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Abstract 

The UK has a commitment to reduce greenhouse gases by at least 80% from 1990 levels by 

2050. This will  see the proportion of energy generated in the UK from renewable resources 

such as wind, solar, marine and bio-fuels is increasing and likely to dominate the future 

energy market over the next few decades. However, it is unclear what effect future physical 

climate changes could have on the long term average energy output characteristics of 

individual renewable energy technologies that may dominate the low carbon energy 

technologies. It is also unclear how these changes to individual technologies will affect a 

diverse portfolio of electricity generation technologies. 

This thesis explores the influence of climate change on renewable electricity generation 

portfolios and energy security in the UK, with the aim of determining if climate change will 

affect renewable energy resource in such a way that may leave future low carbon generation 

portfolios sub-optimal. The research allows long term renewable resource variability to be 

reflected within models of the costs and risks associated with different electricity generation 

technologies and using Mean Variance Portfolio Theory (MVPT), it explores the influence 

of climate change on renewable energy portfolios and energy security in the UK. 

The scope of this study has a considerable range spanning from renewable resources through 

to the sensitivity of an optimal portfolio mix of generation technologies to climate change. In 

brief, the objectives were as follows: Characterise the variability of renewable energy 

resources and electricity generation output from renewable technology in the UK, in 

particular solar PV, on and offshore wind, for future climate scenarios for the 2050s and 

2080s. Characterise the variability of electricity generation costs and explore the effect of 

climate change scenarios on generation costs and risk by examining the cost-risk balance of 

current and potential future low carbon electricity generation technology portfolios. 

The outcome saw distinctive changes in solar, wind, wave and hydro resource. The changes 

were largely negative, except in the case of solar, which increased. Levelised costs decreased 

for solar PV but increased for the technologies with negative resource changes. Evident 

changes in optimal portfolio mixes were observed and explored.  
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1 Introduction 

1.1 Context 

The UK has a commitment to reduce greenhouse gases by at least 80% from 1990 levels by 

2050 (DECC 2008). The proportion of energy generated in the UK from renewable resources 

such as wind, solar, marine and bio-fuels is increasing and likely to dominate the future 

energy market over the next few decades if government support continues. However, it is 

unclear what effect future physical climate changes could have on the long term average 

energy output characteristics of individual renewable energy technologies that may dominate 

the low carbon energy technologies. 

It is widely accepted that a diverse electricity generation mix of technologies contributes to 

security of supply (Awerbuch et al. 2003, Bazilian et al. 2008, Grubb et al. 2006, Skea 

2010). There is much interest from academics, policy makers and other interested parties in 

capitalising as much as possible on the benefits of the diversity in electricity generation 

technologies. Mean Variance Portfolio Theory (MVPT) is a financial based approach that is 

receiving growing interest in identifying optimal electricity generation mixes. To date, much 

of the interest has been to investigate how renewables, which are often more costly than 

traditional fossil fuelled technologies, can lower financial risk and lower overall costs when 

part of a diversified electricity generation mix (Awerbuch et al. 2003, Awerbuch 2005a, 

2005b). MVPT can be effectively used to investigate the costs and risks of a mix of several 

electricity generation technologies together as a portfolio and in doing so identify optimal 

electricity generation technology mixes. 

However, studies of MVPT and the identification of optimal portfolio energy mixes for the 

present and future are based on the present (baseline) climate. It is unclear how portfolios of 

energy mixes that are designed (or selected) based on the resource characteristics of the 

present climate will be affected by the renewable resource characteristics in a future climate. 
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1.2 Hypothesis, Objectives and Scope 

This work aims to answer the following hypothesis that: 

Physical climate change will affect renewable energy resources in such a way that 

its impact may be likely to leave future optimal UK electricity generation portfolios 

sub-optimal. 

The scope of this study has a considerable range spanning from renewable resource in the 

UK through to the sensitivity of an optimal portfolio mix of renewable electricity generation 

technologies to climate change. The objectives are summarised below: 

• Investigate renewable energy resource in the UK, in particular solar and onshore and 

offshore wind resource for the baseline (1961-1990) climate. 

• Explore the potential future mid to long term (2011 to 2080s) UK technology 

deployment of solar PV and on and offshore wind farms and estimate the potential 

baseline electricity generation output of the technologies deployed. 

