
(2006-2010)
Company
AES
Aughinish
Bord Gais
Edenderry
Endesa
ESB Independent Generation9
ESB Power Generation
PPB
Premier Power
Tynagh
Viridian
WindROI
WindNI
Moyle Interconnector10

2006
0.00%
1.80%
0.00%
1.30%
0.00%
7.90%
48.80%
18.20%
0.00%
4.30%
3.80%
8.10%
1.30%
4.50%

2007
0.00%
1.70%
0.00%
1.20%
0.00%
7.50%
46.10%
17.20%
0.00%
4.00%
7.80%
8.20%
1.90%
4.30%

2008
0.00%
1.70%
0.00%
1.20%
0.00%
7.10%
43.80%
16.40%
1.70%
3.90%
7.40%
10.10%
2.70%
4.10%

2009
0.80%
1.60%
0.00%
1.10%
9.70%
6.90%
32.60%
14.20%
3.30%
3.70%
7.20%
12.00%
3.00%
3.90%

2010
0.70%
1.50%
3.90%
2.00%
8.90%
7.40%
29.80%
13.10%
3.00%
3.40%
6.60%
12.30%
3.40%
3.60%

Adapted from: The Competition Authority, 2010
Tables 2.3 and 2.4 outline the generators in operation in the all-island system. One can see
that gas, peat and coal comprise the majority of installed capacity and are the primary
baseload and mid-merit plant whilst gas, DO, HFO and pumped storage provide the
connected peaking capacity (Denny, 2007; 2009).

9

ESB Independent Generation is responsible for the ESB Group’s portfolio of wind farms.

10

The Moyle Interconnector links the electricity systems of Northern Ireland and Scotland and has a capacity of
500MW
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Table 2.3: Electricity Generators in the Irish Republic for Year Ending 2013
Generator
Activation Energy
DAE Virtual Power
Aghada AD1
Aghada AT1
Aghada AT2
Aghada AT4
Aghada ADC
Dublin Bay
Edenderry
Edenderry OCGT ED3
Edenderry OCGT ED5

Great Island GI1
Great Island GI2
Great Island GI3
Huntstown HN1
Huntstown HN2
Indaver Waste
Lough Ree
Marina CC
Moneypoint MP1
Moneypoint MP2
Moneypoint MP3

Fuel
DSU
DSU
Gas
Gas/DO
Gas/DO
Gas/DO
Gas/DO
Gas/DO
Peat/biomass
DO
DO
HFO
HFO
HFO
Gas/DO
Gas/DO
Waste
Peat
Gas/DO
Coal/HFO
Coal/HFO
Coal/HFO

MW
12
29
258
90
90
90
431
401
118
58
58
54
49
109
341
399
15
91
88
285
285
285

Generator
Fuel
NorthWall CT
Gas/DO
Poolbeg CC
Gas/DO
Rhode RP1
DO
Rhode RP2
DO
Sealrock SK3
Gas/DO
Sealrock SK4
Gas/DO
Tarbert TB1
HFO
Tarbert TB2
HFO
Tarbert TB3
HFO
Tarbert TB4
HFO
Tawnaghmore TP1
DO
Tawnaghmore TP3
DO
Tynagh
Gas/DO
West Offaly
Peat
Whitegate
Gas/DO
Ardnacrusha
Hydro
Erne
Hydro
Lee
Hydro
Liffey
Hydro
Turlough Hill
Pumped storage
East West DC Interconnector

MW
104
463
52
52
80
81
54
54
241
243
52
52
384
137
442
86
65
27
38
292
500

Note: DO (Distillate/Diesel Oil); DSU (Demand Side Unit11); HFO (Heavy Fuel Oil)

Source: Eirgrid and SONI (2012)

11

A Demand Side Unit (DSU) is a site, or number of sites collated by a DSU aggregator, that can be
‘dispatched’ by the Transmission System Operator (TSO) as if it was a generator. This dispatch takes the form
of an order of demand reduction. In terms of system balancing, this is as effective as increasing supply and is
thus treated as a generator. An Individual Demand Site is typically a medium to large industrial premises. The
Individual Demand Sites use a combination of on-site generation and plant shutdown to deliver the demand
reduction (Eirgrid, 2013).
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Table 2.4: Electricity Generators in Northern Ireland for Year Ending 2013
Generator
Ballylumford ST4
Ballylumford ST5
Ballylumford ST6
Ballylumford B10
Ballylumford B31
Ballylumford B32
Ballylumford GT7(GT1)
Ballylumford GT8(GT2)
Kilroot ST1
Kilroot ST2
Kilroot KGT1
Kilroot KGT2
Kilroot KGT3
Kilroot KGT4
Coolkeeragh GT8
Coolkeeragh C30
Moyle Interconnector
Contour Global(CHP) CGC3
Contour Global(CHP) CGC4
Contour Global(CHP) CGC5
iPowerAGU

Fuel
Gas*/HFO
Gas*/HFO
Gas*/HFO
Gas*/DO
Gas*/DO
Gas*/DO
DO
DO
HFO/Coal
HFO/Coal
DO
DO
DO
DO
DO
Gas*/DO
DC Interconnector
Gas
Gas
Gas
DO

MW
170
170
170
97
245
245
58
58
238
238
29
29
42
42
53
402
25012
3
3
3
47

Note: DO (Distillate/Diesel Oil); CHP (Combined Heat and Power); DSU (Demand Side Unit); HFO (Heavy
Fuel Oil); where dual fuel capabilities exist, * indicates fuel used to meet peak demand.

Source: Eirgrid and SONI 2012
In terms of electricity supply, there are three suppliers for domestic use in the Republic of
Ireland: Electric Ireland (formerly ESB Customer Supply), Bord Gais Energy and Airtricity.
Other suppliers comprise less than 1% of total market share. Further suppliers for commercial
use include Energia and Vayu. In Northern Ireland, domestic customers are served by Power
NI (formerly the customer supply division of NIE), Airtricity and Budget Energy, with a
number of additional suppliers available for commercial users. Figure 2.6 illustrates the
domestic user market share for the Republic of Ireland, where Electric Ireland (formerly ESB
Customer Supply) have the majority share, followed by Bord Gais and Airtricity.
Unfortunately, such information is unavailable for Northern Ireland.

12

Although the Moyle Interconnector has 500MW capacity (with between 400-500MW of that capacity in use
when operational), a fault on the system has limited 2013 capacity projections to 250MW.
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Figure 2.2: Republic of Ireland Domestic Supplier Share: First Quarter of 2012
0.5%

Electric Ireland

20.54%

Bord Gais
57.65%
21.34%

Airtricity
Other

Source: CER, 2012
Three ‘North-South’ Interconnectors connect the grid of Northern Ireland to that of the
Republic. These interconnectors link Armagh to Louth, Tyrone to Donegal and Fermanagh to
Cavan, providing 1200MW, 120MW and 120MW respectively (ESB, 2002). As both
electricity networks operate at different voltages, full integration is not possible. However,
the establishment of the All Island market structure allows for a more efficient use of the
North-South interconnectors, widening the market for all participants and further aiding
competition (Garrad Hassan, 2011; Eirgrid & SONI, 2010). The Moyle interconnector
connects the Scottish grid to the SEM. The Moyle Interconnector went into operation in
2001, and has a capacity of 500MW. However, faults in this system has limited capacity to
250MW for 2013 and an undefined period thereafter (Eirgrid and SONI, 2012). An additional
‘East-West’ Interconnector began construction in 2010 and became operational in 2012. This
has been commissioned by Eirgrid, and links Irish and UK electricity networks via
connections in North Dublin and North Wales.
This interconnection allows for greater competition in the domestic market, whilst also aiding
the cost-effective dispatch of generating units (Garrad Hassan, 2011; Eirgrid & SONI, 2008;
Eirgrid, 2009). Eirgrid (2009) quantified the reduction in system-wide fuel and GHG cost in
Ireland as a result of increased interconnection capacity offered by the East-West
Interconnector. The central scenario of this study found that costs fall by €20M per annum in
2015, rising to €50m per annum in 2025. Eirgrid (2009) also found that the East-West
Interconnector may reduce the proportion of time that wind must be curtailed in Ireland due
to system security concerns. Introducing the East-West indicator was found to reduce the
amount of wind energy curtailed from c.6% to c.4% in 2025, according to a ‘base case’
scenario.
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2.5.

Renewable Energy in Ireland’s Electricity Market

Having provided an overview of the Irish electricity market, the impact of renewable energy
policy may now be more adequately understood. This chapter will now outline these impacts.
2.5.1 Irish Renewable Energy Policy
Under the obligations as set out by the 2009 European Parliament and Council directive on
renewable energy (European Parliament and Council, 2009), Ireland has outlined a National
Renewable Energy Action Plan to list the means by which European renewable energy
targets are to be met (DCENR, 2010). This document states that 40% of renewable electricity
consumption should come from renewable sources by 2020. This is motivated by the desire
to achieve a sustainable domestic electricity supply and to comply with international
environmental commitments. To meet this goal, domestic policy measures put in place
include capital grants to incentivise research and development (For a full overview see SEAI,
2012a); a price support mechanism to incentivise renewable deployment (DCENR, 2009;
2012); and an infrastructural upgrade to accommodate deployment (Eirgrid & SONI, 2008).
Each of these mechanisms will now be briefly outlined.


Infrastructural Upgrade

A €4bn investment is underway to upgrade Ireland’s transmission and distribution network as
part of Eirgrid’s GRID25 scheme. This is necessary to accommodate the envisaged 40%
renewable energy penetration (DCENR, 2010; Eirgrid & SONI, 2008). Alongside this, a
500MW Interconnector to connect the Irish grid became operational in quarter 4 of 2012
(Eirgrid, 2012). This facilitates trading of electricity with the UK, increasing the available
market for renewable generation in Ireland and may thus make large scale renewable
deployment more attractive.


Research and Development

The Sustainable Energy Authority of Ireland (SEAI) offers financial support for the research,
development and demonstration (RD&D) of renewable energy technologies. As of 2012,
funding is available in the following areas. The Renewable Energy Research, Demonstration
& Development (RERD&D) Programme offers financial support for projects ‘that further the
technical development and/or improve the policy environment leading to increased
deployment of renewable energy and low carbon technologies’. Grants offered comprise
either 25% of deployment cost, 75% of R&D cost or up to 100% of capital cost for projects
deemed public good utilities. Further to this, the SEAI offers support for a limited number
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(c.50 units) of micro and small scale (up to 11kW) pilot studies. Funding for Irish
deployment of Renewable Energy devices is also available through participation in the EU
New Entrant 300 scheme (NER300), which offers support to the value of 300 million carbon
credits (approx. €4.4bn). It is anticipated that this funding will lead to approximately 8 carbon
capture and storage and 34 renewable energy projects in the EU (SEAI, 2012a). Each
member state is entitled to at least one project but not more than 3. As such, scope exists for
funding of Irish device development under this scheme. Finally, SEAI have shared the cost of
early stage testing of ocean energy devices with device developers. Prior to 2009, SEAI
assisted the development of 5 ocean energy technologies: Wavebob, Ocean Energy Buoy, the
McCable Wave Pump, AquaBuoy and Open Hydro. In 2009, an Ocean Energy Development
Unit (OEDU) was set up to co-ordinate the deployment of Ocean Energy technologies in
Ireland. Upon establishment, funding in the order of €4.3 million to assist 10 Irish companies
developing ocean energy technologies was allocated in November 2009 from the prototype
development fund (SEAI, 2012a). Finally, a government initiative known as the ‘Charles
Parsons Energy Research Awards’ is in place with the objective of developing overall
research capacity in priority areas of energy research (SEAI, 2012a).


Price Support Mechanisms

Price support mechanisms facilitate deployment of uncompetitive renewable technologies by
mitigating much of the additional cost and risk incurred in deployment and operation. Current
Irish price support mechanisms have evolved from the Alternative Energy Requirement
Scheme (AER), which had been responsible for the majority of Ireland’s renewable
electricity capacity installed from 1995 to 2005 (Huber et al., 2007; SEI, 2004). Operating
before the liberalisation of the electricity market, and thus under the monopoly of the
Electricity Supply Board (ESB), electricity generated via the AER project was supplied to
consumers through the ESB under a compensated Power Purchase Agreement (PPA) of up to
15 years duration. This scheme operated by means of competitive subsidy, whereby winning
bids were those who tendered the lowest required price per unit electricity and/or capital
grant by means of a first-price sealed-bid auction.
This scheme progressed through 6 phases with the mechanism of tender evolving with each
successive phase. AER I tendered bids based on grant support, with a fixed PPA. After it was
found that bids tendered a zero capital grant, AER II was changed to tender bids based on
price support per unit of electricity, with the option of a fixed capital grant of IR£65,000 per
MW installed offered by the European Regional Development Fund. The success of this
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initiative was less than optimal, with a high proportion of unrealised projects. It is believed
that the first-price bidding tender incentivised strategic bidding, whereby winning bids were
of unsustainably low prices in order to obtain funding and/or in anticipation of unrealised
future cost reductions (Wiser, 2002). Further problems were experienced with regard to poor
spatial planning, access to planning permission and access to finance due to the novelty of the
technology (and/or unsustainable rates of return due to strategic bidding) (McLean, et al.,
2007). Subsequent phases of the scheme attempted to remove the incentive to offer an
unsustainably low bid by ensuring that planning permission and connection agreements had
been obtained before a bid was placed (McLean, et al., 2007).
The successor to this scheme is the Renewable Energy Feed-in Tariff (REFIT), with the first
of such schemes announced in May 2006. REFIT provides a guaranteed price floor for each
unit of electricity generated by renewable sources over a fifteen year period. REFIT replaces
a competitive process with a fixed guaranteed price per kWh for all eligible applicants,
removing the potential for strategic bidding. This allows for market uncertainties and
associated additional costs incurred by renewable generation to be covered. For onshore
renewables, updated REFIT legislation was put in place in 2012 (DCENR, 2012) and is
known as REFIT II. This update was introduced following the clearance to proceed with state
aid offered by the European Commission on 12 January 2012 (EC, 2012b). The price offered
by REFIT II may be increased in proportion to any positive inflation, determined by the
consumer price index. As of 2012, the guaranteed price offered for onshore wind is
€0.068/kWh (DCENR, 2012). Although offshore renewables have not been included in the
updated REFIT II legislation, legislation put in place in 2009 cites tariffs of €0.14/kWh for
offshore wind and €0.22/kWh for wave and tidal energy (DCENR, 2009). Unlike onshore
renewables, this legislation does not state that these tariffs may increase with inflation.
Finally, to deal with issues of planning, both grid connection agreement and planning
permission are preconditions for securing a contract (DCENR, 2012).
Table 2.5: Current REFIT Rates in Ireland (2012)
Technology

REFIT

Onshore Wind (2012)

€0.068/kWh

Offshore Wind

€0.14/kWh

Wave& Tidal

€0.22/kWh
Source: DCENR, 2009, 2012; 2013
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2.5.2 Irish Renewable Energy Deployment
At the end of September 2011, the expected output of installed renewable generation in the
Irish republic is sufficient to meet c.15% of overall electricity demand (Eirgrid, 2011), with a
2020 target of 40% penetration (DCENR, 2010). Wind energy currently comprises the
majority of installed renewables, accounting for 1,585MW of a total 1,868MW installed
renewable capacity in 2011 (Eirgrid, 2011). To meet current targets, it is envisaged that
Ireland will need an installed capacity of 4,350MW renewables by 2020 (Eirgrid & SONI,
2010).
Although the deployment of wind energy comprises the largest share of renewables to date,
there is a desire to diversify the renewable technology portfolio beyond wind, motivated by
the enhanced security of supply and indirect socio-economic benefit that may arise (MI &
SEI, 2005). Enhanced security may be derived from less exposure to fluctuating fuel prices
and intermittency of output. Allan et al. (2011b) have shown that a diversified energy
portfolio which includes ocean technologies has the propensity to reduce the exposure of
electricity generation cost to fluctuations in international fuel price. Furthermore, Carbon
Trust (2006) found that the inclusion of Wave Energy in a diversified renewables portfolio
resulted in an electricity supply pattern that showed lower variability than a wind-only
portfolio. Further motivation to adopt ocean energy is derived from indirect socio-economic
benefit. As no established supply chain services are in existence to date, the deployment of
WEC devices has the propensity to accelerate economic growth and employment. Indeed, the
Ocean Energy Strategy (MI & SEI, 2005) has cited the potential for socio-economic
development as a key driver for deployment, stating that “the scale of support offered to
achieve [commercial] deployment will be proportional to the economic and industrial
opportunities offered by ocean energy to the nation”. It is in this context that Ireland has
adopted an Ocean Energy Strategy to incentivise the deployment of ocean energy
technologies of wave and tidal energy. The following section will discuss wave energy and
outline this policy in greater detail.
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2.6.

The Potential Role for Wave Energy in Ireland

2.6.1 What is Wave Energy?
Surface wave energy is ultimately sourced from the sun. Wind is formed by the movement of
air from areas of high pressure to areas of low pressure, in turn formed by uneven heating of
the Earth’s surface. This energy transfer provides a convenient and natural concentration of
wind energy in the water near the surface (Clement et al., 2002), which moves the water to
create waves. As such, wave energy can be considered as a stored form of wind energy.
Research has shown that the greatest potential for generating electricity from waves occurs at
temperate latitudes 40 degrees to 60 degrees North and South of Eastern Ocean Boundaries,
placing Ireland and the UK in prime location to incorporate this resource into the generation
of electricity (Pelc and Fujita, 2002). Taking physical engineering constraints, efficiency of
current technology, layout complications, exclusion areas and current economic limits, it is
estimated that 21,000 MWh per annum can be generated from Irish waters, before any
possible future technological improvements are taken into account. In terms of installed
capacity, this has been estimated to be equivalent to 2.4GW of generation capacity (SEAI and
MI, 2005). Compared to Ireland’s predicted total electricity requirement of 36,316MWh for
2010 (Eirgrid and SONI, 2010), this is sufficient to meet 58% of Ireland’s expected
electricity requirement.
2.6.2 Harnessing Wave Energy: Historical Development
The development of technologies to harness energy from the waves began in 1940s, when
Yoshio Masuda, considered the father of modern wave energy technology, initiated studies to
explore methods to harness wave energy. A navigation buoy, powered by wave energy, was
developed and commercialised in Japan as a floating oscillating water column in 1965. This
was followed by the development of a floating testing platform in 1976 known as Kaimei,
equipped with several OWC turbines (Falcao, 2011). The aftermath of the 1973 oil crisis is
cited as being the first period in which a concerted debate occurred in academic literature
surrounding the large scale commercial deployment of wave energy devices (Falcao, 2011).
The attention afforded by the scientific community was primarily motivated by an article by
Salter (1974), published in Nature. National research programmes were subsequently initiated
by British and Norwegian Governments, with international wave energy conferences
beginning in 1976. A Norwegian prototype was deployed in 1985, along with further
prototypes in Scotland, India and Japan in the early 1990s (Falcao, 2011). Along with this,
the recognition of wave energy in the EC renewable energy R&D program in 1991 has been
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instrumental in facilitating the development of a number of technologies. Falcao (2011) list
the implementation of around 30 projects and numerous ocean energy conferences and coordinated efforts to develop and implement ocean energy technologies. Of these, the most
significant recent developments have included the ‘Implementing Agreement on Ocean
Energy Systems’, organised by the International Energy Agency in 2001 to facilitate ocean
energy research through international co-operation and information exchange, with a
published annual report of the IEA-OES to disseminate information on the progress of ocean
energy technology (IEA, 2009b). Further international mechanisms include the ‘Equitable
Testing and Evaluation of Marine Energy Extraction Devices (EquiMar), an EU-funded suite
of protocols through which devices may be evaluated (EquiMar, 2012), and the Wave Energy
Planning and Marketing (WavePLAM) project to aid the reduction of non-technical barriers
of deployment.
As of 2012, progress in relation to ocean energy deployment is at the final stages of Research
& Design as pre-commercial testing of full scale prototypes is currently being carried out. An
international co-operative network of testing and pre-commercial device deployment is being
developed, with one centre of testing activity being the European Marine Energy Centre
(EMEC) in Scotland, where the capital costs of prototype testing are shared to help accelerate
device development (EMEC, 2012).
2.6.3 Current Policies to Promote the Development of Wave Energy Conversion Devices
As with all novel technologies, wave energy technologies require considerable investment for
research, development and deployment. Efforts to reduced costs are hindered by the wide
range of unconnected technology designs, which limits the interchange of information and
experience. Not only may this dilute efforts, it also means that developers are competing to
an even greater extent for scarce financial resources (Bahaj, 2011). Furthermore, device
developers are of small scale, limiting the access to capital to finance development. Given
these limitations and the relatively early stage of device development, a considerable degree
of public support is required for effective research, development and deployment.
Domestic ocean energy-specific policies have included market incentives to support
deployment cost, capital grants to support development, initiatives to support industry
development and planning/permitting developments. Examples of the most pertinent oceanenergy specific policies are quoted in Table 2.6 (IPCC, 2011; Huckerby and McComb, 2008).
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Table 2.6: International Comparison of Ocean Energy-Specific Policies
Policy Instrument

Country

Example Description

Capacity or Generation Target
Aspirational Target/Forecasts

UK

3% of UK electricity from ocean energy by
2020

Spain (Basque)

5MW by 2020

Canada

2050 Ocean Energy Roadmap in development

Ireland

500MW by 2020

Portugal

550MW by 2020

Legislated Targets

Capital Grants and Financial Incentives
R&D Programmes/Grants
USA & China

Both have public-sponsored R&D capital grants

Prototype Deployment Capital
Grants

UK, New Zealand, China

Each have a marine deployment fund

Prizes

Scotland

Saltire Prize (STG£10m for first Ocean Energy
device to deliver 100GWh of electricity over 2
year continuous period

Portugal, Ireland,
Germany

Guaranteed price per unit of generated
electricity (€/kWh)

UK

Renewable Obligation Scheme – tradable
certificates (STG£/kWh equivalent) for oceangenerated electricity

Industry and Regional
Development Grants

Scotland, UK, Others

Cluster developments

Industry Association Support

Ireland, New Zealand

Government financial support for the
establishment of industry associations

Market Incentives
Feed-in tariffs
Tradable Certificates and
Renewable Obligation
Industry Development

Research and Testing Facilities and Infrastructure
National Marine Energy
USA
Centres

Two centres established in Oregon and Hawaii

Scotland, Canada, Others

EMEC, Scotland; Fundy Ocean Research
Centre for Energy, Canada

UK

Wavehub, connection infrastructure for devices

Marine Energy Testing Centres
Offshore Hubs

Permitting, Space, Resource Allocation Regimes, Standards, Protocols
Standards/Protocol
International
Development of international standards for
Electrotechnical
wave, tidal and ocean currents.
Commission
Permitting Regimes

UK

Crown Estate competitive tender for Pentland
Firth licences

Space/Resource Allocation
Regimes

USA

Department of Interior regime in US Outer
Continental Shelf

Source: IPCC, 2011; Huckerby and McComb, 2008)

32

Chapter 2. The Policy and Market Context for Wave Energy Deployment in Ireland.
The process of supporting the development of wave energy devices in Ireland began in 2002,
with a consultation process to determine the extent to which deployment may occur (MI and
SEI, 2002; quoted in O’Hagan & Lewis, 2011). The outcome of this exercise was Ireland’s
Ocean Energy strategy entitled ‘Ocean Energy in Ireland,’ (MI and SEI, 2005). This strategy
proposes that 500MW of renewable energy capacity be served by ocean energy devices by
2020. Outlined in Table 2.7, this strategy document outlines four discrete stages of support
for research, development and phased deployment.

Bodies involved include the UCC

Hydraulics and Maritime Research Centre (HMRC), SEAI, the Marine Institute, ESB and
Eirgrid. Each party is involved in assessing the technical, economical and practical
considerations in meeting the ambitious 500MW installation by 2020.
Table 2.7: Overview of Ireland’s Ocean Energy Strategy
Phase

Description

1: Development(2006 –
2008)

This phase focuses on furthering the research and development
capabilities in Ireland, both institutional and industrial. Support is
given for the design and construction of scale model prototypes, to
strengthen research facilities, and to develop offshore test facilities.

2: Pre-Commercial
Single Device(2008 –
2012)

Following demonstration of commercial potential in Phase 1, this
phase is focused on taking successful designs from the prototype
stage and constructing a fully operational pre-commercial wave
energy converter supplying power directly to the electricity
network. The results of this phase will be used to assess the
commercial viability of the technology and the resulting industrial
opportunities available to Ireland.

3: Pre-Commercial
10MW Array

The cost of ocean energy systems will fall as the numbers of
devices produced, per offshore development, increase. However,
unless the devices can be arranged effectively in an array, large
scale deployment will not be commercially viable. This stage will
demonstrate that the array can operate successfully. Following the
success of this phase, a precise estimate of the cost of a fully
integrated wave or tidal farm will be available. This information
will then be used to determine the nature of support required to
support full-scale deployment of ocean energy in Ireland.

4: Commercial
Deployment

In this final phase of development support measures will be offered
to ensure the continued growth in the deployment of ocean energy
systems. Areas of support could include electricity price support,
R&D support for further industrial development and further
investment in 3rd Level facilities etc.
Source: MI and SEI (2005)
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The first stage comprised the research, design and development of the technologies discussed.
The UCC Hydraulics and Maritime Research Centre (HMRC) is the principal research centre
in Ireland involved in assessing and developing the capabilities of current wave technologies
both through its large Ocean Wave Basin and Wave Flume testing tanks. Testing at this
facility has included 1/50-scale testing of Wavebob and Ocean Energy Buoy devices (SEAI,
2012b; MI and SEI, 2005).
As part of this stage, the Sustainable Energy Authority of Ireland (SEAI) and the Marine
Institute established a 1/3-1/5 scale testing site one mile east of Spiddal in Galway bay (off
the west coast of Ireland) in 2006. The test site covers an area of 37 hectares and has water
depths of 21–24m. This site is available to all developers of wave energy devices who have a
prototype that has completed earlier phases of development. Wavebob were the first to use
the site in 2006 and again in 2007, for a limited time on both occasions. Ocean Energy Ltd.
also deployed their device in December 2006, with the device in situ for two and a half years.
These tests were deemed successful and development has progressed onto preparing for precommercial full-scale deployment (O’Hagan & Lewis, 2011).
Progress on the Ocean Energy Strategy has been co-ordinated by the SEAI’s Ocean Energy
Development Unit (OEDU) which provides ‘support for Industry products and services;
enhancement of research facilities; establishment of wave and tidal test facilities; support
reform of the Planning and Consenting; Grid development; and coordination of relevant state
agencies’ (SEAI, 2012b). As of 2012, development in Ireland is at the second stage of ‘precommercial deployment’. Co-ordinated and funded by the Ocean Energy Development Unit
(OEDU), the first full-scale ocean energy test site in Ireland is being developed at Annagh
Head, Belmullet, Co. Mayo. This comprises an installation of 10MW capacity, divided into
two locations. Test area B is in 50m water depth, approx. 2.8km from Annagh Head and test
area A is in 100m water depth, approx. 11.4km from Annagh Head. It is anticipated that the
test site will have a lifespan of 15-20 years, and there is potential for expansion once devices
reach commercial maturity. Environmental Impact Assessments have been carried out and,
subject to the granting of the required foreshore licences and lease in 2012, it is anticipated
that cable laying will be carried out in 2013/2014, with the site ready for device deployment
in 2014 (SEAI, 2012c, 2012d).
The third stage of development is the pre-commercial arrays of 5MW-10MW in size,
anticipated for completion by 2015. A collaborative project known as ‘Westwave’ has been
initiated to carry out this development. This project is coordinated by ESB, in conjunction
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with technology developers Pelamis, Ocean Energy, Wavebob and Aquamarine Power. A
number of supply chain and research institutes are also involved as associate partners. Site
selection is currently in process, and the ESB have been awarded two foreshore exploration
licences by the Department of Environment, Community and Local Government (DECLG) to
conduct marine surveys and resource measurements near Killard Point, Co Clare and south of
Achill, Co Mayo (Sharkey, 2012).
As such, one can see that there is considerable progress in the realm of public policy to
promote the deployment of WEC devices. Given the outlined Westwave and Belmullet
installations, progress in an Irish context is preparing for stage 3 of a 4 stage plan of
development. Having outlined the policy context, the next section of this chapter will review
devices and their current stage of development to meet these targets.
2.6.4 Wave Energy Conversion (WEC) Devices Currently in Development
Unlike Wind Turbines, there is no single established technology to harness wave energy, with
a variety of technologies in development. For the purpose of this study, the discussion of
available technologies is limited to those currently considered for deployment in Irish waters.
Two Irish developers exist; Wavebob and Ocean Energy Ltd. Alongside these technologies,
the Oyster device developed by Aquamarine Power and the Pelamis device developed by
Pelamis Wave Energy have been considered for deployment in Ireland. Aquamarine Power is
primarily located in Edinburgh, with offices in Belfast, and Pelamis Wave Power are located
entirely in Edinburgh.
Each technology has a different method of energy extraction, and is in a different stage of
development. Wavebob is a two body heaving device that consists of two co-axial
axisymmetric buoys, whose relative axial motions are converted into electric energy through
a high-pressure-oil system. An inner buoy is rigidly connected to coaxial submerged body
located underneath, whose function is to increase the inertia and allow the tuning to the
average wave frequency (Falcao, 2011). Wavebob is capable of generating 1MW of
electricity at any one time (Wavebob, 2012), and is best suited to deployment in depths of
50m-100m (Falcao, 2011).
The Ocean Energy Buoy is a fixed Oscillating Water Column (OWC) device, following the
concept first proposed by Yoshio Masuda in the 1940s. An OWC device consists of a partly
submerged structure which allows water to enter a chamber. Air is trapped within the section
of this chamber above the water line. As the waves flow, water enters and exits the chamber.
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This displaces the air within the chamber, forcing it through a turbine. The OE Buoy is
capable of generating 1MW of electricity at any one time and is best suited to deployment in
depths of 25m-50m (O’Hagan and Lewis, 2011).
The Oyster is developed by Aquamarine Power and is a bottom-hinged system which is
located in shallower water than other devices listed. The current ‘Oyster 800’ device is
capable of generating 800kW of electricity at any one time. It operates in a fashion similar to
an inverted pendulum, where a buoyant spar swings about a universal joint on the seabed
floor. Electricity is generated by means of hydraulic action, where high pressure fluid is
pumped to shore by the rotating movement and converted to electricity onshore (Falcao,
2011). The Oyster is best suited to deployment in depths of 0-25m (O’Hagan and Lewis,
2011).
The Pelamis system has been developed in Edinburgh by Pelamis Wave Power, with a
capacity of 750kW. The Pelamis is a snake-like slack-moored articulated structure composed
of four cylindrical sections linked by hinged joints, and aligned with the wave direction. The
wave-induced motion of these joints is resisted by hydraulic rams, which pump high-pressure
oil through hydraulic motors driving three electrical generators. Gas accumulators provide
some energy storage (Falcao, 2011). The Pelamis device has been through two stages of
development. The initial Pelamis P-1 device had 4 steel sections connected by 3 power
conversion modules and has been replaced by an updated Pelamis P-2 device consisting of 5
steel sections and 4 power conversion modules. The Pelamis is best suited to deployment in
depths of 25m-50m (O’Hagan and Lewis, 2011).
Each of the devices listed are in different stages of development. As of 2012, both the OE
Buoy and Wavebob have recently completed ¼ scale testing with the first full-scale
prototypes currently in development. First full-scale deployment is expected before 2015
(Sharkey, 2012). A 350Kw Aquamarine Oyster prototype was deployed at the European
Marine Energy Centre (EMEC) in Orkney in 2009. A full scale Aquamarine Oyster ‘800’
device has since been deployed at the EMEC in September 2011, with two further devices
planned in 2012 and 2013. It is the Pelamis device that may be considered the market leader,
with first generation Pelamis devices deployed in the EMEC in August 2004 (Pelamis, 2012).
The world’s first wave farm was deployed at Aguçadoura, 5km off the Atlantic coastline of
Portugal in 2008, with 3 Pelamis devices deployed to give a rated capacity of 2.25MW
(Pelamis, 2012). This installation proved the technology and capability of Pelamis to install
an array of devices, but was abandoned after a short period due primarily to the collapse of
36

Chapter 2. The Policy and Market Context for Wave Energy Deployment in Ireland.
financial backers Babcock and Brown (Bahaj, 2011). A number of design problems were also
identified during this installation. These have been addressed, along with other
improvements, in the development of the second generation Pelamis P-2 device (Pelamis,
2012).

2.7.

Conclusion

International and Irish energy policy has been built around the goals of achieving a secure,
cost-effective and environmentally sustainable energy supply. In order to achieve these goals,
a greater share of future energy must be generated from renewable sources. This chapter has
outlined these policy motivations and the Irish electricity market through which these goals
are to be achieved. Although wind energy technologies have contributed the majority of
renewable capacity to date, this chapter has shown that wave energy technologies may also
contribute. As such, the factors motivating the deployment of technologies to harness the
surface waves in Ireland have been discussed. This chapter has outlined the technology
options, the policy context and the current state of progress in relation to wave energy
technology deployment in Ireland.
The purpose of this chapter was to provide a policy and market context for the analyses
which comprise the remainder of this thesis and as such, this chapter did not make any
recommendations as to how targets should be met or deployment be carried out. The
following chapter will give insight into this decision. A simple micro-economic trade-off will
be outlined to identify the economic considerations which a policymaker must take into
account when analysing the decision to meet renewable energy targets through wave energy
deployment. A review of each factor is then offered to identify gaps in the literature to be
addressed by the findings of this thesis.
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Literature
3.1.

Introduction

Chapter 2 has outlined the policy and market context for Wave Energy Conversion (WEC)
device deployment in Ireland. As that review has discussed, goals of environmental
sustainability, cost-effective electricity supply and socio-economic development have
motivated deployment. However, achieving these goals through WEC deployment requires
an additional social cost as renewable energy technologies generate electricity at a cost that is
greater than conventional technologies (Allan et al., 2011b). The presence of this additional
cost presents a policy-maker with an economic trade-off, whereby the expected benefits must
be less than or equal to expected costs for deployment to be cost-effective. This chapter
begins in Section 3.2 by outlining the parameters to be considered in this economic trade-off.
This is followed in Section 3.3 by a literature review to identify the current state of
knowledge for each parameter in the context of WEC device deployment. It is though this
literature review that gaps in the current level of understanding are identified and the research
objectives of this thesis are motivated. Section 3.4 offers some concluding comments.

3.2.

The Economic Trade-off Associated with WEC Device Deployment

Chapter 2 has outlined the Irish wholesale electricity market and the socio-economic and
environmental factors motivating the deployment of renewable technologies. Further
exploration of the microeconomic rationale surrounding this deployment may allow for an
intuitive understanding of cost-effective WEC deployment. For simplicity, a stylised partial
equilibrium account of the electricity market is presented, with particular attention being paid
to the supply side and the introduction of a renewable technology.
In its simplest form, one may consider the electricity market as being comprised of electricity
consumers (demand-side) and electricity generators (supply-side). It may be assumed that all
consumers maximise their welfare, resulting in aggregate demand of E units of electricity.
This demand is highly inelastic (Lijesen, 2007) and for simplicity is assumed to be perfectly
price inelastic. Following Kreps (1990) it may be assumed that there are J generating firms in
the electricity market to meet this demand. Each generating firm supplies electricity, e,
according to the cost function cj(ej), where ej is the quantity of e that ﬁrm j produces. It is
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assumed that cj(ej) is strictly increasing and convex for all j. Each firm j has a total cost
function TCj(ei) (Kreps, 1990).
Denoting price by p, rational electricity generating firms will seek to maximise their profits
and will thus allocate resources according to the following production function;

  max pe j  c j (e j )
ej

(3.1)

Assuming that generators are faced with convex total cost curves and that marginal costs are
non-decreasing, the following first order condition of (3.2) determines the optimal level of
generation for each firm (Kreps, 1990; Mankiw, 2011);
MCj(ej(p)) = p

(3.2)

As such, the firm’s supply function, MCj(ej(p)) = p, specifies that each firm will generate
such that marginal revenue (price) is equal to their marginal cost. In the Irish single electricity
market, generators are obliged to bid this marginal cost when trading and thus act as if they
were faced with a perfectly competitive environment. The market regulator is aware of each
generator’s cost function, ensuring compliance (SEMO, 2013).
As it is assumed that E represents the utility maximising amount of electricity consumed,
equilibrium will occur when the marginal cost of producing an additional unit of e is exactly
equal to the marginal utility of consuming an additional unit of e. The first theorem of
welfare economics describes such an equilibrium as being Pareto-efficient, whereby firms
acting to maximise their own profit act in a way that maximises societal welfare (Kreps,
1990).
However, under certain circumstances, this may not be the case. Arthur C. Pigou in The
Economics of Welfare (1920) noted that when there is a divergence between marginal private
net product (e.g. profit) of an operation and the marginal societal net product of an operation,
self-interested private investment will not necessarily result in an increase in societal welfare.
In such circumstances, the marginal cost and marginal utility are not equal, which Pigou
suggests is due to effects being imposed upon ‘other people’ who comprise parties external to
the transaction considered. As such, the marginal costs/utilities represented in the market do
not capture entire social costs/utility.
In the context of the electricity market, a negative divergence between private net product
and societal net product may arise when a generator emits greenhouse gases. Furthermore,
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potential socio-economic development creates a potential positive externality of renewable
energy-based generation. In the context of Ireland’s electricity market, this may result in
individual generators generating in excess or below the socially optimal level.
In order to consider the impact external costs/benefits may have on societal welfare, and how
market efficiencies may be aligned with social efficiencies, it is necessary to consider the
electricity market as a subset of overall societal welfare. This trade-off may be characterised
in a manner similar to that proposed by Hoel (2012). For simplicity, the aggregate electricity
supply curve is defined as an aggregate production function comprising two generators, fossil
fuel generated electricity (g) and electricity generated by renewable sources (r). Furthermore,
it is assumed that renewable and fossil fuel generation are substitutes. As such, aggregate
output is denoted F(g,r) such that;
F(g,r) = pg + pr

(3.4)

where the second-order cross partial derivative is Fgr(g,r) < 0, indicating that g and r are
substitutes. It is assumed that F(g,r) is strictly increasing and concave. The aggregate supply
of electricity, S(E), may be written as the sum of each generator’s output less their costs;
S(E) = F(g,r) –cg – k(r)

(3.5)

where c is the cost of producing g units of fossil fuel-based generation. Similarly, k is the cost
needed to produce r units of renewable-generated electricity. The parameter k represents
costs internal to bringing renewable electricity to the grid and also includes costs external to
this transaction that are imposed on other electricity generators (see Section 3.3.2 for a full
discussion of these costs). It is assumed that societal welfare, W, takes the following form;
W = S(E) – vg + s(r)

(3.6)

In words, equation (3.6) states that welfare is determined by electricity consumption, S(E),
net of external impacts. These external impacts comprise the v social cost of g units of fossil
fuel-based generation, plus the ancillary socio-economic benefit of renewables deployment s.
The s units of ancillary benefit are determined by the r units of renewable-generated
electricity.
Taking (3.5) and (3.6) together, social welfare can be rewritten as;
W = F(g,r)–(c+v)g – k(r) + s(r)
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The socially optimal level of fossil fuel and renewable-generated electricity can be analysed
by maximising societal welfare, W, with respect to g and r, where the following first order
conditions are obtained;
Fg= c+v

(3.8)

Fr + s’(r) = k’(r)

(3.9)

These two equations may be interpreted as follows: Fg represents the socially optimal output
of fossil fuel-based generation. Equation (3.8) shows that this should be equal to its total
marginal cost, which consists of generation costs (c) plus GHG costs (v). Similarly, equation
(3.9) shows that the optimal point of generation for renewables, Fr, occurs when the marginal
revenue of using renewable energy plus the marginal change in ancillary benefits is equal to
the marginal cost of production.
The optimal (g, r) mix in the final electricity generation portfolio depends on the GHG cost
parameter v, and the ancillary impact term s. An increase in the GHG cost parameter v results
in marginal revenue, Fg, increasing at equilibrium. As it is assumed that marginal revenue
decreases with output (due to non-decreasing and convex total costs and concave total output
F(g,r)), a higher v in equilibrium indicates a lower level of fossil fuel-generated electricity, g.
Similarly, a higher s results in r being higher. As renewables and fossil fuel-based generation
are substitutes (Fgr < 0), r is higher if v is higher, whilst g will be lower if s is higher. A
socially-efficient generation portfolio requires internalisation of these effects, such that the
optimal (g, r) mix reflects the external v and s impacts. A number of market mechanisms may
be invoked to internalise these impacts. For the purposes of this illustration, it is assumed that
a carbon tax t is put in place to internalise GHG costs, whilst a renewables subsidy, b is put in
place to internalise external socio-economic impacts. As such, a Pareto-efficient F(g,r)
generation mix will occur due to producer profit maximisation, whereby;
Π=F(x,y) – (c+t)g – (k(r) – b(r))

(3.10)

Where t is a carbon tax valued at the social cost of GHG emission; and b(r) is a subsidy to
promote renewable energy deployment according to the value of renewables deployed. The
optimal level of fossil fuel and renewable-generated electricity can be elicited once more by
maximising profit, Π, with respect to g and r, where the following first order conditions are
obtained;
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Fg= c+t

(3.11)

Fr + b’(r) = k’(r)

(3.12)

Comparing the profit maximisation conditions of (3.11) and (3.12) with those of (3.8) and
(3.9) it can be seen that the market outcome now coincides with the social optimum13. It has
been shown through this discussion that to account for GHG emissions and socio-economic
externalities in order to achieve a welfare-maximising Pareto-efficient allocation, a means of
internalising these impacts is required. Once this is taken into account, (3.11) illustrates how
a reduction in the share of fossil fuels occurs in proportion to these social costs. Given the
substitutability of fossil fuels and renewables, along with the presence of inelastic demand,
added renewables must be introduced in proportion to this social cost. Adding a subsidy b is
one mechanism whereby additional renewables may be incentivised in order to take account
of the potential socio-economic impacts. Equations (3.9) and (3.12) show how an efficient
subsidy should be in proportion to the expected net ancillary benefit.
This discussion has used a simple microeconomic framework to give an intuitive explanation
of the costs and benefits that a policy-maker should consider to efficiently introduce a novel
renewable energy technology. One can note that adequate evaluation of policy to introduce
renewable energy devices must have an appropriate definition of each determining parameter.
The next section will review the literature to date detailing the production cost of renewables
and fossil fuels; GHG cost and ancillary socio-economic impacts. The parameters of greatest
concern for WEC deployment in Ireland will first be discussed to identify gaps which may be
addressed by the research of this thesis. A final section will briefly review ancillary
considerations which are outside the scope of this thesis.

3.3.

Analysing the Economic trade-off: A Literature Review

3.3.1 The Internal Cost of Wave Energy Device Deployment
Discussed in Chapter 2, Wave Energy Conversion devices are at a pre-commercial stage of
development. As such, cost parameters are based on sparse information due to a lack of
operating experience. Despite these limitations, a number of studies have been carried out to
estimate the cost of generating electricity by using prototype cost data or extrapolating from
the operating experience of similar industries. When calculating the cost of WEC-based
13

It should be noted that the tax mechanism chosen is but one of a number of different tax or subsidy
mechanisms that may be put in place to reconcile social and private impacts.
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generation, the Levelised Cost of Electricity (LCOE) is the metric often employed. This has
been defined as the ‘ratio of total lifetime expenses versus total expected outputs, expressed
in terms of the present value equivalent’ (Nuclear Energy Agency and International Energy
Agency, 2005; Allan et al, 2011b). The LCOE measures total cost per each unit of output
(€/kWh or €/MWh) and thus provides a metric that is easy to interpret and compare amongst
generation technologies. A number of studies have employed LCOE to calculate the cost per
unit of WEC-generated electricity, with a full overview provided in Table 3.1.
Table 3.1: A Review of Existing Cost of Electricity Estimates
Author
Allan et al. (2011b)
Bedard (2006)
Carbon Trust (2006) [Initial]
Carbon Trust (2006) [Post 13,000MW]
Carbon Trust (2011) [Initial]
Dalton et al. (2010a) [2004 Cost]
Dalton et al. (2010a) [2008 Cost]
Dunnett and Wallace (2009)
ESBI (2005)
O’Connor et al. (2013)

Estimate (€/kWh)
0.216
0.06-0.12
0.175-0.644
0.087-0.365
0.433-0.547
0.05
0.15
0.16-0.26
0.105-0.185
0.21

No. Devices
Unspecified
44
Small Scale
Unspecified.
10MW
100
100
15-27
26-209
100

Location
Scotland
California
UK
UK
UK
Ireland
Ireland
Canada
Ireland
Ireland

Previsic et al. (2004)
St Germain (2005)
SQW (2010)
Teillant et al. (2012)

0.075-0.144
0.087-0.111
c.0.06/kWh-0.33/kWh
0.213/kWh

213
15
50 – 300MW
100

California
Canada
Ireland
Ireland

Device
Pelamis
Pelamis
Unspecified
Unspecified
Unspecified
Pelamis
Pelamis
Pelamis
Pelamis
Pelamis
(1MW)
Pelamis
Pelamis
Unspecified
Unspecified

Note: These values have been converted from their respective local currencies where required. Each conversion
is carried out using the exchange rate observed on the date of article submission/publication or nearest date
possible. These calculations are listed in Appendix A.1. Estimates highlighted in bold relate to Irish studies.