• Characterise the variability of renewable energy resources and electricity generation 

output from renewable technology in the UK, in particular solar PV, on and offshore 

wind, for future climate scenarios for the 2050s and 2080s. 

• Characterise the variability of electricity generation costs given the explicit 

representation of each renewable resource. 

• Explore the effect of climate change scenarios on generation costs and risk by 

examining the cost-risk balance of current and potential future low carbon electricity 

generation technology portfolios.  This will allow the impact of changes in individual 

generating technologies to be seen in terms of their contribution to future energy 

supply diversity and security, and optimal portfolios of generating technologies to be 

determined under current and future climates. 

• Assess the extent that the increased variability of renewable resources due to 

anthropogenic climate change will affect optimal electricity generation portfolios. 
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1.3 Contribution to Knowledge 

The research explores the impact that future climate change may have on optimal electricity 

generation portfolios. Technology investment decisions are driven by economic assessment 

and confidence on the part of the investor. Consequently this research will highlight to 

energy policy makers, researchers, investors, and others engaged in climate change and 

electricity generation decision making, the additional economic and physical risk that 

climate change may impose on future electricity generation mixes, specifically those with 

high proportions of renewables.  

While there has been growing use of Mean Variance Portfolio Theory to identify future 

electricity generation mixes that have optimal cost and risk characteristics (Awerbuch et al. 

2003, 2005, 2006, 2007; Doherty et al. 2006; Grubb et al. 2006; Jansen et al. 2004; Roques 

et al. 2010) they have all assumed output from renewable technologies based on the 

characteristics of the current climate. This work shows that such scenarios may be 

susceptible to significant additional cost and risk which may result in the mix being sub-

optimal. 

Additionally, geographical UK renewable resource maps have been created for solar and on 

and offshore wind based on both the present (baseline) climate and projected probabilistic 

future climates indicated by the UKCP09 scenarios (Murphy et al. 2009). The impact on 

these individual technologies are highlighted and discussed. 

Better knowledge on the sensitivity of optimal portfolios and individual technologies to 

climate variability can be of benefit to renewable energy developers, their financiers, energy 

policymakers, the academic community and society as a whole. 
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1.4 Outline 

The thesis is organised into 9 chapters with appendices containing additional information. 

This chapter (Chapter 1) introduces and sets out the objectives, scope, contribution to 

knowledge and outline of the thesis.  

Chapter 2 provides a background to the different fields required to answer the hypothesis. 

Climate change and projections with emphasis in the probabilistic UK Climate Projections 

2009 (UKCP09); renewable technologies and their resource are briefly discussed. Energy 

economics and Mean Variance Portfolio Theory are introduced and discussed. All these 

fields are required to meet the aims and objectives of this thesis set out in section 1.2. 

Chapter 3 assesses the UK solar resource for the current climate by converting sunlight 

observations to surface solar irradiation. This is then converted into electricity production 

from solar photovoltaic (PV) modules. The potential climate change impact on the resource 

is then investigated using values from the UKCP09 probabilistic projections. 

Chapter 4 assesses the onshore wind resource over the UK using gridded observed wind 

speed data, appropriate wind distributions and wind turbine power curves. Climate change is 

investigated by analysis of wind speed output from the HadRM3 regional climate model 

(RCM) which includes future CO2 emission scenario outputs. 

Chapter 5 assesses the offshore wind resource in UK waters using HadRM3 baseline wind 

speed data, and appropriate distributions. Climate change is investigated in the same manner 

as performed for onshore wind in Chapter 4. 

Chapter 6 investigates and discusses other electricity generation technologies that may be 

affected by climate change. Section 6.1 investigates the potential sensitivity of wave energy 

resource due to climate variability by converting baseline and future wind speed data to 

wave resource using the Pierson Moskowitz spectrum method, then converting the resource 

at different time periods to wave energy using the power curve of a wave energy converter 

(WEC). Section 6.2 discusses hydro, which is included in the levelised cost and MVPT 

analysis using baseline and climate change resource figures from another study (Duncan 

2012). The following section discusses tidal, biomass, biofuels and thermal plant and the 

way they could be affected by climate change are all briefly discussed; however, they are 

assumed to be unaffected by climate change for this study. Section 6.4 reviews the monthly 

resource changes for all the technologies covered in this and previous chapters. 
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Chapter 7 discusses current and future levelised costs for different electricity generation 

technologies, then calculates and specifies current and future technology and current and 

future climate levelised costs to be used for the Mean Variance Portfolio Theory analyses. 