These studies will now be discussed in greater detail. Of the potential technologies reviewed
in Chapter 2, the Pelamis articulated attenuator device (Pelamis, 2012) is the most
technologically advanced and has thus been used for many studies to date. The most
extensive cost estimation has been carried out by Previsic et al. (2004) who assessed
deployment in San Francisco Bay. It was found that the expected LCOE for a 213 unit
installation would be approximately €0.075-0.144/kWh, with Bedard (2006) revising the
estimation of Previsic (2004) to €0.06-€0.12/kWh.
In 2006, Carbon Trust estimated that the cost of deployment in the UK may range between
€0.175-0.644/kWh for initial units, and €0.087-€0.365/kWh for mature units (Carbon Trust,
2006). This estimation was updated in 2011, where a range of €0.43-0.57/kWh was estimated
for units of 10MW capacity (Carbon Trust, 2011). To estimate the cost per unit electricity
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(LCOE), Allan et al. (2011b) inferred a value of £3622/kW from the range of capital costs
quoted in Carbon Trust (2006) to estimate an LCOE value of £0.189/kWh (€0.216/kWh) in
UK waters. The choice of £3622/kW did not reflect assumptions regarding the expected cost
of construction, but was an inferred point estimate that may lead to a certain market value of
electricity (Allan et al., 2011b).
Further studies have compared the cost per unit electricity amongst a number of wave energy
devices. Dunnett and Wallace (2008) carried out such an analysis in Canadian waters, finding
LCOE values in the region of CAD$0.10/kWh-CD$0.15/kWh (€0.069-€0.104) for
AquaBUOY and WaveDragon devices and CAD$0.236-0.381/kWh (€0.16-0.26/kWh) for the
Pelamis device.
In an Irish context, there have a number of analyses of interest. Commissioned by the Irish
Marine Institute, ESBI (2005) undertook a full appraisal of the cost of wave generation in
Ireland’s waters, where it was found that the cost of electricity would range between €0.105–
€0.180/kWh. These estimates were updated in 2010, when the Sustainable Energy Authority
of Ireland (SEAI) commissioned SQW consulting to survey ocean energy developers to
determine the expected cost of ocean energy-generated electricity. For wave energy devices,
it was found that the cost of 50-300MW installations may range from €1,574-€6,000/kW,
translating into a range of c.€0.06/kWh-€0.33/kWh (SQW, 2010).
Alongside these studies, a number of Pelamis-specific studies have been carried out in an
Irish context. Dalton et al. (2010a) provided the first contribution in this field by updating the
study by Previsic et al. (2004) to consider changes in the market price of steel and cabling,
where it was found that the cost of electricity came to €0.15/kWh for the first 100 unit array
in Irish waters. The first extension of this analysis was carried out by Dalton et al. (2012),
where the costs incurred in a phased 10 year installation plan were considered, relative to the
Irish REFIT support mechanism. Although this study did not assess the LCOE, it did find that
the costs incurred through a phased installation require the REFIT tariff to increase from the
current rate of €0.22/kWh to €0.37/kWh in a 10 year installation scenario assuming a
medium-level range of costs. This requirement was further increased to 0.43/kWh in a high
operations, maintenance and insurance cost scenario. O’Connor et al. (2013) provides the
most recent update of the Dalton (2010a; 2012) findings to accommodate new alternate
assumptions regarding cable cost, offshore substations and onshore civil costs. Interestingly,
the output of the first generation Pelamis P-1 device is augmented to consider a 1MW
specification. LCOE estimates of 0.21/kWh were estimated for a 1MW-rated 100 unit
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Pelamis array. A final Irish feasibility study has been carried out by Teillant et al. (2012)
which focuses on explicitly modelling the operational lifecycle of a WEC device installation.
Given the lack of actual experience, these costs are simulated using data obtained through
consultation with industry and extrapolation of operational requirements from neighbouring
industries. This model is applied in an Irish context, with a levelised cost for an unspecified
generic WEC design found to be €0.213/kWh.
As this review illustrates, there exists a wide range of potential cost estimates in the literature
to date, ranging from €0.05/kWh-€0.64/kWh. Furthermore, each study listed presents a
cautionary note as to the uncertainty surrounding many of the assumed input values
employed. These uncertainties affect the value of cost to be employed in the policymaker’s
deployment trade-off discussed in Section 3.2. Furthermore, such uncertainty of cost makes
adequate appraisal of private investment and policy mechanisms of support difficult.
Although much of this uncertainty may be explained by variations in location and space (See
Dunnett and Wallace (2009); Dalton et al. (2010a) and O’Connor et al. (2013) for explicit
analyses of spatial variability), uncertainty still remains once this has been accounted for. The
remaining degree of uncertainty may be attributed to the pre-commercial stage of
development and thus sparse information and operating experience (Previsic, 2004; IPCC,
2011; Allan et al., 2011b; SQW, 2010; Dalton et al., 2010a; O’Connor et al., 2013) along
with the fluctuation of market prices for inputs (Dalton et al., 2010a; Kaiser and Snyder,
2010). Even after considering spatial and device variability, many studies have cautioned that
cost values should be interpreted with care given these technological and market uncertainties
(Allan et al., 2011b; Dalton et al., 2012).
In the absence of more certain input cost data, the effect this uncertainty may have on
interpretation and application may be mitigated if one can calculate the likelihood of
achieving a given cost estimate. Although results must still be interpreted in the context of the
location and device considered, the economic trade-off central to cost-effective deployment
may be analysed with a quantified degree of confidence as to the validity of the resulting
output. The importance of incorporating this uncertainty may also be considered in the
context of improving the fidelity of policy appraisal, whereby the exposure to risk under a
given policy regime may be interpreted as the probability of effectively achieving the desired
investment environment. Such a modelling framework may build on the work carried out by
Previsic et al. (2004) and Gass et al. (2011). Previsic et al. (2004) have applied Monte Carlo
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simulation to test the variability of WEC cost estimates in San Francisco, whilst Gass et al.
(2011) have incorporated the impact output variability may have on wind turbine investment.
These studies have not applied these probabilistic techniques for feasibility analysis of WEC
devices in Ireland, nor have they analysed the implications this may have for effective policy.
Thus, it is based on these findings that the first contribution of this thesis is to create a
framework to quantify the uncertainty of WEC device cost in policy-related feasibility
analysis in Ireland.
3.3.2 External Market Costs of Wave Energy Conversion Device Deployment
Although WEC devices do not emit fossil fuels during operation, external costs are imposed
on other generators due to the intermittent nature of the generated electricity. The output of a
wave energy device is determined by the prevailing weather conditions and is thus
intermittent in nature. Given the system constraints outlined in Chapter 2, a greater level of
renewable penetration implies a greater degree of adjustment by conventional generators to
balance supply and demand during any trading period. This imposes a number of external
costs on conventional generators in the electricity market. Such external costs must be taken
into account in appraising the deployment of WEC devices, with a review of each cost
offered in the following paragraphs.
During each trading period, there is a certain amount of reserve generation dispatched as a
precautionary measure. A greater share of renewables on the system increases the required
level of reserve capacity as it increases the amount of intermittent generation on the system,
increasing the requirement for backup should predicted output deviate from that expected.
This additional reserve requirement may be thought of in terms of reducing the ‘capacity
credit’ (Doherty, 2008). The concept of capacity credit has been formulated to describe the
the capacity of conventional resources it displaces or avoids whilst keeping system reliability
constant (Ferreira and Carvalho, 1999; Zhang et al., 2010). To illustrate, a capacity credit of
70% implies that 70MW of coal energy may be replaced by 100MW of wind energy without
affecting system security.
Given that an increased proportion of renewables in a system implies a greater proportion of
variable generation, the capacity credit falls with increased penetration (Doherty, 2008). A
lower capacity credit results in each unit of intermittent renewables being equivalent to a
lesser amount of conventional generation. Thus, an increased penetration of renewables
requires a greater level of additional reserve generation at any one time.
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Anderson (2006; quoted in Broderick, 2012) provides a means by which the additional
reserve requirement for each additional unit of intermittent generation may be calculated;
Additional Reserve Requirement =

WEC  CFwec
 CC wec  WEC 
CFT
(3.1)

Where WEC denotes the additional WEC capacity; CFwec CFT are the capacity factors14 for
WEC and thermal devices respectively and CCwec is the capacity credit for WEC devices.
This calculation is comprised of two stages. The first part calculates the reduction of
conventional capacity that yields the same overall system output as the addition of one unit of
WEC capacity. From this, one may subtract the contribution the additional WEC capacity
makes to system reliability, denoted by the capacity credit.
Calculation of this parameter is carried out relative to the generator used to provide this
capacity. This generator is required to be of low capital cost (due to low probability of usage)
and quick to dispatch if required. As such, an OCGT peaking plant is often considered (CERNIAUR, 2010; Broderick, 2011). In the SEM, generators are rewarded for the provision of
reserve capacity based on the cost of the ‘Best New Entrant’ peaking plant. The cost assumed
for 2011 is €78,000 per MW of reserve capacity offered per annum (CER-NIAUR, 2010;
Broderick, 2011), with a capacity factor of 0.85 (Eirgrid and SONI, 2010; Broderick, 2011).
The current intermittent renewables capacity credit is assumed to be 0.20 (Eirgrid and SONI,
2010; Broderick, 2011). Following estimations for deployment in the most favourable Irish
conditions calculated by SEI and MI (2005), we assume that the average annual capacity
factor for WEC devices in Ireland is 0.3209. Taking these parameters the extra reserve
required for one additional unit is calculated as (1 x 0.32)/(0.85) – (0.20) = 0.176MW per
additional MW WEC capacity. Given that OCGT costs €78,000 per MW, this requirement
translates into €13,728, or €4.89/MWh (€0.0048/kWh).15 Although this is subject to increase
with greater renewable penetration on the system, Doherty (2008) and Broderick (2011) have
assumed that this value is constant when considering marginal additions. This translates into
approximately 3% of the WEC LCOE quoted by Dalton (2010a).

14

WEC devices only generate when the conditions allow. The capacity factor reflects this, and is the ratio of
actual expected output over a period of time, divided by the full nameplate capacity of the device
15
13,728/(8760*0.32) = 4.89
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Second, introducing a greater amount of intermittent renewables into an electricity system
requires a greater amount of cycling (altering the level of output) by conventional plant to
ensure demand and supply are balanced in a given trading period. Doherty (2008) has
estimated the additional cost per unit of renewable generation on the system, finding that a
cost of €3.4/MWh (€0.0034/kWh) at 10% penetration is observed, rising to €4.4/MWh
(€0.0044/kWh) at 20% penetration. At levels of renewable penetration of 30%, this cost rises
to €5.2/MWh (€0.0052/kWh).
Finally, there is additional external cost of ‘wear and tear’ imposed on conventional plant due
to this cycling. Generators in the SEM are directed to include cycling costs in their SEM bids,
providing a means by which external cycling costs are internalised into the market system
(Troy et al., 2010). However, these costs are not incorporated in reported levelised cost
estimates, and must be thus considered when comparing the economic trade-off outlined at
the beginning of this chapter. Placing a precise figure on this cost is difficult, however, as the
extent of such degradation is dependent on the type of plant considered, age of the plant and
cumulative cycling to date (Lefton et al., 1997). Alongside this, Troy et al. (2010) indicate the
average cycling cost per unit of intermittent generation in the SEM is sensitive to varying
assumptions of generation portfolio. In an Irish context, there has been considerable research
in this area at the UCD Electricity Research Centre, with the most relevant research in this
area carried out by Denny, (2007, 2009); Denny and O’Malley (2009) and Troy et al., (2010).
Amongst the findings of this research programme, Denny (2007) illustrates that intermittent
capacity of between 500MW-2000MW reduces the level of cycling due to wind pushing oil
units further down the merit order. This results in more flexible OCGT being used on the
margin. Beyond 2000MW, cycling costs increase as baseload plant are subject to cycling
more often. To indicate an approximation of this cost, Denny (2007) finds that between
market penetrations of 1500-2000MW of intermittent renewables, a system-wide cycling cost
of €20m is incurred. Spread over the total generation per year for a WEC device at 0.32
capacity factor, this translates into €4.76/MWh-€3.56/MWh (€0.00476-€0.00356/kWh).
However, this figure is but an indicative value, as Broderick (2011) notes the precise cost is
difficult to quantify given the current level of knowledge within the industry. Research at the
UCD ERC (ERC, 2012) is being carried out to further quantify the effect of these costs on
overall generation cost and further inform the trade-off discussed in Section 3.2. To
summarise the findings of this review, it can be seen that a considerable body of research
exists to quantify the external cost of additional intermittent generation. Identifying these
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costs is primarily an engineering exercise and thus outside the scope of this thesis. However,
this discussion has outlined the external market costs of deployment and motivated their
importance when considered in an economic trade-off.
3.3.3 The Internal Cost of Fossil Fuel Generation
Having outlined the market costs associated with WEC deployment, the market costs of the
foregone alternative will now be outlined. Unlike the internal cost of wave energy devices,
fossil fuel technologies are mature and thus the internal capital costs are known with
certainty, with Doherty (2008) reviewing the capital cost of fossil fuel generation plant that
may be deployed in Ireland. However, the cost of the fossil fuel itself is less certain than
capital plant cost. The most authoritative account of fuel price is offered by the International
Energy Agency, contained within their annual ‘World Energy Outlook’ publication (IEA,
2009).
The IEA state that if extensive measures to reduce fossil fuel usage are not implemented, gas
prices will increase by between 74-87% on 2009 prices by 2030, whilst coal prices will
increase by 8.5%-15.6% (IEA, 2009a). If mitigation measures were put in place to limit
cumulative GHG concentrations to within 450ppm, gas and coal prices may not rise as much
(a 47% increase and 31% decrease respectively), primarily due to internalised carbon cost
and reduced reliance on fossil fuels. Given these projections of growth, the cost of fossil fuelgenerated electricity is subject to a great deal of change within the next 20 years, with the
primary running cost of gas generation almost doubling in price. This introduces a temporal
aspect to the wave energy deployment decision outlined in Section 3.3.2. This will be
discussed further in section 3.3.5.
3.3.4 The External Cost of Fossil Fuel Generation: GHG Emission
A quantification of the cost resulting from a marginal change in GHG emissions provides a
suitable metric of avoided environmental cost (Tol, 2005), and thus provides a tractable
metric to be incorporated in the trade-off outlined in Section 3.2. The Intergovernmental
Panel on Climate Change (IPCC) have defined the cost incurred by a marginal change in
GHG emission as “the value of the climate change impacts from 1 tonne of carbon emitted
today as CO2, aggregated over time and discounted back to the present day” (IPCC, 2007).
This is known as the Social Cost of Carbon (SCC)
Quantifying the total costs incurred by each marginal unit of GHG emission is a difficult task.
A number of approaches exist to carry this out (Conefrey et al., 2012). First, one may try to
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estimate the cost based on the anticipated ‘damage’ on economic and ecological systems and
determine the cost of emission. This involves not only the understanding of complicated
ecological and environmental processes (Rogner et al., 2007), but also their interaction with
the economic system. Integrated Assessment models have been developed to assess these
interactions. The most prolific Integrated Assessment models include DICE (Nordhaus,
2008), FUND (Anthoff and Tol, 2010), MERGE (Manne, 2004) and PAGE (Hope, 2008).
These models attempt to quantify the damage from each marginal unit of emissions, and thus
estimate the present day cost incurred (the Social Cost of Carbon). Given the lack of
knowledge surrounding climate processes and the detrimental ‘feedback’ affect they may
have on economic activity and welfare, the results of these models are subject to uncertainty.
Such uncertainties stem from a number of sources. Integrated assessment model results are
highly sensitive to the rate at which future welfare is discounted and this has become a
considerable point of contention within this literature. Stern (2007) adopted a low time
discount rate when quantifying the SCC, believing that ethical carbon accounting should
consider future welfare on a similar basis to current welfare. This has been criticised by
Nordhaus (2007; 2008), who favours higher rates of discount, thus reducing the SCC
considerably.
Tol (2005) has reviewed 28 published studies examining the social cost of carbon. Analysing
the complete distribution of potential values, Tol (2005) found that the modal value of SCC
in 2005 was $2/tCO2, the median was $15/tCO2, the mean $93/tCO2, with the 95th percentile
found to be $350/tCO2. Interpreting these distributional characteristics would suggest that
there is potentially a great cost to be imposed on society, but current estimates find that the
probability of this great cost is low.
Given the uncertainties associated with methods to assess the cost of carbon through
estimates of the ‘damage’ inflicted through emission, the alternative to this approach is a
target-based approach (Conefrey et al., 2012). This is currently in favour with the UK
Department of Energy and Climate Change (DECC, 2009), whereby the ultimate GHG
concentration desired in the long run is the central target around which a least-cost trajectory
of abatement may be devised. This target is still uncertain, but such an approach allows for
GHG mitigation to be more closely grounded in a GHG concentration that yields an
acceptable chance of avoiding adverse effects of climate change, as suggested by
climatologists. Once a schedule of abatement has been put in place a price on carbon may be
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defined at each moment in time. As of September 2012, it has been estimated that CO 2
concentrations are in the range of 391.05ppm (Tans and Keeling, 2012). A 2005 Symposium
entitled ‘Avoiding Dangerous Climate Change: A Scientific Symposium on Stabilisation of
Greenhouse Gases’ (Schellnhuber et al., 2006) examined the link between GHG emission and
climate impacts, finding that temperature increases beyond 2 degrees celsius must be
avoided. It stated that a target of 450ppm would result in a 50% chance of avoiding a 2
degree increase, and stated that it would be necessary to limit GHG concentrations to below
400ppm CO2-equivalent to have considerable certainty of not exceeding a 2 degree increase.
The UK Department of Energy and Climate Change (DECC) adopt a 470ppm stabilisation
target for 2030 for policy analysis, and have employed the Global Carbon Financial
(GLOCAF) model to predict that the cost of carbon will be £70/tCO2 by this time. Kuik et al.
(2009) have carried out a meta-analysis of marginal abatement costs for different CO2
concentrations, finding that many studies have adopted targets in the range of 550ppm or
greater, with some analysing targets of 650ppm. A marginal abatement cost curve was
produced as part of this study, illustrating the 2025 cost per unit of GHG emission,
conditional on a given target. From this review, the predicted cost for the 470ppm target is in
the region of €100/tCO2, however a range of uncertainty of approximately €50-€180 is found.
This range changes to approximately €40-€120 for a target of 500ppm and approximately
€25-€80 for a target of 550ppm. Interestingly, Kuik et al. (2009) point out that values below
550ppm are the subject of fewer marginal abatement cost studies and as such, the cost of
carbon in the 450ppm-550ppm range is subject to additional uncertainty.
Further uncertainty in the cost of GHG emission may arise from the market mechanism
employed for internalisation. GHG may be internalised by either a carbon tax (explicit price
per unit carbon) or a cap-and-trade system, where a limit is placed on emissions, and prices
are set by carbon markets. Internalising the SCC in electricity generation in Europe is carried
out by means of the EU Emission Trading Scheme (EU ETS). The EU ETS is a cap and trade
system in operation for power generation, factories and other industrial installations.
Introduced in 2005, the EU ETS has gone through 2 phases, with a third to begin in 2013.
The EU ETS currently covers more than 10,000 installations with a net heat excess of 20
MW in the energy and industrial sectors, comprising almost half of the EU's emissions of
CO2 and 40% of its total greenhouse gas emissions (Wagner, 2004).
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The EU ETS operates by placing a limit, or cap, on the quantity of emissions allowed. Each
body must hold a permit (or allowance) for each unit of GHG emitted. These allowances may
be traded whereby a market price for carbon is determined. At the beginning of each stage, an
initial number of allowances are allocated freely based on previous rates of emission
(‘grandfathering’) and the rest are auctioned to the market (Egenhofer et al., 2011). Overallocation of permits in the EU ETS market will drive the price down, negating any incentive
to reduce emissions. This has been the case at two points in the history of the scheme. Phase
II of the EU ETS scheme, in operation during the trading periods of 2008-2012, experienced
such over-allocation. Prices began at roughly €20/tCO2 in 2008, rising immediately to around
€30/tCO2 soon afterwards. However, these soon fell to a low of under €10/tCO2 in 2009 due
to over-allocation of allowances. Price remained around €10-€15/tCO2 from then until
December 2011, where EUA prices fell below €10/tCO2 once again, falling to below €7/tCO2
at the end of 2011. These prices are below levels at which a considerable incentive to curtail
carbon emissions exists, with oversupply due to reduced recessionary demand cited as
contributing to this (Longyearbyen, 2012; Egenhofer et al., 2011).
One can see that an adequately defined cap on allowances is required for an effective capand-trade system. A new phase III of the EU Emissions Trading Scheme (EU ETS) is due to
begin in 2013, incorporating a single EU-wide cap on CO2. The cap for the year 2013 has
been determined at 2,039,152,882 allowances, i.e. just under 2.04 billion allowances. The cap
will decrease each year by 1.74% of the average annual total quantity of allowances issued by
the Member States in 2008-2012. In absolute terms this means the number of allowances will
be reduced annually by 37,435,387. This annual reduction, it is hoped, may mitigate the
probability of encountering the problems of oversupply whilst allowing for the SCC
internalised in the electricity market to grow in accordance with the incremental cost of each
marginal GHG unit emitted. (Egenhofer et al., 2011). However, the market nature of these
allowances will mean that the expected rate of growth will be uncertain and subject to
fluctuation.
This review has demonstrated that the external cost of GHG emission has two distinct traits;
it is subject to change with time and the pattern of this change in uncertain. In the context of
the economic trade-off discussed in Section 3.2, the dynamic nature of GHG prices
introduces a temporal aspect, similar to that of fuel prices discussed in Section 3.3.3. The
presence of uncertainty complicates this dynamic trade-off. Given that both uncertain future
fuel and GHG prices infer a temporal trade-off in the presence of uncertainty, this may be an
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important consideration when evaluating the decision to support WEC deployment. The
following section will review the literature in this area to identify a gap which may be
addressed by this thesis.
3.3.5 Temporal Aspect to Economic Trade-off
Analysing the economic trade-off relating to renewable energy deployment in a temporal
context may be carried out in a deterministic or stochastic context. Analyses in the presence
of deterministic price processes (see Ayompe et al., 2010, for example) assume perfect
information of future costs and although this may analyse the economic trade-off in a
temporal context, the impact of cost uncertainty is ignored. An alternate body of research has
incorporated the impact of uncertainty into a temporal deployment decision using stochastic
price and cost processes. This may be carried out using techniques of Real Options Analysis
(ROA).
The application of Real Options in analysing an irreversible investment (such as investment
in WEC deployment) under uncertainty is analogous to the pricing of financial call options
(Black and Scholes, 1973). Such pricing recognises that a trade-off exists between the present
value of cash flows from immediate investment and the time value of information revealed by
delaying the investment decision (see Dixit and Pindyck, 1994)
ROA was first implemented in studies by McDonald and Siegel (1986), Pindyck (1988,
1991), and Dixit and Pindyck (1994). ROA has been applied in a number of papers to assess
the timing decision and market conditions of cost-effective energy investment, with Lee
(2011) providing a good review in the context of renewable energy investment. Many studies
to date have used ROA to analyse the impact uncertainty may have on the timing of the
renewable energy deployment decision. Fuss et al. (2008; 2009; 2010) have used ROA to
quantify the effect of different sources of uncertainty on the timing of renewable energy
investment. The timing of carbon capture and storage (CCS) investment strategies has been
assessed by Zhu et al. (2011), whereby the expected timing of investment and role of CCS in
China’s electricity portfolio is determined. Sekar (2007) use a ROA to assess the type of coal
plant to invest in. It was found that the value of flexibility in decision making is greater as the
level of uncertainty increases. A further application of ROA to analyse a temporal investment
decision has been carried out by Elverhoi et al. (2010), who assessed the optimal timing and
extent of upgrade for a hydroelectric plant in Norway. Kumbaroglu et al. (2008) have applied
ROA to assess the deployment of renewable energy from a market dispatch perspective. They
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consider an optimum portfolio of generating assets for the Turkish electricity market, with
particular attention being paid to the decision to replace fossil fuel-based capacity with
renewable technologies. They employ learning curves to measure the cost competitiveness of
novel renewable technologies. It is found that market players invest little in renewable
technologies due to the relative cost and it is suggested that support in excess of existing
Turkish subsidies are required in the short run to accelerate learning effects and to encourage
competitiveness.
Abadie & Chamorro (2008) use ROA to assess the price of fuel at which investment in
certain plant is cost-effective. Yang et al. (2008) consider climate policy uncertainty and the
risk premium associated with decisions to invest in new capacities of coal, gas and nuclear
investment. They found that it is important to consider the implication of carbon and fuel
price variations on the decision to invest as this is an important determinant of the risk profile
faced by investors. Finally, Siddiqui (2007) employ ROA to compare the potential returns of
R&D in renewable energy in relation to the uncertain development of non-renewable energy
costs at discrete nodes of investment appraisal.
From this review, one can see that real options analysis has been used to analyse the
deployment of energy technologies in the presence of uncertainty. As outlined, many of these
studies have concluded that a methodology which incorporates the variability and uncertainty
in the deployment decision is required. As such, this approach may provide a suitable
framework to incorporate the uncertain dynamic fuel and GHG costs into the decision to
deploy WEC devices. Many of the studies contained within this review have focussed on the
private investment decision (e.g. Fuss et al., 2008), with studies from the perspective of a
social optimum (e.g. Kumbaroglu et al., 2008) less prevalent. Further, real options analysis
has not been applied to explicitly examine the decision to invest in wave energy conversion
devices. Given these findings, potential exists for this analysis to both inform WEC
deployment in a temporal context, whilst also giving insight into how a real options analysis
may be augmented to consider cost-effective renewable energy policy. As such, the second
contribution of this thesis is to use real options analysis to assess the economic trade-off of
WEC deployment in a dynamic context and in the presence of uncertainty.
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3.3.6 External Socio-Economic Impacts of WEC Deployment
Having outlined the primary market-based costs, the socio-economic impact of WEC
deployment will now be discussed. External to environmental and market benefit is the
potential for local industrial capacity to be employed in device manufacture, installation and
operation (MI & SEI, 2005). Although this may be considered as minor in an electricity
market context, these benefits have been cited as primary factors motivating deployment (MI
and SEI, 2005) and are thus important considerations in the economic trade-off. To date, two
approaches have been employed to estimate employment impacts; direct identification using
analytical models and the adaptation of pre-existing industry-level models (i.e. Input-Output
or CGE models) (Llera Sastresa et al., 2010; Dalton & Lewis, 2011).
Analytical models estimate employment impacts through observation or primary data
sources. These models are most suitable for the calculation of short term direct employment
impacts (Llera Sastresa et al., 2010). Sources employed include surveys (see Singh et al.
2001), reports, tax-related enterprise registers and government statistics (Dalton & Lewis,
2011). From such data, a ‘jobs per MW’ metric is calculated to summarise employment
generated per unit installed. This metric is often extrapolated for use in an alternate context
(e.g. Wei et al., 2011).
Alternatively, Input-Output (IO) and Computable General Equilibrium (CGE) methodologies
have been employed. These methodologies use pre-existing data on the relationships between
industrial sectors, often taking the form of input-output tables (e.g. Blanco and Rodrigues,
2009) or social accounting matrices (SAM) (e.g. Allan et al., 2008). A SAM is a matrix
representing the flow of economic transactions from source to recipient. An input-output
table takes a SAM flow of transactions as its core. An IO table has one row and one column
for each sector of the economy and shows, for each pair of sectors, the value of goods and
services that flowed directly between them in each direction during a stated period (Christ,
1955). Under assumptions of constant returns to scale16, constant factor ratio of
employment17 and perfectly elastic factor inputs18, one can use this IO matrix of transactions
to estimate the monetary value of inputs sourced from each sector in the provision of output
16

Constant returns to scale assumes that if each input is increased by a constant factor, then output will increase
by the same proportional change.
17

A constant factor ratio assumes that the proportional contribution of each intermediate input remains constant
for all levels of output.
18

Perfectly elastic factor inputs assumes that industries or households can supply any amount of factor inputs to
facilitate an increase in demand, derived from an increased level of output. Thus, changes in the level of output
are not constrained by the availability of inputs.
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for a given sector. A Computable General Equilibrium (CGE) model takes a SAM matrix of
intermediate consumption and relaxes the IO assumption of perfectly elastic factor inputs,
allowing for changes in prices and inputs as a result of a given output change to be taken into
account.
A number of studies to date have been carried out using analytical, IO or CGE models. SQW
(2010) adapted a ‘jobs per MW’ metric from installation patterns of offshore wind as
calculated by Bain and Company (2008) to calculate direct employment impacts for WEC
deployment. Indirect multiplier effects were calculated by using cost data obtained from an
industry survey and converted to additional employment using the Irish IO table (CSO,
2005). Overall, this study estimated that an island of Ireland wave energy industry could
provide 17,000-52,000 full-time equivalent (FTE)19 jobs by 2030. A similar approach is taken
by DTI (2004), who take input cost data for each component and calculate the value of labour
compensation and thus FTE employment.
The successful application of the IO-based methodology requires the assumptions listed
earlier to hold20. These assumptions have been found to be inadequate when considering a
relatively large employment shock on an economy characterised by low unemployment
(Allan et al., 2008). In such a situation, an inelastic supply of labour or other factor of
production may alter input prices, and thus result in factor substitution. This change in factor
prices may have knock-on effects in other industrial sectors. As such, Allan et al. (2008) have
adopted a CGE analysis to consider the effect of a 3GW deployment scenario in Scotland as
such a ‘mega-project’ is assumed to exert a large effect on wages and prices.
Alongside external socio-economic benefits of deployment, there exists an external socioeconomic cost. Outlined in Chapter 2, deployment is funded via an additional standard
REFIT charge on all consumers’ electricity bills. Devitt and Malaguzzi-Valeri (2011) have
calculated the consumer subsidy required to fund different renewable energy deployment
scenarios in Ireland, whilst Ringel (2006), Menanteau et al. (2003) and Huber et al. (2007)
have compared the aggregate cost and effectiveness of alternative subsidisation schemes.
Interestingly, Devitt and Malaguzzi-Valeri (2011) found that ocean energy devices (wave and
tidal) impose a social cost that is disproportionately large relative to other renewable
19

One Full-Time Equivalent (FTE) is the number of additional employment hours created which are equivalent
to one person working full-time for one year.
20

It should be noted that SQW (2010) employed exogenous factors, post estimation, to approximate reductions
in labour intensity and potential labour displacement in order to lessen the impact of these limitations.
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technologies such as wind. However, MI and SEI (2005) and SQW (2010) argue that the
potential for socio-economic development due to WEC deployment is greater than for
alternate renewable technologies.
One can see that quite a large body of literature exists to estimate both the external socioeconomic benefits and socio-economic costs, with the methodologies currently employed
limiting analyses of economic change to the aggregate scale. This limitation means that the
effect WEC deployment has on welfare distributions, both due to added employment and
reduced income, at the micro or regional scale is overlooked.
Indeed the public support for WEC deployment when motivated by enhanced economic
activity presents potential for an interesting empirical study. Impacts such as this affect
certain households and regions more than others, affecting the distribution of
household/neighbourhood income, unemployment and income inequality (Beneria and
Santiago, 2001). A micro-level model of the Irish population allows for the distributional
effect of public policy to promote economic development to be elicited. The potential for
distributional change in a spatial context is of particular interest to the Irish case, as the
spatial distribution of the wave energy resource is primarily located along the west coast
(SEAI, 2011), which tends to be less economically developed than other regions in Ireland
(Nolan et al., 2008). Thus, a priori, one would expect WEC deployment may have a spatially
heterogeneous redistributive effect on household incomes. In the context of analysing the
economic trade-off of WEC deployment, identification of this redistributive effect is of
considerable importance given that changes in welfare is the motivating factor implicit in
facilitating socio-economic development.
A number of potential methodologies exist to elicit this impact. Gianessi et al. (1979) have
captured the distributional effect of national environmental policy in the US on household
welfare by distributing national costs according to household incidence. This incidence was
calculated using spatial identifiers to disaggregate total costs amongst the households of a
region, thus allowing for the location of ‘winners’ and ‘losers’ of policy to be adequately
identified. However, the inference of impacts in relation to welfare was limited as this model
did not identify the distribution relative to income distributions.
An alternate approach taken by Grainger and Kolstad (2010) involved linking an input-output
model with a micro-survey to identify how environmental taxes affect the cost of economic
output and ultimately household consumption. Such an approach, whereby macro-economic
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changes are interacted with a micro-level model, may allow for a suitable framework for this
analysis. However, the approach of Grainger and Kolstad (2010) is limited to aspatial
inference, as the micro-data used was nationally representative.
Spatial microsimulation provides a platform where both of these deficiencies may be
overcome. Spatial microsimulation models provide a spatially explicit population dataset of
spatially-referenced micro-units (e.g. individuals, households or firms) (Ballas et al., 2006a)
in a given jurisdiction, to examine the impact of social or economic policy (Orcutt et al.,
1986; Birkin and Clarke, 1995). The interaction of a spatial microsimulation model with an
input-output framework would thus allow for the first-round effects of national-level
employment or policy change to be analysed at the individual or household level. Similarly,
the presence of a spatial identifier allows for the spatial heterogeneity of certain effects to be
captured, in a similar manner to that of Gianessi et al. (1979) and Ballas et al. (2006b).
Analysis incorporating both micro-level income change and a spatially explicit framework
has been carried out by Hynes et al. (2009b), where a spatial microsimulation model has been
used to elicit the effects of a national carbon tax on the spatial and micro-level distribution of
farmer income in Ireland. Ballas et al. (2006b) have linked a spatial microsimulation model
with a hypothetical profile of regional employment change to elicit the effect on the spatial
distribution of employment. Similarly, the closure of a large employer in a region has been
modelled by Rephann et al. (2005). This study modelled the impacts of hypothetical plant
shutdown using a dynamic model to identify the impact on regional income, demographics;
individuals’ post-closure labour market experiences and health implications. Lindgren et al.
(2007) use a dynamic model to consider the impacts of industrial investment on demand for
employment and demographic change over time. The economic impacts considered are the
first-round employment effects as a result of this investment. Although an input-output model
is not explicitly linked, a hypothetical rate of additional employment by industry is employed.
One can see that a number of studies to date have used a spatial microsimulation framework
to analyse the first-round distributive effect of a spatially heterogeneous economic shock.
Furthermore, the existence of a micro-level model allows for the impact of economic cost on
household welfare to be identified also. It is based on these findings that the final contribution
of this thesis is to analyse the distributional effect of wave energy device deployment using a
spatial microsimulation framework. This contribution will inform the economic trade-off of
deployment as to the first-round distribution of costs and benefits required for deployment,
and will comprise the construction, validation and application of this framework.
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3.3.7 Further Ancillary Costs and Benefits that are Outside the Scope of this Thesis
This review has discussed the primary factors determining cost-effective WEC deployment.
These issues are those most pertinent when discussing WEC deployment and have defined
the scope of this thesis. However, a number of relevant ancillary factors exist which must
also be considered in a comprehensive deployment evaluation but fall outside the scope of
this thesis. In order for the cost and benefits outlined to be placed in the correct context, each
of these factors will now be summarised.
Alongside the external cost of intermittent generation, there exists an external cost imposed
as a result of the visual disamenity of offshore energy installations. Although little research
exists particular to the external cost of WEC device installations, there exists a number
studies assessing this cost in relation to offshore wind. Krueger et al. (2011) use a stated
preference approach to identify that the annual costs to inland residents was $19, $9, $1, and
$0 (2006 dollars) per household for offshore wind turbines located at 0.9,3.6, 6, and 9 miles
offshore. The cost to residents living near the ocean was $80, $69, $35, and $27 per
household for the same increments. These findings correspond broadly to the
recommendations offered by Westerberg et al. (2013) who state that the impact of wind farm
disamenity costs on tourism revenues in the French Mediterranean tends to zero, if they are
located somewhere between 8 and 12km from the shore. This 4km band of optimal distance
is due to the fact that the willingness of respondents to accept or pay for this disamenity
varied with their personal characteristics. Similarly, Ladenburg and Dubgaard (2007)
reported relatively low willingness to pay values to forego the visual disamenity imposed by
an offshore wind farm 12km from shore. Given that wave energy conversion devices are
likely to be in the region of 16km from shore (SEAI, 2012) and have a lesser visual impact,
one would expect these values to be considerably less. Although a valuation of the additional
visual disamenity for WEC devices would provide a valid contribution to the economic tradeoff, the expected cost is likely to be low and thus is reserved for further study outside this
thesis.
Mentioned briefly in Chapters 1 and 2, additional motivation for the deployment of WEC
devices is the potential for reduced variability of electricity prices and reduced exposure to
international fluctuations in international energy markets (Allan et al., 2011a; Carbon Trust,
2006). Using Mean-Variance Portfolio Theory, Allan et al. (2011a) find that the risk/return
ratio of the current generation mix in Scotland may be made more efficient with the
introduction of wave energy technologies. In an Irish context, Doherty et al. (2006) have used
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mean-variance portfolio theory to identify a least cost generation portfolio for Ireland, finding
similar results in relation to wind. This is found that for a large range of potential scenarios
and policy goals, including those that reduce exposure to fluctuating fuel prices. Such
arguments are similarly valid for WEC device deployment. Despite the quantification of
portfolio return relative to risk, quantification of the value of risk reduction for incorporation
in the economic trade-off relating to WEC (or indeed wind) deployment is more difficult to
obtain. One potential avenue with which this may be identified is by means of a Real Options
analysis, where the option presented by having such capacity in the event of future economic
shocks may be quantified. This may comprise a potential application of the real options
framework presented in this thesis. However, given that this is a secondary concern to the
primary drivers of deployment already discussed, this is deemed outside the scope of the
work presented here but may comprise a future application.
Finally, it should be noted that similar to WEC devices, there are costs of visual disamenity
and socio-economic benefits associated with the deployment of conventional generation
technologies (e.g. Davis, 2011; Faiij et al. 1998). An adequate evaluation of WEC
deployment should also incorporate these effects. Given the maturity of these devices and
secondary importance of these factors it is assumed that these are known with considerable
certainty and are of relatively small magnitude. As such, these impacts are deemed outside
the scope of this thesis.
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3.4.

Conclusion

This chapter has presented the economic rationale for renewable energy deployment and
reviewed the literature pertaining to each motivating factor. This chapter has identified areas
which are of greatest priority when considering the decision to deploy WEC devices, and a
number of deficiencies in the economic understanding of these factors has been identified.
This may be due to market or technological uncertainty or methodological/data limitations
restricting the range of analysis. Identifying these deficiencies has allowed for the scope of
this thesis to be adequately defined. In the chapters which follow, a number of modelling
frameworks will be developed to mitigate much of these uncertain or unknown factors.
The following chapter, Chapter 4, will begin this discussion by quantifying the uncertainty
surrounding WEC device cost estimates by developing a probabilistic model of cost
appraisal. This is applied to consider the adequacy of WEC policies of support in Ireland.
Chapter 5 will build on the model of Chapter 4 by developing a real options model to
consider the decision to initiate a policy to support the deployment of WEC devices in a
dynamic context, when faced with uncertain market price processes.
Finally, Chapters 6-8 will analyse the distribution of socio-economic impacts as a result of
WEC deployment in a spatial context. In carrying out this analysis, a spatial microsimulation
model is developed in Chapter 7, using a new statistical matching technique developed in this
thesis called ‘Quota Sampling’.
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4.1.

Introduction

As the review of Chapter 3 has outlined, the cost of electricity generated by Wave Energy
Conversion (WEC) devices has been estimated to lie between €0.05-€0.64/kWh. Although
differences in the choice of installation scale, device and location have been determinants of
the wide range quoted (Dalton et al., 2010a; Dunnett and Wallace, 2009), uncertain input
costs have also been a contributory factor (Dalton et al., 2012; Allan et al., 2011b).
Analyses to date have dealt with this uncertainty in a number of ways. The most basic
approach has been to quote costs as a wide range of potential values (e.g. SQW, 2010).
Although such an approach gives an estimate which covers all potential values of likely cost,
there is no further information as to the likelihood of achieving a given cost estimate. If a
more narrow range of values is desired, most likely point estimates of each input parameter
may be extracted from a stated range (e.g. Dalton et al., 2010a; 2012). It should be noted,
however, that the reliability of such an approach in addressing uncertainty is predicated on
the subjective accuracy of the point estimates chosen. This is fully realised when one
considers that although each assumed parameter may have a reasonable chance of occurring
alone, the probability of a number of most likely parameters occurring together is less likely,
culminating to form an expected cost based on an ‘unlikely coincidence’ of values (Hertz,
1964). Finally, a cost estimate may be chosen from a stated range based on that value which
may yield an adequate rate of return under a given public support mechanism (e.g. Allan et
al., 2011b). Such an approach carries an implied assumption that costs will converge to an
economically viable level, as opposed to estimating a bottom-up, per-component cost value.
By abstracting from the likely value of input cost parameters, such an approach does not
account for the likelihood of occurrence in practice. Alongside these approaches,
supplementary scenario or sensitivity analyses have mitigated uncertainty somewhat by
eliciting cost outcomes under an alternative set of chosen circumstances.
For each approach listed, input cost uncertainty creates uncertainty as to the overall cost of a
wave energy installation. In the absence of more certain cost data, a quantification of the
uncertainty surrounding a stated cost value may aid the interpretation of that value. The
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merits of such quantification may be better understood by illustrating the positive
implications of application. A policymaker must incorporate the internal cost of WEC
generation when evaluating the economic trade-off of deployment, as discussed in Chapter 3.
As Chapter 3 and this discussion have illustrated, a wide range of uncertainty exists
surrounding reported estimates. If a policymaker was aware of the likelihood of achieving a
given estimate value, the reliability of evaluation may be improved.
Potential applications may extend beyond this central evaluation to investment appraisal and
evaluating mechanisms of policy support. Quantification of cost uncertainty is important for
investment appraisal as although a deterministic analysis based on point estimates may
suggest an adequate return, deviation from these estimates may yield an inadequate return.
The sensitivity of profitability to deviations in assumed values is thus an important
consideration as a prudent investor may abstain if there is sufficient possibility that financial
return is inadequate under a given support mechanism. Not recognising such uncertainty may
distort predictions in an unknown manner, affecting the interpretation of results and affecting
the reliability of decisions based on these predictions (Mohamed & McCowan, 2001).
The importance of incorporating this uncertainty may also be considered in the context of
improving the fidelity of policy appraisal. Policies to support renewable energy are designed
to encourage private investment by providing an adequate rate of return. In this context,
quantifying the exposure to an inadequate rate of return under a given policy regime may be
interpreted as the probability that a given policy effectively achieves a desired investment
environment.
Considering these motivational factors, this chapter presents a methodology to quantify the
uncertain cost of a given WEC installation in Ireland. This allows policymakers and private
investors to evaluate economic cost and return as a function of the probability of occurrence.
A sensitivity analysis is carried out to elicit results under differing scenarios of installation
size and rate of technological change, providing information for both developers and
policymakers as to the rate of cost reduction and/or policy support required for feasible
investment.
This chapter proceeds as follows. Section 4.2 outlines the probabilistic methodology and
indices of appraisal employed in this analysis. This is followed by an overview of the case
study data and parameters employed in Section 4.3. The results of this analysis are presented
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in 3 separate sections. Section 4.4 presents the results in relation to cost quantification.
Section 4.5 assesses the uncertainty of financial return, whilst Section 4.6 presents a
sensitivity analysis. The purpose of the sensitivity analysis is to identify rates of cost and
financial return under alternate assumptions of future cost reduction. Finally, a conclusion is
offered in section 4.7.

4.2.

Methodology

Montes et al. (2007; 2011) have reviewed methodologies to quantify the uncertainty of
project profitability in the context of renewable energy investment, finding that methods of
statistical simulation, such as Monte Carlo simulation, are most appropriate. Having first
appeared in a paper by Metropolis and Ulam (1949), Monte Carlo simulation is a numerical
process to estimate the probability density distribution of an uncertain outcome such as
project cost or profitability. This is carried out by repeating a given calculation, where each
calculation uses a different value for each uncertain input. The value chosen for each
uncertain input is sampled randomly from a known distribution. This procedure calculates the
probability density distribution of cost from the proportional frequency of obtaining each
potential estimate value. Specification of the full range of potential uncertain values in favour
of subjective point estimates provides a more objective estimation of project profitability,
whilst allowing for the simultaneous consideration of all potential sources of cost variability.
Following the process outlined by Falconett and Nagasaka (2010), Figure 4.1 illustrates the
process of Monte Carlo simulation as applied in this chapter.
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Figure 4.1: Overview of Probabilistic Methodology

Inputs
Uncertain Variables
(Probabilistic Inputs)

Certain Variables
(Deterministic Inputs)

Random Variables drawn
from known distribution

Scenario Parameters

Policy Support Scenario
Learning Rate
Installation Size

Monte Carlo Simulation (10,000 iterations)
Project Cost

Project Output
Value of
Energy Output

Capital Cost
O&M

Indices of Project Cost and Profitability
Probability Density Distributions
Quantifying Project Cost and Profitability

Index of Project Risk

Quantified Risk
for Investment and Policy Appraisal

65

Chapter 4. Quantifying the uncertain cost of wave energy in Ireland
From this outline, one can see that inputs into the simulation methodology may be either
certain or uncertain, with uncertain inputs characterised by an expected distribution. In the
presence of a number of scenario parameters, the Monte Carlo simulation is run for 10,000
iterations. This gives 10,000 sets of input cost, with each input cost value chosen according to
the pre-specified range and distribution. For each of these 10,000 iterations, an index of
project cost and an index of project profitability measure the cost and return on investment.
Once the 10,000 values of cost and profitability have been calculated, one may construct a
probability density distribution. This quantifies the likelihood of achieving a given value for
cost or return. Finally, an index of project risk is applied to the entire distribution of both cost
and profitability estimates. For cost estimates, this measures the probability that device cost
will be less than or equal to a stated probability threshold assumed to account for potential
risk. For profitability estimates, this measures the probability that financial return will be
greater than or equal to a stated threshold. This probability threshold is chosen such that it
accounts for potential risk. Each constituent element of the modelling process will now be
outlined in greater detail.
4.2.1 Scenario Parameters


Policy Support

For profitability estimation, the financial value of wave energy output must be calculated. A
Feed-in Tariff (FiT) is a price support mechanism which offers a guaranteed price per unit of
electricity generated (expressed in terms of kilowatt-hour, kWh, or megawatt hour, MWh21).
This is the mechanism chosen to support renewable energy deployment in Ireland and is
known as the Renewable Energy Feed-in Tariff (REFIT; see Chapter 2). As such, project
profitability will be assessed under a Feed-in Tariff price support mechanism in this chapter.
The value of energy output is calculated as the FiT multiplied by the annual output;
Vt = Et*FiT

(4.1)

Where Vt is the financial value of energy output and Et is the quantity of electricity generated
during period t. Numerous feed-in tariff rates are assessed for the purposes of this analysis,
including that proposed by current Irish policy of €0.22/kWh (See Chapter 2 for a full
discussion of REFIT). Alongside policy support scenarios, this chapter analyses different
rates of cost reduction or ‘learning’ and different numbers of WEC devices per wave
installation.
21

1MWh = 1,000kWh
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Learning Rate

A ‘learning’ rate approximates the effect economies of scale may have on device cost.
Current WEC cost data detail initial prototype devices, and do not take into consideration
efficiencies and economies as a result of learning, experience and bulk purchase. Empirical
experience has found that the cost reduction of novel technologies shares a consistent pattern
with the accumulation of installed capacity, whereby the doubling of capacity results in a
certain reduction in cost. It is this empirical observation that has been formalised in what is
known as a ‘learning rate’ or alternatively, an ‘experience curve’. A learning rate does not
explicitly model the constituent processes that lead to cost reduction, but rather calibrates an
initial cost estimate to an empirically observed rate of cost reduction (Junginger et al., 2004)
A learning rate may be characterised in terms of a scaling factor, b, which indicates the
percentage scaling of cost with each doubling of capacity. For example, a scaling factor of
0.9 suggests that for every doubling of capacity, costs are scaled by 90%. Conversely, (1-b) is
equal to the percentage reduction in unit cost for each doubling of capacity (in the stated
example, costs have fallen by 10%). Assuming cost reduction begins with the first period22,
the learning rate may be defined in a continuous fashion by the following equation (Junginger
et al., 2004; Dalton et al., 2010a; Argote and Epple, 1990; Bhandari and Stadler, 2009);
pA

ln(b )
ln(2 )

(4.2)

Where p is the percentage scaling of cost, A is the cumulative number of units installed at a
given time and b is the scaling factor to indicate the rate at which the cost changes as
cumulative output increases. The use of a learning rate to approximate potential cost
reduction is common practice in analysing the future cost of wave energy installations (e.g.
Dalton et al., 2010a, 2012; Previsic et al., 2004; SQW, 2010). For wave energy, empirically
observed installation data does not exist, and thus the scaling parameter b is subject to
uncertainty. Scaling parameters chosen in the literature to date have been based on expert
estimates or extrapolated patterns of cost reduction observed for offshore wind and
Photovoltaic (PV) solar technology. Dalton et al. (2012) has stated that such values have
ranged between 0.82 and 0.96 (Dalton et al., 2012; Previsic et al., 2004; SQW, 2010), whilst
SQW (2010) have employed rates of learning of between 0.85-0.90. Following scenarios
22

O’Connor (2013), Dalton et al. (2010a), Hau (2006), Previsic et al. (2004) and Carbon Trust (2011) assume
cost scaling is applicable for initial units. SQW (2010) estimate that cost scaling takes effect from between 510MW installed capacity (6.6-13.3 Pelamis units), whilst Jeffrey (2008; quoted in Allan et al., 2011b) suggest
that learning is only applicable after 100 units have been installed. Following the methodology adopted in the
majority of the quoted literature, it is assumed that cost reduction occurs after deployment of the first unit.
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employed by Dalton (2010a), SQW (2010), and Carbon Trust (2006), a 0.90 rate of cost
scaling is chosen for the central analyses of this chapter. Alongside this, a sensitivity analysis
is carried out to assess results for cost scaling in the range of 0.82-0.95. This range is chosen
as that which best represents the rate of cost scaling for most industrial products (Hau, 2006),
the bounds provided by Dalton et al. (2012) and parameters employed by Previsic et al.
(2004).


Installation Size

The final parameter to be specified is that of WEC installation size. For this analysis, WEC
installations of 20, 50 and 100 unit capacity are considered. Alongside this, 2 technology
specifications of steel-based and concrete-based WEC devices are considered.
4.2.2 Indices of Project Cost and Profitability
Component cost and electricity output data may be used alongside an assumed rate of
learning to calculate project cost and profitability according to appropriate indices. For this
chapter, the Levelised Cost of Electricity (LCOE) is employed to calculate project cost whilst
the Internal Rate of Return (IRR) is calculated to measure profitability.
Discussed in Chapter 3, the Levelised Cost of Electricity (LCOE) is a standard metric to
measure the cost of supplying one unit of electricity to a given network. Calculation of the
LCOE may be carried out according to the following equation;
T

LCOE 

Ct

 (1  r )
t 1
T

t

Yt

t
t 1 (1  r )

(4.3)

Where Ct represents the cost for period t, Yt is the electricity yield at period t. Total cost and
electricity yield (in kWh) are discounted and summed over n time periods of operation
subject to the discount rate r. The discounted and summed value of lifetime cost is then
divided by the discounted and summed electricity yield to give a €/kWh metric.
For a given LCOE, policy support offered must yield a certain return to be financially viable.
A suitable tool for such appraisal is the Internal Rate of Return (IRR). The IRR may be
considered as the discount rate r that allows the discounted returns to equal the discounted
costs of a particular investment, calculated according to (4.4). A greater IRR indicates a
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greater return on investment, with an IRR value of 10% considered the ‘hurdle rate’ required
to yield an attractive investment (Dalton et al., 2010a; SQW, 2010).
T

T
[(kWh)( REFIT )]t
[Cost ]t


t
t
(1  r )
t 1
t 1 (1  r )

IRR  

(4.4)

4.2.3 Index of Project Risk
Once the Monte Carlo simulation is complete, 10,000 iterations of project cost and
profitability have been generated. Potential market participants are likely to have unknown
and heterogeneous preferences and aversions to risk. One must determine the point in this
probability distribution at which it may be assumed that a given policy provides an effective
rate of return for this range of individual preferences. If the utility function and thus aversion
to risk for each market participant were known, utility theory may be employed to estimate
the risk-neutral cost value that each investor would incorporate into an investment decision.
However, these preferences are unknown and likely to vary widely, making tractable policy
evaluation using this approach somewhat difficult. Instead, this chapter approaches the
quantification of cost from a policymaker’s perspective, whereby the certainty that a given
policy results in the required IRR/LCOE is of interest. As specification of each potential
investor’s utility function is outside the scope of this thesis23, policy evaluation is made
relative to a conservative degree of overall cost certainty. As such, a degree of certainty of
achieving a given cost or level of return is chosen such that it may account for the risk
preferences of the majority of potential future investors. Following Gass et al. (2011), a
metric known as the Conditional Value at Risk (CVaR) is employed to identify this level of
certainty.
CVaR is an augmentation of the standard Value at Risk (VaR) metric. VaR may be
interpreted as the value at which the probability of observing an event is equal to a β
threshold probability (Rockafellar and Uryasev, 2002). By using this methodology, one can
determine the maximum cost or minimum return likely to be observed at a given β
probability. To incorporate risk into an evaluation, one may choose a threshold β probability
that represents an adequate degree of certainty that a policy yields a desired rate of return.
CVaR augments this analysis by averaging the values greater than the threshold depending on
their probability of occurrence. Whereas VaR is merely a quantile, CVaR considers the entire
tail of the distribution and measures the expected value of return, conditional on achieving a
23

A utility-based evaluation at the individual investor level is left for a future extension of this modelling
framework.
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value beyond the β Value at Risk. Furthermore, by considering the entire tail of distribution,
CVaR does not rely on the assumption of normality, as is the case with VaR, and is thus
appropriate in the application to non-normal probability density distributions (Rockafellar
and Uryasev, 2002; Gass et al., 2011).
Following Scaillet (2004) and Rockafellar and Uryasev (2000; 2002) CVaR with respect to
the calculation of cost is derived as follows. Assuming that cost, C, has a probability density

  (c) ) may

function of (c), the probability that C does not exceed a given cost value α (i.e.
be defined as;

  (c ) 

p(c)c

(4.5)

c

The VaR may be derived as the minimum real value of project cost, α, achieved with a
probability of greater than or equal to β;

VaR  min   R :  (c)   

(4.6)

CVaR may be considered as the mean of the α-tail distribution, derived by averaging the cost
values which exceed the threshold α weighted by their probability of occurrence. Assuming
that cost follows a discrete distribution, this may be calculated by;

CVaR  E c | c  VaR      p(c)c | c  VaR  
C

(4.7)

c

This metric is also used to determine the likelihood that the Internal Rate of Return, irr, is
greater than or equal to an acceptable threshold. To carry this out, the VaR threshold
corresponds to the lower tail of potential returns and thus represents the maximum real value
of project return, irr, achieved with a probability of less than or equal to β. The CVaR for
profitability calculation may thus be represented by the following equation;

CVaR  E irr | irr  VaR     p(irr )irr | irr  VaR 
IRR

(4.8)

irr

Having discussed the methodology used for this chapter, the data employed to carry out this
analysis will now be outlined.
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4.3.

Data: Model Inputs

This probabilistic model is applied to quantify the uncertain costs of an assumed installation
scenario. Wave energy resources and costs are spatially heterogeneous. As such, cost
estimates must be interpreted in the context of the scenario chosen. This chapter considers the
cost of deployment off the north-west coast of Ireland at Belmullet, Co. Mayo, where a precommercial test site is currently being developed. Each of the model inputs for this scenario
will now be outlined.
4.3.1 Wave Energy Output
To model WEC output, one must obtain data detailing wave activity at a particular location
and convert this to electricity output. To best approximate these conditions, and ensure
consistency with existing Irish studies (Dalton et al., 2010a; 2012; O’Connor, 2013) 2008
wave energy data from the M4 buoy is used (Marine Institute, 2012). The M4 buoy is one of
the Irish Marine Institute’s network of data collection buoys located in Irish waters and is
located near the considered Belmullet deployment site. Data pertaining to a number of years
was obtained from the Marine Institute, with 2008 representing the most complete annual
profile from the data available. The 2008 data records wave conditions in hourly intervals,
with 127 hourly intervals missing. These missing observations were interpolated by
duplicating observed conditions either side of any missing period such that all missing hours
were accounted for. Having calculated a profile of wave energy output, this is converted to
electricity output using a published WEC power conversion matrix. The Pelamis WEC is the
device to be analysed in this chapter as it is the most advanced technology and has been
employed in the majority of studies to date (Please see Chapter 3 for a full review of relevant
literature;. please see Appendix A.2 for the Pelamis WEC Power Conversion Matrix).
A WEC Power Conversion matrix characterises output at any one moment in time in terms of
the observed wave height and wave period. Wave height is described by the ‘significant wave
height.’ Dunnett and Wallace (2009) define the significant wave height (Hs) as being the
average height of the highest one third of all observed waves during a given time period. The
wave period may be defined as the time required for a wave to make one complete cycle. A
number of measures exist with which to quantify wave period. Wave energy period, Te, is
often used in the power conversion matrices of wave energy devices. Dunnett and Wallace
(2009) define Te as being ‘the period of a single sinusoidal wave that would have the same
energy as the seastate.’ To further complicate conversion, however, the Pelamis power matrix
requires wave data in the format of Tpow, the power period of a wave cycle. Dunnett and
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Wallace (2009) have defined Tpow as being the ‘period of a single sinusoidal wave with the
same power as the sea-state’, assuming that Tpow = Te. The analysis presented in this chapter
will follow this approach and make a similar assumption.
Tpow and Te are not easy to observe and record in conventional data and, as such, simpler
measures are recorded instead. The Irish Marine Institute records the mean zero up-crossing
period, Tz, the mean time of upward or downward zero crossings on a wave record (BMT
Fluid Mechanics, 2012)24. For the purposes of WEC output calculation, Tz may be converted
to Te by assuming a spectral distribution of the seastate. Following the methodology
employed by Dalton et al. (2012), the Bretschneider spectrum function is used as this has
been found to be the best suited function for deep sea long-fetch locations.
Dalton et al. (2012) illustrate that assuming a broad wave energy Bretschneider spectrum, Tz
may be converted to Te (and thus Tpow) using the following equation;

T pow  Te  1.2Tz

(4.9)

In order to accommodate the power matrix, height and period observations are rounded to the
nearest half unit. This may result in a slight attenuation through a ‘rounding bias’ of output, a
limitation recognised in studies to date (Dunnett and Wallace, 2009). However, this provides
the closest approximation of annual output in the absence of a more detailed power
conversion matrix.
4.3.2 Cost Specification
Site-related infrastructural costs, such as surveying and onshore construction, have been
obtained from the Sustainable Energy Authority of Ireland (SEAI). This profile outlines costs
used in the Belmullet test site and is thus representative of actual infrastructural costs at the
chosen case study location. Pelamis-P1 device costs are used, as this is the most mature
device with the most comprehensive data available in the public domain. Inputs may be
delineated according to the categories of manufacture/procurement cost, installation cost,
operational

and

decommissioning

costs

and

output.

It

is

assumed

that

all

manufacture/procurement and installation costs are incurred in period one. Operation of the
plant begins in the following year with O&M and insurance costs incurred annually
throughout the 15 year operating lifetime. Decommissioning costs are incurred at the end of
the life of the plant, in time period 15. Full cost specifications are outlined in Table 4.1.
24

Put more simply, this is the average time it takes for a wave cycle to pass and the water level return to the
level when the recording of the wave began
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Table 4.1: Unit Costs for Typical Pelamis Wave Energy Installation
Parameters
Parameter

Min

Mean
(SD if
applicable)

Source

Max

Distribution
Type

Requirement

131%

Triangular

Total per WEC

A, B

A. Manufacture and Procurement
PCM (3)

79%

€1,623,127

Steel (per tonne)

€6,000
(€333)

Normal

280t

A, B

Concrete
Segments

€264,314
(€11,365 )

Normal

Total per WEC

C

Mooring

54%

€552,165

118%

Triangular

Total per WEC

D

Admin and
Onshore works
Export Cable
(≤20MW)

-

€5,457,925

-

Point Estimate

Total per installation

E

-

€173/m
(€15.57)

-

Normal

8.7km per installation

K

Export Cable
(≥20MW)

-

€288/m
(€25.92)

-

Normal

8.7km per installation

K

Offshore
Substation
Surveys

-

60,000/MW

-

Point Estimate

Total per installation

K

-

€225,000

-

Point Estimate

Total per installation

E

Device/Mooring
(per day)

-

€35,228
(€5,871)

-

Normal

-

F, G

Device/Mooring
(no. days)
Export Cable
(per day)

52%

6

112%

Triangular

-

G

-

€88,036
(€11,737 )

-

Normal

8.7km

F

Export Cable
(rate of
installation)

27%

0.73km/day

191%

Triangular

8.7km

F

B. Installation

C. Operational & Decommissioning Costs (Calculated as % of Capital Expenditure [A+B])
O&M

2%

-

5%

Uniform

per annum; for 15
years

H

Insurance

2%

-

5%

Uniform

per annum; for 15
years

H

Decommissioning

-

10%

-

Point Estimate

Time Period 15

H

D.Further Model Parameters
Learning Rate

82%

-

95%

Point Estimate
Scenarios

-

A, B, G, H

Discount Rate

-

6%

-

Point Estimate

-

H

Corporation Tax

-

12.5%

-

Point Estimate

Per unit of profit

J

Note: Sources are as follows. A: Previsic et al., 2004; B: Dalton et al., 2010a; C: DTI, 2003; D: Allan et al.,
2011b; E: SEAI, 2011b; F: Kaiser and Snyder, 2011; G: SQW, 2010; H: Dalton et al., 2012; J: Department of
Finance, 2011; K: O’Connor et al., 2013.
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One can see from Table 4.1 that each uncertain parameter is classified as a probability
distribution and each known parameter is classified as a point estimate. Each probability
distribution is selected based on the most appropriate fit to expected values of each input and
updated where required to represent 2010 cost values. 2010 is chosen as this is the most
recent period of price index data at the time of writing. The process of specifying each
uncertain cost parameter will now be outlined.
The Pelamis WEC is comprised of two primary components; 3 Power Conversion Modules
(PCM) and 4 tubular segments. PCM costs for the Pelamis P1 device are sourced from
Previsic et al. (2004). Prices are updated to account for changes in price from 2003-2010 by
using the Irish Industrial Price Index for machinery and equipment manufacture (CSO, 2010).
2003 is chosen as the base year as much of the research carried out for the Previsic (2004)
data is sourced from 2003 (DTI, 2003a; Previsic, 2004). This results in 2010 a cost of
€1,623,127 for 3 PCM modules25. This is considered as a central ‘most likely’ value. In the
absence of alternative source of device cost variation, the uncertainty surrounding this
estimate is considered by employing a triangular distribution, taking the minimum and
maximum bounds from Previsic et al. (2004) also, where it was found that overall device cost
may vary from a range of -21% to +31% around central estimates.
It is anticipated that the 4 tubular segments of the Pelamis WEC device26 will be constructed
from steel for initial installations, with concrete offering a potential least cost alternative for
future installations (DTI, 2003a). To take account of this, both the costs of steel and concrete
constructed segments are considered in separate scenarios. Dalton et al. (2010a) have stated
that the 2008 cost per ton of finished and coated steel may lie anywhere between €5,0007,000/ton, with four segments, including end caps, totalling 289 tonnes. Since these values
were estimated in 2008, the price of steel rose briefly in 2009. However, the cost returned to
that of 2008 levels in 2011 (Indexmundi, 2012a), with O’Connor et al. (2013) deeming these
estimates appropriate for 2013 steel costs. Thus, it is assumed that the range quoted by Dalton
et al. (2010a) is sufficiently up to date for this analysis. Steel costs are parameterised by
assuming that €6,000/ton represents the mean expected value. Any deviations beyond this are

25

Previsic et al. (2004) have estimated that the cost of 3 PCM units totals $1,565,000 (€1,492,181; according to
the Jan 2003 exchange rate of US$1 = €0.9534706331). This is translated into 2010 values using the Wholesale
Price Index (CSO, 2010), whereby it is found that prices for NACE 29 (Machinery and Equipment) increased by
an average of 98.23 index points for 2003 to an average of 106.85 for early 2010, representing an 8.775%
increase in prices. Thus, the 2010 cost is estimated at €1,623,127.
26
Please see Chapter 3 for a description of the Pelamis WEC device design
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distributed according to a normal distribution, with all potential values falling within the
€5,000-7,000/ton range. This corresponds to a standard deviation of €333 per tonne. For
concrete segments, the 2003 cost (DTI 2003a; Previsic, 2004) is converted to euro and the
potential change in finished cost was updated according to the appropriate Wholesale Price
Index (CSO, 2011), with the 2010 indexed central estimate coming to €264,31427. This is
thus assumed as the central value for all concrete segments. Given that these costs are
sourced from 2003, it is desirable to specify a range of cost uncertainty that captures the
technological uncertainty of this cost specification. As such, a range of uncertainty equal to
the recorded change in prices since these figures were calculated is employed. It was found
that prices rose by 14 index points since 2003, representing a 12.9% (€34,097) increase on
the 2003 price28 (CSO, 2010). Thus, a normal distribution of potential cost values is assumed
around a central value of €264,314, with a standard deviation of €11,365 such that the entire
range will fall within the +/-12.9% threshold.
These devices must be tethered into position using mooring lines. The range of mooring cost
is taken from Allan et al (2011b), where the central value is converted to give a 2010 euro
value of €552,16529. Given that these values were considered valid in 2011 they have not
been updated for inflation. The variation surrounding this central estimate is assumed to
follow a triangular distribution equivalent to the range quoted by Allan et al. (2011b), where
values may range from a cost of 54% to 118% of the central value.
Once the electricity has been generated, it must be transported to the grid. It is assumed that
8.7km of export cable will be required, as this is the amount of cabling required for the deep
sea test site at Belmullet (SEAI, 2011; O’Connor et al., 2013). The type of export cable
required varies depending on the capacity of the installation considered. Scenarios of 20, 50
and 100-unit Pelamis installations are considered for this study, with capacities of 15MW,
37.5MW and 75MW respectively. Sharkey et al. (2011) and O’Connor et al. (2013) assume
27

Taking the Jan 2003 exchange rate of US$1 = €0.953470633, four concrete segments and end caps which
totalled $245,000 in Previsic (2004) equal €233,600. The price index for NACE 26 (other non metallic mineral
products) for Jun 2003 is 108 and 122.2 for March 2010. Thus, (122.2/108)*€233,600 = €264,314
28
(14/108) = 0.129 = 12.9%. 108 being the price index for the base period of June 2003, and 14 being the index
change between periods.
29
Allan et al. (2011b) employ a central mooring estimate of £362,240. The source for these cost estimations is
Carbon Trust (2006) and as such, costs are converted to euro using the July 2006 exchange rate of GBP£1 =
€1.449. This gives a 2006 euro value of €525,229 for the central estimate. This is updated according to the
Wholesale Price Index for Machinery and Equipment n.e.c. The average indexed price for 2006 was 101.4, with
March 2010 price being 106.6. This represents an increase of 5.1282%, yielding a 2010 Irish cost value of
€552,165. Allan et al. (2011b) quote a potential range of capital costs equivalent to a range of 54% to 118.7%
around this assumed central value. These values are taken as lower and upper bounds for the triangular
distribution employed in this analysis

75

Chapter 4. Quantifying the uncertain cost of wave energy in Ireland
that 33-38kV Medium Voltage Alternating Current (MVAC) is sufficient for smaller WEC
installations of 20MW or less, whilst O’Connor (2013) assume 110kV cable is employed for
installation sizes of 21-110MW. Thus, 38kV MVAC is employed for 20-unit installations,
with 110kV cable installed for larger installations. The central cost values per unit of cable
are derived from O’Connor et al. (2013), where it is assumed that one kilometre of 38kV
export cable costs €173,000, whilst one kilometre of 110kV export cable costs €288,000.
As CER (2005) discuss, the cost of this cable is subject to considerable uncertainty and
fluctuation, with the primary driver of these costs being materials costs. This claim is
enforced by Green et al. (2007), who state that one third of cable costs may be attributable to
the price of copper on commodity markets. To account for this uncertainty a standard
deviation of 27% of the copper component of cost is assumed. 27% is chosen as this is the
standard deviation of annual average copper prices observed since 2002 (Indexmundi,
2012b). A 27% change in copper price, when considered in the context of the effect it may
have on overall cable cost, results in a standard deviation of €155.70/km for 38kV cable, and
€259.20 per kilometre for 110kV cable. To improve the accuracy of simulation results, it is
assumed that steel and copper commodity prices are positively correlated. The degree of
correlation is estimated from market data, where average annual commodity prices have been
observed to have a correlation coefficient of 0.647 (Indexmundi, 2012a; 2012b). As such, the
simulation of copper and steel component costs incorporates this correlation.
To facilitate the transmission of electricity from WEC devices, an offshore substation is
required. O’Connor et al. (2013) assume that an offshore substation for an installation of
greater than 5 MW in size costs €60,000 per MW installed. This cost is included as a
deterministic point estimate.
There exists ancillary onshore works, site surveying, legal, and administrative expenditure.
These costs have been obtained from SEAI, pertaining to the costs for the first full scale
installation at Belmullet, Co. Mayo, of 5MW capacity. It is assumed that the cost of site
surveying is constant for all considered wave farm sizes. It is also assumed that the costs of
onshore and shoreline civil construction, grid upgrade and administrative work are constant
regardless of the scale of the installation. These cost values are assumed certain as they are
based on actual data for an Irish installation and thus less prone to error or market fluctuation.
The cost of installing cable, moorings, and the devices themselves must then be determined.
The calculation of installation costs requires both an approximation of the number of days’
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work and the cost per day. Each of these parameters are uncertain due to uncertain market
conditions, varying requirements for a specific site (e.g. unforeseen delays or additional
requirements which may result in a variation of the number of days required). Furthermore,
the cost and/or number of days required per unit installed may fluctuate due to additional
requirements such as trenching or rock protection. To capture these variations, installation
costs are assumed to be uncertain and subject to probabilistic variation. Many of the
processes of WEC cable and device installation are similar to those required for offshore
wind (RPS, 2009) and it is assumed that costs are within a similar range (Kaiser and Snyder,
2011). Following cost ranges reported in Kaiser and Snyder (2011), it is assumed that the
rental of export cable-laying vessels is in the range of €52,824 - €123,24830 per day. This is
simulated according to a normal distribution, with a mean €88,036 and standard deviation
€11,737. The rate at which cable is installed is simulated according to a triangular distribution
fitting the recorded data observed in Kaiser and Snyder (2011), ranging from 0.2km/day to
1.4km/day, with a median value of 0.73/day.
As similar vessels are employed, mooring and array cable installation are dealt with together
in model specification. An Anchor Handling Tug Supply (AHTS) class vessel was used for
prototype deployment in the UK (Previsic, 2004), and it is assumed that this class of vessel
will be used for deployment in Ireland. The range of day rates for AHTS and the associated
vessel spread from Kaiser and Snyder (2011) is employed, whereby a range of €17,596 €52,824 per day is used. This is simulated according to a normal distribution, with a mean
€35,228 and standard deviation €5,871. An estimated average installation time of 6 days (2
days for mooring and 4 for device installation) has been assumed, following RPS (2009). As
there is no data outlining commercial-level device installation, this is taken as a central value
with the associated distribution taken from AHTS installation activity outlined by Kaiser and
Snyder (2011). Thus, a triangular distribution is assumed, with a central value of 6 days, a
minimum value 0.52 times the central value (3.12) and a maximum value of 2.12 times the
central value (12.72 days).
No data explaining costs during the operational phase exist to date. The majority of recent
studies have calculated O&M costs as % of capital costs (e.g. Dalton et al., 2010a, 2011;
SQW, 2010; Allan et al., 2011b; O’Connor et al., 2013). Thus, both annual insurance and
operation and maintenance costs are assumed to range uniformly from 2-5% of total capital
30

Kaiser and Snyder report costs in 2011 dollar values. These are converted to euro using the exchange rate as
of May 2011 of $1 = €0.70
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costs following the ranges quoted to date (Dalton et al., 2012; Previsic et al., 2004; SQW,
2010; St Germain, 2005; Dunnett and Wallace, 2009 ). Decommissioning costs are incurred
in time period 15, and represent 10% of the total capital cost, as per the assumptions
employed by Dalton et al. (2012).

4.4.

Results I: Quantification of Cost Uncertainty

10,000 samples of lifetime (20 year) cost and energy output are simulated. Annual energy
output for one Pelamis P1 device using the methodology outlined in Section 4.3.1 is
2,500,480kWh. 20, 50 and 100-unit steel-based Pelamis installations and 100-unit concretebased installations are considered for this analysis. It is based on these simulation scenarios
that the following results are presented.
The first goal of this chapter was to place a degree of likelihood on the cost estimations for
the outlined case study to provide greater interpretational power for application. Table 4.2
lists the distributional characteristics of project cost for each installation size and technology
specification. The median, mean and mode of simulated costs are the same to 3 decimal
places, indicating that the distribution of potential costs is approximately normal. The
expected value of a future cost value may be defined as the sum of potential values weighted
by their probability of occurrence. According to the ‘law of large numbers’, this expected
value will converge on the arithmetic mean of the sample for a large number of drawn
simulation iterations. As such, the mean is reported in Table 4.2 to represent the expected
cost value and the median value is thus omitted.
Evaluated at the mean point of the distribution, Table 4.2 indicates that the cost of electricity
generated from small-scale installations of 20-unit size has an expected value of €0.276/kWh.
To incorporate risk, LCOE estimations are also evaluated at the 95th percentile using the
CVaR methodology. Under this criterion, the levelised cost of 20-unit installations will not be
greater than €0.298/kWh at 95% probability according to the assumptions of this analysis.
Cost values for 50-unit installations were found to be slightly lower, with expected and
CVaR95 values of €0.232/kWh and €0.252/kWh respectively. Should the first full scale
installation be of 100-unit steel-based structures, the cost of electricity is most likely to fall
within a range of €0.172-€0.235/kWh, whereas 100-unit concrete devices are found to be
within the range of €0.119-€0.175/kWh. For 100-unit steel-based devices, it can be seen that
there is an expected value of €0.203/kWh, with a CVaR95 value of €0.220/kWh. For concrete-
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based devices, values fall to €0.145/kWh and €0.161/kWh for expected and CVaR95 estimates
respectively.
One can see that the cost of electricity is inversely correlated with installation size. This is
due to two factors. First, larger installations benefit from the same range of fixed costs as
smaller installations. These fixed costs are spread over a larger number of units, thus reducing
the cost per unit of electricity. Second, a larger installation results in greater scope for cost
reduction through ‘learning’. This may be intuitively understood when one considers that the
cost of the final unit of a 100-unit installation is influenced by ‘learning’ as a result of
installing 99 units, whilst the final unit of a 20-unit installation is influenced by the ‘learning’
gained through the installation of only 19 units. The spread of these efficiency improvements
over an entire installation results in a lower cost per unit of electricity for larger installations.
Alongside the quantification of each potential value’s likelihood, a quantification of cost
uncertainty is given. The coefficient of variation, defined as the standard deviation divided by
the mean, provides a normalised measure of variation and thus quantifies the extent of
uncertainty associated with each distribution. Although only a marginal change, one can see
that the degree of uncertainty increases as installations grow from 20 to 50 unit capacity,
reflecting the greater potential for cost variability, and thus risk, inherent in larger
installations. For steel-based units, this variability appears to level off at installation sizes of
50-100 units. Interestingly, the degree of cost variability is a good deal greater for concretebased installations than for steel-based installations. This reflects the greater degree of
uncertainty specified for concrete components. This greater uncertainty is due to the fact that
these cost data are sourced from 2003 (dti, 2003a; Previsic, 2004), as opposed to the 2008
data of Dalton et al. (2010a). As such, this greater uncertainty reflects the uncertainty
surrounding the technological specification of concrete components as opposed to the
uncertainty surrounding the market prices for steel-based installations.
The premium required to account for cost variability may be measured using the probabilistic
methodology of this chapter. By comparing the costs under expected (mean) and CVaR95
values for each installation specification, this analysis suggests that a cost premium of 7.6%10.6% above expected values is required to account for risk when deploying WEC devices in
Ireland.
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Table 4.2: Distributional Characteristics of Levelised Cost (€/kWh)
Technology
Specification
Pelamis Steel

No.
Units
20

Min

Mean

Max

Coefficient of
CVaR95
Variation
0.038
0.298

0.239

0.276

0.316

Pelamis Steel

50

0.195

0.232

0.270

0.043

0.252

Pelamis Steel

100

0.172

0.203

0.235

0.042

0.220

Pelamis Concrete

100

0.119

0.145

0.175

0.052

0.161

Note: Each value represents the minimum, maximum and expected (mean) cost value observed as a result of
10,000 simulation iterations. The median and mean values of simulated costs are the same to 3 decimal places.
The coefficient of variation is a normalised quantification of cost uncertainty, and is calculated by dividing the
standard deviation by the mean. The ‘CVaR95’ value represents the mean of cost values in the highest 5 th
percentile.

Alongside quantifying the uncertainty of the scenario presented, these results may be used to
estimate the likelihood of deploying a WEC installation at a pre-existing cost value. It should
be noted that each estimate in the literature (See Table 3.1 of Chapter 3) is calculated under
its own specific set of assumptions and circumstances. Although this may explain the
difference in values defined, it may confuse interpretation in policy application. This may be
especially problematic if a policymaker wished to apply the findings of previous research in
the context of a given case study application. As such, this is a potential application of this
probabilistic framework which may aid interpretation of existing cost estimates. The
likelihoods quoted should thus be considered in the context of the Irish deployment scenario
outlined in this chapter.
Figures 4.3 and 4.4 present the cumulative density distribution of potential cost for each
technology specification scenario outlined in Table 4.2. Each reference line illustrates the
probability that the cost of the given installation scenario will be less than or equal to the
stated value. The evenly dashed reference line in the centre represents the median, whilst the
solid line to the right indicates the cost evaluated at CVaR95. Dashed lines of varying type
indicate key point estimates from the literature which have been reviewed in Table 3.1 of
Chapter 3.
Figures 4.3(a) and 4.3(b) relate to 20 and 50-unit Pelamis installations respectively. This
range of cost estimates may be used to provide greater context to a range quoted in the
literature to date. Although estimated in the context of larger installation sizes, it may be
observed that the cost range of €0.239-€0.31/kWh for 20-unit installations and the range of
€0.195-€0.27/kWh for 50-unit installations correspond broadly to the upper portion of the
€0.087-€0.365/kWh range quoted by Carbon Trust (2011) and the €0.06-€0.33/kWh range
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quoted by SQW (2010). This would suggest that the upper portions of these estimates are
applicable to 20-50 unit installations in Ireland that share similar conditions to Belmullet and
the M4 buoy.
Similarly, the distribution of 20-unit installation costs may be used to provide greater
interpretational power to an existing point estimate. Each point in the cumulative density
distribution indicates the probability of achieving a cost less than or equal to that value.
Examining the cumulative density distribution for 20-unit installation costs at the €0.26/kWh,
it can be seen that there is a 5.5% chance of achieving a levelised cost less than or equal to
this value. This is the upper bound of €0.26/kWh quoted by Dunnett and Wallace (2009). As
such, this would suggest that Irish costs for small device specifications are most likely to be
greater than that suggested by Dunnett and Wallace (2009). As there is a 5.5% chance of 20unit devices having a cost in the region of that quoted by Dunnett and Wallace (2009), there
is a 5.5% chance that the estimates of Dunnett and Wallace (2009) and those presented in this
scenario overlap.
Figure 4.3(a) illustrates distributions with respect to 100-unit steel-based devices. There is a
greater degree of overlap with respect to this installation specification and values quoted in
the literature to date. One can see that the value of €0.21/kWh quoted by Allan et al. (2011b),
Teillant et al. (2012) and O’Connor et al. (2013) lies within the range of estimates quoted for
this device specification. This provides a degree of validation for this model, as it can be seen
that results correspond to those carried out for similar installation sizes, although under an
alternate set of assumptions. The added value of this model is realised when one considers
that the probability of achieving these pre-existing cost values may now be quantified in the
context of the Belmullet case study outlined. Interestingly, it can be seen that there is a degree
of risk associated with this cost value, whereby this analysis suggests that there is a 78.67%
chance of achieving a levelised cost less than or equal to €0.210/kWh. Although this suggests
that there is a considerable degree of likelihood of achieving this value, there is a 21.33%
chance of achieving a cost value greater than this. For a risk-averse investor who is basing an
investment decision on this quoted cost value, this may be too great a risk burden to
incentivise investment. As such, this analysis would recommend investment decisions, and
thus policy surrounding such investment decisions, to consider a levelised cost estimated at
the CVaR95 threshold. Such a cost value may be interpreted with a greater degree of certainty
and thus less exposure to risk. For this scenario, this value is €0.220/kWh.
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The €0.15/kWh value for 100-unit steel-based device costs quoted by Dalton et al. (2010a)
lies entirely outside of the range of costs quoted in this study for that device specification.
This would suggest that there is a <1% chance of achieving a levelised cost estimate of
€0.15/kWh for initial 100-unit steel-based installations according to the Belmullet scenario
outlined. The final Irish study of relevance for this device specification is that of ESBI
(2005). It can be seen that the range of €0.105/kWh-€0.185/kWh quoted by ESBI (2005) also
shares little overlap with those costs quoted for steel-based installations. It can be seen in
Figure 4.4(a) that there is only a 1.34% chance of achieving an LCOE less than or equal to
the upper bound of €0.185/kWh. This would suggest that the range of costs quoted by ESBI
(2005) is more relevant for larger installation sizes, or those of concrete specification. Indeed,
the cost values quoted for 100-unit concrete devices presented in this study lies entirely
within the range quoted by ESBI (2005), implying that there is a <1% chance that the cost of
a 100-unit concrete-based installation is greater than or equal to the upper bound of
€0.185/kWh quoted by ESBI. The range of estimates quoted by ESBI can thus be interpreted
with greater confidence in the context of concrete-based devices deployed in Ireland, under
the assumptions of this analysis.
Having updated Previsic (2004) costs to 2010 values and incorporating Irish-based
parameters, it can be seen that the range of cost values has increased from €0.075€0.144/kWh to €0.119-€0.175/kWh for large scale concrete-based installations. There is a
40.95% chance that concrete-based devices are less than or equal to the upper bound of
€0.144/kWh quoted by Previsic (2004) whilst there is <1% chance that costs are less than
€0.115/kWh.
Indeed, further analysis of 100-unit concrete-based cost estimates reveals that it is highly
unlikely that many of the lower cost estimations quoted in the literature to date are applicable
to initial device specifications in an Irish context, given the assumptions employed in this
analysis. There is <1% chance that costs are less than or equal to the lower bound of
€0.111/kWh quoted by St. Germain (2005) and a 0.2% chance of achieving the upper bound
of Bedard (2006). From this finding, it may also be deduced that there is a <1% chance of
achieving cost estimates lower than this.
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Figure 4.2: Cumulative Density Distribution of Pelamis Cost: 20 and 50-unit devices
Figure 4.3(a) 20-unit Steel-based devices

Figure 4.3(b) 50-unit Steel-based Devices

Note: Figures display cumulative probability of achieving a given levelised cost value. Each point on the curve represents the probability that cost will be less
than or equal to that value. Vertical lines mark key levelised cost values quoted in the literature. The point that each line crosses the LCOE curve indicates the
probability that cost will be less than or equal to this value.
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Figure 4.3: Cumulative Density Distribution of Pelamis Cost: 100-unit Devices
Figure 4.4(a) 100-unit Steel-based Devices

Figure 4.4(b) 100-unit Concrete-based Devices

Note: Figures display cumulative probability of achieving a given levelised cost value. Each point on the curve represents the probability that cost will be less
than or equal to that value. Vertical lines mark key levelised cost values quoted in the literature. The point that each line crosses the LCOE curve indicates the
probability that cost will be less than or equal to this value.
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4.5.

Results II: Policy Appraisal in the Presence of Cost Uncertainty

4.5.1 Appraisal of Current REFIT Policy Proposals
The next goal of this chapter was to apply the probabilistic model to quantify the impact cost
uncertainty may have on the financial return of WEC investment. This is applied to ascertain
the degree of certainty to which the potential REFIT of €0.22/kWh is sufficient to incentivise
investment. Following the approach of Gass et al. (2011), Table 4.3, Figure 4.5 and Figure
4.6 illustrate the distributional characteristics of 10,000 simulation iterations. Distributions
are approximately normal, with the mean, median and mode having almost identical values.
Cost values evaluated at CVaR5 (the weighted mean of the lowest 5th percentile) may be
interpreted in the context of there being a 95% chance that the IRR will be greater than or
equal to the cost value quoted. This provides a point within the entire distribution of potential
IRR values that incorporates a minimal exposure to risk. For the purpose of this analysis, this
is assumed to represent the risk preferences of a risk-averse investor.
Interpreting the mean as the expected value given the assumptions employed, it can be seen
that investment in an installation of any size within the analysed range of 20-100 units has
potential to yield a positive rate of return. Despite this, it can be seen that 20-unit installations
are highly unlikely to yield a positive IRR. Evaluated according to CVaR 5 criteria, one can
see that investment yields an IRR of -5.28% for 20-unit steel-based installations. Alongside
this, IRR values of -0.16% and 3.79% are observed for 50 and 100-unit steel-based
installations under this criterion, whilst an IRR of 11.99% is achieved for concrete-based
installations.
It has been stated that an Internal Rate of Return (IRR) of 10% is the rate required to
incentivise investment (Dalton et al., 2010a; SQW, 2010; O’Connor et al., 2013). Analysing
expected values in this context reveals that there is less than 1% chance that current REFIT
policy is effective in incentivising deployment for 20 and 50-unit installations. Although a
maximum value of 10.12% IRR is achieved for 100-unit steel-based installations, this is
found to be highly unlikely to occur in practice, with a probability of occurrence of 1% or
less. However, one can see that REFIT is indeed effective in providing the required 10% IRR
for 100-unit concrete-based installation specifications. There is <1% chance that concretebased deployment will yield an IRR of <10%. There is considerable confidence in this
estimate under the assumed parameters, as IRR evaluated by the CVaR5 criterion is 11.99%
for concrete-based devices, almost 2% greater than the required rate of 10%.
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Not only does CVaR5 provide a suitable point of analysis after taking risk into account, it
allows for the IRR premium required to account for cost uncertainty to be identified. This is
calculated by comparing the CVaR5 IRR value to that observed at the mean of the
distribution. The difference between these two values is calculated in Table 4.3 where it can
be seen that accounting for cost variability requires an IRR premium of 2.2-3.2%
Table 4.3: Distributional Characteristics of Internal Rate of Return Simulations
Technology
Specification

No.
Units

Min

Mean

Max

CVaR5

Mean –
CVaR5

Pelamis Steel

20

-7.74%

-2.83%

1.74%

-5.28%

2.45%

Pelamis Steel

50

-2.17%

2.36%

6.66%

-0.16%

3.00%

Pelamis Steel

100

2.51%

5.99%

10.12%

3.79%

2.2%

Pelamis Concrete

100

9.73%

15.22%

22.15%

11.99%

3.23%

Note: Each value represents the minimum, maximum and expected (mean) IRR value observed as a result of
10,000 simulation iterations. The ‘CVaR5’ value represents the weighted mean of values in the lowest 5 th
percentile of simulation iterations. The final ‘Mean – CvaR column is the difference between the IRR value
observed at the expected mean value and the CVaR 5 threshold, representing the additional IRR required to
account for cost variability under CVaR criteria.

These results quantify the effect cost variability may have on WEC project return and the
impact this may have on the investment decision. This further demonstrates the added value
offered by the developed probabilistic model of analysis. One can see that results are
sensitive to technology specifications and installation size, with these considerations thus
important in designing an appropriate REFIT rate of price support. This is explored further in
the following section.
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Figure 4.4: Cumulative Probability of Achieving a given IRR for 20 and 50-Unit Installations (€0.22/kWh REFIT)
Figure 4.4(a) 20-unit Steel-based devices

Figure 4.4(b) 50-unit Steel-based Devices
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Figure 4.5: Cumulative Probability of Achieving a given IRR for 100-Unit Installations (€0.22/kWh REFIT)
Figure 4.6(a) 100-unit Steel-based Devices

Figure 4.6(b) 100-unit Concrete-based Devices
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4.5.2 REFIT required for different installation sizes
The next goal of this chapter was to determine the minimum REFIT required to yield an IRR
of at least 10%. As the analysis of the preceding section has pointed out, incorporating cost
variability is an important consideration in feasibility analysis as an expected IRR value
which exceeds a given hurdle rate may not yield an adequate return if values deviate from
those deemed most likely to occur. As the primary purpose of REFIT policy is to mitigate
uncertainty and provide a stable financial return, it is important that such uncertainty is
accounted for to adequately incentivise investment.
This section thus presents the REFIT rate that yields an IRR of 10% at 95% probability. This
is evaluated according the CVaR5 criterion and repeated for each analysed installation size.
This allows one to identify the minimum public cost required to incentivise deployment in an
uncertain cost environment. The resulting REFIT values are displayed in Figure 4.6.
Figure 4.6: REFIT yielding an IRR of 10% or greater at 95% probability

Note: Graph displays Renewable Energy Feed-in Tariff (REFIT) rates required to yield an IRR of 10% at 95%
probability, evaluated according CVaR5 criterion. The x-axis displays the number of steel-based units per
installation, with ‘100 Conc’ describing the 100-unit concrete-based installation scenario.

For initial 20-unit installations, a REFIT of €0.38/kWh is required to ensure an IRR of 10%
or greater at 95% probability. For 50-unit installations, this value falls to €0.32/kWh. 100unit steel-based installations provide an adequate return under a REFIT policy of €0.28/kWh,
whilst 100-unit concrete-based structures require a tariff of €0.21/kWh.
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This finding indicates the importance of anticipating installation size for the setting of an
appropriate policy. If installations of many different sizes are anticipated under the REFIT
scheme, a policy of support which discriminates by size may be appropriate. This may result
in a REFIT which changes with time, if average installation size is anticipated to change with
time. Alternatively, a constant REFIT at the €0.21/kWh rate may be offered for all
installation sizes, with a supplementary capital grant to cover additional costs. These are but
two suggestions to reconcile this sensitivity within a tractable policy framework. A full
cost/benefit analysis of potential price support mechanisms to overcome this problem is
outside the scope of this chapter, but is a future potential application of this probabilistic cost
model.

4.6.

Results III: Influence of Learning on Device Cost and REFIT

Requirement
As discussed in Section 4.2.1, results presented are highly sensitive to the assumed rate of
cost reduction or ‘learning’. This section aims to identify the implications this may have for
both device developers and policymakers. First, Section 4.6.1 identifies the rate of learning
required for current REFIT policy to be effective at 95% probability under the assumptions of
this case study. This rate of learning is decomposed to identify the threshold values required
for first and last units within each installation specification. This application demonstrates
how the probabilistic methodology may aid potential developers to identify target thresholds
of cost reduction such that deployment is cost-effective. Second, a sensitivity analysis is
offered in Section 4.6.2 to elicit the effect alternate rates of learning may have on the
estimated distribution of cost and IRR values respectively.
4.6.1 Required rate of learning for REFIT of €0.22/kWh to be effective
Table 4.4 lists the rate of learning required for a REFIT of €0.22/kWh to be effective. To
achieve an IRR of 10% or greater at 95% certainty, 20-unit steel-based devices require a rate
of cost scaling considerably greater than the most likely range of 0.82-0.95 quoted by Hau
(2006). For every doubling of capacity, this analysis suggests that the cost of a 20-unit
installation must be scaled by a factor of 0.62, or 62%. This rate falls to 0.76 for installations
of 50-unit devices. One can see that the observed value of 0.83 for 100-unit steel-based
devices is within the potential threshold of 0.82-0.95, albeit marginally. The learning
requirement falls further for 100-unit concrete-based devices, where a scaling of costs of 0.92
is required. This is the only device specification that yields an adequate rate of return under
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current REFIT rates and a rate of learning similar to the 90% rate quoted in the literature.
This indicates the importance of concrete-based deployment in order to achieve feasible
deployment under current policies of support. One can see that the required rate of cost
scaling declines with each subsequent device specification. This reflects two factors. First,
there are greater economies of scale to be achieved with larger installations, whereby constant
infrastructural costs are spread over a greater output. Second, a larger installation size, and
thus a greater level of cumulative installation, presents scope for a greater absolute change in
cost.
Table 4.4: Rate of Learning Required for an IRR of 10% with 95% Probability
Tech. Spec. (Units)
REFIT (€/kWh)
Rate of Learning Required
Pelamis Steel (20)
Pelamis Steel (50)
Pelamis Steel (100)
Pelamis Concrete (100)

0.22
0.22
0.22
0.22

0.62
0.76
0.83
0.92

Note: The rate of learning represents the scaling of cost with every doubling of capacity.

Although the accepted convention within the literature, the quoting of cost reduction as a
scale or percentage is somewhat abstract. In order to ground these parameters in measures of
unitary cost, the rate of cost reduction required between the first and last unit deployed for
each installation scenario is displayed in Table 4.5. Such information may provide cost
targets for potential device developers to achieve profitable deployment. In the context of this
analysis, the CVaR5 threshold is employed as the weighted mean of the lower 5th percentile
and may be interpreted as a prudent cost value for a developer to aim for in order to achieve
an appropriate rate of cost reduction. Thus, if a developer can produce the first/last device at a
levelised cost less than or equal to the CVaR5 value quoted in Table 4.6, there is a 95%
chance of being profitable under the assumptions of this case study. The rate of cost reduction
under a 0.90 rate of cost scaling is calculated also to provide a benchmark against which
required rates of reduction may be compared to those expected.
Evaluated at CVaR5, costs fall by between 26-39% from the first to the last device under the
benchmark 0.90 rate of cost reduction. In order for cost-effective deployment of steel-based
devices this rate of cost reduction must be increased considerably to between 56% (100 units)
to 63.9% (20 units) from the deployment of the first unit to the deployment of the final unit.
This is in the region of twice the anticipated rate of cost reduction, highlighting the
considerable difficulty developers may face in achieving cost-effective deployment under
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current policy. For concrete-based devices, the rate of cost reduction is much less than steelbased devices, at 25.4%. Once again, the importance of adopting concrete-based device
specifications has been demonstrated.
Table 4.5: Difference Between Levelised Cost of First and Last Unit due to Learning
Tech Spec
(Units)

Learning
Rate

Mean Levelised Cost
(€/kWh)

CVaR5 Levelised Cost
(€/kWh)

Unit 1

Final Unit

Unit 1

Final Unit

Rate of Cost
Reduction

Pelamis
Steel (20)

0.62
0.90

0.343
0.343

0.128
0.253

0.316
0.316

0.114
0.233

63.92%
26.27%

Pelamis
Steel (50)

0.76
0.90

0.317
0.317

0.129
0.210

0.29
0.29

0.115
0.191

60.34%
34.14%

Pelamis
Steel (100)

0.83
0.90

0.301
0.301

0.134
0.183

0.276
0.276

0.121
0.167

56.16%
39.49%

Pelamis
Concrete
(100)

0.92
0.90

0.202
0.202

0.150
0.134

0.181
0.181

0.135
0.119

25.41%
34.25%

Note: Unit cost values quoted are levelised cost estimates for first and last units of a given installation
specification, evaluated at median and CVaR5 thresholds. The ‘CVaR5’ value represents the weighted mean of
values in the lowest 5th percentile of simulation iterations. Differences in these cost estimates are due to the
assumed learning and resulting cost reductions through the cumulative installation of intervening units. Learning
rates quoted are those deemed necessary to achieve a feasible IRR at 95% certainty, along with the 0.90 learning
rate assumed in the literature (Dalton et al., 2010a; O’Connor et al., 2013; SQW, 2010). The rate of cost
reduction is the proportional reduction in levelised cost observed between the first and final unit installed under
each installation scenario, calculated at CVaR5.
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4.6.2 Sensitivity of Levelised Cost and IRR estimates to assumed rate of learning
Results in Table 4.6 outline the distributional characteristics of levelised cost for each device
specification under a number of learning rate scenarios. One can see that the rate of learning
achieved has considerable impact on the resulting cost levels and is thus an important
consideration in the setting of appropriate policy. It can be seen that the potential for cost
variability is marginally greater for higher rates of learning (i.e. closer to 0.82) than for lower
rates. This reflects the greater absolute spread of potential costs inherent in greater rates of
change. In a policy context, Table 4.7 highlights the importance of correctly identifying the
rate of learning when evaluating deployment and price support mechanisms, with correct
identification of potential learning of great importance when considering both the expected
cost and threshold for uncertainty. This table also illustrates the benefits, in terms of lower
device cost, which may be obtained through increased rates of learning.
Table 4.6: Distributional Characteristics of Levelised Cost for Each Installation and
Learning Scenario (€/kWh)
Learning

No. Units

Min

Mean

Max

Pelamis Steel

0.82
0.90
0.95

20

0.196
0.239
0.262

0.235
0.276
0.307

0.265
0.316
0.351

Coefficient of
Variation
0.039
0.038
0.037

Pelamis Steel

0.82
0.90
0.95

50

0.156
0.195
0.234

0.184
0.232
0.270

0.217
0.270
0.315

0.045
0.043
0.042

0.201
0.252
0.294

Pelamis Steel

0.82
0.90
0.95

100

0.127

0.153

0.177

0.043

0.163

0.172
0.212

0.203
0.246

0.235
0.281

0.042
0.041

0.220
0.264

0.82
0.90
0.95

100

0.095
0.119
0.140

0.116
0.145
0.170

0.141
0.175
0.204

0.053
0.052
0.051

0.129
0.161
0.188

Technology

Pelamis
Concrete

CVaR95
0.252
0.298
0.330

Note: ‘Learning’ refers to the rate of cost scaling employed in the calculation of the learning rate. The
coefficient of variation is calculated by dividing the standard deviation by the mean. The ‘CVaR95’ value
represents the weighted mean of values in the highest 5 th percentile of simulation iterations.