Chapter 8 presents the Mean Variance Portfolio (MVPT) analysis and explores the 

sensitivity of different optimal electricity generation mixes to climate variability. 

Finally, Chapter 9, provides the thesis outcomes and conclusions, as well as its limitations 

and future work that could further enhance the investigation of electricity generation 

portfolios and the potential effect of climate change. 
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1.5 Thesis Flowchart 

Figure 1-1 illustrates the basic flow and work packages of the thesis. The three blocks 

feeding into the ‘data select’ send current and future climate parameters to the technology 

‘resource model’ blocks. The second tier blocks contain the ‘resource model’ and ‘energy 

yield’ models and are discussed along with the climate parameter output in Chapters 3 to 6 

for solar PV, on- and offshore wind, wave and hydro respectively. The climate parameters 

are processed to create current and future resource and energy models. Energy output values 

are required by the ‘cost-risk models’ in the third tier blocks. The ‘other technologies’ input 

parameters are from Mott McDonald (2010). ‘Cost-risk models’ for each of the technologies, 

discussed in Chapters 7 and 8, are generated using technology cost input parameters and data 

from the resource models. Finally, in Chapter 8, optimal portfolios for baseline and future 

climates (in green) are generated and compared using input from the ‘cost-risk models’ and 

predefined ‘MVPT Input Parameters’. The ‘MVPT Input Parameters’ introduce physical 

technology constraints and are discussed in Chapter 8. The optimal portfolio blocks are 

where the future hypothesis, that climate change impact may be likely to leave future 

planned optimal UK electricity generation portfolios sub-optimal, is tested. 

 

 
Figure 1-1: Basic Flowchart of Thesis Workflow  
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2 Thesis Background 

The following sections in this chapter are intended to provide the reader with a general 

background to the main topics of interest covered in this thesis. It covers climate change, 

renewable energy resource and technologies, electricity generation economics and risk, 

security of supply, diversity, CO2 emission reduction and mean variance portfolio theory 

(MVPT). It is not intended as an exhaustive literature survey of all material, rather it is a 

targeted effort to equip the reader with sufficient knowledge of essential material. 

2.1 Climate Change 

Climate change can be defined as any significant change in a normal weather pattern over an 

extended period of time, typically observed over a period of decades or longer (IPCC 2007). 

The changes are often expressed in average variability from the present climate and in 

monthly, seasonal or annual average values. Changes in the climate are mainly due to natural 

processes but recently there have been escalating changes in the climate and increasing 

evidence showing these to be due to human activities, most noticeably the increasing level of 

CO2 and other greenhouse gases (GHG) being emitted into the atmosphere due to human 

processes (IPCC 2007). The United Nations Framework Convention on Climate Change 

(UNFCCC 2012) has a differing definition of climate change. It refers to climate change as 

being a change in the climate that is directly or indirectly caused by human activity, and that 

climate change is an additional change to natural climate variability (UNFCCC 2012). 

‘Human-induced’ and ‘anthropogenic’ are also popular terms to describe the proportion of 

change in the climate change due to human activity. This thesis will use the term ‘climate 

variability’ as a general term to describe the long term average climate change due to human 

activity, ‘annual average climate variability’ to describe the annual average component of the 

climate variability and ‘intra-annual climate variability’ to describe the seasonal component 

of the climate variability. 

2.1.1 Intergovernmental Panel on Climate Change 

The Intergovernmental Panel on Climate Change (IPCC) was set up in 1988 by the World 

Meteorological Organisation (WMO) and the United Nations Environment Programme 

(UNEP) to provide objective scientific assessments and reviews of anthropogenic (human-

induced) climate change. The IPCC (2007) supports the view that recent global temperature 

increases and other recent climate trends, are attributable to the increase of anthropogenic 
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greenhouse gases released into the atmosphere. Global warming is expected to continue 

while GHG concentrations in the atmosphere escalate (IPCC 2007).  