Table 4.7 displays the impact that this sensitivity to learning may have on financial return and
thus the required REFIT policy of support. For this analysis, the required REFIT is defined as
that which yields an IRR of 10% at 95% probability, according to CVaR 5 criteria. Similar to
the findings of Table 4.7, the required rate of REFIT is highly sensitive to the assumed rate of
learning, with correct specification of the anticipated learning rate especially important to
yield an IRR of 10%. It can be seen that proposed REFIT rates of 0.22/kWh only provide an
adequate rate of return for concrete based specifications under any learning scenario, whilst it
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can be seen that a rate of learning of 0.82 is required for 100-unit steel-based installations to
yield an adequate IRR. This is on the threshold of potential learning rates, indicating that it is
only under the most optimistic of deployment criteria that current REFIT policy is adequate
to yield an appropriate financial return for deployment.
Table 4.7: REFIT Required for IRR of 10% at 95% Probability
Tech Spec (Units)
Pelamis Steel (20)

Learning
0.82
0.9
0.95

REFIT Required (€/kWh)
0.32
0.38
0.42

Pelamis Steel (50)

0.82
0.9
0.95

0.26
0.32
0.37

Pelamis Steel (100)

0.82
0.9
0.95

0.22
0.28
0.34

Pelamis Concrete (100)

0.82
0.90
0.95

0.17
0.21
0.24

Note: ‘Learning’ refers to the rate of cost reduction for every doubling of capacity (cost scaling) employed in
calculation. The ‘REFIT required’ is calculated as the REFIT rate required to yield a mean IRR value of 10%
IRR for the lowest 5th percentile of simulated distributions.

4.7.

Conclusion

The economic evaluation of wave energy conversion devices has been limited to date by the
uncertainty surrounding the true value of existing cost estimates. To mitigate the effect this
uncertainty may have in policy evaluation, this chapter has developed a tool to quantify the
likelihood of achieving a given cost estimate. This model has been applied to a representative
case study to provide a number of contributions to available information surrounding the cost
of wave energy devices in Ireland.
The first goal of this chapter was to quantify cost estimates for a central scenario of
deployment. It was found that the expected levelised cost of electricity for 100-unit steelbased installations is €0.203/kWh. The uncertainty surrounding this estimation was quantified
and this chapter demonstrated how a Conditional Value at Risk (CVaR) approach may be
employed to account for risk in cost and policy appraisal. It was found that there is a 95%
likelihood of achieving a cost value less than or equal to €0.22/kWh.
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The probabilistic methodology was then applied to quantify the certainty of achieving cost
values already quoted in the literature. The results of this analysis provide greater contextual
information as to cost estimations quoted to date, allowing policymakers to employ each
estimation in the correct context when considering the economic trade-off associated with
WEC deployment. Relevant cost estimations were placed in the context of installation size to
which they are likely to refer, with a degree of probability as to their occurrence estimated
relative to the case study presented in this chapter.
The third goal of this chapter was to assess the certainty to which a feed-in tariff of 0.22/kWh
provides an adequate return on investment under CVaR criteria. It was found that a tariff of
€0.22/kWh was insufficient to incentivise deployment for steel-based device specifications.
However, an adequate Internal Rate of Return (IRR) was achieved under concrete-based
devices. Further insight into the implications of cost variability was achieved as the CVaR
methodology allowed for the IRR premium required to account for cost uncertainty to be
identified. This was calculated by comparing the CVaR5 IRR value to that observed at the
mean of the distribution, where cost variability may reduce return by 2.2-3.2%. Finally, the
fourth goal of this chapter explored the sensitivity of results to different rates of cost
reduction or ‘learning’. The rates of learning required for feasible deployment under
proposed REFIT policy were identified, whilst the REFIT rates required for feasible
deployment under different rates of learning were presented.
The results of this chapter have a number of implications for policy and further work.
Although cost estimates are still to be treated with a degree of caution, a process by which
this degree of caution may be quantified has been presented. This analysis recommends that
prudent policy, cost and developer evaluation should incorporate this cost variability into
their appraisal. This analysis has shown that the use of a probabilistic approach along with a
technique such as the CVaR methodology presented may be employed to carry this out.
Studies to date which employ analyses based on point estimates ignore potential variability,
and as such, may understate the level of support required to overcome the financial
uncertainties inherent in WEC investment.
The methodology and results presented in this chapter are useful for device developers and
investors, as well as for policymakers. For investors, a means to quantify the uncertainty of
the investment environment allows for more informed investment decisions. For developers,
this model has been applied to determine targets of cost reduction for feasible deployment.
Furthermore, using the CVaR methodology allows for potential uncertainties to be
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incorporated in appropriate targets, such that prudent goals of cost reduction that account for
potential cost uncertainties may be defined.
The application presented in this chapter pertains to Belmullet, Co. Mayo. Further work in
the application of this modelling framework would involve the development of alternative
case studies for comparative purposes. If it were possible, a single hypothetical deployment
site which shares the traits common to all Irish sites may provide a significant development
of this framework. Differences in cost conditions may be accounted for within the specified
bounds of uncertainty, whilst the variability of output may also be incorporated. The
methodology and analysis presented in this chapter would provide the foundation upon which
such a general application may be developed.
This chapter has identified the distribution of potential costs in a static framework and
determined how this may affect investors, developers and policy makers. A sensitivity
analysis has identified the impact that greater levels of device learning may have for levelised
cost estimates. Greater rates of learning may be achieved by greater investment in R&D.
Such R&D may be worthwhile if it leads to WEC devices displacing more expensive
generation at an earlier time period, such that total benefits of achieving greater cost
reduction outweigh the additional R&D costs. A first step in facilitating such analysis may be
the identification of potential benefits of WEC deployment under different learning scenarios.
In light of these conclusions, a thorough policy analysis may wish to develop this framework
to identify the decision to invest, or support investment through appropriate policy, relative to
a foregone alternative using a dynamic framework. The following chapter will carry this out.
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5.1.

Introduction

Chapter 3 has discussed how cost-effective Wave Energy Conversion (WEC) device
deployment occurs when the internal and external costs of WEC-generated electricity are less
than or equal to foregone internal and external costs. This review has also outlined the
dynamic nature of this trade-off, whereby expected WEC cost, fuel and GHG price trends
may lead to cost-effective policy at some point in the future. It is the purpose of this chapter
to extend the probabilistic model outlined in Chapter 4 to address this dynamic trade-off. In
doing so, this chapter will provide a greater understanding of the market drivers and temporal
characteristics under which cost-effective policy to support Wave Energy Conversion (WEC)
device deployment may take place.
Identifying the point at which support may be advocated is troublesome as although the
determining parameters of fuel and GHG emission costs are subject to change through time,
the rate of this change is uncertain and subject to fluctuation. Furthermore, WEC device costs
are subject to uncertainty. The incorporation of such uncertainty in a temporal decisionmaking model requires a sophisticated methodology beyond that of deterministic parity
analysis (see for example, Ayompe et al., 2010), which relies on the assumption of
predictable future costs and analyses investment on a ‘now or never’ basis. Such a
deterministic methodology ignores the impact uncertainty may have on the investment
decision, where there may exist an option to wait for the mitigation or resolution of this
uncertainty. To illustrate, fuel price fluctuations may impact on the competitiveness of WEC
devices relative to a fossil fuel-based plant. An upward trend in fuel price at one point in time
may result in parity and a deterministic analysis may choose to deploy at that initial point of
parity. However, prices may fluctuate downwards in subsequent periods such that
deployment at this point turns out to be sub-optimal and a decision-maker is better off
incurring the additional cost for that single period, whilst waiting to deploy a WEC device in
a subsequent period. Alongside the consideration of this effect, it is desirable to quantify the
uncertainty surrounding the deployment decision. As Chapter 3 has outlined, Real Options
Analysis is a methodological approach that allows for these factors to be incorporated into an
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evaluation of cost-effective deployment (Dixit and Pindyck, 1994). Chapter 3 has also
provided a review of the literature relevant to this application.
This chapter formulates a real options analysis of the policy maker’s decision to support
WEC device deployment to identify the time period and market conditions under which costeffective deployment occurs. It should be noted that this analysis concentrates on parameters
of deployment internal to the electricity market, including internalised GHG emission. This
abstracts somewhat from the influence of further external impacts as such costs/benefits
would be outside the scope of a real options analysis. Nevertheless, this analysis provides a
benchmark against which any additional external impacts may be compared.
This chapter is structured as follows. Section 5.2 describes the real options methodology
employed in this chapter. The model specification and data used are outlined in Section 5.3.
Section 5.4 discusses the central results, whilst a sensitivity analysis is offered in Section 5.5.
Section 5.6 concludes the chapter.

5.2.

Real Options Model

This section will formally define the problem to be addressed by this chapter. The policymaker wishes to initiate a policy of WEC support once the expected cost of wave-generated
electricity is less than the expected costs of fossil fuel-generated electricity. Once this policy
is put in place it is difficult to revoke. As such, the policy-maker must not only consider the
cost of each option in the present time period, but also the expected cost in future time
periods. This future value is especially important as fuel, carbon and device costs may
fluctuate, causing what may initially appear to be favourable conditions of support to change.
Such fluctuations may result in delaying support until there is adequate certainty that the
expected sum of discounted present and future benefits of invoking a policy outweigh the
foregone alternative.
Since investment in a policy of deployment is irreversible and the purpose of analysis is to
identify the optimal timing of investment in the presence of price uncertainty, the policymaker’s problem is typical of that faced in the real options literature. The application of real
options in analysing irreversible investment under uncertainty is analogous to the pricing of
financial call options (Black and Scholes, 1973), and was first implemented in studies by
McDonald and Siegel (1986), Pindyck (1988, 1991), and Dixit and Pindyck (1994) (Westner
and Madlener, 2012). Such pricing recognises that a trade-off exists between the present
value of cash flows from immediate investment and the time value of information revealed by
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delaying the investment decision (see Dixit and Pindyck, 1994). In doing so, the value of
managerial flexibility to delay investment subject to the revelation of this information over
time may be quantified by considering the underlying investment as an American Call
option31, whereby information revealed by delaying the investment may potentially reduce
the cost of investment (Siddiqui et al., 2007). In applying this principle to determine the point
of cost-effective wave energy policy, cost-effectiveness may be measured by comparing the
cost of WEC deployment policy to the alternate cost of fossil fuel deployment policy. In this
context, one may interpret the expected value of supporting the deployment of WEC
technology as the ‘spot price’, whilst the expected value of fossil fuel deployment is the
threshold ‘strike price’. If the spot price is greater than the strike price threshold, (signifying
that the value of WEC deployment is greater than the value of fossil fuel-based technology
deployment), then it is optimal for the policy-maker to exercise the option and invest in a
policy of WEC support now (Copeland and Antikarov, 2001). The value of using a real
options approach over a straightforward parity analysis is realised when one considers that
the uncertain value of supporting WEC deployment in future time periods may be
incorporated into the policy decision for each time period.
To implement this methodology, an analysis is formulated over a 40 year period beginning in
2013. In each period, the policy-maker wishes to add a certain amount of capacity, a subset of
which may be considered for either WEC or fossil fuel-based generation. At one point in the
40 year horizon, the policy maker may initiate a scheme of WEC support. From that period
onwards all subsequent capacity in the considered subset must comprise WEC devices. As is
the case with real-life policy scenarios, once this policy is put in place it is difficult to
reverse, and thus it is assumed that the policy change may only be carried out once. To solve
this problem, the policy maker must thus identify the time period at which it is most costeffective to initiate a policy of WEC support such that the considered subset of capacity is
generating electricity at least cost over the entire 40 year period. The comparison of costs in a
dynamic setting such as this allows for the added value of waiting for uncertainty to be
resolved to be incorporated in determining the point of optimal policy support. Furthermore,
this problem formulation provides a framework for policy analysis that is generally
applicable in other contexts, whilst also giving the boundary conditions required for the
objectives of this chapter to be achieved.
31

Under an American Call option, the buyer of the call has the right, but not the obligation, to buy an agreed
quantity of an asset or instrument (the underlying) for a given period at a given price (strike price).
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Similar to the approach of Lee (2011) and Fuss et al. (2009), the model is formulated in the
context of a least cost deployment decision. It is assumed that the policy maker is in either
one of two states xt at each time period t; that of having initiated a policy of support for WEC
devices or not. If the policy maker has not initiated a policy of support, it must analyse the
expected cost of each alternative, at (the actions of initiating the policy in time period or
waiting until a future period). The total cost of each policy alternative during each time
period t is the expected discounted and summed investment cost for each action for all
subsequent time periods. Investment costs for each technology option during each time
period t are calculated per unit of electricity (€/kWht) using the levelised cost of electricity
(LCOE) method. The LCOE is a standard metric to measure the cost of supplying one unit of
electricity to a given network and provides a transparent basis to compare the relative costs of
different generation technologies (Chapter 4 of this thesis; Allan et al., 2011b; Carbon Trust,
2006; Khalaf and Redha, 2003; Fluri et al., 2009). Total cost of a given policy for time period
t, Ct, may thus be expressed as;




)q

Ct xt , at , Pt f , Pt ghg , ctinst 
N
  inst
  ct (mt )   ( (11r ) n

n t





Where;


(mt ) p nghg  q nf (mt ) p nf  OM n (mt )  

N

e
1

( (1 r ) n )q n (mt )


n t




ghg
n

(5.1)

ϵ At(xt)

mt = mt( xt , at , Pt f , Pt ghg , ctinst )
The cost incurred in each period, as described by equation 5.1, may be explained as follows.
Ct represents the total cost incurred in period t, which may be either the cost of WEC or fossil
fuel device deployment. Ct is determined by both the state xt (whether a policy of WEC
deployment is already in place) and the action at (whether a policy of support is to be put in
place during this period). Ct is also influenced by the concurrent price of fuel (Ptf), GHG
emission (Ptghg) and cost of device installation (ctinst). For each time period t, the action
chosen, at, represents the least cost investment option from the set of potential options At (to
initiate a policy of WEC support or not).When analysing the components of cost, mt denotes
the type of power plant to be deployed, as it represents whether a policy of support has been
initiated or not. For mt = 0, the action of a policy of WEC support is not in place and thus
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costs relate to fossil fuel technology. For mt = 1, the action of a policy of WEC support is in
place and thus costs relate to WEC technology.
Costs comprise capital cost of installation (cinst) and variable costs throughout the lifetime of
the plant. Capital installation costs, cinst, are constant if mt = 0 and change according to the
concurrent level of WEC technological development if mt = 1. This is because the cost of
WEC installation, as calculated in Chapter 4, is a function of the ‘learning’ rate 32. Variable
costs comprise the quantity and cost of carbon emissions (qghg and pghg respectively); the
quantity and cost of fuel (qf and pf respectively); and operation and maintenance costs (OM).
If mt = 1, fuel and GHG outputs are zero and thus so too are fuel and GHG costs. These
operational costs are summed and discounted for the N time periods of the plant’s lifetime,
starting from the time period of analysis, t. In accordance with the levelised cost calculation,
these cost values are expressed per unit of output, and thus the discounted sum of lifetime
cost is divided by the discounted sum of lifetime electricity output (qe). Finally, r represents
the discount rate.
The goal of the policy maker is thus to minimise each period’s expected cost Ct by choosing
an appropriate schedule of at options. This minimisation problem is presented in equation 5.2.
In order to incorporate the irreversibility of the policy into the modelling framework, it is
assumed that the state in the future time period, xt+1 is determined by the state in the present
period xt and the action in the present period at (i.e. xt 1  F ( xt , at ) ). This optimisation
problem can thus be formulated as follows;
40
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Subject to; xt 1  F ( xt , at )
Where E[∙] denotes the expected value. This problem is one of optimal control, and may be
restated in a recursive functional form so that we can use dynamic programming to determine
the schedule of at actions. Dynamic programming is useful for sequential decision-making
where intermediate decisions are subject to unknown parameters. As Fuss (2007) state,
32

The learning rate incorporates economies of scale and ‘learning’ as a result of experience into cost estimates.
This is carried out by scaling WEC installation costs as a function of cumulative installation. For the purposes of
this analysis, costs decline with each time period due to experience as a result of an exogenous international
installation schedule.
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dynamic programming operates based on the Markov property, whereby the optimal action
for the next period only depends on the current state and does not depend on past decisions
which have brought the decision maker to that point. For this problem, it is clear that this
assumption holds.
Solving a dynamic programming problem involves a recursive methodology. In practice, this
means that one starts at the final time period and determines the optimal decision for that time
period. The output of this sub-problem may then be used to solve the optimal decision for the
preceding time period33. To carry this out, a value function is formulated which compares the
cost of investment for each option at for each time period t. The value function, also known
as the Bellman equation, represents total cost incurred over the 39 year planning period and is
then minimised by choosing a policy support strategy

. Thus, the problem to be solved

in each time period takes the following form;
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For example, one may first solve the optimal decision in time period 39 by comparing costs, determining that
a policy should be put in place in this time period. The problem then moves to solving for the optimal decision
in time period 38. The cost of putting a policy in place in this period is compared to the cost of not having a
policy in place. We know that it is optimal to have a policy in place in the subsequent period (t=39) and thus the
total cost of either option may be analysed as either the set of {policy in t=38 + policy in t=39} or {no policy in
t=38 + policy in t=39}. Both costs are compared and the least cost option is chosen. It is found that no policy in
t=38 is the preferred option. The process is repeated in time period 37. A set of costs is constructed as before.
First we calculate the cost of ‘no policy’ in time period 37 alongside the calculated optimal future schedule of
periods 38 onwards. This is compared to the option of ‘policy’ in time period 37 and ‘policy’ in all subsequent
periods. Doing so captures the implication of an irreversible policy decision. It is at this point that the full value
of the recursive methodology is realised, as the full inter-temporal consequences of invoking a policy at any one
time may be incorporated into the investment decision. This process is repeated for all preceding time periods to
determine a full schedule of actions.
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This value function, Vt, has a straightforward interpretation. The first part of this equation,
Ct(.), represents the immediate levelised cost of producing electricity as a result of either
option

in

the

current

time



period.

The

second

part,



f
inst
ghg
( (11r )t ) E Vt 1 xt 1 , at 1 , Pt ghg
, Pt f , ctinst , represents the expected future value
1 , Pt 1 , c t 1  | x t , Pt

of that policy option, assuming that actions in future time periods are optimal. This
expectation is made conditional on the value for market parameters observed under the
current time period. The policy maker chooses a policy action at in each time period that
minimises the sum of present day costs and expected future cost. Given the recursive method
for solving this problem, the future costs for each option are available to carry out this
calculation.
As Fuss (2009) review, a number of methodologies may be employed to calculate the
expected future value. These include partial differential equations, binomial lattices and
Monte Carlo simulation. Given the high degree of dimensionality offered by many sources of
uncertainty in this problem, Monte Carlo simulation is chosen for this study. This process
operates as follows. For each potential option in each time period, immediate and expected
future values must be calculated. The computation of the immediate cost involves calculation
of the cost function of equation (5.1), using observed cost parameters during that period for
each

technology



specification

mt.

The

computation

of

the

expected

value,



f
inst
ghg
( (11r )t ) E Vt 1 xt 1 , at 1 , Pt ghg
, Pt f , ctinst , requires the computation of the
1 , Pt 1 , c t 1  | x t , Pt

expected value of future costs, conditional on the observed cost parameters in the current
period.
The calculation of the expected future value is carried out using the Monte Carlo least
squares methodology of Longstaff and Schwartz (2001). This procedure is carried out as
follows. 10,000 iterations of 39-year levelised cost are calculated for both WEC and fossil
fuel devices. At each step of the recursive process, there is thus a 10,000 observation
distribution of possible values for each device cost. This distribution quantifies the
uncertainty of future costs and can be used to calculate the expected future value, conditional
on that which is observed in a given period. It is this expected value that is then used in the
decision rule of equation (5.4). Thus, this analysis calculates the expected future value
conditional on the GHG, fuel and installation costs observed in the current period. For
parsimonious model specification, it is assumed that these values and their proportional
influence are subsumed in fossil fuel and WEC levelised cost values. Thus, the expected
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value (Vt+1) of each policy option is calculated conditional on observed fossil fuel and WEC
cost values respectively (i.e. Ct  ). This conditional value is calculated according to the
regression specification of;

Vt 1   0i  1i Ct   2i Ct2

(5.4)

In this way the fitted values of the OLS regression provide an efficient unbiased estimate of
the conditional expectation function of future cost values (Longstaff & Schwartz, 2001). This
is repeated for each time period, and the investment decision rule employed. The decision
rule compares the expected value of investment in each policy option during each time
period. The time period and concurrent market conditions under which a policy of WEC
support is put in place is recorded for each simulation. From the resulting distribution of
simulation results, the frequency of investment under a given time period, or given market
price, may be obtained.
As has been outlined, three sources of uncertainty are taken into account when formulating
this decision; future WEC technology cost, future fossil fuel prices and future GHG (i.e.
carbon) prices. Future fossil fuel and carbon prices affect the cost of fossil fuel-based
generation only. This affects the WEC deployment decision by affecting the relative
competitiveness of WEC-generated electricity. The process for modelling each of these
uncertain parameters will now be outlined
5.2.1 Modelling Uncertain Fuel and Carbon Prices
It is expected that prices in both carbon and fuel markets will exhibit rising average trends,
but the extent of this growth is subject to uncertainty (IEA, 2010a). Furthermore, there may
be inter-period fluctuation around this general trend, with carbon and fuel price fluctuations
reflecting trading in carbon permit and commodity markets respectively (IEA, 2010a; See
Chapter 3 for a full discussion of this process). In order to incorporate this uncertain price
progression into a dynamic model, a methodology must be chosen that emulates this price
pattern, such that prices employed in the decision-making process are representative of those
expected.
Yang et al. (2008) have tested various approaches to model fuel and carbon prices for
analysing the impact of risk on the investment decision for renewables, finding that short-run
(intra-annual) fluctuations are mean reverting and tend to cancel each other out when
considered in the context of a long run investment decision. They found that stochastic
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Geometric Brownian Motion (GBM) is the most appropriate means of modelling long run
trends (inter-annual). As such, this analysis concentrates on long run price trends using a
GBM process, which may be described mathematically by the following equation;

Pt 1  Pt  Pt dz

(5.5)

Where μ represents the drift, or average expected annual growth rate; σ represents the average
rate of volatility around the expected annual rate of growth, and dz is the increment of the
GBM process, a parameter selected at random from an inverse normal distribution of mean
zero and standard deviation of one.
5.2.2 Modelling Uncertain WEC Cost
Alongside market uncertainty, we wish to test the effect that uncertain future WEC device
cost may have on the investment decision. The cost of WEC devices is determined by
uncertain input costs and uncertain future technological improvements. Estimated in Chapter
4 of this thesis, a probabilistic model of WEC device cost is used to approximate the range of
potential cost values.
This uncertain range is used in conjunction with an expected rate of future cost reduction
through technological development. A learning rate may be characterised in terms of a
scaling factor, b, which indicates the percentage scaling of cost with each doubling of
capacity. For example, a scaling factor of 0.9 suggests that for every doubling of capacity,
costs are scaled by 90%. Conversely, (1-b) is equal to the percentage reduction in unit cost
for each doubling of capacity (in the stated example, costs have fallen by 10%). Assuming
cost reduction begins with the first period, the learning rate may be defined in a continuous
fashion by the following equation (Junginger et al., 2004; Dalton et al., 2010a; Argote and
Epple, 1990; Bhandari and Stadler, 2009);
pA

ln(b )
ln(2 )

(5.6)

Where p is the percentage scaling of cost, A is the cumulative number of units installed at a
given time and b is the scaling factor to indicate the rate at which the cost changes as
cumulative output increases.
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5.3.

Data

Having outlined the model specification, the data used in this analysis will now be discussed.
5.3.1 WEC Cost Calculation


Internal WEC Costs

The probabilistic model outlined in Chapter 4 is employed to model WEC cost. Please see
Sections 4.2 and 4.3 of Chapter 4 for a full explanation of this model and the input
parameters employed. The device cost parameters for a 100-unit concrete-based Pelamis
installation are used for this analysis. The concrete-based Pelamis specification is preferred as
this analysis deals with long-run cost trends and this specification best represents the
expected cost in future time periods.
Following the literature to date (Dalton et al., 2010a; O’Connor et al., 2013; SQW, 2010), a
90% learning rate is assumed for the central analysis of this chapter. A sensitivity analysis is
employed alongside this to consider the effect of alternate rates of learning on the investment
decision. However, an exogenous schedule of installation is required in order to apply this
‘learning’ to consider the temporal change in technological cost. As such, the rate of cost
reduction is modelled as a function of exogenous growth in the capacity of UK installations.
As the UK is the nearest neighbour to Ireland and joint market leader, this most closely
represents the rate of exogenous learning relevant for deployment in Ireland. Capacity
additions assumed for this analysis mimic the 2013-2020 UK installation schedule currently
envisaged by the UK’s Renewable Energy Roadmap. (Department of Energy and Climate
Change, 2011) and are quoted in Table 5.1. For time periods beyond this, it is assumed that
100 units per annum will be installed.
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Table 5.1: Exogenous WEC Installation Schedule used in Real Options Analysis
Year
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023
2024
2025
…
2052

Period Install
4
6
10
25
25
30
50
100
100
100
100
100
100
…
100

Cumulative Install
4
10
20
45
70
100
150
250
350
450
550
650
750
…
3450

Source: UK Department of Energy and Climate Change (2011)
5.3.2 External System Costs
Outlined in Chapter 3, the intermittent nature of WEC generated electricity incurs external
costs to the electricity system. These comprise an added reserve requirement, additional
system costs due to cycling of baseload and mid-merit plant, and additional ‘wear and tear’ of
other generators to accommodate this cycling. These costs are estimated in Chapter 3 and
listed in Table 5.2 below. These costs are added to the internal cost of WEC generation when
applying the real options model in order to provide a comprehensive account of relative costs
of deployment and thus give a more accurate approximation of cost parity.

Table 5.2: External System Costs Associated with WEC Deployment
Cost

Value (€/kWh)

Additional Reserve Requirement

0.0048

System Cycling Cost

0.0052

Added Wear/Tear of Conventional Generation

0.00476
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5.3.3 Capital Cost of Fossil Fuel Generation
The policy investment decision is considered relative to Combined Cycle Gas Turbine
(CCGT) fossil fuel plant. Preliminary analyses were carried out relative to both CCGT and
Pulverised Fuel Coal plant using bituminous coal. However, it was found that the decision to
deploy WEC devices was always determined first by CCGT and not Coal, except under the
most extreme carbon pricing scenarios. As such, it was determined that CCGT technology
alone provided sufficient insight into all probable deployment scenarios and thus the analysis
of this chapter has been limited relative to this technology. Furthermore, CCGT comprises
the majority of electricity generation plant currently installed. Data detailing Irish capital and
operating cost of CCGT plant have been obtained from the All Ireland Grid Study (Doherty,
2008). These parameters are displayed in Table 5.3. All costs except for fuel are modelled as
deterministic variables as this is a mature technology where the costs are known with
considerable certainty.
Table 5.3: Parameters used to Calculate CCGT Cost per MW Installed
Parameter
Electricity Output (MWh/year)
Efficiency (%)
Fuel Input Required (MWh/year)
Fuel Consumption (GJ/year)
Operation/Maintenance (€/year)
Capacity Factor (%)
GHG Emission (tCO2 /MWh)
Investment Cost (€’000/MW)
Lifetime (years)
Build Time (years)
Source: Doherty et al. (2008)

Gas (CCGT)
7708
54
14,276
51,392
46,000
88
0.36
731.07
15
2.5

5.3.4 Cost of Fuel
The primary benefit of WEC generation is that it reduces reliance on fossil fuel-based
generation and provides a hedge against rising fuel (and carbon) costs. These costs are
determined on international fuel markets. Future fuel prices are modelled to reflect the range
of values predicted by the International Energy Agency’s (IEA) assumed fuel price
progressions (IEA, 2010a). IEA (2010a) report annual gas prices in 5 year intervals, and a
rate of annual growth and volatility must be chosen that best fits quoted values during each
time period. Since 2004, the cost of fuel used in electricity generation in Ireland has been
considered commercially sensitive and thus not publically available (IEA, 2012). As such, a
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methodology must be employed to approximate this cost. IEA (2012) state that gas used for
electricity generation in Ireland in 2003 cost 12.8/MWh (€3.6/GJ). In translating this to
current prices, it is assumed that the cost of gas for electricity generation in the UK may give
the closest approximation of the change in fuel prices in the intervening period. As such, this
value is updated according to the price index quoted for gas price (IEA, 2012) used in
electricity generation in the United Kingdom, whereby a value of €15/MWh (4.15/GJ) is
obtained for current gas prices.
Outlined in Table 5.4, it is assumed that gas prices are modelled with an average annual
growth rate of 4.7%, and a volatility of 3.1%. Following Yang et al. (2008), cost volatilities
are calibrated to IEA fuel cost predictions. Assuming that the simulation takes place from
time period 2013 onwards, time period 7 is assumed to represent 2020 and time period 17
represents 2030. After 7 time periods, the assumed rate of growth results in an expected
median gas price 1.1 times as large as that in the base period, and a median value 2.21 times
greater than that assumed in the base period after 17 periods. This rate of growth fits broadly
in line with the assumed rate of price growth predicted to occur in the IEA’s ‘current policies’
scenario for European gas prices (IEA, 2010a). In this scenario, it is assumed that gas prices
will grow 1.2 times by 2020, and 1.8 times the assumed base level by 2030. This represents
the closest simulation match employed to calibrate gas price growth to two time periods
contained within the IEA (2010a) quoted scenarios, with any deviations incorporated within
the volatility parameter. A rate of annual volatility of 3.1% is assumed. This yields a standard
deviation of 12% around initial costs after 7 time periods, corresponding precisely to the 12%
difference between the 2020 values quoted for IEA’s current policy and ‘450’ policy of low
carbon. After 17 time periods, a standard deviation of 17% is observed, corresponding
broadly to the 20% difference between the respective IEA scenarios for 2030. This
calibration allows the rate of volatility simulated to correspond to the band of potential values
found in long term IEA projections. As Yang et al. (2008) discuss, these standard deviations
are low relative to normal measures of annual price volatility in most markets. However, it
should be borne in mind that these values and the geometric Brownian motion are chosen to
reflect long-run uncertainty, not short run volatility. As this problem is formulated in the
context of a long-run planning horizon, it is these expected long-run uncertainties that are of
interest in the policy decision analysed. A sample of simulated fuel price trajectories is given
in Figure 5.1.
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Table 5.4: Reference Case: Parameters Representing Expected Fuel Price Trend
Gas
Initial Price per GJ
Drift (μ)
Volatility (σ)

4.15
4.7%
3.1%

Figure 5.1: Sample of Simulated Gas Price Trajectories

Reference Case Scenario (μ = 4.7; σ = 3.1)

5.3.5 Cost of Carbon
As Chapter 3 has discussed, a new phase of the EU Emission Trading Scheme is due to begin
in 2013. Successful implementation of this scheme would result in the price of carbon being
subject to a continuous increase in line with cumulative growth in the Social Cost of Carbon
(SCC; See Chapter 3).
The first stage of this modelling process requires the specification of the carbon price
observed in period 1. The chosen carbon price must be representative of observed and
expected future prices under Phase III of the EU ETS (See Chapter 3). It has been stated that
regulators have a range of €15-€30/tCO2 in mind for price of carbon (Longyearbyen, 2012).
Furthermore, values in the range of €13-20/tCO2 were observed during late 2010 to early
2011 before a considerable decline in prices occurred (ICE, 2012). As such, an initial carbon
price of €18/tCO2 is chosen. This value reflects both observed and expected values, whilst
also reflecting the tendency of carbon prices to be at the lower end of expected bounds.
(Longyearbyen, 2012; Egenhofer et al., 2011; ICE, 2012).
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Having specified the initial carbon price, two scenarios of growth are employed. Rates of
carbon price growth at either end of the spectrum of potential growth rates are considered.
First, a low carbon price growth scenario is considered, representing an overall stabilisation
target in the region of 550-600ppm. To carry this out, the trajectory of SCC values is
calibrated to 2025 and 2050 expected median carbon prices associated with this target range,
as predicted by Kuik et al. (2009). A rate of average annual growth (drift) of 3% is assumed,
yielding an average carbon cost of €26/tCO2 for period 12 (2025) and €54/tCO2 in period 37
(2050). Following Zhou et al. (2010) and Fuss et al. (2008), a volatility parameter of 3% per
annum is employed. As data does not exist to appropriately calibrate the rate of volatility, a
sensitivity analysis is employed to consider alternate rates of volatility.
Alongside this, a high carbon price growth scenario is considered. For this analysis, the
model is calibrated to the upper portion of potential carbon price values, in the region of 450500ppm. As such, an average rate of annual growth of 8% is assumed, yielding a median
SCC for period 17 of €66/tCO2, rising to €72 in year 18. This value approximates the
470ppm cost of carbon assumed by DECC for the same time period, whilst being slightly
lower to cover potential targets closer to the range of 500ppm. It should be noted that
deviations from median values are incorporated in price volatility, allowing for many
potential carbon prices to be considered in this range. Once again, a volatility parameter of
3% is assumed for the central scenario as market data in this area is unreliable. A sensitivity
analysis is employed to consider the sensitivity of deployment criteria to changes in the
assumed rate of volatility around this parameter. A sample of simulated carbon price
trajectories is given in Figure 5.2.

Table 5.5: Carbon Cost Parameters
Variable

Low Growth High Growth

Growth

μ = 3%

μ = 8%

Volatility σ = 3%

σ = 3%
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Figure 5.2: Sample of Simulated Carbon Price Trajectories

Low Growth Scenario (μ =5%; σ =3%)

High Growth Scenario (μ =8%; σ =3%)

Finally, it should be noted that carbon and fuel price trajectories are not independent. An
increase in the price of gas influences the cost of coal and carbon. An increase in the price of
gas may lead to an increase in the price of coal, as that technology becomes relatively
cheaper. However, coal is more carbon intensive and such an increase may lead to greater
demand for carbon permits (Yang et al., 2008). This interdependence is modelled by
modelling the cost of coal alongside the cost of carbon and gas, incorporating a degree of
correlation in the selection of the random parameters dz for each variable. A correlation
coefficient must be chosen for such an analysis, with the correlation coefficient chosen for
this analysis being 0.5. This value is sourced from Yang et al. (2008), whereby a moderate
rate of correlation was assumed between fuel and carbon prices.
Thus the ordering of the simulation begins with a stochastic gas price process. Changes in the
price of gas are positively correlated with changes in the price of coal, according to a
correlation coefficient of 0.5. In practice, this requires the dz random parameter for coal to be
chosen according to a correlation coefficient of 0.5 with the dz parameter for gas. As this
simulation is not concerned with the actual price of coal, but merely the portion of that price
that influences the price of other parameters, the simulation of coal prices is not carried out to
completion. This schedule of correlated random variables is then used to simulate the price of
carbon permits, whereby the simulation of carbon prices is carried out using a dz increment
correlated to the dz parameter for coal. Once again, a moderate rate of correlation is assumed
at 0.5. Hence, the mechanisms by which a change in the price of gas may affect changes in
the price of carbon are most accurately represented in the modelling framework.
Having outlined the model and data to be employed for this analysis, the following section
will discuss the results.
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5.4.

Results

5.4.1 Reference Case: Optimal Policy Behaviour under Current Expectations
The first goal of this analysis was to identify the conditions under which a cost-effective
policy to support WEC devices should be introduced. Table 5.6 lists the time period and
concurrent market conditions under which deployment occurs for each of the central carbon
price scenarios. One advantage of solving a Real Options Analysis using a Monte Carlo
approach is that a distribution of potential values is obtained. The relative probability of a
given outcome may be derived from this distribution. Table 5.6 and Figures 5.3-5.4 thus
display the values obtained at different points of the respective probability density
distributions.
Table 5.6: Conditions under which WEC deployment is Cost Effective.
25th Percentile Median

Mean

Mode 75th Percentile

Low Carbon Price Growth
Year
WEC Cost (€/kWh)
Gas Price (€/GJ)
Carbon Price (€/tCO2)

19
0.118
9.517
29.782

22
0.123
10.435
32.606

22
0.1238
10.67
33.18

20
0.125
10.49
32

25
0.129
11.638
36.017

High Carbon Price Growth
Year
WEC Cost (€/kWh)
Gas Price (€/GJ)
Carbon Price (€/tCO2)

15
0.121
7.699
51.638

17
0.126
8.347
59.004

17
0.126
8.528
61.75

16
0.127
7.9
53

19
0.132
9.207
69.834

Note: Table displays distributional characteristics of observed year and market conditions from 10,000
simulation iterations.

Given that some distributions do not approximate a normal shape, the median, mean and
mode are reported. Under the most optimistic conditions elicited by this analysis, deployment
may be cost-effective at time period 15. However, this will only occur under high rates of
carbon growth and at a 25% probability. Analysing deployment at median values, it can be
seen that deployment is unlikely to occur until time periods 17-22. This falls slightly when
one interprets values at the mode of the distribution, which suggests that cost-effective
deployment should occur in time periods 16-20. Given that the mode represents the value
returned most often in the simulation procedure, one may interpret the most likely period of
deployment to be during year 16 and year 20 for high and low carbon price growth scenarios
respectively.
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The cost of WEC devices at the point of deployment is largely insensitive to the scenario
considered. For median/mode values, one can see that although WEC cost at deployment
rises slightly with an increase in the rate of carbon growth, WEC cost at deployment is
€0.123-0.127/kWh. Given that the expected cost for 100-unit concrete-based installations in
period 1 is €0.145/kWh (see Chapter 4), this would suggest that concrete-based WEC costs
fall by 12.4-15% for cost effective deployment during the time periods outlined.
In order for cost-effective deployment to occur, gas prices must rise considerably. The rate of
growth required is sensitive to the rate of carbon price growth, as a lower gas price is
sufficient for parity when a greater carbon price is observed. As such, gas prices must rise to
€9.5-11.6/GJ under a low carbon price growth scenario, representing a growth of 128-179%
relative to the assumed base value of €4.15/GJ. This requirement falls to €7.6-9.2/GJ (+83121%) for a high rate of carbon price growth. The carbon prices of €32/tCO2 and €53/tCO2
are observed most often when deployment occurs under low and high carbon growth
scenarios respectively. This analysis indicates that, even at high rates of expected carbon
price growth, the gas price must grow by at least 83% before WEC deployment is cost
effective.
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Figure 5.3: Probability Density Distribution of Deployment Criteria at time of Cost Effective Policy Support: Low Carbon Price Scenario
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Figure 5.4: Probability Density Distribution of Deployment Criteria at time of Cost Effective Policy Support: High GHG Cost Scenario

Note: Probability Density Distribution of Potential Values calculated from 10,000 simulation iterations
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5.4.2 Premium Being Paid for Sub-Optimal Deployment
The second goal of this analysis was to determine the expected premium paid for deployment
in a period other than that deemed most cost-effective. This may be used as a measure of
additional cost imposed by sub-optimal policy, providing policymakers with a benchmark
against which potential socio-economic impacts (or other ancillary external impacts) may be
compared.
This premium is calculated as the difference in expected cost of each investment option,
where expected cost is calculated by weighting each simulated value according to the
probability of occurrence. As such, this value may be interpreted as the social value of
waiting before deploying WEC devices, calculated as the cost of electricity in excess of the
foregone alternative. As with the preceding analyses, WEC levelised cost estimates include
external system balancing costs. The overall cost premium is decomposed into metrics
calculating the difference between concurrent WEC cost and WEC cost under optimal
deployment. This second metric allows for the overall premium to be decomposed into the
influence of WEC cost changes and fossil fuel cost changes in the decision to deploy WEC
devices. Results of this analysis are displayed in Figure 5.5.
One can see that WEC deployment in period 1 incurs an additional cost of €0.0976€0.1006/kWh for high and low carbon price growth scenarios respectively. The premium
attributable to WEC cost reduction comprises between 31-32% of the total premium during
the initial time period. This indicates that technological change has a smaller influence on
parity than fuel price change. Figure 5.5 displays how this proportion declines as parity
approaches. This is due to the great absolute changes in WEC cost in the early stages of
technological development. One can see that the absolute change in WEC cost is at a much
lower rate from period 8 onwards, highlighting the benefits of waiting until such early
technological development has passed. Further, it can be seen that levelised cost estimates
reach parity with the value to wait for policy enactment at a similar time period. This may be
due to the fact that the rates of fossil fuel/GHG cost uncertainty in the initial assumed
scenario may have a relatively small impact on deployment period. A sensitivity analysis is
carried out in Section 5.5 to explore this finding further.
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Cost Parity

Figure 5.5: Cost Parity and Decomposition of Cost Premium
Decomposition of Cost Premium
Low Carbon Price Growth

High Carbon Price Growth

Note: The Cost Premium may be interpreted as the expected cost of WEC deployment in excess of the expected cost of gas deployment, measured per unit of electricity generated. Values
shown are for the unit cost for individual time periods and calculated by weighting each simulated value according to the probability of occurrence.
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Alongside this period-by-period cost premium, the ‘option value’ gives insight into the value
of delaying policy support. In the context of the problem presented, this represents the
expected saving or additional cost that an optimal WEC deployment policy may bring,
calculated across all time periods. This is calculated relative to an alternative of either
immediate deployment support, or no deployment support. It is found that having the option
to delay support of WEC deployment leads to the discounted and summed cost of electricity
for the scenario analysed to fall by 21.5% under low carbon price growth and 16.7% under
high carbon price growth. Along with this, the option to exercise deployment support relative
to never supporting WEC deployment results in the cost of electricity in the considered subset
being 30.2% lower under low carbon price growth and 41.6% lower under high carbon price
growth. This illustrates the added value of WEC deployment in the event of a high carbon
price. Most importantly, this gives an indication as to the total reduction in social cost that
may be achieved by delaying WEC deployment.

5.5.

Sensitivity Analysis

A further goal of this chapter was to determine the sensitivity of deployment criteria to
differences in assumed parameters. This includes testing sensitivity to different rates of
growth and volatility in fuel and carbon prices, along with differences in the expected rate of
technological change. Doing so provides insight into how expectations should be amended if
observed conditions deviate from assumptions made in the central scenario. Furthermore, this
sensitivity analysis elicits the relative importance of each criterion in determining when
deployment should occur. There are many combinations of carbon price growth/volatility,
fuel price growth/volatility and technological change that may be employed for this analysis
but for brevity this sensitivity analysis is carried out relative to the high carbon price growth
scenario only.
5.5.1 Sensitivity to Rate of Technological Change
Figure 5.6 displays how sensitive each deployment criterion is to different rates of
technological change. In order to give insight into the entire distribution of simulated values,
results are displayed by means of box plot diagrams, with the assumed learning rate displayed
on the x-axis. The analysis which follows will be discussed with reference to the effect
parameter changes have on the entire distribution of results. Deployment during any time
period is determined by the combination of WEC cost, gas price and carbon price observed.
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As such, each parameter is interdependent and thus distributions of each parameter should be
interpreted in the context of each other.
One can see that an earlier time period of deployment is observed as learning rates move
closer to 82%. However, there is a diminishing rate of change, with improvements in the rate
of learning in the region of 91-95% having a greater effect than improvements in learning in
the region of 82-90%. This reflects the diminishing marginal change in WEC cost as a result
of learning; at greater rates of learning, great absolute changes in WEC cost occur during
earlier time periods. However, the effect this has on deployment is mitigated as parity must
wait for gas prices to change. As such, greater rates of learning bring parity sooner, but at a
diminishing rate. Analysing the observed trends, for every percentage point change in
progress rate within the bounds of 82-90%, the deployment period is brought forward by an
average of 6 months, whilst a one percentage point increase for rates of learning in the region
of 90-95% brings deployment sooner by an average of 1 year.
The inter-quartile range for the year of deployment never falls below year ten, indicating that
it is highly unlikely that cost effective deployment may occur before then, although there is a
25% chance at 82-83% rates of learning. Time periods 10-15 represent a more likely range
for optimistic deployment, with an 88% rate of learning presenting a 50% chance of
achieving deployment on or before period 15. For such optimistic deployment, one can see
that the median value for gas cost must be less than or equal to €7.80/GJ (+87%), whilst the
median value for carbon cost must be €52/tCO2 (+188%).
If it is expected that technological change is to be at a slow pace, it can be seen that not only
is a policy of deployment to be initiated at a later stage, but there is much greater uncertainty
as to the Carbon Price, Gas Price and WEC levelised cost during cost-effective deployment.
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Figure 5.6: Sensitivity of Deployment Criteria to Assumed Rate of Technological
Change (Learning)
Figure 5.6(a) Sensitivity of deployment year
to rate of learning

Figure 5.6(b) Sensitivity of deployment gas
Price to rate of learning

Figure 5.6(c) Sensitivity of WEC
deployment cost to rate of learning

Figure 5.6(d) Sensitivity of carbon price at
deployment to rate of learning

Note: Boxplot diagrams illustrate the median, interquartile range, minimum and maximum observations.
Outliers are suppressed in order to demonstrate the trend of the distribution more clearly. Each boxplot relates to
the distribution of values under the progress ratio defined in 2-unit increments on the x-axis. 82 represents a
progress ratio of 82% (greatest rate of technological change), whilst 95 represents a progress rate of 95% (the
lowest rate of technological change). Results displayed pertain to the high carbon growth scenario (8% rate of
average carbon price growth).
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5.5.2 Sensitivity to Rate of Gas Price Growth and Volatility
Figure 5.7 displays, by means of box plot diagrams, the sensitivity of each deployment
criterion to changes in the rate of gas price growth. The degree of sensitivity is identified by
repeating the real options model with values of expected growth ranging from 1% to 10% per
annum, holding all other factors constant. As with the analysis of the preceding section,
deployment is determined by the combination of WEC cost, gas price and carbon price
observed at any time period. As such, each parameter is interdependent and thus distributions
for each parameter should be interpreted in the context of each other.
Figure 5.7a shows that a 9% rate of expected gas price growth is required for WEC
deployment to occur before 10 years at 75% probability, with a rate of growth of 7% required
for deployment before 15 years at 75% probability. This is a considerable increase beyond
the anticipated rate of 4.7%. It can be seen that for every 1% increase in gas price growth the
expected period of deployment is brought forward by 2 years. Similarly, WEC cost at
deployment approximates a linear relationship with the rate of gas price growth.
The carbon price at deployment falls with a greater rate gas price growth. This is due to a
greater rate of gas price growth resulting in a higher gas price at deployment, reducing the
carbon price required for cost parity. The median carbon price at deployment is €67€111/tCO2 for rates of growth of 1%-4% and €30-€55/tCO2 for rates of growth of 5%-10%.
Figure 5.7d shows that the gas price at which deployment occurs displays a ‘backwardbending’ shape, whereby the gas price concurrent with cost-effective deployment increases
when growth is in the range of 1%-5% per annum, before levelling off and declining for
greater rates of growth. This is due to differences in the relative influence of carbon price and
WEC technological change under different rates of gas price growth. At 1%-5% rates of
growth, parity occurs during time periods 15-27, when the absolute decline of WEC device
cost has levelled off. As such, an increase in growth from 1%-2%, for example, results in gas
price at parity occurring later, when WEC cost change is relatively low. As such, the price of
gas at parity is more sensitive to the rate of gas price growth as this is the primary
determinant of parity. Thus, the increase in gas price growth results in parity occurring
marginally earlier, but being achieved at a greater gas price.
Conversely, for rates of gas price growth in excess of 5%, expected deployment is likely to
occur before period 15 and thus during a period when technological change is having a
greater absolute effect on WEC cost. This can be seen when one observes a change in growth
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from 7% to 8%, for example. It can be seen that gas price at deployment falls, reflecting the
fact that a growth in gas price results in parity at an earlier time period. This earlier time
period is subject to greater change in WEC cost, resulting in WEC costs being lower due to a
greater influence of technological change. As such, the gas price required for parity is thus
slightly less under an 8% rate of growth than a 7% rate of growth.
It may also be noted that these factors explain the trend of variability surrounding Carbon and
Gas Prices at deployment. It can be seen a much wider range of carbon prices is observed for
rates of gas price growth less than 5% due to the later period of deployment and wider
distribution of potential carbon prices at this stage. This declines as the rate of gas price
growth increases, reflecting the closer time period and lower rate of variability surrounding
potential carbon cost as a result. Conversely, the rate of gas price growth at deployment
increases in variability at greater rates of growth. This is due to the fact that, at a low rate of
growth, there is limited scope for absolute difference between gas price paths. At high rates
of growth, the gas price is subject to greater absolute variability, whilst WEC costs are
subject to greater uncertainty as they are still subject to technological change at deployment.
The gas price concurrent with deployment is thus subject to greater variability.
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Figure 5.7: Sensitivity to Rate of Gas Price Growth
Figure 5.7 (a) Sensitivity of deployment year Figure 5.7(b) Sensitivity of deployment
to rate of gas price growth
carbon price to rate of gas price growth

Figure 5.7(c) Sensitivity of WEC cost at Figure 5.7(d) Sensitivity of gas price at
deployment to rate of gas price growth
deployment to rate of gas price growth

Note: Boxplot diagrams illustrate the median, interquartile range, minimum and maximum observations,
excluding outliers. Each boxplot reports the sensitivity of deployment criteria to annual average rates of gas
price growth ranging from 1-10%, holding all other variables constant at the reference level. Rates of gas price
growth are defined on the x-axis in 2-unit increments.
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Having analysed sensitivity to the rate of gas price growth, sensitivity to gas price volatility is
now analysed. Figure 5.8 shows that there is greater uncertainty as to the carbon price and gas
price at deployment under greater rates of gas price volatility. Figure 5.8a displays results in
relation to deployment period, where increased rates of volatility result in the expected year
of deployment to be postponed. This is in accordance with findings observed in the Real
Options literature, where greater uncertainty results in a greater incentive to wait. However,
the impact is relatively low, as an increase in volatility of 1% results in the mean expected
year of deployment to be postponed by a marginal amount, in the region of 0.1 years. Given
the discrete timesteps of this analysis, one can see in Figure 5.8a that this incentive only
transpires at certain thresholds. The median point of cost-effective deployment is postponed
when volatility changes from 1%-2%, whilst a greater pattern of change is observed for rates
in excess 8%, where the degree of uncertainty surrounding the period of cost-effective
deployment rises from an 8% rate of volatility onwards, explaining the greater incentive to
wait before initiating deployment.
This finding indicates that deployment is relatively insensitive to the low rates of gas price
volatility assessed in this chapter. This may be due to the great degree of uncertainty
prevalent in the alternate option of WEC device cost, whereby the rates of volatility in excess
of 8% are required to delay switching due to the uncertainty inherent in WEC devices. Fully
exploring the relative impact of these volatility parameters is outside the scope of this parity
analysis, which follows Yang et al. (2008) by focussing on long-run trends of price
uncertainty. However, a future extension of this work will comprise a full exploration of the
relative influence of each volatility parameter, similar to the work carried out by Fuss et al.
(2010).
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Figure 5.8: Sensitivity to Rate of Gas Price Volatility
Figure 5.8(a) Sensitivity of deployment Figure 5.8(b) Sensitivity of deployment
year to volatility of gas price
carbon price to volatility of gas price

Figure 5.8(c) Sensitivity of WEC cost at Figure 5.8(d) Sensitivity of gas price at
deployment to volatility of gas price
deployment to volatility of gas price

Note: Boxplot diagrams illustrate the median, interquartile range, minimum and maximum observations,
excluding outliers. Each boxplot reports the sensitivity of deployment criteria to changes in gas price volatility
ranging from 1-10%, holding all other variables constant at the reference level. Rates of gas price volatility are
defined on the x-axis in 2-unit increments.
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5.5.3 Sensitivity to Rate of Carbon Price Growth and Volatility
Figure 5.9 displays the sensitivity of each deployment criterion to changes in the assumed
average rate of annual carbon price growth. The degree of sensitivity is identified by
repeating the real options model with values of growth ranging from 1% to 10%, holding all
other factors constant. The assumed rate of average annual growth is displayed on the x-axis.
As with the preceding analyses, each parameter is interdependent and thus values should be
interpreted in the context of each other.
First, it may be observed that a change in the rate of carbon price has a smaller effect on the
year of deployment than that of fuel price. Deployment under a 1% growth scenario is at year
23. Holding all other factors constant at reference case scenario values, every 1% increase in
the rate of carbon price growth thereafter results in the expected period of WEC deployment
to fall by 1 year. The carbon price at deployment diminishes with a greater rate of carbon
price growth, whereby an increase in the rate of growth from 1-2% results in the expected
carbon price at deployment to increase by 22%. This falls by approximately 2% for each
growth rate increment of 1%, with a change in growth rate from 9% to 10% resulting in the
expected carbon price at deployment to increase by only 1.5%.
The WEC levelised cost at deployment is predominantly constant, and displays a marginal
increase with each increment in carbon price growth. This is due to the fact that deployment
is expected to take place after year 15, and thus after technological change through ‘learning’
has had the greatest impact on absolute WEC cost. However, a greater rate of carbon price
growth brings earlier cost-effective deployment, when WEC costs are marginally greater.
The relationship between carbon price growth and gas price at deployment approximates a
linear trend. For one percentage point increases in carbon price growth, the expected gas
price falls by an average of 4.1%.
Similar to the effect gas price growth had on gas prices at deployment, a greater rate of
carbon price growth results in a greater distribution of resulting carbon prices at deployment.
This is due to a greater rate of carbon price growth resulting in greater absolute differences in
carbon price values. A greater rate of carbon price growth results in a diminished influence of
gas prices on parity, whereby the gas price at deployment falls for each increment in carbon
prices. As growth in carbon prices results in deployment during an earlier time period, gas
prices are subject to less variability when carbon price growth is greater and thus the spread
of the distribution narrows as the rate of carbon price growth increases.
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Figure 5.9: Sensitivity to Rate of Carbon Price Growth
Figure 5.9(a) Deployment Year Sensitivity to Figure 5.9(b) Deployment Carbon Price
Rate of Carbon Price Growth
Sensitivity to Rate of Carbon Price Growth

Figure 5.9(c) Deployment WEC Cost to Rate Figure 5.9(d) Deployment Gas Price
of Carbon Price Growth
Sensitivity to Rate of Carbon Price Growth

Boxplot diagrams illustrate the median, interquartile range, minimum and maximum observations, excluding
outliers. Each boxplot reports the Sensitivity of Deployment Criteria to annual average rates of carbon price
growth ranging from 1-10%, holding all other variables constant at reference level. Rates of carbon price growth
are defined on the x-axis in 2-unit increments.

Figure 5.10 displays the sensitivity of deployment period to changes in carbon price
volatility. One can see that the expected values for deployment criteria are not sensitive to
changes in expected rates of carbon price volatility. Figure 5.10a illustrates the expected year
of deployment is not sensitive to the rate of carbon price volatility. Similar to the relative
insensitivity of gas price volatility, this may be due to the degree of uncertainty prevalent in
the alternate option of WEC device cost. Furthermore, carbon price volatility has a lesser
impact than gas price volatility as this takes up a smaller proportion of total gas levelised
costs.
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Figure 5.10: Sensitivity of Carbon Price to Assumed Rate of Volatility in Carbon Price
Figure 5.10(a) Sensitivity of deployment year Figure 5.10(b) Sensitivity of deployment
to changes in volatility of carbon price
carbon price to changes in volatility of
carbon price

Figure 5.10(c) Sensitivity of WEC cost at Figure 5.10(d) Sensitivity of gas price at
deployment to changes in volatility of carbon deployment to changes in volatility of carbon
price
price

Boxplot diagrams illustrate the median, interquartile range, minimum and maximum observations, excluding
outliers. Each boxplot reports the Sensitivity of Deployment Criteria to annual average rates of carbon price
volatility ranging from 1-10%, holding all other variables constant at reference level. Rates of carbon price
volatility are defined on the x-axis in 2-unit increments.

Overall, this sensitivity analysis has shown that the growth and volatility of observed fuel
prices is more important than that for carbon when assessing whether or not to support the
deployment of WEC devices. It is found that technological change is a key determinant of the
decision to support WEC deployment, but gas price change has a greater effect.
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5.6.

Conclusion

The uncertain future progression of carbon and fossil fuel prices, along with uncertainties
surrounding the rate of technological change, combine to create a large degree of uncertainty
as to the role WEC devices may play in cost effective renewable energy policy. This chapter
has developed a Real Options framework to incorporate the many elements of uncertainty in
the appraisal of public policy in support of WEC device deployment. The values observed for
each determining criterion under cost-effective deployment have been identified, providing
insight into the dynamic trade-off internal to the electricity market outlined in Chapter 3. In
addressing this problem, this analysis has been split into three sections.
First, a reference case scenario has been defined to elicit the time period, WEC device cost,
fuel price and carbon price under which deployment may occur. It was found that current
policy of immediate deployment is not cost-effective. The analysis presented in this paper
indicates that cost effective deployment under a scenario of low carbon price growth is
optimal in year 20-22 of this analysis, falling to year 16-17 for a high rate of carbon price
growth. It was found that WEC costs will be in the region of 0.123-0.1276/kWh by this time.
To provide a benchmark against which impacts external to the electricity market may be
gauged, the second contribution of this chapter was to calculate the premium for sub-optimal
deployment for each time period. This provides insight into the economic trade-off discussed
in Chapter 3 and is of particular interest to countries such as Ireland, where external benefits
have been cited as a primary motivation for deployment. It was found that a cost of €0.0976€0.1006/kWh in excess of CCGT gas generation must be paid if WEC devices were to be
deployed in year 1 of this study. The expected rate of decline as costs approach parity has
been traced. Furthermore, this premium has been decomposed to the relative influence of
technological change and changes in fuel/carbon markets, where it was found that
technological change has a relatively small influence on the achievement of competitiveness.
The third contribution of this chapter was a sensitivity analysis. This has demonstrated the
relative importance of each determining factor in the decision to support WEC deployment. It
was found that technological change and fuel price growth have the greatest influence on
competitiveness relative to CCGT gas technology. Corresponding to the findings of the
previous section, it was found that deployment is more sensitive to changes in expected gas
price than changes in the rate of technological change, whilst the rate of carbon price growth
is the least influential.
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Eliciting the dynamic relationship of determining parameters provides useful information to
policymakers and scope for further study. One can see from the analysis of Section 5.5 that
the rate of technological change is most influential on cost parity when rates of gas price
growth in excess of 5% are observed. In a policy context this would suggest that encouraging
R&D to hasten WEC deployment when low rates of gas price growth prevail has a limited
effect on parity and potential exists for costs to exceed any benefits. Such costs are unknown,
however, and this provides suitable grounds for further analysis. A cost/benefit analysis into
the marginal benefits of R&D in achieving a greater rate of ‘learning’ would provide a
worthwhile contribution into determining the optimal role WEC devices may make in future
least-cost generation portfolios. Such an analysis may build on the findings of this chapter,
whereby the probability of achieving rates of gas price growth in excess of 5% would need to
be incorporated. The methodological approach may also build on the real options framework
presented here.
Having provided insight into the uncertainties surrounding WEC device cost (Chapter 4) and
the net benefit/cost relative to the foregone alternative generation source (this chapter), this
thesis will now turn to providing insight into the potential external socio-economic impacts of
WEC deployment. The following chapter, Chapter 6, will begin this section of analysis by
outlining the development of a spatial microsimulation model through which such socioeconomic analysis may be carried out.
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Introducing the Socio-Economic Analysis of WEC
Deployment using Spatial Microsimulation
Chapter 3 has outlined the potential methodologies with which one may assess the socioeconomic impacts of wave energy deployment. That discussion identified that current
analyses have been limited to the macro or aggregate scale (e.g. SQW, 2010; RPS Group,
2009; Allan et al., 2008; MI and SEI, 2005). Given that improved individual and household
welfare is the ultimate benefit of socio-economic development, an appropriate understanding
of such change should incorporate the micro-level distribution of impacts (Openshaw, 1995).
In particular, it is desirable to identify the winners and losers of wave energy policy and
determine precisely how this policy affects the distribution of Irish income. It is thus the
overall purpose of Chapters 6 to 8 to develop a spatial microsimulation modelling platform to
identify the micro-level and spatial distribution of socio-economic impacts of a given policy
or economic impact. This will be applied to analyse wave energy device deployment in
Ireland.
This analysis is structured as follows. Chapter 6 introduces the reader to the concept of
microsimulation and describes the creation of the spatial microsimulation framework used in
this thesis, known as SMILE (Simulated Model of the Irish Local Economy). SMILE was
first developed by the Teagasc Rural Economy and Development Programme in collaboration
with the University of Leeds and funded through the Irish Department of Agriculture, Food
and Rural Development’s Stimulus Fund (Ballas et al., 2006a). This first iteration of SMILE
was created using a statistical matching technique known as ‘Iterative Proportional Fitting’
(described in greater detail in section 6.4.2). The second iteration of SMILE (Morrissey et al.,
2008; 2010; 2012) used a technique known as ‘Combinatorial Optimisation (described in
greater detail in Section 6.4.2). Chapter 6 will detail the creation of the third iteration of
SMILE, using a novel statistical matching technique developed in this thesis known as
‘Quota Sampling’. Therefore, Chapter 6 provides a methodological contribution to the field
of spatial microsimulation.
As SMILE generates synthetic microdata, it is important to ensure that the synthetic
population is representative of actual population distributions. Indeed, as Oketch and Carrick
(2005) point out, it is only through validation that the credibility and reliability of a
microsimulation model, and thus the regional welfare distributions in SMILE, can be assured.
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This is especially important given that the primary SMILE application is focussed on the
change in welfare distributions. Chapter 7 will apply the quota sampling procedure to
generate SMILE and perform validation procedures to compare the output relative to known
internal and external population distributions. The National Survey of Household Quality of
2001/2002 provides the most appropriate external benchmark against which spatial welfare
distributions may be tested. It is due to the availability of this data that the validation
procedure tests the effectiveness of Quota Sampling in synthesising SMILE according to
2002 census distributions. A Calibration procedure is also described in this chapter, used by
SMILE to calibrate unconstrained variables to known spatial distributions. Finally, an
illustrative application of SMILE is given, where the spatial distribution of household income
is analysed using a tax-benefit component developed by O’Donoghue et al. (2012).
Chapter 8 documents the application of SMILE to analyse the micro and spatial distribution
of socio-economic impacts due to wave energy deployment. The SMILE framework is
synthesised according to 2006 census distributions using the procedures demonstrated in
Chapters 6 and 7. Addressing the research question identified in Chapter 3, the spatial
microsimulation framework allows for both costs and benefits to be considered
simultaneously so that the net socio-economic impact may be elicited.
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6.1.

Introduction

Chapter 3 has motivated the use of spatial microsimulation for the micro-level distributional
analyses to be carried out in this thesis. This chapter introduces the concept of
microsimulation and gives a conceptual overview of microsimulation techniques and their
application. Particular emphasis is placed on the statistical matching techniques which may
be employed to create an Irish spatial microsimulation model, known as SMILE (Simulated
Model of the Irish Local Economy). This chapter reviews potential methodologies and
motivates a new statistical matching technique developed in this thesis, known as Quota
Sampling. Quota Sampling is a new probabilistic reweighting methodology designed to
improve the computational efficiency of statistical matching procedures. This procedure is
outlined in full and, as such, this chapter provides both a contextual background for the
applications which follow and a methodological contribution to the field of spatial
microsimulation.
This chapter is structured as follows. Section 6.2 begins by introducing the reader to the
concept of microsimulation and discusses the types of microsimulation models available. The
requirement for a statistical matching procedure is discussed in Section 6.3. A review of
existing procedures is given whereby the need for a new statistical matching procedure is
identified. This is followed by a discussion of the new Quota Sampling procedure in Section
6.4. The conceptual framework of the Quota Sampling methodology is first outlined,
followed by a discussion of how this procedure may be implemented. A conclusion is then
offered in Section 6.5.
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6.2.

An Introduction to Microsimulation

6.2.1 What is Microsimulation?
First proposed by G.H. Orcutt in 1957, a microsimulation model is a dataset of micro-units
(individuals, households, firms) that is representative of a given population. The rationale
behind the use of a microsimulation model is simple. Economic shocks and policy changes
have a unique effect on each economic unit within an economy, varying according to their
socio-economic attributes. Such heterogeneity is especially evident for impacts such as a
change in tax-benefit policy, public subsidies/levies, or localised income shocks. Aggregate
methodologies such as econometric models, input-output models or macro-level models
(such as CGE models) fail to capture the entire distribution of potential impacts on each
economic unit, instead focussing on the mean or aggregate value of an outcome variable. On
the other hand, a microsimulation model comprised of individual economic units allows the
effect on each individual within a population to be explicitly modelled (Callan, 1991; Ballas
et al., 2006a). For example, if one wished to analyse the effect that a homogenous household
levy may have on income inequality, a microsimulation model may capture this affect by
adjusting household income for each unit within the microsimulation dataset. Given that the
output of the model is the distribution of post-policy incomes for each household, the impact
on the distribution of disposable income, and thus income inequality, may be elicited. As
such, microsimulation allows for the entire distribution of unique economic impacts to be
easily identified, becoming an accepted tool to complement aggregate methodologies in the
evaluation of economic and social policy (Hancock and Sutherland, 1992)
Indeed, a modelling framework built around micro-units has a number of further advantages
relative to alternative methodologies. First, the explicit modelling of an economic impact on
each individual unit may allow one to control for confounding issues which may attenuate an
effect at an aggregate level of analysis. For example, if it is desired to assess the impact of
added employment on household welfare, an aggregate macro-level model would measure
this through changes in the aggregate wage bill, expenditure or output. However, an
aggregate macroeconomic modelling platform does not allow for household-level welfare
changes to be identified, as household structures and income distributions are not explicitly
modelled. As such, the full impact on household welfare cannot be identified due to the
simplifying assumptions required for macro-level analysis. Second, certain policies such as
tax-benefit policies or heterogeneous economic impacts are highly non-linear. Determining
their effect on income, welfare or poverty poses great difficulty for standard methods such as
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econometric analyses (Klevmarken, 2001). Third, the use of micro-units as the base for
analysis allows one to identify where social and economic goals may/may not be achieved
(Krupp, 1986). Fourth, the flexibility of disaggregation offered by a micro-level model means
that economic analyses may be carried out at various levels of spatial or socio-economic
aggregation. Finally, the modelling of economy-wide processes is not confined to analyses
defined by tractable functional forms, assumed aggregate-level relationships or behavioural
patterns, as may be the case for macro or aggregate methodologies (Hynes, 2007). Despite
the apparent advantage this may present, such distancing from economic theory has been
acknowledged as a potential weakness (Klevmarken, 1997), as behaviour within the model is
not necessarily constrained to that which may conform to economic theory. However, it may
be argued that such criticism is of most relevance for dynamic models, which model a
population’s behaviour as a result of a given policy change. Furthermore, it should be noted
that although a spatial microsimulation model may not be limited to some of the same
assumptions required for macro-level modelling, the modelling of agent actions and
behavioural response requires an alternate set of assumptions. The following section will
discuss the different types of microsimulation models in more detail.
6.2.2 Types of Microsimulation Models
Microsimulation models are generally aspatial, whereby the dataset is representative at a
national level, but is not representative at a lower spatial scale such as the region or district.
Aspatial microsimulation models have a history of application in economic research,
particularly in assessing changes in tax (e.g. Ahmed & O’Donoghue, 2010) and welfare
policy (e.g. Flannery & O’Donoghue, 2011). These models may be delineated according to
two primary categories; time invariant or static models or time variant/dynamic models.
Static models examine the immediate impact of a policy change. They do not take into
account behavioural change, but rather facilitate a comparative static approach to analysis.
Conditional on the assumption that individuals’ behaviour remains constant before and after
the simulated effect, static models simulate the distributional change of policy or economic
impact. This allows for the immediate ‘what if’ effect of a given policy or economic impact
to be elicited (Mertz, 1991; Ballas & Clarke, 2005b).
A dynamic model introduces a greater deal of complexity by analysing the population dataset
over time. Each individual and household is given a propensity to change status, given their
socio-economic attributes. With the passing of each time period, these propensities determine
whether individuals are born, die, get married, become employed, etc., and where this activity
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may take place. With each change, the socio-economic attributes of the affected individual
and household are updated, and their propensity for future transitions of state are updated
accordingly (O’Donoghue, 2001; Li and O’Donoghue, 2011). Given the incorporation of
transitions of state within the model, dynamic models give longer term insight into the
distributional effects of a policy change. This is of particular use for certain applications, such
as the lifecycle redistributive impact of tax-benefit policy (See O’Donoghue, 2001).
O’Donoghue (2001), Spielauer (2007) and Li & O’Donoghue (2011) provide a
comprehensive overview of dynamic microsimulation models.
The static and dynamic microsimulation modelling approaches described thus far are aspatial
and thus results are interpretable at a national level only. Such analyses assume that
distributional effects do not discriminate by space, and are thus appropriate tools of analysis
for spatially-homogeneous national level impacts. However, individuals and households
differ greatly across space. Research has shown that individuals with similar characteristics
are more likely to cluster together in the same area (Dorling et al., 1997). Alongside this,
certain impacts such as a spatially isolated socio-economic change, will not affect individuals
of different sub-national regions in the same way. Although it may be sufficient to identify
such impacts at an aggregate national level for certain policy objectives, identification of how
such a change may impact the spatial distribution of income or welfare may inform national
goals of regional policy and balanced spatial development (Ballas et al., 2006a; O’Donoghue
et al., 2012). A spatial microsimulation framework allows for such spatial heterogeneity to be
incorporated into distributional analyses (Ballas and Clarke, 2001a).
Spatial microsimulation is designed to analyse the relationships among regions and localities
and to project the spatial implications of economic development and policy changes at the
local level (Ballas et al, 2006a). Micro-analysis incorporating a spatial dimension allows for
explicit

consideration of intra-national

heterogeneity into distributional

analyses.

Applications in the field of spatial microsimulation have been quite broad, including analyses
of: the spatial incidence of regional expenditure and income estimates (Harding et al., 1999;
Chin and Harding, 2007); spatial microsimulation of traffic flow to analyse the daily demand
for transport services (Veldhuisen et al., 2000); small area retail analysis (Hanaoka and
Clarke, 2007); the spatial distribution of regional labour markets (Ballas and Clarke, 2001b;
Ballas and Clarke, 2005b) and the spatial incidence of agri-environmental policy (Hynes et
al., 2009a; Hynes et al., 2009b; O’Donoghue et al., 2012).
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Microsimulation models may be combined with exogenous data and modelling techniques to
strengthen their application. This has included the use of Spatial Interaction Models (SIMs) in
modelling accessibility to healthcare (Morrissey et al., 2008, 2010), the use of a willingnessto-pay survey data to produce small area population environmental benefit microdata
estimates (Hynes, 2007), and the use of exogenous economic input and employment data to
model the socio-economic impacts of a job loss at the local level (Ballas et al., 2001b,
2006b). The creation of a spatial microsimulation model will now be discussed.

6.3.

Procedures for Creating a Spatial Microsimulation Model

6.3.1 The need for a Statistical Matching technique
Spatial microsimulation requires a spatially-referenced population dataset of micro-units
(individuals, houesholds, firms). Such data may be sourced from a national micro-level
census which contains spatial attributes, administrative-based micro-data with spatial
attributes (e.g. Rephann at al., 2005) or spatially disaggregated micro-level surveys (Watson
et al., 2005). For reasons of confidentiality or prohibitive cost, suitable spatial microdata are
often unavailable, or the spatial scale is relatively aggregated (Watson et al., 2005). This has
been a problem in an Irish context, whereby studies of the spatial incidence of welfare have
been confined to the aggregate county or regional authority level (e.g. O’Leary, 2003;
Morgenroth, 2010).
A number of aspatial microdata sources exist. Census micro data, known as the Sample of
Anonymised Records (SARS) are available, but this data is unsuitable due to a lack of
information on household composition and income, whilst also employing an aggregate
spatial scale. National Accounts data present the most accurate representation of income, but
this data is only available at the aggregate county level. The EU Survey of Income and Living
Conditions (EU SILC), and its predecessor the Living in Ireland Survey (LII), both contain
in-depth micro data detailing income, poverty and other such indicators of welfare. However,
these datasets may only be considered nationally representative, as their spatial identifier is at
a broad level of disaggregation (data is disaggregated to NUTS2 level, which splits Ireland
into ‘Border, Midland and West’ and ‘South and East’ regions). As such, these datasets offer
a platform for micro-level analyses but are unsuitable for spatially explicit analyses.
In considering spatially referenced data, Haase and Foley (2009) have noted that the only
data detailing indicators of welfare or poverty at the local level in Ireland are small area
census data. Known as the Small Area Population Statistics of the Central Statistics Office
(CSO SAPS), these data contain census information disaggregated to the Electoral Division
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(ED) level and contain a wide variety of socio-economic variables such as age, sex, marital
status, industry, occupation of employment and geographical information. Due to issues of
confidentiality, however, these data do not contain income information, nor are they
disaggregated to the individual level.
Thus, it can be seen that whilst spatially-referenced aggregate socio-economic data (CSO
SAPS) and nationally representative data of disaggregated socio-economic information (EU
SILC and LII survey microdata) are available, a single dataset with both attributes does not
exist. As such, no single dataset exists with which one may create an Irish spatial
microsimulation modelling framework and therefore an alternate approach must be taken. If
one merged the socio-economic attributes of micro-data sources with the spatial
disaggregation of CSO SAPS census data, a spatially referenced micro-dataset containing an
estimation of Irish income, labour and welfare distributions at the local level would be
created. This would provide a much richer dataset at a very local level of spatial resolution,
through which the spatially-explicit modelling of socio-economic impacts may be carried out.
Such merging of datasets is carried out by a statistical matching technique. Following Ballas
(2001) and Hynes (2007), it may be helpful to explain this process by means of an illustrative
example.
Let’s assume we wish to estimate the relationship between socio-economic characteristics of
occupation (o), age (a) and sex (s) within a region i for population X. To do so, we synthesise
a regional population Xi such that the sum of individual attributes for occupation, age and sex
within region i correspond to the totals quoted in the CSO SAPS. A spatial microsimulation
methodology may be thought of as the algorithm chosen to allocate the combination of
individuals subject to CSO SAPS-level constraints to which each variable value should sum.
In this context, each variable through which the dataset is matched is known as a
‘constraining variable.’ This process, in effect, reweighs the microdata sample according to
known spatial socio-economic disaggregations, such that a spatially referenced population
dataset is constructed.
Carrying out this procedure subject to the entire range of overlapping variables between the
micro-dataset and the spatial calibration dataset runs the risk of encountering the ‘curse of
dimensionality,’ whereby each additional constraint adds an additional dimension of
complexity to the optimisation algorithm. This added dimension requires a greater sample
space (i.e. a greater survey data size) in order to find an appropriate solution. As such, the
number of constraining variables that can reasonably be chosen is finite and must be done so
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with care (Smith et al., 2009). The choice of statistical matching technique employed for the
synthesis of the Irish spatial microsimulation model, SMILE, will now be outlined.
6.3.2 Identifying an appropriate Statistical Matching Procedure for SMILE
A number of statistical matching techniques exist in the literature which may be used for the
synthesis of SMILE. Ballas (2001) and O’Donoghue et al. (2012) review potential techniques
and find that Iterative Proportional Fitting (IPF) and various Combinatorial Optimisation
(CO) methodologies are of greatest prominence. What follows is a review of these existing
procedures to determine suitability for the synthesis of SMILE.
Iterative Proportional Fitting (IPF) is a probabilistic methodology for constructing spatially
disaggregated tables from aggregate spatial totals in the absence of pre-existing micro-data.
This is carried out by adjusting a two-dimensional matrix iteratively until row sums and
column sums equal some predefined aggregate values. In a geographical context IPF can be
used to generate disaggregated spatial data from spatially aggregated data (Wong, 1992). To
give an illustrative example, IPF may be used to create a disaggregated micro-level age/sex
tabulation from separate age and sex small area aggregate totals (O’Donoghue et al., 2012). It
has been found that IPF can potentially produce unrealistic data (Norman, 1999) as
probabilities are used to create synthetic micro data from regional aggregates, rather than
using real micro-data. IPF was employed in the first version of SMILE (Ballas et al., 2006a),
but a preference for using actual survey data motivated the adoption of a new approach. The
IPF procedure has a number of shortcomings, however. Difficulties may arise when the unit
of analysis of the constraint is different to that of the micro-data (e.g individual-level census
constraints used alongside household-level micro-data). This is because IPF is designed to
reweigh micro-data according to constraints of the same disaggregation (O’Donoghue et al.,
2012). However, to adequately understand the distributional effect of economic impacts, it is
important that SMILE incorporates household structures into its simulated population34. As
such, SMILE requires the synthesis of micro-data at the household level that conforms to
CSO SAPS census totals at the individual level. The IPF procedure finds it difficult to handle
the additional degree of dimensionality imposed by reweighting individuals grouped into
households according to individual level constraints, and thus is unsuitable for SMILE
(O’Donoghue et al., 2012).

34

For example, the welfare impact of additional employment requires a household-based structure to incorporate
impacts on household-level taxes and benefits
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Combinational Optimisation (CO) techniques overcome the synthesis issues of IPF by
reweighting existing survey microdata at either the individual or household level. CO
techniques may be either deterministic or probabilistic in nature.
Deterministic reweighting assigns weights to each micro unit based on the probability of that
micro unit belonging to the region in question (Ballas et al., 2005b). As such, a deterministic
reweighting procedure does not create a new dataset of small area populations by sampling
from a micro-dataset. Instead, for each for each small area, a deterministic reweighting
methodology assigns a vector of weights to an existing micro-data source in order for the
micro-data to be representative of that small area. These weights are calculated using census
distributions and this process is repeated for each ED. Similar to IPF, deterministic
reweighting algorithms are computationally efficient. However, the existence of multiple
units of analysis (i.e. individuals grouped into households) requires the use of non-trivial
methods of weight generation, such as generalised regression weight based methods
(O’Donoghue et al., 2012). An example of such a generalised regression weight based
method is GREGWT, developed by the Australian Bureau of Statistics (Bell, 2000).
GREGWT is a constrained distance minimisation function which uses a generalised
regression technique to get an initial weight and iterates the regression until an optimal set of
household or individual weights for each small area is derived (O’Donoghue et al., 2012).
Williamson et al. (2009) and Tanton et al. (2007) highlight that when there are large numbers
of constraints, the simulated population of GREGWT-derived models does not always
converge on census small area totals. Furthermore, GREGWT has encountered convergence
issues with areas of relatively low population density (Tanton et al., 2007). As many Irish
EDs are of low population density35, significant barriers to convergence may exist if a
generalised regression weight based method such as GREGWT were to be used for SMILE.
The most prominent probabilistic reweighting process is Simulated Annealing (SA)
(Williamson et al., 1998; Hynes et al., 2009a Morrissey et al., 2008, 2010; Hanaoka &
Clarke, 2007). Simulated Annealing randomly samples a number of micro units to populate a
given small area and calculates the error between the simulated population and the census
totals for each constraint variable. The micro-units of analysis (e.g. individuals, households,
firms) are swapped randomly until the final population conforms to census distributions,
within an acceptable degree of error (Morrissey et al., 2008; Morrissey et al., 2010; Ballas
35

According to the CSO SAPS (2006), 25% of EDs contain less than 100 households, whilst 57% contain less
than 200

141

Chapter 6. Creating SMILE Using Quota Sampling
and Clarke, 2001a; Hynes et al., 2009a). SA allows survey micro-data and census constraints
to have different units of analysis (e.g. micro-data of individuals grouped by household and
individual-based census data constraints) (Huang and Williamson, 2001). Tanton et al. (2007)
found that a CO algorithm such as SA provided a slightly better statistical match than
GREGWT for both constrained and unconstrained variables. This was particularly the case in
districts where simulated populations did not converge on census totals.
However, the main disadvantage of SA is that of high computational intensity due to the
degree to which new household combinations are tested for an improvement in fit during
simulation. To illustrate, Hynes (2007) and Hynes et al. (2009a) found that it took two days
to generate almost 140,000 individual farm records from 1200 survey data points on a Dell
workstation. Scaling this computational requirement to a population of over 4 million people
using a greater number of constraints, the simulation of SMILE may take a number of
months.
Alongside the practical inconvenience and cost this may impose, computational constraints
have potential to limit the application and accuracy of microsimulation models. O’Donoghue
et al. (2012) have suggested that a more computationally efficient model may allow for the
simulation of future projections under alternate population structures. Smith et al. (2009)
have suggested that the simulation of a number of models according to a bespoke constraint
configuration specific to region may aid the power of analysis, whilst Edwards et al. (2009)
have suggested bespoke configuration according to research question may aid analysis.
However, increasing the level of computational power is found to have a limited effect in
addressing these limitations, with Williamson et al. (1998) finding that marginal
improvements in model performance require disproportionately large improvements in
computational effort. As such, a computationally more efficient algorithm is required to make
a wider range of applications more practicable.
This section has illustrated that simulating a household-level model is best served by
probabilistic reweighting techniques such as Simulated Annealing. However, practical
restrictions imposed by great computational intensity may limit the future application of
SMILE under Simulated Annealing, whilst a statistical matching technique of improved
computational efficiency has been shown to provide a significant methodological
contribution to the field of spatial microsimulation. This has motivated the development of a
new, more efficient algorithm called ‘Quota Sampling’.
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6.4.

Quota Sampling

Quota Sampling (QS) is a probabilistic reweighting methodology developed to address many
of the issues identified in Section 6.3. This procedure operates in a similar fashion to
Simulated Annealing, whereby micro-data are reweighed by sampling individual units
according to key constraining totals for each small area. A number of amendments are made
in the sampling procedure in order to improve computational efficiency. These improvements
are achieved by adapting techniques first applied to improve the efficiency of data collection
in the field of survey sampling.
6.4.1 Basic Sampling Procedure
The primary goal of survey sampling is to obtain a sample which provides unbiased estimates
of a population distribution in the most efficient manner (Horvitz and Thompson, 1952).
Methods to improve efficiency include simple random sampling (randomly choosing
individuals where each individual has the same probability of being chosen); stratification of
random samples (dividing the population into certain subgroups; from which a random
sample may then be taken); clustering of random samples (selection of sample units in
groups) and placing quotas on the sampling of particular characteristics. This final method is
known as quota sampling, whereby a limit or ‘quota’ is placed on the sampling of key
constraining variables in proportion to actual population distributions (Scheaffer et al., 2011;
Stephan & McCarthy, 1958). Unlike stratified sampling, where populations are divided into
strata and a probabilistic methodology employed in selection, quota sampling further
improves efficiency by employing a sequential selection process (Kalton, 1983). In doing so,
the surveying process samples each individual in order of convenience until the distribution
of characteristics of those sampled corresponds with quota counts. As sampling progresses,
respondents are limited to those that conform to concurrent quota counts. Thus, the search
space is continuously refined until all quotas are filled and a proportional sample is obtained.
This process assumes that chosen quotas correspond to actual population distributions and
convenience/judgement employed in choosing appropriate respondents does not affect the
randomisation of selection.
The ‘quota sampling’ statistical match procedure employs this principle to choose micro
agents to populate each small area. To accommodate this, small area aggregate totals for each
constraint variable are designated as the initial values or ‘quotas’. These quotas may be
considered as running totals for each constraint variable, which are recalculated once a
household is admitted to a small area population. Analogous to the surveyor in survey
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sampling, the quota sampling algorithm then analyses the search space of the entire micro
dataset and considers each agent for admittance into each small area ‘sample’ (e.g. Electoral
Districts or ‘EDs’), according to these constraining quotas.
Unlike SA, however, Quota Sampling only assigns households that conform to aggregate
constraint totals and once a household is deemed selected, it is not replaced. To illustrate this
concept, the basic procedure is best explained in the context of allocating one household at a
time, in the presence of a single age constraint. If the household sum of each constraining
characteristic (e.g. 2 persons aged 20-25) is less than or equal to the small area total (e.g. 10
persons aged 20-25), the household is assigned to the small area population. Upon deeming a
household appropriate for a given small area, quota counts are amended, reduced by the sum
of the characteristics of the assigned household(s). For individual level constraints, we
increment the running totals per constraint by the number of people in the household with
that particular constraint. For household level constraints, we increment by 1 (in our example,
the ED quota would be amended to 8 persons aged 20-25). This procedure continues until the
total number of simulated individuals is equal to the small area population aggregates (i.e. all
quotas have been filled). Thus, one can see that the intra-household variation of admitted
households cumulates in a random sort which is consistent with aggregate constraint totals.
This mechanism of sampling without replacement avoids the repeated sampling procedure of
SA and is fundamental to the efficiency gains of the quota sampling procedure. One can see
that the process is analogous to the type of quota sampling undertaken by market researchers,
whereby only individuals considered relevant to concurrent quota counts are admitted to a
sample. This method of improving efficiency does present a number of convergence issues,
however. These are addressed in Section 6.4.3.
Quota Sampling allows for further efficiency gains to be achieved through implementation.
First, households which do not comply with concurrent quota counts are extracted from the
micro-data population before each iteration of the sampling procedure. This limits the
number of households to be considered to those relevant, reducing the size of the candidate
dataset and improving computational time. In some cases, the small area population is larger
than the survey data. When this occurs, the micro data is duplicated to achieve the district’s
population size. Second, this procedure can allocate multiple households in one simulation
iteration. As stated, the candidate sample at each stage is limited to households eligible
according to the quota counts at the initiation of the procedure. If one assigns a number of
households such that the total population assigned is less than or equal to the smallest
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constraining quota, one is assigning the maximum number of households in a single iteration
such that quota counts may not be exceeded, regardless of the distribution of characteristics.
For example, if the smallest quota for a given ED is for 20 females aged 20-24, one can
randomly assign multiple households in one iteration without exceeding any quota if the total
population of the assigned group does not exceed 20 persons.
Figure 6.1: Quota Sampling Synthesis Procedure

6.4.2 Practical Issues Prohibiting Convergence
The conceptual framework of quota sampling allows for a number of computational gains to
be made in the simulation procedure. However, a number of practical issues must be
accommodated in order for simulated populations to converge to aggregate totals. These will
now be outlined.
First of all, problems may arise in relation to the distributions of household size. The absence
of an explicit constraint on the number of households allows for sampling without
replacement to provide an accurate allocation of individuals. Smaller households contain
fewer individuals and thus a smaller sum of constraining criteria, making them easier to
assign than larger households. This may result in a disproportionate amount of small
households to be assigned per local area. This problem also affects the synthesis of
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households containing children. The nature of household structures requires children to be
assigned alongside at least one adult. As smaller households which may not contain children
are easier to assign, quotas for adults may fill before those for children. As no further children
can then be assigned, this leads to a consistent under-representation of households containing
children.
Second, disparities in population distributions between census and survey totals may create a
number of problems for household-based microsimulation procedures. This is because survey
microdata are representative at the national level, whereas CSO SAPS data are representative
at the ED level. This poses little difficulty in simulating small areas that have a population
distribution similar to that of the national distribution, but regions that differ from the
national distribution may lead to some demographic groups consistently being
underrepresented in a given ED. Such deviations may be further increased if an ED contains
individuals who live in institutions such as nursing homes, religious orders, psychiatric units,
etc (i.e. non-household members) as survey data generally do not cover individuals that are
not part of a household. In the case of institutions such as boarding schools, children’s
hospitals or young offender’s institutions, for example, we may have a situation where there
are many children in an area relative to the number of adults. These differences may cause
some EDs to consistently fail in reaching adequate convergence.
Finally, the use of sampling without replacement in quota sampling results in quota counts
becoming increasingly more restrictive as the simulation progresses. As quota counts reach
their target, the search space is continuously refined in accordance with concurrent quotas,
whereby all households no longer eligible given updated quota totals are removed from the
subset and the procedure is repeated36. When each constraint allocation reaches its target
quota, all individuals of that characteristic are removed from the candidate search space.
These mechanisms cumulate to offer a continuously diminishing search space and may
prohibit convergence, whereby no household is able to satisfy all concurrent quota counts.

36

e.g. with a remaining quota count of n individuals of class k to be filled, the search space is refined to exclude
households containing n+1 individuals of class k.
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6.4.3 Corrective Measures
The problems identified in Section 6.4.2 are corrected by an ordered simulation procedure
whereby j constraint configurations are specified. Each j constraint configuration addresses
an issue prohibiting convergence, determined by 3 criteria; the number of constraints
consistently underrepresented across all EDs, the number of constraints disproportionate to
national disaggregations, and the number of broadening criteria. These findings result in the
creation of the ordered simulation procedure outlined in Table 6.1.
Table 6.1: Ordered Simulation Procedure
Configuration
Stage
Correcting for
underrepresentation

Constraint
Configuration j
1
2

Random sampling of households containing
children / Random sampling of large households
Random sampling of underrepresented households

Basic Sampling
Procedure

3

Random sampling of all households

Broadening of
Constraints

4

Removal of constraints, one at a time

Description

This order is determined by the requirements for accurate simulation. Taking configuration 3
as the basic sampling procedure, the primary decision to be made is whether to introduce the
other steps before or after this stage. Configurations 1-2 are carried out beforehand as it is
required that underrepresented households be assigned before all others to correct for
consistent under representation. This consists of an application of the basic sampling
procedure outlined in Section 6.4.1, but limiting the candidate sample to either households
containing children or large households. For the simulation of households containing
children, the candidate sample is limited to those households alone. For the simulation of
large households, a household size constraint is specified, and the selection process is carried
out for candidate samples limited to each household size in descending order (i.e. a random
sample of households of 8 persons or more are considered first, followed by those of 7
persons, etc.) The household size constraint is dropped after this stage.
Configuration 2 improves the level of convergence for EDs which may have characteristics
proportionally disparate to national population distributions. This is carried out by prioritising
those households containing individuals who may be able to satisfy ED-level population
distributions which are far greater than the national-level distribution. For example, if the ED
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share of 15-20 year old males exceeds that of the national population by a predefined
threshold, households containing individuals of this constraint classification will be simulated
first. The degree of proportional disparity is calculated for each constraint, with a ranking in
descending order of disparity in place if a number of constraints are greater than the
predefined threshold. Households are then assigned a weight according to their ability to fill
the quota for the constraint of greatest disparity. Those houses with the greatest weight are
sorted randomly and considered for admission to a given ED using the quota sampling
synthesis procedure. This allows for greater convergence for EDs with particular population
patterns that are different to national distributions, capturing a greater degree of spatial
heterogeneity.
Configuration 4 is carried out after Configuration 3 to counteract the restrictions imposed by
diminishing quotas. This involves the broadening of constraints and is carried out as follows.
If the algorithm fails to assign any further households due to overly restrictive quotas, one
constraint is removed. This increases the search space allowing households to be considered
that were once excluded. This is repeated one constraint at a time until either all remaining
quota counts are filled or all constraints have been removed. If the algorithm fails to assign an
adequate number of individuals during this procedure, individuals are assigned at random to
meet the required population. Constraints are removed in reverse order of the degree to which
they influence household income, determined by pre-synthesis regression analysis This
design minimises subjectivity, whereby the broadening of constraints is only introduced when
absolutely necessary and in a fashion which ensures that those variables that explain the
greatest level of variability are retained to the greatest extent. Sometimes all quotas are filled
and this stage is skipped.
The spatial microsimulation process is complete when the required number of individuals
from the micro dataset has been assigned to populate each small area. On completion of the
matching process an output file is produced that contains the final selection of the individuals
and household codes that match the constraints for each district which is merged with the rest
of the variables found in the micro dataset. Once this merge is complete, the spatial
microsimulation model has been populated, and it is possible to spatially disaggregate the
dataset by ED, county or province. It should be noted that the use of this simulation is only
reliable if population distributions are representative of actual population structures. As such,
the following chapter will outline the validation of this output to ensure such reliability.
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6.5.

Conclusion

The Simulated Model of the Irish Local Economy (SMILE) is a spatial microsimulation
model designed to analyse the spatial distribution of individual and household welfare in
Ireland. The development of this model has been motivated by the lack of effective spatial
socio-economic and demographic microdata to facilitate regional economic analyses.
Comprised of individuals grouped into households, this model allows the distributional effect
of public policy and economic development to be elicited at the individual and household
level. SMILE is a spatially explicit framework for analysis and thus allows for the full effect
of spatially heterogeneous impacts to be identified, thus providing a suitable framework for
eliciting the distribution of socio-economic change as a result of wave energy deployment.
This chapter has introduced microsimulation and outlined the methodologies employed to
create SMILE, where a new statistical matching procedure to improve computational
efficiency has been presented, called Quota Sampling. Quota Sampling contributes to the
microsimulation literature by providing a more computationally efficient methodology
through which small area micro-data may be synthesised. The computational efficiencies
achieved by this methodology have been realised by minimising the sample space during
simulation by using principles of quota sampling as employed in survey sampling. This has
resulted in a probabilistic methodology which samples without replacement, assigning
households on the basis of an ordered simulation procedure. This ordered procedure samples
micro-data populations in a manner which limits the over-allocation of household types prone
to over-representation. It also facilitates convergence in a procedure of sampling without
replacement, as constraining criteria are progressively ‘broadened’ to allow simulated
population counts to converge on census totals.
Having outlined the conceptual framework of this procedure, the ability of this mechanism to
reliably simulate a representative population distribution must be assessed by means of
validation. Validation techniques examine model outputs in systematic ways to reveal
deficiencies/errors in the model outputs. Oketch and Carrick (2005) point out that it is only
through model validation that the creditability and reliability of simulated data can be
assured. As such, validation of output resulting from the quota sampling procedure is
required to ensure the integrity and reliability of analyses to which it may be applied. Chapter
7 will thus outline the validation of quota sampling and illustrate an application of the SMILE
model.
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7.1.

Introduction

Chapter 6 has described the development of a new statistical matching procedure to generate
spatially representative micro-data, known as Quota Sampling. This chapter demonstrates the
performance and application of this model and is comprised of three sections. First, the
performance of Quota Sampling is validated. Validation techniques examine model outputs in
a systematic way to reveal deficiencies/errors in model outputs (Morrissey and O’Donoghue,
2011). This is an important step in order to ensure the reliability of a statistical matching
procedure such as Quota Sampling (Klevmarken, 2001; Oketch and Carrick, 2005). The
validation of the Quota Sampling statistical match is carried out by synthesising the SMILE
2002 model and assessing the resulting output.
Second, this chapter presents a procedure of calibration. As the number of constraint
variables that may be employed is finite (Smith et al., 2009; Williamson, 1998), important
socio-economic variables unconstrained in the simulation may be spatially misrepresented in
the simulated dataset. To correct potential misrepresentation, post-simulation calibration may
be employed to ensure that simulated output corresponds to exogenous totals at varying
levels of aggregation (Baekgaard, 2002). Such a calibration procedure has been employed in
previous iterations of SMILE (Morrissey et al., 2010; Morrissey and O’Donoghue, 2011;
Morrissey et al., 2012) and is applied to ensure an accurate spatial representation of
unconstrained variables, including income. This is a particularly important procedure in the
context of this thesis, whereby a population of individuals and households containing
representative labour market and income characteristics is required for accurate inference of
model output.
Finally, to offer insight into the potential application of this model, a tax-benefit model
developed by O’Donoghue et al. (2012) is employed alongside SMILE 2002 to generate
measures of disposable income at the local-area ED level. The tax-benefit model allows for
the spatial pattern of income redistribution in Ireland to be identified.
In carrying out these procedures, this chapter is structured as follows. First the Quota
Sampling technique is applied to generate a simulated dataset. To facilitate appropriate
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external validation, this is carried out according to 2002 census distributions. Section 7.2
outlines synthesis of SMILE 2002. Once the quota sampling procedure is run, validation
procedures are outlined in Section 7.3. The findings of this section motivate the use of a
calibration procedure to ensure that income and certain unconstrained variables are spatially
representative. This is illustrated in Section 7.4. Finally, Section 7.5 outlines the application
of the 2002 simulated data to analyse the redistributive effect of Irish tax-benefit policy in a
spatial context.

7.2.

Synthesis of SMILE 2002

7.2.1 Data
To validate the output of the quota sampling procedure, SMILE must be generated by
statistically matching census data with survey micro-data. SMILE has been developed using
CSO SAPS calibration datasets of both 2002 and 2006 censuses. Current applications of the
SMILE model employ the more up-to-date 2006 model iteration. However, the validation and
subsequent analysis of this chapter will be carried out using SMILE 2002. This is due to the
fact that an external microdata survey for 2001/2002 facilitates a more comprehensive
validation procedure for the 2002 SMILE model. Equivalent data is unavailable for 2006 (See
Section 7.3.2 for a full outline of the data employed for out-of-sample validation). Given the
desire to carry out a comprehensive validation of quota sampling and SMILE, SMILE 2002 is
thus preferred for this validation exercise. The constituent datasets used for synthesis of
SMILE 2002 are the CSO Small Area Population Statistics (CSO SAPS) of 2002 and the
Living in Ireland Survey (LII) of 2000. It should be noted that equivalent datasets are
employed for the 2006 SMILE model, of identical variable configuration. As such, validation
results are relevant for all iterations of SMILE statistical match. Each of these datasets used
for synthesising SMILE 2002 will now be outlined.


Small Area Population Statistics (CSO SAPS)

The Small Area Population Statistics of the Irish Central Statistics Office (CSO SAPS)
contain an account of socio-economic variables disaggregated to the small area, electoral
district (ED) level. EDs are the smallest geographical area for Ireland. There are 3,440 legally
defined EDs. One of these (047 St. Mary's) straddles the Louth-Meath border, and is
therefore split into two separate EDs in the SAPS tables, with one in Louth and the other in
Meath. Also, there are 32 EDs of low population, which have been amalgamated into
neighbouring EDs for reasons of confidentiality. This gives the 3,409 EDs which appear in
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the 2002 CSO SAPS (CSO, 2002). The size of each ED, in terms of population and area is
not uniform. Rural EDs generally have a much larger area and smaller population density,
whilst urban EDs have a much smaller area and larger population. As such, the population
contained in each ED varies from 55 residents to 13,455 residents.
The CSO SAPS dataset for 2002 contains 69 tables, which are organised into the 15 themes
presented in Table 7.1. These themes comprise a variety of spatially-referenced
socioeconomic and demographic data, such as age, occupation, education and industry of
employment. The CSO SAPS do not contain information on income.
Theme 1:
Theme 2:
Theme 3:
Theme 4:
Theme 5:
Theme 6:
Theme 7:
Theme 8:
Theme 9:
Theme 10:
Theme 11:
Theme 12:
Theme 13:
Theme 14:
Theme 15:


Table 7.1: SAPS by Theme
Sex, age and marital status
Migration, Ethnicity and Religion
Irish language
Families
Private households
Housing
Communal establishments
Economic Status
Social class and socio-economic group
Education
Commuting
Disability, carers and voluntary work
Occupations
Industries
Car and PC ownership
Source: CSO 2007a

Living in Ireland (LII) Survey

The Living in Ireland (LII) survey was the Irish component of the European Community
Household Panel (ECHP) dataset and comprised a seven year longitudinal survey that began
in 1994 and ended in 2001. The total number of households successfully interviewed in 1994
was 4,048. This represented 57% of the valid sample. However, as with all panel datasets, the
number of households and individuals being interviewed declined over time. Thus, in 2000
the original sample was supplemented with an additional 1500 households selected using the
same procedure. The 2000 sample was thus not affected by attrition bias and is chosen for
simulation in SMILE. The LII dataset for 2000 contained 13,067 individuals across 3,467
households.

152

Chapter 7. Validation of Quota Sampling and SMILE
7.2.2 Choosing the Constraint Variables for Synthesis
Having outlined the data to be employed, the next stage of simulation is to choose those
variables that will constrain the statistical match. The correct specification of appropriate
constraint variables is an important consideration for all microsimulation models (Smith et
al., 2009), as it is through these variables that the synthetic population is generated and, as
such, the validity of the model is predicated. The ultimate aim of SMILE is to have a spatially
representative distribution of household income, through which micro-level distributional
analyses may be carried out. Constraint variables must be common to both datasets. As the
CSO SAPS do not contain data on income, income cannot be used a constraint. However,
important determinants of income may be instead used as constraints, thus allowing for the
most accurate spatial representation of income to be simulated.
The process of identifying potential constraints is well established in the literature, with
logistic or bivariate regression analyses employed in measuring the quality of constraint
suitability (Voas and Williamson, 2000; Chin and Harding, 2006; Edwards and Clarke,
2009). Bivariate regression is employed for this study to identify the most suitable constraint
variables. Household disposable income is the dependent variable against which each
potential constraint variable is regressed using the Living in Ireland dataset. Table 7.2, taken
from O’Donoghue, Farrell, Morrissey, et al. (2012b), reports the R2 value of these bivariate
regressions, where each model regresses household disposable income against the number of
males and females in each category for each dependent variable. The table ranks the variable
by R2. One can see that education level and age group account for the highest R 2, accounting
for 10 and 36 categories respectively (2 x 5 and 2 x 18 respectively). Thus, age and sex are
chosen as two primary matching variables, with a third of household size chosen. As Chapter
6 has outlined, the additional constraint of household size is utilised in order to ensure an
accurate distribution of household numbers per district. Although not in the top ranked
determinants of household disposable income, not specifying such a constraint may lead to
poor representation of a region’s household structure. This may thus affect the spatial
distribution of household disposable income. For this reason, even if the labour market
variables are more important determinants of disposable income, the number of persons per
household is chosen as the third ranking variable.
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Table 7.2: Potential SMILE Match Variables
Match Variable
Education
Age-group (5 year)
Number in different employment statuses
Number in-work and out of work
Number in different occupation groups
Number in different industry groups
Number of persons in a household
O’Donoghue, Farrell, Morrissey et al. (2012b)

R2
0.46
0.396
0.393
0.386
0.352
0.290
0.283

The quota sampling procedure of Chapter 6 is then employed using the data and constraint
variables specified. The next section will assess the results of this simulation using
procedures of in-sample and out-of-sample validation.

7.3.

Validation

Validation is an important step in the creation of a microsimulation model. Given the
synthetic nature of the generated data, it is only through validation that model robustness,
integrity, credibility and reliability can be assured (Oketch and Carrick, 2005; Klevmarken,
2001). Williamson (1999) has described microsimulation models as being less transparent
than other modelling platforms, making the results and methodologies more difficult to
assess. Although this is a criticism that may be levelled at any complex modelling platform,
appropriate validation is important to minimise any lack of transparency that may exist.
As the purpose of microsimulation is to generate data that was not previously available, it is
inherently difficult to find a comparative measure against which output may be validated.
Indeed, this has been acknowledged by Ballas et al. (2001a), who state this as one of the main
drawbacks of microsimulation modelling. Caldwell (1996) provides an overview of potential
validation techniques. For the validation of a spatial microsimulation model, simulated data
may be aggregated so that they are comparable to distributions both internal and external to
the simulation process. For SMILE, two validation procedures are employed:


In-sample validation to assess the accuracy to which simulated data represent census
aggregates constrained in the synthesis procedure



Out-of-sample validation to assess the accuracy of simulated populations relative to
spatial distributions external to the simulation procedure.
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A weakness of in-sample validation is that it fails to compare the newly created data with
external data (Caldwell, 1996) however it does provide validation of the accuracy of the
Quota Sampling algorithm. Out-of-sample validation involves comparing the synthetically
created micro-data with external data. Out-of-sample validation is especially important when
the variables that are synthetically created had not previously co-existed in a dataset, as is the
case with income distributions in SMILE (Morrissey and Donoghue, 2011).
7.3.1 In-sample validation
In-sample validation aggregates simulated micro-data for comparison with the regional totals
used to constrain the simulation and thus provides the primary method by which the statistical
matching procedure is appraised. In doing so, this procedure ensures that Quota Sampling
simulates the correct spatial distribution of the primary determinants of household welfare.
The in-sample procedure employed compares the proportional correlation of each constraint
variable to those in the CSO SAPS. Past applications of SMILE validation have found that
the absolute correlation coefficient places a greater weight on the size of the district rather
than on the distribution of the assessed variable and thus validation according to proportional
correlations is preferred.
Correlations with respect to age/sex and education distributions for males are shown in
Tables 7.3-7.5. For each constraint variable, proportional correlations were found to be close
to 1, with almost all being greater than 0.98, and the majority being greater than 0.99. The
apportioned sampling procedure outlined in Chapter 6 has resulted in an equal distribution of
fit for both children and adults, thus counteracting potential imbalances quoted previously. It
was found, however, that 15-25 age groups displayed a degree of fit averaging less than that
of other age groups. Upon closer inspection, this seems to relate to regions with a great
number of young people relative to the number of adults, indicating those living either in
institutions (primarily boarding schools, university residences or shared student apartments)
which are under-reported in the survey. Although the ordering procedure has remedied this
issue somewhat, the sampling algorithm still struggles to find enough young individuals
living alone to produce enough young people in certain districts dominated by students. As
this issue affects only relatively small number of districts and because of data limitations, our
intention is return to this issue later when a more concentrated analysis in relation to
education is required as in the case of Wu et al. (2008).
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Table 7.3: In-sample validation (Age group * Male)
County
Cavan
Donegal
Leitrim
Louth
Monaghan
Sligo
Laois
Longford
Offaly
Westmeath
Galway
Mayo
Roscommon
Kildare
Meath
Wicklow
Clare
Limerick
Tipp NR
Carlow
Kilkenny
Tipp SR
Waterford
Wexford
Cork
Kerry
Dublin City
South Dublin
Fingal
Dun Laoghaire

5
0.997
0.996
0.998
0.994
1.000
0.991
0.993
0.998
0.981
0.990
0.983
0.994
0.998
0.969
0.992
0.991
0.979
0.962
0.997
0.985
0.991
0.978
0.994
0.994
0.992
0.990
0.991
0.995
0.986
0.980

10
0.985
0.992
0.998
0.984
1.000
0.951
0.992
0.995
0.994
0.991
0.913
0.995
0.993
0.974
0.967
0.988
0.970
0.959
0.997
0.988
0.989
0.977
0.994
0.996
0.985
0.990
0.966
0.985
0.913
0.979

15
0.994
0.969
0.989
0.983
1.000
0.955
0.989
0.963
0.611
0.825
0.944
0.989
0.976
0.794
0.970
0.984
0.971
0.933
0.994
0.975
0.975
0.907
0.975
0.990
0.968
0.982
0.929
0.965
0.917
0.889

20
0.932
0.858
0.937
0.858
0.997
0.980
0.912
0.926
0.955
0.925
0.941
0.987
0.967
0.818
0.893
0.907
0.908
0.806
0.898
0.812
0.913
0.890
0.799
0.890
0.897
0.926
0.599
0.934
0.925
0.795

25
0.993
0.976
0.991
0.955
0.999
0.990
0.979
0.992
0.959
0.980
0.980
0.988
0.993
0.951
0.984
0.965
0.964
0.980
0.983
0.992
0.958
0.957
0.961
0.966
0.975
0.980
0.984
0.970
0.978
0.937

30
0.987
0.983
0.979
0.983
0.999
0.993
0.989
0.992
0.982
0.983
0.974
0.988
0.988
0.984
0.991
0.971
0.990
0.983
0.985
0.981
0.972
0.972
0.974
0.972
0.978
0.963
0.974
0.995
0.988
0.982

35
0.988
0.992
0.997
0.968
1.000
0.992
0.991
0.994
0.970
0.988
0.985
0.995
0.995
0.981
0.983
0.980
0.991
0.964
0.993
0.988
0.989
0.958
0.981
0.993
0.986
0.991
0.946
0.995
0.980
0.984
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40
0.996
0.994
0.997
0.984
1.000
0.994
0.989
0.997
0.988
0.991
0.977
0.995
0.998
0.967
0.974
0.985
0.985
0.952
0.996
0.974
0.990
0.964
0.981
0.995
0.981
0.986
0.952
0.990
0.988
0.968

45
0.996
0.994
0.996
0.989
1.000
0.996
0.993
0.997
0.994
0.996
0.981
0.996
0.998
0.983
0.985
0.990
0.985
0.968
0.995
0.992
0.994
0.988
0.989
0.994
0.984
0.992
0.965
0.993
0.970
0.977

50
0.998
0.996
0.999
0.995
1.000
0.994
0.996
0.994
0.980
0.989
0.970
0.997
0.998
0.987
0.988
0.987
0.997
0.974
0.997
0.992
0.992
0.953
0.993
0.995
0.987
0.996
0.976
0.994
0.990
0.984

55
0.997
0.995
0.999
0.991
1.000
0.991
0.997
0.997
0.973
0.994
0.976
0.997
0.997
0.989
0.977
0.984
0.993
0.976
0.997
0.989
0.995
0.996
0.993
0.995
0.983
0.994
0.976
0.992
0.990
0.981

60
0.998
0.994
0.998
0.997
1.000
0.994
0.996
0.994
0.977
0.986
0.988
0.998
0.996
0.994
0.978
0.982
0.995
0.990
0.992
0.994
0.996
0.989
0.996
0.994
0.990
0.990
0.989
0.997
0.994
0.987

65
0.993
0.995
0.997
0.995
1.000
0.997
0.994
0.994
0.982
0.987
0.989
0.995
0.996
0.987
0.990
0.986
0.996
0.991
0.992
0.989
0.992
0.990
0.996
0.995
0.993
0.986
0.988
0.997
0.993
0.983

70
0.994
0.995
0.997
0.995
1.000
0.997
0.997
0.994
0.991
0.992
0.989
0.998
0.997
0.991
0.994
0.986
0.994
0.992
0.998
0.998
0.986
0.982
0.997
0.997
0.994
0.990
0.987
0.997
0.993
0.975

75
0.996
0.995
0.999
0.997
1.000
0.689
0.994
0.997
0.974
0.951
0.997
0.997
0.998
0.996
0.996
0.979
0.996
0.996
0.999
0.997
0.995
0.987
0.993
0.997
0.993
0.992
0.988
0.997
0.997
0.973
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Table 7.4: In-sample validation (Age group * Female)
County
Cavan
Donegal
Leitrim
Louth
Monaghan
Sligo
Laois
Longford
Offaly
Westmeath
Galway
Mayo
Roscommon
Kildare
Meath
Wicklow
Clare
Limerick
Tipp NR
Carlow
Kilkenny
Tipp SR
Waterford
Cork
Kerry
Dublin City
South Dublin
Fingal
Dun Laoghaire

5
0.996
0.994
0.983
0.997
0.997
0.997
0.993
0.996
0.996
0.992
0.990
0.994
0.997
0.969
0.992
0.992
0.981
0.977
0.998
0.991
0.991
0.983
0.993
0.994
0.993
0.994
0.996
0.988
0.990

10
0.980
0.970
0.961
0.991
0.998
0.995
0.995
0.993
0.990
0.977
0.985
0.993
0.995
0.938
0.968
0.979
0.970
0.970
0.998
0.989
0.994
0.983
0.985
0.985
0.982
0.960
0.907
0.942
0.974

15
0.995
0.969
0.985
0.968
0.977
0.964
0.992
0.994
0.989
0.769
0.875
0.970
0.990
0.962
0.969
0.979
0.965
0.901
0.993
0.978
0.937
0.974
0.969
0.951
0.975
0.966
0.990
0.916
0.805

20
0.996
0.997
0.998
0.989
0.989
1.000
0.985
0.998
0.995
0.991
0.993
0.998
0.992
0.936
0.980
0.977
0.997
0.948
0.997
0.997
0.992
0.982
0.992
0.996
0.994
0.989
0.984
0.971
0.995

25
0.987
0.984
0.989
0.981
0.991
0.977
0.992
0.996
0.983
0.978
0.980
0.989
0.982
0.978
0.984
0.966
0.992
0.984
0.979
0.992
0.977
0.953
0.973
0.983
0.972
0.986
0.986
0.983
0.974

30
0.984
0.976
0.982
0.984
0.976
0.966
0.989
0.980
0.986
0.984
0.967
0.983
0.994
0.979
0.986
0.963
0.989
0.973
0.989
0.969
0.964
0.958
0.988
0.978
0.964
0.957
0.996
0.980
0.988

35
0.988
0.993
0.997
0.989
0.992
0.987
0.991
0.995
0.990
0.982
0.985
0.994
0.992
0.983
0.984
0.991
0.990
0.981
0.995
0.994
0.992
0.979
0.987
0.989
0.991
0.954
0.989
0.988
0.988

157

40
0.994
0.994
0.990
0.982
0.996
0.995
0.994
0.996
0.990
0.995
0.987
0.994
0.997
0.974
0.987
0.991
0.988
0.977
0.998
0.993
0.998
0.989
0.992
0.983
0.988
0.977
0.963
0.945
0.956

45
0.996
0.990
0.993
0.997
0.993
0.996
0.995
0.998
0.996
0.993
0.977
0.995
0.996
0.982
0.985
0.984
0.990
0.983
0.997
0.991
0.990
0.986
0.993
0.987
0.990
0.989
0.994
0.958
0.984

50
0.991
0.991
0.995
0.993
0.986
0.989
0.989
0.997
0.992
0.969
0.973
0.995
0.994
0.986
0.989
0.978
0.996
0.976
0.996
0.996
0.995
0.974
0.994
0.994
0.996
0.986
0.995
0.990
0.988

55
0.990
0.994
0.996
0.989
0.994
0.993
0.997
0.995
0.986
0.983
0.971
0.993
0.994
0.980
0.985
0.960
0.990
0.988
0.992
0.995
0.995
0.993
0.997
0.992
0.991
0.987
0.992
0.987
0.981

60
0.992
0.992
0.997
0.993
0.989
0.989
0.991
0.994
0.984
0.977
0.990
0.993
0.992
0.985
0.981
0.972
0.985
0.990
0.993
0.991
0.996
0.961
0.997
0.990
0.979
0.988
0.997
0.993
0.986

65
0.983
0.987
0.992
0.984
0.990
0.989
0.989
0.992
0.985
0.979
0.987
0.994
0.994
0.983
0.988
0.990
0.992
0.988
0.987
0.986
0.991
0.988
0.995
0.992
0.991
0.992
0.997
0.992
0.986

70
0.973
0.990
0.988
0.995
0.983
0.982
0.993
0.986
0.955
0.948
0.990
0.991
0.992
0.991
0.990
0.978
0.992
0.995
0.992
0.996
0.985
0.984
0.995
0.992
0.991
0.993
0.996
0.992
0.993

75
0.994
0.996
0.996
0.999
0.996
0.997
0.993
0.997
0.996
0.991
0.988
0.998
0.997
0.998
0.982
0.992
0.996
0.994
0.997
0.997
0.996
0.971
0.996
0.993
0.994
0.994
0.998
0.993
0.988
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Table 7.5: In-sample validation (Education * Sex)
County
Cavan
Donegal
Leitrim
Louth
Monaghan
Sligo
Laois
Longford
Offaly
Westmeath
Galway
Mayo
Roscommon
Kildare
Meath
Wicklow
Clare
Limerick
Tipp NR
Carlow
Kilkenny
Tipp SR
Waterford
Wexford
Cork
Kerry
Dublin City
South Dublin
Fingal
Dun Laoghaire

Lower Secondary
0.906
0.955
0.917
0.959
0.999
0.891
0.887
0.905
0.759
0.919
0.954
0.957
0.942
0.973
0.952
0.976
0.911
0.979
0.903
0.977
0.921
0.934
0.927
0.941
0.963
0.904
0.955
0.964
0.926
0.984

Male
Upper Secondary
0.856
0.948
0.879
0.935
0.997
0.870
0.854
0.911
0.857
0.840
0.786
0.941
0.907
0.896
0.888
0.869
0.900
0.821
0.801
0.940
0.848
0.887
0.818
0.894
0.871
0.900
0.946
0.750
0.855
0.900

Tertiary
0.822
0.882
0.741
0.909
0.968
0.962
0.846
0.716
0.810
0.835
0.924
0.894
0.810
0.944
0.909
0.952
0.818
0.955
0.906
0.904
0.845
0.834
0.884
0.856
0.919
0.856
0.948
0.977
0.930
0.976
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Lower Secondary
0.873
0.950
0.817
0.943
0.657
0.908
0.803
0.796
0.856
0.905
0.936
0.925
0.877
0.956
0.923
0.945
0.801
0.972
0.881
0.907
0.890
0.899
0.944
0.000
0.954
0.783
0.956
0.961
0.907
0.979

Female
Upper Secondary
0.811
0.919
0.792
0.926
0.841
0.795
0.739
0.820
0.823
0.766
0.741
0.868
0.778
0.809
0.680
0.851
0.730
0.858
0.807
0.836
0.783
0.841
0.867
0.000
0.856
0.844
0.920
0.647
0.665
0.830

Tertiary
0.798
0.852
0.568
0.871
0.618
0.727
0.766
0.544
0.776
0.700
0.872
0.843
0.767
0.899
0.870
0.866
0.770
0.920
0.827
0.778
0.861
0.805
0.862
0.000
0.867
0.761
0.937
0.941
0.897
0.935
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7.3.2 Out of Sample Validation
To complement the validation of constrained variables, non-constrained variables may be
validated by an out-of-sample validation procedure. This procedure was carried out as a
collaborative project of work by O’Donoghue, Farrell and Morrissey et al. (2012b) 37 and is
summarised in this section in order to give a full account of all validation procedures
employed to ensure the reliability of SMILE output.
The non-constrained variable of disposable income is validated by aggregating distributions
to a spatial level at which a data source external to the statistical match exists (Birkin and
Clarke, 1988). The external data source used in this analysis is the National Survey of
Household Quality (NSHQ) of 2001/2, reported in Watson et al., (2005). Although a survey
primarily aimed at analysing housing issues, the NSHQ collects data on disposable income
and is representative at the county level. This is a micro-data survey which documents both
the absolute amount and the distributional characteristics of county-level disposable income.
Although county-level incomes exist in other data sources such as the CSO National
Accounts (e.g. CSO, 2009), these sources only document regional totals and do not give
distributional characteristics. As such, the NSHQ provides the most comprehensive account
of spatial income distributions against which SMILE output may be externally validated.
The out-of-sample validation procedure begins by calculating the poverty headcount rate per
county using household disposable income simulated by SMILE. These poverty rates are
expressed as a function of the national average. This relative poverty headcount is compared
to that recorded in the NSHQ. For this analysis, poverty headcount is defined according to
two rates; the number of individuals in a county at either 50% or 60% of median disposable
income.
The results of this analysis are presented in Figure 7.1, where NSHQ and SMILE poverty
headcounts are regressed on one another. One can see that the observed relationship between
the two data sources is high, where a correlation of 0.78 for the 50% line and 0.79 for the
60% line may be seen. This indicates that the rank of simulated county-level poverty rates in
SMILE is good. However, there is much greater spread in county-level poverty rates in the
NSHQ than in the SMILE output. This is also illustrated in Figure 7.1, where in both cases
the intercept is significantly different to 0 and that the slope is significantly different to 1.

37

As such, this particular section (7.3.2) should not be considered a central contribution of this thesis but rather
a summary of parallel work to give insight into the full procedure of model validation.
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Figure 7.1: Comparison of County-level Poverty Rates in NSHQ and SMILE
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Source: O’Donoghue, Farrell, Morrissey et al. (2012b)
This difference is explained by the fact that although the data reflects the constraint variables
quite well, there is additional spatial heterogeneity in incomes that is not captured by the
constraint variables. To illustrate, Table 7.6 reports a number of male earnings regressions to
compare the spatial heterogeneity for models with different explanatory variables. Model 1 is
equivalent to the constraint variables alone. One can see that once Model 2 controls for
additional spatial heterogeneity, 5 of the 12 spatial categories (primarily urban areas and
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towns) are significant. This indicates there is an additional spatial relationship with earnings
not accounted for by the constraint variables alone. In models 3-5, sector/contract, occupation
and industry are added respectively. The addition of these characteristics further improves R 2.
These additions also reduce the unexplained spatial heterogeneity of earnings, where in the
‘full’ model specification of model 5 only 2 of the spatial categories remain significant at the
5% level.
Table 7.6: Earnings Regressions (Male)
Dependent variable

Log Earnings

Explanatory Variable
University Educated
Upper Secondary Educated
Age
Age Squared
Permanent Contract
Public Sector
Occupation Dummies
Industry Dummies
Village (200-1499)
Town (1500-2999)
Town (3000-4999)
Town (5000-9999)
Town (10000+)
Waterford City
Galway City
Limerick City
Cork City
Dublin City (incl. Dun Laoghaire)
Dublin County
Constant

1
0.375**
0.132**
0.126**
-0.001**

2
0.344**
0.118**
0.123**
-0.001**

7.205**

-0.079
-0.056
0.307**
0.387**
0.077
-0.273
0.199
0.322**
-0.006
0.12**
0.281**
7.188**

R Squared

Model
3
0.304**
0.064*
0.076**
-0.001**
0.881**
0.288**

-0.074
-0.068
0.189*
0.328**
0.012
-0.151
0.086
0.273**
-0.115
0.034
0.181**
7.438**

4
0.069*
-0.026
0.069**
-0.001**
0.8**
0.335**
X
-0.075
-0.131*
0.113
0.249**
-0.016
-0.245*
-0.045
0.16
-0.028
-0.001
0.141**
7.474**

0.203
0.226
0.409
0.474
Source: O’Donoghue, Farrell, Morrissey et al. (2012b)

5
0.081**
0.012
0.056**
-0.001**
0.583**
0.225**
X
X
-0.035
-0.049
0.154*
0.222**
0.035
-0.111
0.033
0.106
-0.022
0.023
0.137**
6.688**
0.556

The poverty values are now adjusted in a relatively simplistic way to give insight into how
SMILE poverty rates may be improved if the added degree of spatial heterogeneity were
accounted for. To do this, differences in average income are adjusted at the county level,
whereby average county incomes from the CSO regional accounts are used to adjust income
and taxation to recalculate household disposable income. The results of this adjustment are
displayed in Figure 7.2. Although the correlation remains at a similar level of 78% for both
poverty headcount measures, SMILE county-level poverty values represent a much wider
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range. This wider range indicates a better representation of NSHQ values as the slope of the
regression line in Figure 7.2 is not significantly different to 1 and the intercept is not
significantly different from 0.
Figure 7.2: Comparison of Local Authority-level Poverty Rates in NSHQ and SMILE
(Adjusted for Average Income Difference)
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Source: O’Donoghue, Farrell, Morrissey et al. (2012b)
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However when one compares the individual results at a local authority level, there are
degrees of unexplained heterogeneity. This is particularly the case in the Dublin
administrative counties and Galway. In each case, the resultant poverty level is higher in
SMILE than in the NSHQ. Part of the reason for this is that the national accounts data does
not differentiate between the overall county and urban areas within the county. This countylevel adjustment therefore will tend to under-report this difference. If county averages from
SMILE are instead regressed against NSHQ county averages, one obtains an improved
correlation of 83% and 82% for the 50% and 60% of median poverty lines respectively. The
regression line of best fit however does not perform as well as the disaggregated comparison,
being slightly shallower. These results are displayed in Figure 7.3.
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Figure 7.3: Comparison of Local Authority-level Poverty Rates in NSHQ and SMILE –
Counties Only (Adjusted for Average Income Difference)
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Source: O’Donoghue, Farrell, Morrissey et al. (2012b)
Thus, this analysis has identified that the relatively few matching variables used has potential
to under-estimate the spatial variability of income and of poverty. This has been shown to be
the case whereby a simple area correction of average incomes using adjustment factors from
external national accounts data has improved validation measures. However, due to the
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unavailability of intra-local authority information, there were some residual issues in relation
to unexplained spatial heterogeneity. As a result, the amount of explained spatial
heterogeneity influences the degree of spatial disaggregation that can be used as part of
analysis. Post quota sampling, one may be reasonably confident of income distributions at the
level of the county, but less confident across the urban-rural split within counties.
The regression results of Table 7.6 identifies that much of this spatial heterogeneity is related
to the pattern of sector, occupation and industry across the country. However even after
accounting for these, there are likely to be some residual unexplained spatial heterogeneity.
This may result for example from sample selection bias where a graduate working in the
financial sector in an area with lower house prices might have a lower income than someone
with similar characteristics in an area with high house prices. As such, a procedure to account
for this added spatial heterogeneity is required to be confident of SMILE results at the subcounty level. Suggested solutions have included the use of alternative or additional
constraints; sampling of micro-units from the same (aggregated) spatial area (Voas and
Williamson, 2000); separate matching methods for different spatial clusters (Smith et al.,
2009); or alternative sets of constraints depending on the purpose (Chin and Harding, 2006).
Given the disproportionate computational cost of employing additional constraints reported
by Miller (2001), along with the desire to have a single model configuration for all uses, a
calibration procedure is instead adopted for SMILE.

7.4.

Calibration

7.4.1 Calibration Procedure
A calibration procedure corrects variables unconstrained in the simulation procedure such
that the sum of individual values for a given region conforms to known spatial distributions.
The calibration procedure to capture the additional spatial heterogeneity draws on
methodologies employed in a number of different literatures. These include the dynamic
inter-temporal simulation (O’Donoghue, 2010); development economics literature focussing
on inter-country heterogeneity (Bourguignon et al., 2002); macro-micro literature to capture
the impact of macro-economic changes on the income distribution, (Ahmed and
O’Donoghue, 2007, 2008) and data synthesis under IPF (Ballas et al., 2006a).
The purpose of the calibration procedure is to align disaggregated data within SMILE with
exogenous spatial distributions of income. The procedure employed is based on that
developed by Morrissey and O’Donoghue (2011) and operates in two stages; equations

165

Chapter 7. Validation of Quota Sampling and SMILE
determining the presence of an income are first estimated, followed by those predicting the
level of that income. This process in terms of the labour force component of SMILE may be
described as follows.
A set of nested choice equations, pertaining to labour market characteristics and the presence
of other market income sources, are estimated for each individual. Each equation predicts
each individual’s probability of having a certain labour market characteristic yi depending on
their set of explanatory factors Xi and estimated parameters, ß. Depending on the format of
the dependant variable in question, binary choice (logit), multiple choice (reduced form
multinomial logit), and logged income regression models are used. These take the general
form:
yi*  g X i    i

(7.1)

Where g(ßXi)represents the deterministic or explained elements which affect the probability
of having the characteristic yi, and  i constitutes the unexplained residual satisfying the
condition E[εi|xi] = 0.
This model simulates the labour market variable y  1 if yi*  0 . A decision rule is created to
determine which individuals’ characteristics will be changed to meet the exogenous small
area totals. For each individual, we rank our predicted variable y i* defined in (7.1) such that
we select the N cases simulated with the highest value of y i* . For binary variables our
calibration routine requires N cases of a particular unconstrained variable in the relevant
district. In multiple choice models, a similar method is developed, ranking y i* for each choice
j in turn to be consistent with externally defined Nj. Use of the residual component value  i is
important as using the deterministic component alone excludes consideration of those with a
low probability of an event occurring (Morrissey & O’Donoghue, 2011). For example, lone
parents tend to have a low probability of working. Without considering the residual
component, alignment will rank y i and tend to produce no lone parents in work. However,
even if the in-work probability is low, there are some who work. The inclusion of error term
in the ranking will tend to shuffle the data so that some of those with low risk will be
predicted to work. These models are estimated on the original LII micro-dataset, and then
simulated consecutively for each ED according to the distribution of X i characteristics of
units in the synthetic spatial dataset.
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The spatial distribution of unconstrained labour market characteristics and other market
income sources are calibrated against regional CSO SAPS totals. Once the correct
distribution of these variables has been established, the level of income is calibrated
according to external county level national accounts. Definitional differences prohibit
absolute adjustment in the calibration of income, as scaling average income by source to the
national accounts total can affect the distributional properties of the data. Thus the calibration
procedure is augmented to ensure average county income by income source corresponds to
county level national accounts. To overcome this, the ratio of average income by source is
scaled proportionally to the national average. This allows the same distribution properties of
the underlying income data to be largely maintained.
7.4.2 Calibration Results
The correlation between the unconstrained variables of employment status (in-work vs. outof-work, employee, unemployed, retired), occupation and industry are calculated before and
after calibration. It is found that there is substantial variability in correlation results across
counties. Correlations vary from highs of greater than 0.8 to a very poor, almost random,
relationship close to zero. Furthermore, we also see that the correlations decrease by layer of
hierarchy whereby higher order characteristics such as in-work or retired perform better than
lower order characteristics such as employee or industry.
Post-calibration, a clear improvement in correlations is found, with all correlations close to 1
(Figure 7.4). Excluding retirees, almost all variables display a correlation in excess of .99,
with those retired being marginally less at a rate of .938-.998. This is still within bounds of
acceptability, especially as those retired constitute a smaller proportion of the population than
other labour market variables, and thus a small absolute discrepancy results in a greater
proportional difference such as this. As a result, it may be concluded that the calibration
procedure is effective at ensuring the simulated population is consistent with known spatial
distributions. County-level correlations with SAPS-defined target values are averaged in
Figure 7.4 below, illustrating the degree of improvement, post-calibration.
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Figure 7.4: Average Unconstrained Variable Correlation (Males)

Having outlined the procedure of data synthesis and calibration, an illustrative example of the
redistributive power of SMILE is offered by applying SMILE 2002 to analyse the spatial
distribution of welfare and income redistribution in Ireland.
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7.5.

An illustrative application of SMILE: Spatial Analysis of Income

Inequality and Redistribution in Ireland
To illustrate the potential application of SMILE, the newly aligned market income data are
used to calculate disposable income (income net of taxes and benefits) for each individual in
Ireland using SMILE’s tax-benefit component (O’Donoghue et al., 2012a). Drawing on the
work carried out by O’Donoghue et al. (2012a) and Farrell et al. (2013), this procedure is
presented here to give insight into the spatial distribution of Irish welfare, along with
illustrating the potential application of the modelling framework developed in Chapters 6 and
7. In doing so, this section also provides an analysis of the ability of the Irish tax-benefit
system to reduce income inequality within and between spatial entities. For a more thorough
analysis of the spatial redistribution of income due to Irish tax-benefit policy, please see
O’Donoghue et al. (2012a).
The Tax-Benefit Model developed by O’Donoghue et al. (2012a) is used to calculate the
incidence of income taxes and social welfare benefits by household. This tax-benefit
microsimulation model framework is constructed in Stata. The policy instruments simulated
within the tax-benefit component include a variety of income taxes, social insurance
contributions and social welfare benefits (excluding housing benefits and non-cash benefits).
The model simulates the main direct tax and transfer instruments:
• Income Taxation
• Social Insurance Contributions (Employee, Self-Employed and Employer)
• Income Levies
• Family Benefits
• Social Assistance Benefits
• Social Insurance Benefits
The performance of this model has been validated by O’Donoghue et al. (2012a) where the
simulated tax-benefit totals are compared relative to actual totals in a national dataset. It was
found that simulated disposable income was within 1% of actual disposable income, with
benefits slightly over-represented and income taxes slightly under-represented. This is within
an acceptable degree of error and as such, this model is deemed suitable for this analysis.
Figure 7.5 and Figure 7.6 present the results of applying this tax-benefit model to assess the
spatial redistribution of income through Ireland’s tax-benefit system. Figure 7.5 presents the
spatial distribution of the ratio of tax to disposable income, whilst Figure 7.6 presents the
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spatial distribution of benefits to disposable income. Upon examination, Figure 7.5 clearly
highlights that the EDs with the lowest ratios of taxes to disposable income are located in the
border area, parts of the midlands and the south west (darker shading). The EDs that pay the
highest ratio of taxes to disposable income are located on the eastern sea board (light
shading). It should be noted that the areas with the highest ratios of income taxes to
disposable income correspond to the areas with the highest levels of market income.
Upon inspection of Figure 7.6, one can see that the distribution of benefits to disposable
income is more concentrated, with the most rural districts having the highest concentration of
benefits to disposable income (darker shading). This is due to a greater number of benefit
recipients residing in these districts, as benefits are largely flat-rate. In particular, it is found
that the proportion of individuals of pension age in an ED is a key determinant of the
concentration of benefits to disposable income.
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Figure 7.5: Distribution of Taxes as a percentage of Disposable Income for EDs in
Ireland
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Figure 7.6: Distribution of Benefits as a percentage of Disposable Income for EDs in
Ireland
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7.5.1 Impact of tax-benefit policy on between and within group income inequality
In addition to identifying the spatial incidence of income redistribution, a spatial
microsimulation model may also be used to understand how income is redistributed within
and between spatial entities. Certain inequality indices, such as the generalised entropy group
of measurements, may be decomposed into within and between-group components. In this
way, one can decompose total variability of incomes into a factor attributed to between group
variability across space and variability within a district (within group variability).
The index used for calculating within group variability (Iw) is the I2 generalised entropy
index. The I2 index may be defined as half the squared coefficient of variation,   2 2 
2




(See Jenkins, 1995), where σ signifies the standard deviation of incomes, and μ the mean
population income.
Decomposing I2, within-region variability (Iw) may be defined as;
Iw   wj I j

(7.2)

j

where w j  v 2j f j1 ; v j is the income share of each person j in a given spatial group and f j is
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the population share of person j in a given spatial group, in this case 1

j

inequality measure, I2.
The index for between group variability (Ib) is defined as;
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(7.3)

where  j is the mean income for region j and  the mean population income.
Figure 7.7 displays the between and within group inequality by income at the ED level.
Income is displayed according to 3 different definitions; market income (income before
adding benefits and deducting income taxes), gross income (income after adding benefits but
before deducting income taxes), and disposable income (income after adding benefits and
deducting income taxes). Each definition of income displays a different stage of the taxbenefit process, and allows for the effect of each stage of the tax-benefit process on spatial
inequality to be elicited.
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Figure 7.7 illustrates that between district inequality accounts for a very small proportion of
overall inequality, with most inequality existing within districts (between families). It may
also be noted that the share of within group inequality is marginally greater at the more
aggregate spatial level of county, than at the ED level.
One can see that the overall level of inequality reduces as one adds benefits and subtracts
taxes to get gross income and disposable income respectively. This has an insignificant effect
on between group inequality, however, as the proportion accounted for by between group
inequality remains roughly the same. Thus, one may conclude that tax-benefit policy does not
act to reduce spatial inequality (i.e. between spatial group), but rather it acts more to reduce
between family (i.e. within spatial group) inequalities.
Figure 7.7: Comparison of County and ED-level Between Group Income Inequalities
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7.6.

Conclusion

This chapter reviewed the procedures required to ensure that the population simulated by
SMILE is representative at differing spatial scales. Validation of a simulation model usually
begins with internal and external validation techniques (Caldwell, 1996). Internal validation
provided a means by which the performance of quota sampling may be evaluated, and it was
determined that an accurate spatial profile of constraint variables was simulated.
The ‘out-of-sample’ validation procedures carried out by O’Donoghue, Farrell, Morrissey et
al. (2012b) were then presented. It was shown that although SMILE captured the ranking of
heterogeneity amongst spatial groups, a considerable degree of spatial heterogeneity was
unaccounted for. A number of augmentations were made to the modelled datasets to illustrate
this effect. It was thus shown that a procedure of calibration was required to capture the full
range of spatial heterogeneity. The results of this algorithm were demonstrated, whereby a
spatially representative distribution of income, inwork, employment status, occupation and
industry was simulated by means of the calibration process. It is found that Irish tax-benefit
policy is effective in redistributing income from wealthy urban areas to poorer rural areas.
However, although within region inequality is much greater than between-region inequality,
it is found that between-region inequality remains constant after the redistributive effect of
the Irish tax-benefit system is taken into account. The relative ineffectiveness of fiscal
measures to reduce between-region inequality provides further motivation to assess whether
policy measures such as WEC deployment may be effective in reducing the extent of
between-region inequality.
In the absence of pre-existing spatial micro-data, it is only through the use of spatial
microsimulation techniques that these spatial distributions of income and labour participation
may be identified. Given that the socio-economic impacts of wave energy deployment in
Ireland is amongst the primary motivations for deployment, identifying the impact wave
energy may have on income distributions and inequality in Ireland would provide a useful
accompaniment to aggregate-level measures of impact. The following chapter will apply this
spatial microsimulation modelling framework to elicit these and other welfare effects as a
result of wave energy deployment.
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Impacts due to Wave Energy Deployment.
8.1.

Introduction

The accelerated growth of economic development experienced in Ireland during the mid1990’s to mid-2000’s has brought what O’Leary (2003) has termed the ‘emerging regional
problem.’ The poor performance of the Irish economy in the 1980s meant that there was
plenty of growth potential in all of the Irish regions. However, the economic development in
subsequent periods took a spatially heterogeneous pattern, with growing inequality in rural
areas and increasing population congestion in urban areas (O’Leary, 2003; Mullaly, 2004).
The analysis of Chapter 7 has demonstrated that both within-region and between-region
income inequality exists in Ireland. Chapter 7 has also shown that whilst fiscal redistribution
measures are effective in addressing within-region inequality, between-region inequality is
largely unaffected. In order to combat this regional inequality and achieve a more spatially
balanced pattern of economic development, policies of regional development such as the Irish
National Spatial Strategy (DEHLG, 2010) have been put in place. Statutory bodies such as
the Western Development Commission have also been established to facilitate a more
balanced pattern of economic development (e.g. WDC, 2012).
Alongside primary measures of economic development, it has been stated that renewable
energy deployment may play a role in meeting goals of balanced regional development
(Shamsuzzoha, 2012; Rabbitte, 2012). Ireland’s wave energy resource is located on the
predominantly rural and less-developed west coast, with associated socio-economic
development having potential to reduce between-region income inequality. The precise effect
that renewable energy deployment may have on regional inequality is unknown, however.
Chapter 3 has outlined the literature examining the socio-economic impact of wave energy,
finding that many studies are limited to broad disaggregations of spatial scale, limiting their
ability to identify impacts at the subnational scale (for example see; MI & SEI, 2005; Allan et
al., 2008; RPS, 2009; SQW, 2010). Alongside issues relating to regional development, this
use of aggregate methodologies has precluded analysis at the individual or household level.
This limits their ability to translate economic impacts to changes in individual or household
welfare. As such, the impact wave energy deployment may have income distributions, in both
a spatial and aspatial context, is unknown.
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The magnitude of this social benefit is confounded somewhat by the social cost imposed to
support deployment. Wave Energy Conversion (WEC) device deployment requires public
financial support for market competitiveness (DCENR., 2009; Devitt and Malaguzzi-Valeri,
2011). The current Irish support mechanism is the Renewable Energy Feed-in Tariff (REFIT)
(DCENR, 2009) which is financed through a levy on all electricity bills. A parallel body of
literature exists to examine the social cost of renewable energy deployment (Devitt and
Malaguzzi-Valeri, 2011; Ringel, 2006; Menanteau et al., 2003; Huber et al., 2007). However,
the effect that this cost may have on income distributions, in both a spatial and aspatial
context, has not been addressed. Indeed, the impact of the aforementioned employment
benefits net of these social costs has also been overlooked.
This micro-level distributional effect is of particular interest for WEC device deployment as
current Irish subsidies impose a cost on households (DCENR, 2009), whilst also being partly
motivated by the potential benefit offered to certain households (MI and SEI, 2005). As such,
an appropriate evaluation of the socio-economic rationale for deployment requires
identification of the micro-level distribution of these effects. In particular, it is desirable to
identify the winners and losers of such a policy in both aspatial and spatial contexts. The
results of this analysis may further inform the economic trade-off relating to wave energy
deployment, previously discussed in Chapter 3.
It is based on these motivating factors that this chapter will supplement existing aggregatelevel socio-economic appraisals by providing a spatially-explicit distributional analysis of
both the costs and benefits to be imposed on Irish households. This is carried out by applying
a novel methodology to the field of energy economics; spatial microsimulation.
Spatial microsimulation has previously been used to estimate the distributional effect of
public policy and economic change, with a full review of past applications offered in
Chapters 3 and 6. This review has found that although well established in the field of
redistributive policy analysis, spatial microsimulation is still an emerging field for assessing
regional employment changes. To date, studies employed have either been of a demonstrative
nature (Ballas and Clarke, 2001; 2006b) or have focussed on population dynamics (Rephann
et al., 2005; Lindgren et al., 2007). In the context of publicly-funded employment generation,
the net effect of both the cost and benefit of a given policy proposal has not been analysed
using spatial microsimulation. Thus this paper will not only inform the policy discourse
associated with wave energy deployment, but also progress the literature in the field of spatial
microsimulation.
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In providing these contributions, this chapter is structured as follows. Section 8.2 will outline
the spatial microsimulation framework and data used for this analysis. The modelling
framework employed in this chapter comprises a number of sub-components, with each
component discussed in turn. Section 8.3-8.4 will outline the individual distributive impact of
REFIT cost and employment benefits, respectively. Section 8.5 will outline the net impact of
both costs and benefits together, whilst Section 8.6 will discuss results with respect to an
alternate installation scenario. Finally, Section 8.7 will offer a conclusion.

8.2.

Methodology and Data

The spatial microsimulation methodology as adopted in this analysis involves five constituent
procedures:
1) Simulate a spatially-referenced population of employment and income
2) Simulate employment change by industry and location
3) Link the spatially-referenced population of (1) with the assumed employment change
of (2).
4) Use a tax-benefit model to update tax and benefit incidence and calculate the change
in welfare due to added employment, as measured by disposable income.
5) Simulate change in disposable income as a result of REFIT cost.
Each procedure will now be outlined in full.
8.2.1 Simulate a Spatially-referenced population of employment and income
A spatially-referenced population of individuals grouped by household is required as the
platform for this analysis. This is created by the Simulated Model of the Irish Local Economy
(SMILE). SMILE is created using the methodologies outlined in Chapters 6 and 7. As
Chapter 7 has outlined, SMILE has been synthesised according to both 2002 and 2006 census
distributions. For the purpose of this analysis, the most recent 2006 version is employed.
SMILE 2006 is created by statistically matching variables common to the 2005 EU Survey of
Income and Living Conditions (EU SILC) (Eurostat, 2007) and 2006 CSO Small Area
Population Statistics (CSO, 2007a). These datasets are outlined in Appendix A3.
The statistical matching procedure employed to match these two datasets is known as Quota
Sampling. Quota Sampling creates a spatially disaggregated micro-dataset by matching a set
of variables common to both the EU SILC and CSO SAPS (See Chapter 6). Following the
procedure outlined in Chapter 7, SMILE 2006 is synthesised according to the parameters of
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Table 8.1. Constraint variables of age/sex, education and household size are employed for the
Statistical Match. These variables are predictors of a wide range of social and economic
processes including income and labour status (See Chapter 7). Furthermore, a calibration
procedure is employed (See Chapter 7) to ensure SMILE simulates a spatially representative
distribution of employment status, income, occupation, and industry of work. As the
validation procedure of the preceding section has outlined, SMILE is effective in simulating a
spatially-representative distribution of each socio-economic variable listed in Table 8.1. As
variables detailing income and employment are of greatest interest for eliciting income
changes due to additional employment and/or REFIT levy, this simulation provides a
framework suitable for the analysis of this chapter.
Table 8.1: SMILE Constraint and Calibration Variables
Variable
Age
Sex
Education
Household Size
In-work/out-of-work
Industry
Occupation
Income

Constrained in Statistical
Match
Yes
Yes
Yes
Yes
No
No
No
No

Calibrated Post-Statistical
Match
No
No
No
No
Yes
Yes
Yes
Yes

8.2.2 Simulate Employment Change by industry and location
This step comprises a number of constituent calculations. First employment change by
industry is identified. Table 8.2 outlines the breakdown of constituent input costs for a
Pelamis wave energy installation. These costs are the central values of the 100-unit steelbased Pelamis device scenario quoted in Chapter 4. As this analysis pertains to small-scale
early deployment, the steel-based installation specification is preferred. Alongside
construction costs, Previsic et al. (2004) estimate that 0.1 Full-Time Equivalent (FTE)
individuals are employed for operation and maintenance activities (O&M) for each Pelamis
unit installed. This value is thus used for O&M. Following the approach of Allan et al.
(2008), employment as a result of plant decommissioning is assumed to be negligible. Given
that Allan et al. (2008) assume that this is negligible and if it were to accrue may be imported
and subject to discounting of 15-20 years into the future, the omission of this impact is
deemed reasonable. Similarly, the relatively small and unknown employment impact as a
result of insurance has led to this analysis focussing on costs of construction and O&M.
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Table 8.2: Wave Energy Unit Costs Employed in Socio-Economic Analysis
Parameter

Cost per Unit

No. Units

Source

Power Conversion Modules

€1,623,127

Total per WEC

Steel

€6,000/t

280t /WEC

Mooring Purchase

€552,165

Total per WEC

Export Cable Purchase

€288/m

8.7km per installation

Previsic et al., 2004; Dalton et
al., 2010
Previsic et al., 2004; Dalton et
al., 2010
Previsic et al., 2004; Allan et
al., 2011b
O’Connor et al., 2013

Admin and Onshore works
Surveys
Device/Mooring Installation
(per day)
Export Cable Installation (per
day)

€5,457,925
€225,000
€35,228

Total per installation
Total per installation
7 days per unit

€88,036

8.7km @ 0.73km/day

SEAI, 2011
SEAI, 2011
Kaiser & Snyder, 2011; SQW,
2011
Kaiser and Snyder, 2011

O&M

0.1FTE/Unit

per annum; for 15 years

Previsic et al., 2004

Offshore Substation

€60,000/MW

O’Connor et al., 2013

Further Model Parameters
Learning Rate

90%

Discount Rate

6%

Cost reduction of WEC
device per doubling of
capacity

Dalton et al., 2010; SQW,
2010.
Dalton et al., 2012

Note: Please see Chapter 4 for a full discussion of cost parameters. To aid parsimonious model specification,
central estimates of cost values outlined in Chapter 4 are employed in this analysis. As this analysis focuses on
short-term impacts, costs are employed according to the steel-based installation specification outlined in Chapter
4.

The portion of each cost attributable to expenditure on employee compensation is identified
using an approach similar to that employed by DTI (2004) and SQW (2010). This is based on
the Input-Output methodology. Input Output (IO)-based analyses use an IO matrix as the
basis for application. An IO matrix is made up of a number of vectors, each detailing the
intermediate expenditures that are required for a given output. Under assumptions of constant
returns to scale, constant factor ratio of employment and perfectly elastic factor inputs,
comparing the total cost for each intermediate input with the total value of output for that
industry gives the proportion of total output value added by each intermediate input (DTI,
2003b; SQW, 2010). This principle may be applied to determine the employee compensation
from a given expenditure as included in each vector is an intermediate expenditure value on
employee compensation. Thus, the proportion of total output value attributable to the
compensation of employees for a given industry determines the proportion of expenditure on
each WEC input attributable to employee compensation (DTI, 2003b). For the remainder of
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this analysis, the proportion of total output value attributable to the compensation of
employees shall be referred to as the employee compensation coefficient.
For the purpose of this analysis, Ireland’s Input-Output (IO) matrix (CSO, 2006) was used to
calculate the share of each cost that goes towards employee compensation. It is assumed that
these shares remain constant for all constituent input industries. However, Pelamis PCM and
Steel manufacturing activities are subject to cost reduction through learning (see Chapter 4).
To incorporate this effect the methodology applied by SQW (2010) is employed here,
whereby it is assumed that the overall expenditure for these components declines according
to the learning rate, with the share of employee compensation (employee compensation
coefficient) remaining constant.
The employee compensation coefficients are summarised in Table 8.3.These coefficients are
of similar magnitude. As one would expect, the more labour-intensive industries of transport
services (boat hire and installation activities), construction (civil construction, landscaping,
radar station erection), manufacture of fabricated metal products (steel component
manufacture) and the manufacture of electrical machinery and apparatus (PCM and mooring
manufacture) have higher rates of employee compensation relative to total output value.
‘Other business services’ also has a relatively high compensation coefficient. This NACE
category includes technical consultancy operations and environmental surveying, which
require onsite activity, etc. Contrarily, the ‘Real Estate, Renting and Business Activities’
(Public Relations, Project Management, Real Estate Services) have a low proportion of
employee compensation relative to overall total value as these are services of high added
value per unit of labour employed.
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Table 8.3: Employee Compensation Coefficients
Employee Compensation
Coefficient

NACE
Other Business Services
Real Estate, Renting and Business Activities
Construction Work
Other Transport Activity/Water Transport Services
Electrical Machinery and Apparatus n.e.c.
Fabricated Metal Products

0.2348
0.023
0.244
0.248
0.1596
0.2468
Source: Derived from CSO (2006)

Once the share of compensation has been determined, this must be converted to additional
persons employed. Following DTI (2004), the number of additional persons employed is
calculated by dividing total additional employee compensation by the total labour costs in
2010 for that industry (CSO, 2012). This data is derived from the 2008-2010 CSO data series
documenting Annual Average Earnings by NACE 2 industry. 2010 values documented in this
series represent the most up to date data available at the time this analysis was undertaken.
Total labour costs include regular, irregular, overtime and ‘other’ labour costs, and thus best
represent the cost of labour borne by each industry in supplying each unit of output. These
values are summarised in Table 8.4. Once again, it can be seen that the financial and real
estate services have higher overall labour costs, whilst lower skilled activities such as
construction and transport have lower labour costs.
Table 8.4: Average Annual Compensation per Employee
CSO Industrial Disaggregation

Average Employee Compensation
€50,894
Industry
Professional Scientific and Technical
€47,839
Transport and Storage
€43,380
Construction
€43,044
Financial, Insurance and Real Estate
€63,869
Source: Derived from CSO (2012)
Using the parameters of Table 8.4, this chapter converts a change in expenditure into a
change in total full-time equivalent (FTE) employment. This is applied to a 125-unit Pelamis
installation scenario. This is a modest rate of installation and will have an impact that is small
relative to the general output of the economy. An Input Output methodology has been
deemed suitable for similar relatively small-scale energy investments (e.g. Qi et al., 2012;
Madlener and Koller, 2007) and, as such, this modest level has been chosen such that one
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may have greater confidence in the IO assumptions required for the use of employment
coefficients of Table 8.4.
It may reasonably be argued that a modest level of additional economic activity in the
presence of high unemployment will have a negligible impact on wages and prices, thus
allowing for the assumption of constant factor ratios and perfectly elastic inputs to hold. One
further caveat relates to the extent of employment effects identified. A spatially-explicit
modelling framework requires knowledge of where each economic activity is located. The
location of suppliers to each input category is unknown. As such this analysis is limited to
first round employment impacts.
Outlined in Table 8.5 below, this 125MW installation is split across 4 sites, with 5 stages of
installation simulated. The four sites are chosen based on sites currently being developed or
envisaged as locations for initial development (MRIA, 2011). The order of installation for the
first two stages follows current expected installation plans. First the effects of a 5-unit
installation in Belmullet, Co. Mayo are simulated, representing the first full scale installation
currently being developed (SEAI, 2012). The second stage is a 5-unit installation at Killard
Point, Co. Clare. This represents the 5-unit Westwave project, currently at the predeployment stage of development (Sharkey, 2012). Following these two installations,
installations must be simulated based on an as-yet unknown installation pattern. It is assumed
that the next two stages will comprise expansion of existing sites, with an additional 15 units
and 50 units deployed at Belmullet and Killard Point respectively. Finally, it is assumed that
a 50-unit installation is deployed at a third site on the Dingle Peninsula, Co. Kerry. To aid
interpretation of these sites, a colour-coded profile of each deployment site and Irish county
list is offered in Appendix A6. It should be noted that the order of installation is important, as
it is expected that the cost and employment requirement will fall with each additional unit
installed due to technological change and greater experience of the costs and processes
involved. This is known as the learning rate, with the precise mechanism for modelling cost
reduction outlined in Chapter 4.
Table 8.5: 125-unit Installation Scenario
Installation Stage
1
2
3
4
5

Site
Belmullet, Co. Galway
Killard Point, Co. Clare
Belmullet Co. Galway
Killard Point, Co. Clare
Dingle Peninsula, Co. Kerry
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Installation Size
5 units
5 units
15 units
50 units
50 units
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The final step is to model additional FTE employment across space. This is carried out by
identifying the location of potential suppliers for each supply chain activity using an ocean
energy supply chain survey, collected by Enterprise Ireland and SEAI (EI and SEAI, 2012).
This details the location of existing companies which may supply each wave energy device
component. For each installation, a supplier is chosen from this list to supply each
component. Where there are multiple suppliers for a given component, a supplier is chosen at
random. In the absence of further information as to supplier preference, each supplier has an
equal chance of being chosen. Where there are multiples of a given component required for a
single installation (e.g. multiple steel segments for a given wave installation), it is assumed
that all of these components will be sourced from the same supplier.
8.2.3 Link the spatially-referenced population with the assumed employment change.
Having simulated a population model of Irish individuals in Section 8.2.1 and a model of
spatially-referenced additional employment in Section 8.2.2, these two models must be linked
to simulate the change in the spatial employment, income and welfare profiles of Ireland. For
each job created, this comprises two steps. First an ED of residence for the additional job is
identified. Second, the individual within that ED who takes the additional job must be
identified.
To identify the ED of residence for each additional worker, this chapter follows the
methodology proposed by Ballas et al. (2001b, 2006b). Ballas et al. (2006b) use data
detailing travel to work patterns to simulate residential location based on knowledge of
employment location. This methodology is applied in this analysis in the following manner.
The Place of Work Census of Anonymised Records (POWCAR) data (CSO, 2007b; see
Appendix A3 for a full description of this dataset) is a population dataset detailing the
commuting pattern from each ED of work to each ED of residence for all individuals working
in Ireland. Thus, the proportion of individuals working at each ED of work and residing in a
certain ED is used calculate the conditional probability of working in a given ED and residing
in another ED. This relationship is explained formally in equation (8.1) below;
PLive _ ED j | Work _ EDi  

 Individuals _ Commuting _ from _ ED | Working _ ED
 Individuals _ Working _ ED
j|

i

(8.1)

i

Based on this probability distribution, an ED of residence is simulated for each additional
worker. The next step is to choose the person within that ED that will now be deemed
employed. The person selected is the unemployed person deemed most likely to be
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employed. The labour force participation model developed by Morrissey and O’Donoghue
(2011) is augmented to carry this out. This is calculated as follows. A binary choice equation,
of employment/unemployment is estimated for each individual that is unemployed in the
given ED. This equation predicts each individual’s probability of being employed, Yi,
depending on their set of explanatory factors Xi and estimated parameters, ßi. This is
modelled using a binary choice (logit) model, taking the form:

yi  logit ( pi )  ln

Pi
  o  k X ik   i
1  Pi 

(8.2)

Where y represents the binary dependent labour market participation variable of being inwork or out of work,



k

X ik is a set of k explanatory variables and εi is the error term. The

estimated values from this logit regression are saved to predict the likelihood of each
individual becoming employed in the available position, conditional on their socio-economic
characteristics. The coefficients for this regression are displayed in Appendix A4.
Those unemployed are ranked by the likelihood predicted by this regression, with the top
ranking number of individuals changed from unemployed to employed, such that all the
additional individuals to be employed in that ED have been accounted for (e.g. If 20
individuals are to be employed in a region, the top-ranking 20 are changed from being out-ofwork to being in-work). One deviation from the methodology as employed in this chapter and
that of Chapter 7 is the error term is not included in this simulation. Chapter 7 and Morrissey
and O’Donoghue (2011) use the error term to introduce heterogeneity and population
variability when simulating the income for a large numbers of individuals. As this simulation
is being carried out for a limited number of individuals it is preferred that the most likely
probability of employment is used. The industry of work for newly simulated individuals is
then updated to represent the industrial profile of additional employment.
Having simulated employment status and industry, the new level of gross income for that
individual must be simulated. An income generation model is employed to carry this out,
whereby the predicted level of income is estimated based on the individual’s socio-economic
characteristics. This may be estimated in the SILC sample data, however, a level of income
should be simulated that retains the calibrated spatial heterogeneity identified in Chapter 7.
To achieve this, the income generation model is instead generated using the spatially
calibrated SMILE dataset, with a separate regression estimated for each county. The
methodology employed follows the income generation model as proposed by Morrissey and
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O’Donoghue (2011) and employed in Chapter 7 of this thesis. As such, income is estimated
using the following regression specification:
Yi = exp( k X ik +εi)
where Yi is labour market earnings for individual i,

(8.3)



k

X ik is a set of k explanatory

variables and εi is the error term. The predicted coefficients are saved for each explanatory
variable. These values are used to simulate the predicted income for the individuals simulated
as being a wave employee in the previous step. As with the employment calibration, due to
the small population of interest an error term to introduce heterogeneity and population
variability when simulating the income for a large numbers of individuals is not included. As
such, the income of newly employed wave energy workers is simulated according to the
following equation specification;
Yi = exp( k X ik )

(8.4)

A different regression is run for each county, with a sample list of coefficients for a
predominantly rural county (County Mayo) and a predominantly urban county (South
Dublin) displayed in Appendix A5.
A critical facet of this methodology is the assumption that the person selected for
employment is already a resident of the ED chosen and that there is no migration or
displacement. This will have no effect on results in an aspatial context. In a spatial context it
is between-region inequality that is of interest for this analysis. This may be considered as the
change in regional aggregates of income as opposed to changes at the sub-regional, individual
level. Not accounting for migration may lead to a certain degree of attenuation at the
individual level, as individuals simulated as employed may be marginally different to those
chosen should migration be taken into account. However, these differences are minor when
considered in the context of between-region heterogeneity, as additional employment is being
created in the same location, regardless of employee origin. Furthermore, the marginal
change in an alternate ED’s income due to migration out of that ED would be negligible
given the small installation scenario considered. As such, accounting for migration is
desirable but deemed unnecessary given the interest in between-region heterogeneity and
desire for a parsimonious model specification. Similarly, it may be reasonably assumed given
the high rates of unemployment that displacement of existing employment is minimal. If
displacement were to occur, it would be expected that that vacancy would quickly be filled by
an unemployed individual, leading to a net increase of income.
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Finally, it is necessary to model income net of taxes and benefits to determine how the
change in employment results in a change in regional welfare. The distribution of welfare
depends not only upon the distribution of gross income, but also on the level of income net of
the redistribution that occurs due to tax-benefit policy. The tax benefit model employed in
Chapter 7 is used to simulate disposable income for each newly simulated individual. Please
see Chapter 7 and O’Donoghue et al. (2012) for a full overview of the Tax-Benefit model
used in this thesis.
8.2.4 Identify REFIT incidence
The final step in the modelling procedure is to identify the REFIT cost imposed on each
household to finance wave energy deployment. The Renewable Energy Feed-in Tariff
(REFIT) is a guaranteed price paid to all renewable electricity generators. It should be noted
that this is a price floor, whereby public payments are only offered if the market price during
a given trading period is less than the agreed minimum price. The total government subsidy
required in any one year is thus subject to the average market price of electricity, as a higher
(lower) average cost of electricity results in a lower (higher) total required subsidy and thus a
lower (higher) imposition on households. The calculation of the household-level REFIT
charge is given in Table 8.7 and will now be outlined.
Devitt and Malaguzzi-Valeri (2011) have calculated the expected total REFIT cost for a
75MW Wave and Tidal installation scenario in 2020, under a number of fuel price levels.
This is converted into the total REFIT cost required for a 125 unit (93.75MW) Pelamis
installation scenario by assuming a constant ratio of subsidisation per MW installed. This cost
is apportioned amongst residential, commercial and household users as part of the annual
Public Service Obligation levy (PSO). This is a flat-rate charge on all electricity users to
finance the REFIT scheme, its predecessor the Alternative Energy Requirement Scheme
(AER) and the financial support of Peat Stations for security of supply purposes (CER, 2011).
Electricity users are delineated according to domestic consumers, small commercial
consumers, and medium/large consumers. The total PSO allocation amongst each consumer
category is based on the proportion of use attributable to each consumer category during the
total of individual peak times of demand (CER, 2011). This is a proxy for the relative burden
each customer category imposes on electricity usage in the Irish system. For the 2011/2012
operating period, domestic customers comprised 44% of total individual peaks, and thus 44%
of the PSO levy was apportioned to this group. This proportion appears to be consistent, as

187

Chapter 8. The Distribution of Socio-Economic Impacts due to Wave Energy Deployment
domestic consumption comprised 43% of the 2010/2011 calculation (CER, 2010); 43% of the
2009/2010 calculation (CER, 2009) and 41% of the 2008/2009 calculation (CER, 2008).
Thus, household-level charges are calculated by apportioning 44% of the total wave energy
REFIT requirement amongst 1,462,296 permanent Irish households in Census 2006 to give
an annual charge of €9.74 per household. To take into account the fact that this value is
uncertain in the future, the impact is calculated by assuming a constant cost for the 15 years
of operation, and by assuming a constant rate of decline over the 15 year period. Doing so
allows for changes in the degree of future REFIT values to be taken into account for our
analysis. Huber et al. (2007) have employed a 5% rate of annual decline when assuming
future REFIT requirements. A similar rate of decline is thus used for this analysis, alongside
a 10% annual decline as a lower bound. Used in conjunction with the alternate fuel scenarios
of Devitt and Malaguzzi-Valeri (2011), a range of potential future REFIT costs are evaluated
to consider many REFIT cost eventualities.
Table 8.6 outlines the calculation of 15 year REFIT requirement per household, whereby
values are given as present value, with future costs discounted according to a 6% rate of time
preference. One can see that the total annual cost comes to €10.83-€9.10 per household, per
annum. The total discounted 15 year cost is particularly sensitive to the fuel price and annual
rate of decline and, as such, examination of a number of scenarios allows for a more
comprehensive assessment of potential outcomes.
Table 8.6: Calculation of Household REFIT Incidence
National level

Household level

Fuel
Price
Scenario

REFIT Total

REFIT
Total

Domestic
Share

Single
Year

15 year

75MW

93.75MW

44%

Per
Annum

Constant
REFIT

Low

€28.8m

€36m

€15.84m

€10.83

€111.51

5%
Annual
Decline
€84.20

Med

€25.9m

€32.375m

€14.245m

€9.74

€100.28

€75.72

€58.99

High

€24.2m

€30.25m

€13.31m

€9.10

€93.70

€70.75

€55.12

15 year

15 year
10%
Annual
€65.59

Note: This table illustrates how values calculated by Devitt and Malaguzzi-Valeri (2011) are adapted to household level
costs. REFIT total for 75MW is the total aggregate cost calculated by Devitt and Malaguzzi-Valeri (2011). This is scaled
assuming a constant share per MW to 125 unit (93.75MW) Pelamis REFIT support. Census 2006 documents 1,462,296
permanent households in the State in 2006 (CSO, 2006). The household-level charge is calculated as the total domestic share
divided by the number of households in the state. Discounted sums are calculated by assuming a 6% discount rate.

Finally, some households are beneficiaries of a ‘Household Benefits Package’ from the
Department of Social Protection (Department of Social Protection, 2012). Under this
package, the PSO levy is paid by the state on behalf of the householder. All individuals aged
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70 or over are automatically eligible. Other eligible persons include those under the age of 70
who are living alone and in receipt of disability benefit, invalidity pension, blind person’s
pension, incapacity supplement, workmen's compensation or disablement pension.
Individuals under the age of 70 who qualify but are not living alone are entitled to the
household

benefits

package

if

cohabitants

also

qualify,

or

are

dependent

children/incapacitated persons. SMILE contains information on such socio-economic benefits
and allows for this benefits package to be accounted for by assuming that all qualifying
households do not pay the REFIT charge as calculated in Table 8.6.

8.3.

Results I: Incidence of REFIT Cost

The first goal of this chapter was to provide a distributional insight into the cost imposed on
Irish households to finance wave energy deployment. This section carries this out using the
calculated 15 year discounted sum of €100.28. Figure 8.1 analyses the spatial distribution of
cost by calculating the total absolute change in equivalised household disposable income38 by
ED required to finance wave energy installations totalling 125-unit (93.75MW) capacity.
This is calculated after the household benefits package is taken into account. REFIT is
charged as a flat rate on each household regardless of electricity usage and thus absolute
changes in ED income are a function of population density and whether a household is a
beneficiary of the benefits package. Areas characterised by a darker shade pay a greater
absolute amount to finance the household component of the REFIT charge. As one would
expect, the greatest change in ED income occurs in the population centres of Dublin (East
Coast), Cork (South Coast), Limerick (Mid-South West) and Galway (West). Alongside these
cities, clusters of high absolute change are located in areas corresponding to other county
towns throughout the country. To aid interpretation of these results, a colour-coded profile of
each deployment site and Irish county list is offered in Appendix A6.

38

Equivalised disposable income is the total income of a household (after tax and other deductions) that is
available for spending or saving, divided by the number of household members converted into equalised adults.
Household members are equalised or made equivalent by weighting each according to their age, using the socalled modified OECD equivalence scale. The first adult is given a weight of 1, subsequent adults are given a
weight of 0.5 and children are given a weight of 0.3 (OECD, 2012)
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Figure 8.1: Change in Total ED Equivalised Disposable Income due to REFIT
(Normalised as a Percentage of Total National Change).
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Note: Figures displayed are normalised as a percentage of the total national-level change. Darker shades thus
indicate a greater absolute change in ED income as a result of REFIT levy. The REFIT levy for 125-unit wave
energy device deployment is calculated as the portion of the PSO levy applicable to wave energy devices for the
medium fuel price scenario and assuming constant future cost, as calculated in Table 8.6. Discounted and
summed over 15 years of operation, this value totals €100.28 per household. Households eligible for the
household benefits package are exempt from the REFIT charge and their disposable income remains unchanged
in this figure. Equivalised Disposable Income is income adjusted to account for differences in household size
(OECD, 2012b). References to disposable income in this chapter refer to equivalised disposable income.
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The added power of using a spatial microsimulation model is realised when one considers the
incidence of cost relative to a measure of welfare. For the purposes of this analysis,
equivalised household disposable income is employed as such a measure. Figure 8.2
illustrates the average percentage change in equivalised household disposable income by ED
to demonstrate the extent of the financial burden on sub-county spatial groups. This is
calculated post-household benefits package. The lighter (darker) regions indicate a lower
(higher) reduction in average household income, and thus a less (more) burdensome impact.
The distinct spatial pattern identified in Figure 8.1 is less evident in Figure 8.2. Much of this
may be attributable to the redistributive effect of the household benefits package which
reduces the proportional incidence on less wealthy areas. However, closer inspection reveals
that a rural/urban divide does still exist, whereby a higher number of light coloured areas are
evident in the hinterland of the urban centres of Dublin, Cork and to a lesser extent Limerick.
It can be seen that REFIT imposes a greater financial burden on large portions of west Mayo
(North-West), Donegal (North) the midlands and south east of the country.
As such, one can see from Figure 8.1 that the majority of the REFIT payment is funded by
imposing a cost on inhabitants of urban centres located around the Greater Dublin area, Cork
and Limerick. Although this illustrates that the absolute REFIT incidence in rural areas is not
as great as that in urban areas, Figure 8.2 demonstrates that the burden of this cost, that is the
cost relative to income, is greater amongst rural regions. This pattern is not as clear as that
relating to the absolute change in regional income, indicating that the household benefits
package may have been effective in limiting the relative reduction in income for many areas
characterised with lower income. However, this section has shown how an unequal spatial
incidence of cost persists despite the existence of the household benefits package, with a
greater proportional cost imposed on rural areas in the north, west, south east and south west.
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Figure 8.2: Proportional Change in Average Household Disposable Income by ED as a
result of Household REFIT Charge
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Note: Results are displayed in terms of equivalised disposable income. This figure displays the proportional
change in the average household disposable income by ED. This is calculated as the change in each ED’s
average household disposable income as a result of REFIT cost of €100.28, measured as a proportion of average
pre-REFIT ED income. Households eligible for the household benefits package are exempt from the REFIT
charge and their disposable income remains unchanged in this figure. To aid interpretation of these results, a
colour-coded profile of each deployment site and Irish county list is offered in Appendix A6.
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8.4.

Results II: Distribution of REFIT Employment Benefit

The second aim of this chapter was to identify the distribution of first-round employment
impacts as a result of the assumed 125-unit deployment scenario. This section will first list
employment impacts by industry and region. These effects will then be analysed at the subcounty and micro level.
A breakdown of FTE employment by constituent activity for the assumed 125-unit
installation scenario is displayed in Table 8.7. One can see that the majority of additional
employment may be attributed to primary device manufacturing activities. Other significant
employment drivers associated with this deployment scenario include WEC device
installation, provision of infrastructure and civil construction activities. From these findings,
one can see that in order to reap employment benefits of WEC deployment, capacity to
accommodate manufacturing activity is of great importance. Activities such as on-site civil
construction, project management, O&M and other ancillary services such as environmental
surveys provide a low level of additional employment in comparison.
Table 8.7: Full-time Equivalent (FTE) Employment by Activity
Primary Activity
Mooring Manufacture
Mooring and WEC Device Installation
Steel
Power Conversion Module Manufacture
Environmental Surveys
Resource Assessment
Markers/Buoys
Camera and Communications. Equipment
Radar Station
Radar Station Power Supply
Onshore Sub Site Procurement, Landscaping, Construction, Office Rental
Hardstanding /Pier/Slipway Facilities
Project Management and PR
Ancillary Boat Hire
Licencing and Planning Application
Onshore Grid Connection
Cable Installation
Cable Purchase
Offshore Substations
Operation and Maintenance
Total
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FTE
223.4
201.2
574.8
250.1
19.0
3.7
9.2
0.7
1.7
2.1
27.8
9.4
9.4
2.3
0.7
27.2
8.7
23.6
17.6
12.5
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The additional FTE employment quoted in Table 8.7 is broken down by region in Table 8.8.
One can see that much of the added activity is located at the deployment sites of Belmullet,
Co. Mayo; Killard Point, Co. Clare and the Dingle Peninsula, Co. Kerry (Please See
Appendix A6 to identify these locations). This activity primarily consists of onshore civil
work, operations and maintenance activities and local infrastructural upgrade. Aside from
these locations, a great deal of additional employment is located at Letterkenny, Co.
Donegal39 and Waterford City (Co. Waterford)40, where it is assumed that steel component
manufacture will take place. These locations contain companies which are best served to
manufacture steel components whilst also being located near a suitable dock, a requirement
for deployment (EI and SEAI, 2011; RPS, 2009). Although current capacity of Irish industry
may not be of a standard to accommodate such steel manufacture (RPS, 2011), it is assumed
that capacity is augmented at these locations to serve this demand in order to identify the
benefits of such potential capacity expansion. Galway, Cork and Dublin each serve the
manufacture and installation of mooring systems and the provision of electronic equipment.
Surveying work is carried out by a wide range of companies, primarily located in Galway,
Cork and Dublin, with further companies located in Cavan, Ballina (Co. Mayo) and
Tipperary. There is also considerable employment in Killybegs, Co. Donegal to serve
maritime activities such as the provision of marine vessels, participation in installation
activities, communications equipment, moorings and navigation aids. Killybegs, Galway and
Cork all contribute local vessels towards the installation of devices and moorings. Companies
located in Sligo and Dublin provide project management and public relations services.
Despite a considerable degree of local supply, one can see that a great deal of the generated
employment is imported from the UK and abroad. This employment is used in the
manufacture and installation of Pelamis power conversion modules, export cable and offshore
substations.

39
40

Co. Donegal is in the northwest of the country. Letterkenny is in central Donegal
Co. Waterford is on the southeastern seaboard. Waterford City is near the coast.
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Table 8.8: Spatial Distribution of Additional FTE Employment
Location
Cork City, Co. Cork

FTE

Waterford City, Co. Waterford
Letterkenny, Co. Donegal
Killybegs, Co. Donegal

255
319
178

Galway City, Co. Galway

131

Belmullet, Co. Mayo
Dingle Peninsula, Co. Kerry
Killard Point, Co. Clare
Dublin City, Co. Dublin

24
27
28
21

Tipperary
Sligo, Co. Sligo
Ballina, Co. Mayo
Cavan
UK and Abroad

3
3
4
4
300

Total

1425

128

Activities
Environmental Survey, WEC Device Installation
Mooring Installation, Electronic Equipment
Provision, Boat Hire
Steel Manufacture
Steel Manufacture
Boat Hire, Device Installation, Mooring Installation,
Electronic Equipment Provision
Environmental Survey, Mooring Manufacture and
Installation, Electronic Equipment Provision, Boat
Hire.
Onshore Civil Engineering; Operation, Maintenance
Onshore Civil Engineering, Operation, Maintenance
Onshore Civil Engineering, Operation, Maintenance
Environmental Survey, Electronic Equipment
Provision, Project Management, Public Relations

Environmental Survey
Project Management
Environmental Survey
Environmental Survey
PCM Manufacture, Export Cable Manufacture and
Installation, Offshore Substation Manufacture and
Installation

The effect that this additional employment has on county-level equivalised disposable income
is displayed in Table 8.9. In this deployment scenario, a great deal of manufacturing activity
in Co. Waterford has led to a large increase in that region’s income, along with neighbouring
counties such as Carlow, Kilkenny and Wexford. Similarly, the concentration of activity in
Killybegs and Letterkenny has also resulted in a great deal of additional income in Co.
Donegal, with spillover employment in neighbouring counties of Sligo Leitrim and Cavan.
Although Galway and Cork have added employment of similar magnitudes, one can see that
this has a greater impact on regional welfare in Galway than in Cork, as this is a city of a
smaller population and lower general rates of disposable income. Alongside this, one can see
that a greater proportion of additional employment in Co. Galway occurs in Co. Galway,
indicating a greater dispersion of benefit than in Cork. This pattern demonstrates clearly the
importance of manufacturing activities in contributing towards regional development.
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Table 8.9: Proportional Change in Disposable Income due to Wave Energy-related
Employment at the County-level.
County
Donegal
Waterford City
Waterford County
Galway City
Cork City
Galway County
Kilkenny
Clare
Mayo
Cork County
Kerry
Tipperary South
Sligo

Proportional Change
0.48061%
0.37799%
0.15571%
0.13192%
0.07026%
0.05425%
0.04483%
0.04439%
0.04089%
0.03704%
0.02072%
0.01857%
0.01283%

County
Wexford
Cavan
Carlow
Leitrim
Dun Laoghaire-Rathdown
Fingal (North Dublin)
Limerick City
Limerick County
Louth
South Dublin
Dublin City
Wicklow

Proportional Change
0.01029%
0.00988%
0.00855%
0.00729%
0.00380%
0.00341%
0.00306%
0.00158%
0.00156%
0.00150%
0.00140%
0.00099%

Note: For the purposes of this analysis, county refers to the 34 local authorities delineated above. Income
changes are calculated as the change in equivalised disposable income by county, measured as a proportion of
the total level of equivalised disposable income for that county, pre-wave energy deployment.

Further insight into the impact on the spatial distribution of income may be ascertained by
analysing this effect at the sub-national level. This is illustrated in Figure 8.3, where the
spatial distribution of additional market income is outlined. The darker colours indicate the
regions where the greatest absolute increase in household income is experienced. A clear
pattern of additional income surrounding the immediate hinterland of key towns in the west
and northwest may be observed, attributable to the additional employment in Letterkenny,
Killybegs, Galway and each deployment site. Further centres of development may be seen
along the south and southeast, surrounding the cities of Cork and Waterford respectively.
The pattern of ED-level income change reflects the likely commuting patterns of potential
employees. The tightly knit pattern of additional employment suggests that most of the
additional employees are located in the immediate urban area of respective employment sites.
There are a number of isolated EDs of employment, representing individuals commuting
from isolated rural areas and neighbouring cities further afield, however these are relatively
few. This pattern indicates that the spatial distribution of benefit is closely clustered around
the urban centres of primary economic activity. Although 21 FTE jobs were created in
Dublin, this benefit is dispersed across a much wider area, illustrated by the dispersed light
coloured regions in the eastern portion of Figure 8.3. This is attributable to the more
dispersed pattern of commuting associated with this large urban centre.
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Figure 8.3: The Spatial Distribution of Additional Disposable Income due to Wave
Energy Related Employment

0%
0% - 0.093%
0.093% - 0.195%
0.195% - 6.27%

0

20

40

80 Kilometres

µ

Note: Figure illustrates the spatial distribution of additional equivalised disposable income by ED, normalised as
a percentage of the total country-wide additional disposable income. To aid interpretation of these results, a
colour-coded profile of each deployment site and Irish county list is offered in Appendix A6.
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Figure 8.4 displays the proportional change in the total household disposable income for each
ED as a result of employment benefit arising from WEC deployment alone. A pattern similar
to that observed in Figure 8.3 is observed in Figure 8.4. One can see that although Figure 8.3
demonstrated a great deal of added income to urban regions such as Cork, Galway and
Dublin, this impact is of a lesser magnitude than more rural areas when considered relative to
local incomes. This is primarily due to the fact that these areas have a greater population
density, more dispersed commuting patterns (giving a higher dispersion of additional income
which results in a lower effect on each region’s income) and the already higher average rate
of household disposable income.
One can see that the regions that benefit the most relative to their pre-existing levels of
welfare are the areas of Donegal, Waterford and the deployment sites. Although the
deployment sites offer a great deal of added income relative to pre-existing levels, Figure 8.4
demonstrates clearly the limited and isolated nature of this benefit. Furthermore, this analysis
indicates that the extent to which primary site-related activity has a relatively limited impact
on regional development relative to other supply chain services. A key finding of this
analysis is that not allowing for capacity development in manufacturing and installation
activities may not only result in importing the majority of the added employment benefit, but
also importing those services that may have the greatest effect on the spatial distribution of
income.
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Figure 8.4: Proportional Increase in ED disposable Income from 125MW Wave Energy
Deployment
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Note: Figure illustrates the spatial distribution of proportional disposable income change by ED, calculated as a
proportion of pre-Wave, pre-REFIT disposable income. Results are expressed in terms of equivalised disposable
income. To aid interpretation of these results, a colour-coded profile of each deployment site and Irish county
list is offered in Appendix A6.
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This section has shown that primary deployment activities and the provision of steel
components in Letterkenny/Waterford provide the greatest level of additional income. Table
8.9 and Figure 8.4 illustrate that these activities have potential to be located outside of large
population centres, having a greater potential effect on regional income distributions than the
provision of other services. As such, this section has illustrated that a great degree of
potential exists for WEC services to impact on spatial inequality, with capacity building and
the location of manufacturing activity demonstrated to be especially important. This potential
will be tested in the following section by analysing changes in regional income relative to the
cost imposed by the REFIT levy.

8.5.

Results III: Net impact of both cost and benefit

The third goal of this chapter was to determine the net effect of first round benefits and costs
on the distribution of household welfare. This is first analysed by calculating the net change
in household welfare due to the added employment and the immediate cost of REFIT support
for one year alone. As costs outweigh benefits in some regions when the full 15 year
discounted cost is considered, this allows for the pattern of redistribution to be identified
whilst also providing insight into the short run annual burden on households. The net
redistributive effect is then analysed relative to each of the total discounted and summed
REFIT costs outlined in Section 8.2.4.
Figure 8.5 presents the change in disposable income at ED-level, displayed as a proportion of
disposable income before both REFIT costs and employment benefits are taken into account.
This is calculated relative to the REFIT cost of €9.74, assumed to be the household-level
charge for one year under a medium fuel price scenario. Analysing the distribution of income
change relative to one year’s cost allows regions of benefit to be clearly identified without
being overshadowed by reductions in ED income due to the full imposition of cost. The
yellow/red shades illustrate a net percentage reduction in ED disposable income, whilst the
blue shades illustrate a net increase in ED disposable income. Darker shades indicate a
greater degree of income reduction/increase.
Analysing the pattern of income change, it is clear from this analysis that economic activity
carried out at wave energy deployment sites (blue shaded regions in western/south western
coastal areas) occurs where REFIT cost comprises a greater share of household disposable
income (see Figure 8.2). These are also regions that contribute less in terms of absolute
REFIT contributions, as indicated by Figure 8.1. Analysing the results of Figure 8.5 in the
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context of the trend previously illustrated in Figures 8.1 and 8.2, one can see that REFIT
policy to support primary ‘on-site’ economic activity has redistributed income from areas
with higher levels of equivalised disposable income to areas with lower equivalised
disposable income.
This pattern is emphasised when one observes that EDs in the immediate vicinity of those
that benefit from the added employment are of a darker shade, indicating a greater
proportional cost due to the REFIT levy. This pattern is true for Co. Donegal in the northwest
and Co. Waterford in the Southeast. Indeed, almost the entire county of Donegal experiences
a high degree of additional disposable income. Those EDs in Donegal that do incur a welfare
increase are amongst those for whom REFIT imposes a proportionally greater burden.
Outside of primary deployment sites and areas assumed to participate in manufacturing
activity (Donegal and Waterford), it can be seen that areas of dark blue coincide with areas of
less incidence of cost as they are surrounded by areas of lighter yellow and white. This is due
to the location of other manufacturing and service industries in cities of Cork, Dublin and
Galway. Thus, it can be seen that if device manufacturing activity were to occur in Ireland, it
has potential to occur in areas for which the REFIT cost imposes the greatest burden but a
lower absolute incidence, indicating that income may be transferred from urban centres to
these areas. For all other supply chain production activity and services, the deployment of
wave devices is predominantly benefitting areas for which REFIT cost does not bear as great
a proportional burden. This is especially evident with regard to proportional change in ED
income observed in urban centres in the west (Galway) and south (Cork).
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Figure 8.5: Net proportional change in ED-level disposable income as a result of
additional employment and one year REFIT Cost
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Note: Figure displays the change in ED disposable income after both REFIT cost and employment benefit. This
is measured as a proportion of pre-REFIT, pre-employment ED disposable income. Results are expressed in
terms of equivalised disposable income. To aid interpretation of these results, a colour-coded profile of each
deployment site and Irish county list is offered in Appendix A6.
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Having analysed the spatial pattern of income redistribution relative to the cost for one year,
the next focus of analysis is to determine the net effect incorporating the full 15-year
discounted REFIT cost. Figure 8.6 carries this out for the medium fuel price scenario under
the three assumed scenarios of constant REFIT requirement, 5% annual decline and 10%
annual decline. Each map displays change according to the same income quantiles (specified
according to their respective distributions) where one can see that a similar pattern of
redistribution is observed for all scenarios. One can deduce from these findings that the
distributive effect of combined REFIT and wave energy deployment is insensitive to the
range of REFIT scenarios considered, with areas of net benefit/cost largely remaining
unchanged between scenarios. However, the absolute change in ED income is sensitive to the
assumed rate of REFIT cost.
One can see that much of the regional benefits in Galway, Cork and Dublin are outweighed
by the costs imposed on these regions. This trend may be attributable to the greater number of
households within these regions, with the sum of disposable income reductions as a result of
REFIT policy outweighing the sum of disposable income benefit as a result of additional
employment. Although regions of net benefit still persist at the deployment sites, Donegal
and Waterford, it can be seen that portions of this are mitigated by the imposed costs. This
trend illustrates clearly how positive effects accruing from regional employment are
undermined by the regressive nature of the scheme through which they are financed, with
only concentrated levels of activity providing a means by which a net regional benefit is
realised.
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Figure 8.6: Identifying the Pattern of Income Redistribution: Net Proportional Change of ED-level Disposable Income due to Additional Employment
and 15 Year REFIT Cost
Medium Fuel Price Scenario with Constant REFIT
requirement per annum
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Medium Fuel Price Scenario with 10% decline in
REFIT requirement per annum
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Note: The figures above display the same distributional pattern, but the absolute change differs, noted by the legend intervals. The first two legend intervals represent the income change bound
by the first/second and second/third quintiles, respectively. The third integer represents the interval between the third quintile and zero. The final two integers split EDs with positive income
change according to those less than or greater than 0.15% increase in income. Results are expressed in terms of equivalised disposable income. To aid interpretation of these results, a colourcoded profile of each deployment site and Irish county list is offered in Appendix A6.
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Although this visual analysis provides good insight into the net impact, one must quantify the
effect to provide a conclusive analysis. To do so, a metric of spatial inequality may be
employed. Following the approach employed in Chapter 7, the Iα class of generalised entropy
indices are employed to quantify how the preceding impacts affect both overall and betweenregion inequality. The I1 index is employed to carry this out. Total I1 measured income
inequality may be defined as;

I1 ( y) 
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(8.5)

This may be decomposed to between-region and within-region inequality;
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where  i is the household disposable income for household i;  is the mean household
disposable income for the entire population; S j is the population share of EDj and  j is the
mean household disposable income for EDj. The first term of (8.6) in square brackets
represents between-region inequality.
Using equation (8.6), it is found that between-region inequality falls in all scenarios, by
0.19% to 0.34% less than between-region inequality before added employment and REFIT
cost. Table 8.10 presents the change in total inequality, calculated by equation (8.5). One can
see that a net increase in total inequality is observed, as the within-region component of
income inequality increases to a greater extent than the reduction of between-region
inequality. This is due to the regressive effect of the REFIT charge being of much greater
magnitude than the positive effect of wave energy employment. Interpreting both in the
context of overall inequality, it is found that reductions in between-region inequality result in
total income inequality falling by 0.006-0.010%, whilst the net impact of REFIT and wave
energy employment leads to a net increase in total income inequality by 0.10% to 0.27%.
Overall, these findings suggest that the additional employment attributable to wave energy
device deployment has potential to reduce between-region inequality. However, this positive
impact is outweighed by the regressive effect of the REFIT charge.
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Table 8.10: Net Change in Income Inequality under Different Scenarios of Annual
REFIT Requirement and Fuel Price Growth
Annual REFIT Requirement

Constant 5% Annual Decline 10% Annual Decline

Low Fuel

+0.27292%

+0.19351%

+0.13518%

Medium Fuel

+0.24080%

+0.16679%

+0.11448%

High Fuel

+0.22048%

+0.15140%

+0.10336%

Note: Table 8.10 displays the percentage change in I1-measured total inequality proportional to total inequality
before REFIT and additional employment. Annual REFIT Requirement represents the assumption regarding
future REFIT values, as outlined in Section 8.2. ‘Constant’ assumes the REFIT required to finance 15 years of
WEC operation is constant throughout the lifetime of the plant; 5% and 10% annual decline assume the REFIT
requirement falls by 5% and 10% per annum respectively. These requirements are calculated for three 2020 fuel
scenarios, outlined in Section 8.2.

So far, this analysis has shown how wave energy policy affects the spatial distribution of
welfare and income inequality. However, the winners and losers of this policy have not been
identified. Tables 8.11 and 8.12 respectively quantify the winners and net winners/losers as a
result of wave energy deployment, determined according to the net changes in membership of
different income groups.
Table 8.11: Change in Household Income Distribution due to Wave Employment Alone:
Initial Scenario
Household Income Quintile

Proportional Change in Membership of this Income Quintile

1 (Low)
2
3
4
5 (High)

-0.066%
-0.072%
-0.013%
+0.056%
+0.095%

Results in Table 8.15 display the proportional change in households in household income quintiles, defined as
those income thresholds that evenly split the pre-wave energy deployment income distribution. Results are
expressed in terms of equivalised disposable income.
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Table 8.12: Net Change in Distribution of Household Income after both Wave
Employment and REFIT Cost: Initial Scenario
Quintile

Low Fuel

Med Fuel

High Fuel

Constant

5%

10%

Constant

5%

10%

Constant

5%

10%

1 (Low)

+1.33%

+1.15%

+0.61%

+1.29%

+0.72%

+0.58%

+1.21%

+0.65%

+0.55%

2

-0.76%

-0.73%

-0.35%

-0.74%

-0.34%

-0.35%

-0.70%

-0.30%

-0.34%

3

-0.05%

-0.01%

+0.07%

-0.06%

-0.01%

+0.05%

-0.07%

+0.01%

+0.06%

4

-0.23%

-0.24%

-0.20%

-0.25%

-0.22%

-0.17%

-0.24%

-0.22%

-0.17%

5 (High)

-0.30%

-0.17%

-0.13%

-0.24%

-0.15%

-0.11%

-0.21%

-0.14%

-0.10%

Results in Table 8.11 display the proportional change in households in household income quintiles, defined as
those income thresholds that evenly split the pre-wave energy deployment income distribution. Results are
expressed in terms of equivalised disposable income.

Table 8.11 demonstrates how a great deal of mobility between income quintiles occurs, with
the majority of households moving from the bottom two quintiles into the top two income
quintiles as a result of wave energy employment. Table 8.12 demonstrates how positive
impacts are of a much lesser magnitude than negative impacts. One can see that membership
of 4th and 5th income quintiles in Table 8.12 falls in all circumstances, despite the increase in
membership identified in Table 8.11. In some cases, the proportion of individuals that move
out of the upper quintiles is 3-4 times greater than the proportion of individuals that move
into these quintiles. One can see that for all REFIT scenarios, households in lower income
groups bear the greatest cost of WEC deployment. Indeed, the net impact of this policy
regime results in the number of households in the lowest quintile increasing by 1.33%-0.55%
whilst those in the upper quintiles (4-5) fall by a much lower quantity, in the order of 0.30% 0.10%. Alongside this, the numbers in the middle income group show little change, reflecting
mobility both in (from the 4th quintile downwards) and out (3rd quintile to 2nd quintile) of this
income category. In certain circumstances movement into this quintile from the 4 th quintile is
greater, resulting in a positive value being observed.
The findings of this section give greater insight into how the negative effect of REFIT
overwhelms the positive employment effect. Although the household benefits package may
play a role in reducing the regressive effect of REFIT policy, these findings provide evidence
to motivate a more progressive means by which the employment benefits of wave energy
deployment may be achieved. In-depth analysis of the most progressive potential REFIT
financing option is outside the scope of this paper. However, the sensitivity of these spatial
and micro-level distributional effects to different deployment scenarios may provide further
evidence for this debate. The following section presents such an analysis.
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8.6.

Results IV: Alternate Scenario of Additional Irish Employment

The results presented in Section 8.5 represent but one scenario where Irish industry may
serve a future wave energy supply chain. The precise extent to which regional welfare
distributions may change is unknown, however. This section presents an alternative scenario,
whereby Irish industry is developed to a greater degree. This allows the examination of the
net redistributive effect under an optimistic development scenario, whereby all primary
employment is located in Ireland. This scenario is chosen to allow the sensitivity of results to
differences in both the extent of employment impacts, and difference in spatial pattern of
deployment, to be elicited.
8.6.1 Scenario Outline
It has been suggested that Power Conversion Modules may be manufactured in Ireland as
opposed to being imported (RPS, 2009). Alongside this, the transport of export cable from
abroad presents a potential logistical limitation in cost effective deployment, whilst supply
chain ‘bottlenecks’ in the manufacture of cable represents a potential constraint to industry
development (Wavepalm, 2009). To account for the large-scale manufacture of these
components in Ireland, this scenario considers the additional employment as a result of the
operation of a bespoke facility.
It is assumed that such a bespoke facility must be established near a coastal port to allow for
easy deployment (RPS, 2011). This facility will comprise the manufacture of PCM, Offshore
Substation, Cable and Steel components. Cable installation activities will also operate from
this facility, which is assumed to be located at the Foynes port in the Shannon estuary. This
has been cited as a site with good potential to serve future wave energy development and
deployment (RPS, 2011). It should be noted that the co-location of steel with PCM
manufacture removes the additional employment that is generated from the Letterkenny and
Waterford regions. It is assumed that vacant premises are used or pre-existing premises are
expanded to cater for this activity, allowing for the analysis to focus on the employment
created due to WEC-related activities alone. The updated spatial profile of FTE employment
for the alternate scenario is outlined in Table 8.13.
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Table 8.13: Spatial Distribution of Additional FTE Employment Optimistic
Development Scenario
Location of Work

FTE

Activities

Bespoke Facility at Rathkeale, Co.
Limerick at the Shannon Estuary

874

Cork City, Co. Cork

128

Killybegs, Co. Donegal

178

Galway City, Co. Galway

131

Belmullet, Co. Mayo
Dingle Peninsula, Co. Kerry

24
27

Killard Point, Co. Clare

28

Dublin City, Co. Dublin

21

Sligo, Co. Sligo
Ballina, Co. Mayo
Cavan
Tipperary
Letterkenny, Co. Donegal
Waterford City, Co. Waterford

3
4
4
3
0
0

Steel Manufacture, PCM Manufacture, Offshore
Substation Manufacture, Cable Manufacture and
Installation
Environmental Survey, WEC Device Installation
Mooring Installation, Electronic Equipment
Provision, Boat Hire
Boat Hire, Device Installation, Mooring Installation,
Electronic Equipment Provision
Environmental Survey, Mooring Manufacture and
Installation, Electronic Equipment Provision, Boat
Hire
Onshore Civil Engineering; Operation, Maintenance
Onshore Civil Engineering, Operations,
Maintenance
Onshore Civil Engineering, Operations,
Maintenance
Environmental Survey, Electronic Equipment
Provision, Project Management, Public Relations
Project Management
Environmental Survey
Environmental Survey
Environmental Survey
Steel Manufacture
Steel Manufacture

Figure 8.7 displays the net distribution of income under the central fuel price and constant
REFIT scenario where the change in pattern for net benefit may be observed. One can see
that areas of net benefit are located along the deployment sites, Killybegs (south Donegal)
and at the Shannon Estuary (east). Urban areas receive a smaller proportion of benefit, as
once again the benefits for regions such as Cork, Galway and Dublin are overshadowed by
the concentration of individuals incurring REFIT cost. Finally, one can see that this
development has shifted much of the economic benefit from Ireland’s smaller urban centres
of Letterkenny and Waterford to one single location on the western seaboard.
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Figure 8.7: Net Spatial Distribution of Disposable Income Change under Optimistic
Scenario
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Note: Figure displays the change in ED disposable income after both REFIT cost and employment benefit. This
is measured as a proportion of pre-REFIT, pre-employment ED disposable income. Results are expressed in
terms of equivalised disposable income. To aid interpretation of these results, a colour-coded profile of each
deployment site and Irish county list is offered in Appendix A6.

210

Chapter 8. The Distribution of Socio-Economic Impacts due to Wave Energy Deployment
Tables 8.14 and 8.15 present the change of income relative to pre-deployment distributions as
a result of this scenario. The general trend observed is similar to that from the preceding
scenario of Section 8.5. Of particular interest is the fact that there are 0.013% fewer
households in the bottom quintile and 0.012% fewer individuals in the middle quintile than in
the previous scenario, whilst the upper quintile has grown by 0.025%. Given this trend, one
may deduce that this additional employment primarily transfers those from low and middle
income groups to high income groups.
Table 8.14: Change in Household Income Distribution due to Wave Employment Alone:
Alternate Scenario
Household Income Quintile

Proportional Change in Membership of this Income Quintile

1 (Low)
2
3
4
5 (High)

-0.079%
-0.078%
-0.025%
+0.062%
+0.120%

Results in Table 8.15 display the proportional change in individuals in household income quintiles, defined as
those income thresholds that evenly split the pre-wave energy deployment income distribution. Results are
expressed in terms of equivalised disposable income.

Table 8.15 shows that this is still outweighed by the cost imposed to all others, with great
downward mobility observed once again amongst low income quintiles. Table 8.15 shows a
similar pattern to Table 8.12, with observed changes in income groups falling/rising
marginally less to reflect the additional employment of this scenario. It can be seen that the
growth of the 3rd quintile is less under this scenario, reflecting the upward mobility of
members of this group to the upper quintile as a result of becoming employed.
Table 8.15: Net Change in Distribution of Household Income after both Wave
Employment and REFIT Cost: Alternate Scenario
Household
Income
Quintile
1 (Low)

Low Fuel

Med Fuel

High Fuel

Cons.

5%

10%

Cons.

5%

10%

Cons.

5%

10%

+1.32%

+1.14%

+0.59%

+1.27%

+0.70%

+0.57%

+1.20%

+0.64%

+0.54%

2

-0.76%

-0.73%

-0.35%

-0.75%

-0.35%

-0.35%

-0.71%

-0.31%

-0.35%

3

-0.06%

-0.03%

+0.06%

-0.07%

-0.02%

+0.03%

-0.08%

0.00%

+0.05%

4

-0.22%

-0.24%

-0.19%

-0.24%

-0.21%

-0.16%

-0.23%

-0.21%

-0.17%

5 (High)

-0.27%

-0.15%

-0.11%

-0.21%

-0.12%

-0.09%

-0.18%

-0.12%

-0.08%

Results in Table 8.15 display the proportional change in individuals in household income quintiles, defined as
those income thresholds that evenly split the pre-wave energy deployment income distribution. Results are
expressed in terms of equivalised disposable income.
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The effect that this alternate scenario may have on income inequality is analysed in Table
8.16. A pattern of net inequality, similar to the previous scenario, is observed. The degree of
total income inequality is 0.0016%-0.0009% less than the previous scenario, due to the
additional employment generated. This incremental change gives insight into the lower
magnitude that each unit of employment benefit has relative to its imposed cost. Alongside
this trend, this development scenario has less benefit to the spatial distribution of Irish
income than the scenario of Section 8.5, as the reduction in between-region inequality ranges
from -0.013% to -0.14%, falling by 0.18 percentage points from the preceding scenario. As
the preceding scenario reduced between-region inequality by -0.19 to -0.34%, this is a
considerable reduction. This finding quantifies the extent to which the expansion of existing
services provides a more spatially equitable pattern of welfare change than the co-location of
services at a bespoke facility.

Table 8.16: Change in total income inequality for the alternate deployment scenario
displayed as a proportion of initial income inequality.
Annual REFIT Requirement

Constant

5% Annual Decline

10% Annual Decline

Low Fuel

0.27127%

0.19224%

0.13412%

Medium Fuel

0.23933%

0.16562%

0.11347%

High Fuel

0.21910%

0.15028%

0.10237%

Note: Table 8.14 displays the percentage change in I1-measured total inequality proportional to inequality before
REFIT and additional employment. ‘Constant’ assumes the REFIT required to finance 15 years of WEC
operation is constant throughout the lifetime of the plant; 5% and 10% annual decline assume the REFIT
requirement falls by 5% and 10% per annum respectively. These requirements are calculated for three 2020 fuel
scenarios, outlined in Section 8.2.
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8.7.

Conclusion

It has been the purpose of this chapter to identify the distribution of socio-economic costs and
benefits resulting from wave energy deployment policy. The results of this analysis provide
information to inform policy-makers as to the likely distribution of identified aggregate
impacts.
It has been found that the burden of REFIT is greater in rural areas rather than urban areas,
with areas of the west and midlands bearing the greatest burden of this cost. When comparing
this cost distribution with the spatial distribution of socio-economic benefit, the scenario
considered found that much of the primary deployment and manufacturing activities are
located in areas that incur the greatest burden of cost. The provision of other intermediate
inputs and associated services is found to occur mostly in urban centres for which REFIT cost
imposes a lesser burden. Analysing this pattern suggests that urban centres which provide
component inputs and associated services are those which are the greatest winners as they
receive a share of socio-economic benefit whilst REFIT costs are imposing a lesser burden.
It has been found that although the additional employment benefits are effective in increasing
county incomes (by up to 0.48%, as is the case in Donegal), these positive effects are
cancelled out when one considers the cost being imposed on households. In all considered
scenarios, it is found that more household lose out than gain, with those in lower income
groups losing out to a greater extent.
Alongside this, the effect that added employment may have on between-region inequality was
quantified, net of the imposed REFIT cost. Although a net reduction in between-region
inequality was observed, this was less than the overall increase in inequality as REFIT cost
led to an increase in within-region inequality. A sensitivity analysis identified how these
effects may change under different magnitudes and spatial distributions of additional
employment.
A number of policy conclusions may be drawn from this analysis. First, these findings backup policy claims that employment benefit resulting from the deployment of renewable energy
technologies may help alleviate between-region inequality. The degree to which this may
occur has been quantified, where it is found that reductions in spatial inequality achieved by
means of the current REFIT policy is achieved by increasing overall income inequality.
It has been found that capacity development in manufacturing services is of particular
importance in contributing towards regional development, with on-site activity contributing a
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relatively small impact on the spatial distribution of income. Many service activities are
likely to be located in more-developed urban areas, having a minimal impact on spatial
income distributions. Indeed, any positive effect this generated employment may have on
income is cancelled out by the REFIT cost imposed.
As a result of this finding, policy to promote the expansion of existing capacity in less
wealthy areas, as opposed to co-location of all manufacturing activity at a bespoke site, may
result in a greater reduction in spatial inequality, the magnitude of which has been quantified
in this chapter. Further research to analyse how this finding may be reconciled with the
potential economies of scale due to spatial clustering of activities may be a natural extension
of the framework presented.
Furthermore, the analysis presented provides evidence to inform correct financing of
renewable energy technologies that are motivated by building industrial capacity. Assisting
WEC development by means of a regressive flat rate REFIT charge has the potential to
increase inequality to the extent that more people lose out than gain. The extent to which net
losers outweigh the net winners of wave energy policy has been identified by analysing the
mobility of households across income distributions. This analysis suggests that an alternate,
more progressive scheme may be preferable for financing this deployment. This finding has
raised this policy debate, with the results and methodologies presented here providing a
platform to identify a more progressive alternative.
Finally, it should be noted that these findings could not have been elicited using modelling
methodologies traditionally employed in this field, such as regional input-output or analytical
models. This chapter demonstrated how spatial microsimulation may analyse policies
affecting the regional distribution of income through employment creation.
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This chapter will summarise the findings of this thesis in relation to the initial objectives
specified in Chapter 1 and is structured as follows: Section 9.1 will highlight the most
important points and their contribution towards the economic understanding of Wave Energy
Conversion (WEC) device deployment in Ireland. The limitations of these findings are
discussed in Section 9.2 and potential future avenues of research are discussed in Section 9.3.
Finally, some concluding remarks are offered in Section 9.4.

9.1.

Important findings of this thesis

The primary objective of this thesis was to build three modelling frameworks to better
understand the costs and benefits of WEC device deployment within the context of current
Irish policy. Firstly, a probabilistic model of cost analysis has provided greater
interpretational power for uncertain cost estimates quoted in an Irish context. Secondly, a
Real Options model has analysed the decision to deploy WEC devices in a dynamic context.
Finally, a spatial microsimulation model has been developed and applied to assess the
distribution of potential socio-economic impacts.
In Chapter 2, the factors motivating renewable energy deployment were traced from
international commitments through to domestic policy. Within this context, the role
envisaged for WEC devices was outlined, whilst the historical development and current status
of device development was given. This review provided the appropriate market background
and policy context through which the economic trade-off surrounding WEC deployment in
Ireland may be analysed. This economic trade-off was discussed in greater detail in Chapter
3.
Chapter 3 outlined the costs and benefits which must be taken into account when deploying
renewable energy technologies. In many instances, private incentives to maximise
profit/welfare may not be aligned with those that maximise societal welfare. Such a market
failure is present in relation to electricity generation, whereby environmental costs of fossil
fuel-based generation may be external to the private investment decision, leading to a supply
of fossil fuel-generated electricity that is in excess of the social optimum. This has motivated
policy intervention to incentivise the deployment of renewable electricity generating
technologies. The economic trade-off between the relevant costs and benefits of such
deployment was discussed in Chapter 3, with optimal deployment of a WEC technology
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defined. For adequate evaluation of this trade-off, one must have an appropriate definition of
each of these determining cost parameters, and thus this discussion proceeded to outline the
current level of understanding of each economic factor by means of a literature review. This
review highlighted three deficiencies in the current understanding of these economic
parameters which provided the three primary research questions assessed in this thesis.
The first deficiency identified was in relation to the internal costs of WEC device generation.
The wide range of cost estimates present in the literature was discussed, whereby it was
concluded that estimating the likelihood of achieving a given cost estimate would facilitate
more informed policy decisions. Chapter 3 then proceeded to discuss the external costs of
WEC deployment, the foregone cost of alternate fossil fuel-based generation and the external
cost of GHG emission. The dynamic nature of WEC cost-effectiveness, and how it is subject
to change with concurrent fossil fuel and GHG prices was discussed. This review identified
the second deficiency to be addressed by this thesis, whereby a real options analysis was
proposed as a suitable methodology to address the economic trade-off inherent in WEC
deployment in a dynamic context. Finally, Chapter 3 reviewed the literature surrounding the
external socio-economic benefit of WEC deployment. It was identified that a number of
aggregate modelling frameworks have analysed the socio-economic impact at a macro-level,
with the micro-level and spatial distribution of potential socio-economic impacts unknown. It
was thus determined that the third goal of this thesis would be to assess the distribution of
socio-economic impacts amongst individuals, households and regions. A microsimulation
model was deemed the most appropriate tool for carrying out such an analysis. The primary
findings of these research questions will now be discussed in greater detail.
Chapter 4 presented the first contribution of this thesis, addressing the uncertainty
surrounding the internal cost of WEC-based generation, as identified in Chapter 3. A
probabilistic analysis was created to quantify the uncertainty of WEC device cost. Following
the majority of the literature to date, the Pelamis WEC device was used as a case study. A
number of key findings resulted which may inform Irish policy. First, the impact of
uncertainty on the potential variability of cost estimates was demonstrated. It was found that
for the case study considered, the expected cost estimate for a 100-unit steel-based Pelamis
installation came to €0.203/kWh. Although this may represent the most likely value, there is
a 50% chance that costs may be greater than this, given assumed expectations. Given this
potential variability, a Conditional Value at Risk (CVaR) methodology was employed to
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identify a cost value that may be interpreted with considerable certainty and thus provide a
more prudent basis for deployment evaluation. Based on the case study analysed, it was
concluded that a prudent policy should consider a cost of €0.220/kWh in economic appraisal.
Second, WEC feasibility studies are highly context dependent, with spatial and technological
variability limiting the inference of results evaluated with respect to one location being
applied in an alternate location. The benefits of quantified cost uncertainty developed in this
analysis were demonstrated by providing a probabilistic context of achieving a quoted cost
estimate under a given scenario. It was found that there is a 78% probability of achieving
costs less than or equal to those quoted by O’Connor et al. (2013), Teillant et al. (2012) and
Allan et al. (2011b) in the context of the case study of this thesis. These findings improve the
contextual insight to policy makers when interpreting cost estimates for the trade-off
discussed in chapter 3. The third goal of this chapter evaluated the importance of
incorporating cost uncertainty into policy evaluation. After quantifying the likelihood of
achieving different Internal Rates of Return (IRR), it was found that cost variability has
potential to reduce IRR by 2.2-3.2%. In order to achieve an adequate rate of return under
current REFIT policy, it was found that current REFIT rates should be increased to
€0.28/kWh for 100-unit steel-based installations. Alternatively, an adequate return may be
achieved if costs achieve a scaled reduction of 83% for every doubling of capacity, instead of
the expected 90% scaling, under 100-unit steel-based scenario of deployment. The required
rates of learning and associated cost scaling for current REFIT rates were offered, providing
both policy makers and device developers with a set of targets to achieve feasible
deployment, given current policy. Finally, the sensitivity of costs and estimated financial
returns to changes in learning were calculated, providing policymakers and device developers
with an insight into how cost and return expectations should be amended, should observed
technological change deviate from expected values.
Chapter 5 provided the second primary contribution of this thesis, whereby a Real Options
Analysis was developed to analyse cost-effective policy of WEC device deployment. This
was carried out in a dynamic context, where the uncertain progression of future WEC device
cost was compared with uncertain future fuel and carbon costs. Although Real Options
Analysis has been applied in a number of energy market contexts, there are few applications
from the perspective of the policymaker. Furthermore, this analysis comprised the first such
Real Options Analysis to consider the deployment of WEC devices.
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The application of the model developed in Chapter 5 provides three contributions to the
understanding of wave energy deployment in Ireland. First, the time period and expected
market conditions under which cost-effective deployment is likely to take place were
identified. Evaluating results at the mode value of the resulting simulations, it was found that
16-20 years must pass for a policy of wave energy support to be cost effective. For
deployment to occur at this time, concurrent carbon and fuel prices of at least €32/tCO2 and
10.4/GJ must be observed. These are values 81% and 150% greater than assumed present
values respectively.
Second, the cost premium relative to alternate fossil fuel deployment was calculated for each
time period to deployment. It was found that WEC-generated electricity incurs a cost
premium of €0.0976-€0.1006/kWh. This calculation informs the economic trade-off
discussed in Chapter 3 by providing a benchmark of net internal cost/benefit with which
policymakers may evaluate external cost/benefit of deployment during a given time period.
The time period and market conditions for deployment are subject to change should
technological change or market developments deviate from expected trends. As such, the
third contribution of Chapter 5 was to determine the relative influence of each dynamic
process on the cost-competitiveness of WEC devices by means of a sensitivity analysis.
Should deviations beyond expected rates occur, this analysis provides policymakers with the
insight into how expectations should be amended. It was found that changes in the rate of fuel
price and technological change have the greatest influence on the WEC cost premium.
Chapters 6-8 focused on the third research question identified in Chapter 3, the distribution of
socio-economic impacts as a result of wave energy deployment in Ireland. Chapter 6 outlined
the construction of a spatial microsimulation model to facilitate spatially referenced microlevel distributional analyses. The creation of this model incorporated a novel statistical
matching procedure known as ‘Quota Sampling,’ and provides a methodological contribution
towards the spatial microsimulation literature. This model gives a much deeper understanding
of socio-economic impacts at the local level than is available in any other Irish dataset, thus
providing policy-makers with a spatially referenced, micro-level map of welfare, employment
and income. It also allows for the spatial analysis of the impact of socio-economic policies on
individuals and households in Ireland at the very local level. Such detail of analysis, as
Chapter 3 has outlined, is something that has been missing from the energy policy research
agenda.
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Having introduced spatial microsimulation, quota sampling and SMILE in Chapter 6, Chapter
7 continued the description of this model creation process by outlining the validation and
application of SMILE. This chapter outlines the validation procedures required to ensure that
the simulated population is spatially and distributionally representative. Such procedures may
take the form of ‘in sample’ and ‘out of sample’ validation. SMILE has been simulated
according to 2002 and 2006 specifications and to facilitate robust validation, SMILE 2002 is
simulated as a more appropriate external data source is available to facilitate external
validation. In-sample validation is outlined and, summarising the findings of O’Donoghue,
Farrell, Morrissey et al. (2012b), the ‘out-of-sample’ validation procedure is discussed. The
out-of sample validation procedure found that although Quota Sampling is effective in
recreating a spatially representative distribution of constrained variables, there is a degree of
spatial heterogeneity associated with unconstrained variables that is left unaccounted for.
Following a procedure developed by Morrissey and O’Donoghue (2011), a procedure of
calibration is applied, whereby the spatial distribution of a wider range of socio-economic
variables are found to be representative of known distributions. An illustrative application of
SMILE is then offered, whereby the spatial incidence of income redistribution through Irish
tax-benefit policy is demonstrated. This demonstrates the application of SMILE whilst also
introducing the distribution of welfare in Ireland, aiding interpretation of the findings of
Chapter 8.
Chapter 8 provides the final analysis of this thesis, whereby the spatial microsimulation
framework developed in Chapters 6 and 7 is applied to identify the micro-level distribution of
socio-economic welfare change as a result of wave energy deployment. This chapter finds
that the burden of REFIT is greater in rural areas rather than urban areas, with areas of the
south east, west and midlands bearing the greatest burden of this cost. It has been found that
although the additional employment benefits are effective in increasing county incomes, these
positive effects are cancelled out by costs being imposed on households. The extent to which
more household lose out than gain is quantified by this analysis.
Alongside this, the sensitivity of total and between-region inequality to the pattern of
deployment and level of REFIT cost was identified. For the given case study analysed, it was
found that REFIT-subsidised wave energy deployment is effective in reducing betweenregion inequality. However, this is overshadowed by increases in within-region inequality.
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Furthermore, the degree to which a change in the spatial distribution of added employment
may affect between-region income inequality has been quantified.
The importance of establishing primary manufacturing activities in Ireland has been shown
by this analysis. These activities have the greatest potential for added employment and may
potentially be located in less wealthy regions. Furthermore, this chapter provides evidence to
inform correct financing of renewable energy technologies that are motivated by building
industrial capacity. Assisting WEC development by means of a regressive flat rate REFIT
charge has been shown to increase inequality to the extent that more people lose out than
gain. The extent to which net losers outweigh the net winners of wave energy policy has been
identified by analysing the mobility of households across income distributions. This analysis
suggests that an alternate, more progressive scheme may be preferable for financing this
deployment. Each of these findings may inform the economic trade-off identified in Chapter
3.

9.2.

Limitations of this Research

There are a number of limitations which must be considered when discussing the results of
this thesis. First, the analyses of chapters 4 and 5 are limited by the data employed. As has
been acknowledged, wave energy cost data used in this thesis represents the most recent data
available in the public domain. As such, each modelling input represents a ‘snapshot’ of costs
at a given moment and is subject to change should further information be released into the
public domain. Nevertheless, the parameters and assumptions contained within this thesis
correspond to current expectations and thus the findings of this thesis represent the most
relevant analysis at the time of writing. Furthermore, the models developed in this thesis
provide analytical frameworks which may be easily updated should new data become
available.
The use of a microsimulation model in Chapters 6-8 presents a number of limiting
assumptions which should also be borne in mind. The period of collection for the micro and
census data applied in Chapter 8 dates from 2005 and 2006 respectively. This was due to the
‘data lag’ between the collection and availability of a given dataset. Thus these datasets
represent the most up-to-date data available during the model’s construction. Furthermore,
the motivation for this analysis was to develop an appropriate modelling framework to
analyse the redistributive impact of wave energy in Ireland. It may be concluded that Chapter
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8 achieved this goal, demonstrating the effect in terms of 2006 population distributions and
gives an example of how this methodology may be applied in the future.
A final limitation should be acknowledged with respect to the modelling assumptions
required to facilitate the microsimulation analysis of Chapter 8. In order to translate aggregate
output changes into micro-level employment effects in a spatially referenced micro-level
analysis, data on (1) the quantity of additional employment and (2) the location of this
employment must be identified. To model additional employment (1), input-output
assumptions of constant factor shares are assumed. Further, it is assumed that increasing
levels of demand are met by a passively reacting supply side, whereby additional demand
does not affect the price of labour or other inputs. Incorporation of either varying factor
shares or price effects requires a Computable General Equilibrium (CGE) modelling
approach, which has been outside the scope of this thesis. To minimise the impacts of this
simplifying assumption, the economic impacts analysed in this paper have been limited to a
relatively small scale in order to minimise possible pressure on prices/changes in factor
shares and thus attenuation of results. Furthermore, these assumptions are not unreasonable as
the current high levels of unemployment in Ireland would suggest that there is excess supply
of labour and, as such, any increase, especially one as relatively small as that modelled in
Chapter 8, would have a negligible effect on wages and prices. Identifying the location of
additional employment (2) in order to identify the spatial incidence of impact has limited the
application of this analysis to first round effects.
However, a number of future augmentations are envisaged for this SMILE modelling
framework which may take this into account. These and other extensions of this work are
presented in Section 9.3.

9.3.

Future Research

As Section 9.2 has outlined, the analyses carried out in Chapters 4 and 5 are limited by the
current understanding of economic cost and market data parameters. As the understanding of
cost parameters may change at some point in the future, the re-estimation of model results
using the frameworks outlined provides the first avenue of potential future application.
Alongside this, the modelling frameworks developed in Chapters 4 and 5 are not limited to
application in the context of wave energy deployment. Technologies which have been
suggested for deployment in Ireland and which may be analysed by these models include
tidal, offshore wind, biomass, carbon capture and storage, and photovoltaic solar.
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A number of potential future applications exist for the spatial microsimulation framework
developed and applied in Chapters 6-8. The Quota Sampling procedure developed in Chapter
6 is the first computationally efficient probabilistic reweighting methodology for the
statistical matching of a spatial microsimulation model. This efficiency makes a wider range
of potential applications more practicable. Indeed, many future developments envisaged for
the SMILE model require the computational efficiency provided by this methodology. These
include repeated simulations to project future population structures; scenario analyses under
alternate distributional assumptions and development of a methodology to incorporate postsimulation output in choosing an optimal set of constraints.
The Input Output-based methodology applied in Chapter 8 demonstrates the integration of a
microsimulation framework with macro-level measures of employment change. This chapter
has developed the literature on the use of spatial microsimulation for socio-economic impact
assessment by applying the methodology to a real life development scenario. Also, this is the
first time the costs and benefits of such socio-economic development have been considered
together in a microsimulation framework to elicit the net welfare impact.
Although providing insight into the distributional effect of socio-economic impacts, the
potential scope and application is limited to small scale, first-round impacts. This has
provided a sufficient degree of analysis for the purposes of this thesis. However, upgrading
this input-output based framework to a CGE framework may provide scope for analyses of a
larger scale. Socio-economic impact analysis using a CGE framework allows for the
modelling of the potential contractionary effect of increased pressure on wages and prices,
and thus allows one to analyse ‘mega-projects’ which require the assumption of a passively
reacting supply-side to be relaxed.
Attempts to model these effects in a spatial microsimulation framework should proceed with
caution, however. Correct identification of the spatial distribution of each additional person
employed is required for spatial analyses. Limiting an analysis to the first round distribution
of effects limits the required knowledge to the spatial distribution of first round inter-industry
linkages. Correct identification of the spatial distribution of ‘second round’ inter-industry
linkages is more difficult, however, and has been outside the scope of this thesis. However,
Chapter 8 of this thesis has presented a means by which the spatial linkages within an
economy may be determined through a survey. Applying the concepts presented in this thesis
to create a more general survey which identifies the spatial distribution of inter-industry
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linkages (i.e. a geographically-referenced social accounting matrix) for all economic sectors
may allow for the modelling of second round effects.
Chapter 8 has explicitly outlined the regressive nature of the REFIT scheme. This finding
suggests that analysing the distributional impact of alternate mechanisms to finance the
REFIT scheme would provide a policy-relevant extension of this modelling framework. One
may apply the spatial microsimulation framework to determine the least regressive method,
or test how potentially progressive redistributive mechanisms may be employed to counteract
the regressivity at least cost.

9.4.

Concluding Comments

The pre-commercial stage of WEC device development has made the economic evaluation of
deployment difficult. The findings of this thesis have provided a means by which many of
these uncertainties may be better interpreted in both policy evaluation and investment
planning. Indeed, the methodologies developed here are not limited to application in the field
of WEC deployment and may be augmented to broaden the understanding of other energy
support decisions and may be applied to better evaluate the public support for any novel
technology, especially those partially motivated by socio-economic development.
Current Irish policy supporting WEC deployment offers a considerable premium over wind
energy. However, the findings of this thesis suggest that the current proposed tariff of
€0.22/kWh is insufficient in providing an adequate rate of return. Furthermore, this thesis has
demonstrated the importance of considering cost uncertainty in setting appropriate policy.
This information was previously unavailable in an Irish context and may inform
policymakers as to prudent levels of device cost to incorporate in decision making, whilst
also allowing for the risk premium as a result of input cost uncertainty to be quantified. This
provides a tool whereby economic evaluation of deployment, policy support mechanisms,
investment appraisal and anticipated technological development may be carried out with
greater confidence in the future.
A Real Options model has shown the conditions under which cost parity of WEC devices
may occur and has quantified the relationship of this parity with respect to changes in prices
and technological change. This has quantified parity in terms of uncertain internal electricity
market considerations and has provided a benchmark against which other motivational
factors of WEC deployment may be compared. Such insight has not previously been
available with respect to wave energy deployment.
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Both the Probabilistic Cost and Real Options analyses have emphasised the comparatively
expensive economic cost associated with current WEC deployment policy. These findings
have placed a greater emphasis on the socio-economic benefits cited by policy as being a
primary motivating factor. The developed spatial microsimulation has analysed these effects
in the context of their impact on individuals and households to augment pre-existing
aggregate level analyses. Not only has this approach allowed for aggregate-level impacts to
be assessed in terms of changes in the distribution of welfare, the net effect relative to the
potential socio-economic cost of REFIT has been assessed. A net impact such as this
provides a more informative benchmark for which first round socio-economic benefits may
be evaluated, and allows policymakers to incorporate the broader societal cost of REFIT
policy in deployment evaluation. This is the first time that the socio-economic costs and
benefits of current wave energy deployment policy have been analysed together.
In summary, this thesis has presented a range of modelling frameworks which may mitigate
the uncertainty surrounding the decision to support WEC deployment. It is envisaged that the
probabilistic cost and Real Options frameworks may provide a means by which the costs of
future energy deployment decisions may be evaluated, whilst the SMILE framework provides
a means by which a range of economic and spatial policy analyses may be carried out that
would otherwise not be possible. Alongside these contributions, the computational efficiency
of the Quota Sampling procedure provides a platform to test new methodological approaches
in spatial microsimulation modelling that were previously unavailable, providing a
methodological contribution to develop the field of spatial microsimulation.
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Appendix A.1: Converting Levelised Cost Estimates to Euro
Each levelised cost estimate quoted in Table 3.1 of Chapter 3 that was not estimated in euro
will now be derived.
Allan et al. (2011b)
Allan et al. (2011b) quote a levelised cost estimate of £189.66/MWh (£0.189/kWh). This is
converted to euro using the £1=€1.145 exchange rate of 8 October 2010 (the date the paper
was first published) to yield a levelised cost value of €0.216/kWh.
Bedard (2006)
Bedard (2006) quote a range of $0.08-$0.16/kWh for the first 33MW wave installation at
Ocean Beach, San Francisco. Using the exchange rate of 22 June 2006 (the date this article
was published) of CAD$1 = €0.7948163312, a cost range of €0.063- €0.127/kWh is obtained.
Carbon Trust (2006; 2011)
Carbon Trust (2006) quote a range of 12p/kWh – 44p/kWh for initial device arrays. The
number of units for which these figures refer is unknown, although it is specified that these
figures include 15% rate of return and are deployed in small arrays. Using the January 2006
exchange rate (the date this report was published) of £1=€1.4637319282, this range translates
into €0.175-€0.644/kWh.
Carbon Trust (2006) quote a range of 6p/kWh-25p/kWh for installations post 13,000MW
cumulative installed global capacity. The number of units per array for which these figures
refer is unknown. Using the January 2006 exchange rate (the date this report was published)
of £1=€1.4637319282, the euro equivalent of this range is €0.087-€0.365/kWh.
Carbon Trust (2011) quote a range of 38-48p/kWh for 10MW installations after 10MW
cumulative capacity. This results in euro values of €0.433-€0.547/kWh. The euro values are
obtained using the July 2011 exchange rate of £1 = €1.14, the date the report was published.
Dunnett and Wallace (2009)
Dunnett and Wallace (2009) quote a range of CAD$0.236-0.381/kWh for installations of
between 15-27 unit capacity (11.25MW – 20.25MW for Pelamis-based installations). Using
the exchange rate as of 18 July 2007 (the date this article was submitted for publication) of
CAD$1 = €0.69389, the euro equivalent of this range is €0.16-€0.263/kWh
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Previsic (2004)
Previsic (2004) quote a nominal cost per unit of electricity of US$0.10-$0.191/kWh for 213
Pelamis devices (159.75MW). Using the exchange rate as of 11 December 2004 (the date this
report was published) of US$1 = €0.7566899955, the euro equivalent of this value is €0.075€0.144/kWh. (Dalton, 2010; Previsic et al., 2004).
St. Germain (2005)
St. Germain (2005) quotes a range of CAD$0.14-$0.18/kWh. Using the 30 June 2005
exchange rate (mid-point of the year this report was published) of CAD$1 = €0.6226619922,
the euro equivalent of this range is €0.087-€0.11/kWh.
SQW (2010)
SQW (2010) quote cost values in terms of capital cost. To estimate a LCOE value, certain
assumptions are made. The values quoted in Table 3.1 are calculated by assuming a 35%
capacity factor, 6% discount rate and annual O&M costs of 2.9% and 8.3% of capital costs
for low and high estimates respectively. The O&M range of 2.9-8.3% is quoted in this paper.
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Appendix A.2: Pelamis WEC Power Conversion Matrix

Source: Pelamis (2012)
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Appendix A3: Micro-datasets used in Chapter 8
o CSO Small Area Population Statistics (CSO SAPS)
The Small Area Population Statistics of the Irish Central Statistics Office (CSO SAPS) (CSO,
2007a) contain an account of socio-economic variables disaggregated to the small area,
electoral district (ED) level. EDs are the smallest geographical area for Ireland. There are
3,440 EDs in the 2006 CSO SAPS. The size of each ED, in terms of population and area is
not uniform. Rural EDs generally have a much larger area and smaller population density,
whilst urban EDs have a much smaller area and larger population. As such, the population
contained in each ED varies from 76 residents to 32,288 residents. The data of the CSO
SAPS may be organised by theme, with the themes of the 2006 CSO SAPS displayed in
Table 8.1.
SAPS by Theme
Theme 1:
Theme 2:
Theme 3:
Theme 4:
Theme 5:
Theme 6:
Theme 7:
Theme 8:
Theme 9:
Theme 10:
Theme 11:
Theme 12:
Theme 13:
Theme 14:
Theme 15:

Sex, age and marital status
Migration, Ethnicity and Religion
Irish language
Families
Private households
Housing
Communal establishments
Economic Status
Social class and socio-economic group
Education
Commuting
Disability, carers and voluntary work
Occupations
Industries
Car and PC ownership
Source: CSO 2007a

o EU Survey of Income and Living Conditions (EU SILC)
The EU SILC (Eurostat, 2007) is the primary microdata survey of the European Union,
offering cross sectional data on income, poverty, social exclusion and living conditions for
each member state of the EU, Norway and Iceland. This dataset takes over from the Living in
Ireland survey which finished in 2001, as the primary micro-dataset documenting socioeconomic distributions in Ireland. The 2005 Irish dataset is collected by means of a survey,
where a nationally representative random sample of 15,539 respondents, grouped by
household, was obtained through personal interview. This dataset is collected at both
household and individual levels. EU SILC is collected such that it comprises a nationally
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representative sample of Irish households. This representative distribution is achieved by
weighting each sampled observation relative to population totals.
During each interview, a person responsible for the accommodation is chosen to provide
household-level information. This data includes total household income and its
subcomponents, indicators of social exclusion (trouble making ends meet, household debt,
lack of basic necessities), housing amenities, dwelling characteristics and housing costs. Each
individual is also interviewed to elicit personal-level information. Other household members
may answer on an individual’s behalf under exceptional circumstances, such as incapacity.
Data collected at a personal-level includes a profile of education, labour, health status, access
to welfare, and a personal-level income profile.
o Place of Work Census of Anonymised Records (POWCAR)
As part of Census 2006, the place of work details of all employed persons who undertook a
journey to work were geo-coded. POWCAR represents a population dataset containing the
demographic and socio-economic characteristics of these workers along with information on
the origin and destination of their journeys to work has been made available for analysis. The
POWCAR cover persons who at the time of the census were enumerated in a private
household (persons enumerated in Communal Establishments are not included), were 15
years old or over, were enumerated at home and indicated that their Present Principal Status
was working for payment or profit (CSO, 2007b)
POWCAR contains data on ED of residence, ED of work, residence town, town of work,
means of travel, travel time, individual and household socio-economic characteristics,
household composition, tenure and household structure (age, sewerage system type,
household composition) (CSO, 2007b).
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Appendix A4: Labour Force Participation Regression Results of
Chapter 8
Male Labour Force Participation Regression

Dependant Variable: In-work or out-of-work
Independent Variables

Coefficient

Significance Standard Error

University Education
Upper Secondary Education
Married
No. Children 0-3
No. Children 4-11
No. Children 12-15
Age
Age2
Live in Village (200-1499)1
Live in Town (>=1500 inhabitants)1
Chronic Illness
Constant

0.9871618
0.9145343
0.6522436
0.0709336
-0.0296426
-0.3131958
0.3069611
-0.0037373
-0.0475906
0.5207686
-1.369153
-4.936437

***
***
***

***
***
***
***
***
***

0.104012
0.085794
0.094133
0.121179
0.064563
0.070196
0.012028
0.000132
0.087462
0.08695
0.083618
0.238671

Note: *** indicates significant at the 1% level.
1
Omitted Dummy Variable: Live in Open Country

Female Labour Force Participation Regression
Dependant Variable: In-work or out-of-work
Independent Variables
Coefficient
University Education
Upper Secondary Education
Married
No. Children 0-3
No. Children 4-11
No. Children 12-15
Age
Age2
Live in Village (200-1499)1
Live in Town (>=1500 inhabitants)1
Chronic Illness
Constant

1.686748
0.9035712
-0.3593467
-0.5965486
-0.4249924
-0.2688088
0.3091102
-0.0039781
-0.0905529
-0.3774376
-0.7883081
-4.753594

Note: *** indicates significant at the 1% level.
1
Omitted Dummy Variable: Live in Open Country
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Significance Standard Error
***
***
***
***
***
***
***
***
***
***
***

0.090983
0.073319
0.0818
0.078808
0.046036
0.061373
0.013286
0.000155
0.078962
0.077922
0.078961
0.251053

Appendix

Appendix A5: Results for Income Generation Regression of Chapter 8
County Mayo (Rural)

Dependent Variable: Log(Individual Earnings)
Independent Variable
Female
University Education
Upper Secondary Education
Married
No. Children 0-3
No. Children 4-11
No. Children 12-15
Age
Age-squared
Construction1
Manufacturing1
Commerce1
Transport1
Public Administration1
Professional Services1
Other1
Managers, Senior Officials, Legislators2
Professionals2
Technicians and Associated Professionals2
Clerks2
Service, Shop and Sales Workers2
Skilled Agri/Fishing2
Skilled Craft/Trade2
Public Sector Employment2
Constant

Coefficient
-0.49961
0.557278
0.207764
0.092735
-0.02761
-0.0641
-0.09445
0.125531
-0.00145
-0.03154
-0.06288
-0.04613
-0.03278
0.031074
-0.03547
-0.00674
0.125006
0.113961
0.002888
-0.17493
-0.08315
0.211244
1.008657
0.252297
6.535607

Note: Regression Carried out for all employed individuals aged 15 or over
*** indicates significant at the 1% level.
**
indicates significant at the 5% level.
*
indicates significance at the 10% level
1
Reference Case: Agriculture
2
Reference Case: Armed Forces
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Significance
***
***
***
***
***
***
***
***
***
***
*
*

***
***
***
***
***
***
***

Standard Error
0.010001
0.012501
0.010831
0.010319
0.009931
0.006635
0.008864
0.002215
2.71E-05
0.024283
0.019818
0.019998
0.018279
0.031477
0.023769
0.019021
0.013423
0.018201
0.013376
0.012203
0.050835
0.015634
0.011167
0.010462
0.042166

Appendix
South Dublin (Urban)

Dependent Variable: Log(Individual Earnings)
Independent Variable
Female
University Education
Upper Secondary Education
Married
No. Children 0-3
No. Children 4-11
No. Children 12-15
Age
Age-squared
Construction1
Manufacturing1
Commerce1
Transport1
Public Administration1
Professional Services1
Other1
Managers, Senior Officials, Legislators2
Professionals2
Technicians and Associated Professionals2
Clerks2
Service, Shop and Sales Workers2
Skilled Agri/Fishing2
Skilled Craft/Trade2
Public Sector Employment2
Constant

Coefficient
-0.4164911
0.5495082
0.2351109
0.1151378
-0.0318475
-0.0618018
-0.1157785
0.1243559
-0.0014201
0.0120401
0.0012237
0.0453997
0.0270049
0.2294509
-0.0063973
0.041683
0.124752
0.0740263
-0.0342438
-0.190343
0.0020664
0.2428638
0.9451538
0.2322011
6.545461

Note: Regression Carried out for all employed individuals aged 15 or over
*** indicates significant at the 1% level.
**
indicates significant at the 5% level.
*
indicates significance at the 10% level
1
Reference Case: Agriculture
2
Reference Case: Armed Forces
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Significance
***
***
***
***
***
***
***
***
***

***
***
***
***
***
***
***
***
***
***
***
***

Standard Error
0.005364
0.007199
0.006413
0.005936
0.005567
0.0039
0.005577
0.001364
1.68E-05
0.035621
0.010412
0.01081
0.00884
0.012289
0.011905
0.009969
0.007347
0.010061
0.00792
0.00713
0.026343
0.00865
0.006318
0.006051
0.025338

Appendix

Appendix A6: Counties and Deployment Site Illustration to Aid
Interpretation of Chapter 8
Figure A6: Colour-Coded Guide to Irish Counties

Note: Deployment Sites analysed in Chapter 8 are listed 1-3 in order of Belmullet (1), Killard Point (2) and
Dingle Peninsula (3) respectively. Colour-coded counties are named in the legend overleaf
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Table A6: Legend to Colour-Coded Counties Listed in Figure A6
Ref.

Detail

Ref.

Detail

Ref.

Detail

1

Site: Belmullet,

Purple (West)

Co. Galway

Pink (South East)

Co.

Co. Mayo
2

3

Wexford

Site: Killard Point,

Blue (West

Co. Clare

Dark Blue (South)

Co.

Co. Clare

Coast)

Site: Dingle

Orange (West)

Co. Kerry

Red (Midlands)

Co. Laois

Co. Donegal

Red (South)

Co. Cork

Black (South East)

Co. Carlow

Co. Mayo

Yellow (Mid-

Co. Limerick

White

Co.

Waterford

Peninsula
Bright Yellow
(North)
Green (West)

South West)
Dark Yellow

Co. Leitrim

Blue (Mid West)

(Mid North)
Pink (North)

Co. Sligo

Blue/Grey (North

Wicklow
Co.

Dark Purple/Black

Co.

Roscommon

(Midlands)

Westmeath

Co. Longford

Brown (Midlands)

Co. Offaly

Dublin

Green (North)

Co.

Midlands)
Orange (mid)

Co. Kildare

Blue (East)

Monaghan
Purple

Co. Cavan

(North)

Grey (North
East)

Grey (Mid-

Co. Tipperary

South)

(North and South)

Co. Louth

Green (South)

Co.
Kilkenny
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