New climate change research and information is continually becoming available from 

scientists all over the globe, many of who are associated with the IPCC. The most recent 

information is evaluated and assessed by the IPCC and much of it used in IPCC climate 

change reports and assessments. The latest report titled ‘Climate Change 2007’ (IPCC 2007) 

is the fourth in the series and discusses the observed changes in the climate and the effect 

and causes of the changes. It also investigates the projected future climate changes under 

different greenhouse gas emission scenarios. 

2.1.2 UK Climate Impacts Program 

The UK Climate Impacts Programme (UKCIP) was set up by the UK Government to provide 

climate change information and help the public and private sectors to understand how 

climate change will affect their organisations and to support them with adapting to these 

changes. The UKCIP have commissioned several projects funded by DEFRA to create 

climate change data sets for the UK that are aligned with the IPCC emission scenarios. 

The most recent climate change scenarios project carried out jointly by the Hadley Centre 

and the Tyndall Centre for the UKCIP was named UKCP09 UK Climate Projections and 

released in 2009 (UKCIP 2009). The UKCP09 project provide future climate projections 

over UK land and sea locations. The projections are based on the relative change from the 

1961-1990 baseline period. In most cases the outputs are given a probability of future 

climate outcomes for three different future emission scenarios. A normal distribution curve 

with UKCP09 probability levels (or confidence points) is shown in Figure 2-1. The 10%, 

50% and 90% confidence levels describe the probability of change being less than the stated 

value. The confidence levels described here are used frequently throughout this thesis. 
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Figure 2-1: Normal distribution with 10%, 50%, and 90% probability levels shown. 

The objective of the probabilistic approach in projecting future climate change is to account 

for the fundamental causes of uncertainties in the future climate and the projections. These 

are natural climate variability, incomplete understanding of all the Earth processes, 

modelling uncertainty, and the uncertainty of future GHG emissions (Murphy et al 2009). 

The uncertainties are relatively small leading towards the 2020s, but there are more 

substantial changes with great divergence through the 2050s and towards the 2100s. 

The UKCP09 future time periods include seven 30-year time periods from the “2020s” 

(represented by 2010 to 2039) to the “2080s” (represented by 2070 to 2099). Three scenarios 

of future GHG emission scenarios have been modelled (low, medium, high) and are aligned 

with specific IPCC emission scenarios. The UKCP09 output is only a select set of 

uncertainty for future scenarios. It is not a complete estimate of uncertainty.  

The UKCP09 projections are much improved over previous UKCIP projections such as the 

UKCIP02 report (UKCIP 2002). The projections are at 25 km resolution providing greater 

geographic credibility. Modelling and natural climate variability uncertainties are taken into 

account by the use of probabilistic output and a perturbed physics ensemble (PPE) (DEFRA 

2009). This is produced by running a climate model many times with different input 

parameters with each run being a model variant. Runs from other climate models are also 

included so as to capture a greater range of outcomes. In this way the variability between 

different climate models is captured in the probabilistic output. Future emission uncertainty 

is captured by the use of the three different emission scenarios. 

The UKCP09 grid, shown in Figure 2-2, is rotated and has a resolution of 25km2. There are a 

total of 434 cells that contain land data over the UK.  
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Figure 2-2: UKCP09 Land Projections - 25km 2 resolution grid over the UK 

2.1.3 Climate Modelling 

Global climate models (GCMs) are complex numerical computer models that use the general 

principles of fluid dynamics and thermodynamics to model the Earth’s climate and all 

interactions between the atmospheric, ocean, sea ice and land surface processes. GCMs are 

used to study the impact of increasing levels of greenhouse gases by externally forcing the 

models with their recent historical and future scenario levels. The IPCC 2007 report contains 

an extensive chapter discussing climate models and the Atmospheric-Ocean General 

Circulation Models (AOGCMs) used in the report to estimate future climate change for 

future emission scenarios (Randall et al. 2007). The IPCC has a total of 21 different global 

climate modelling groups that all contribute towards the IPCC 2007 report. Sets of identical 

experiments and GHG scenarios are performed on each individual model with the biased 

outputs reflecting average change and uncertainties in future temperature trends and other 

climate parameters (IPCC 2007, Wang 2005). 

One of the main Regional Climate Models (RCM) used to generate the UKCP09 projections 

is the Hadley Centre HadRM3 (Met Office 2008), which has grid square spatial resolution of 

25km. The HadRM3 model is driven by the Hadley Centre’s HadCM3 atmosphere-ocean 

general circulation model (AOGCM) (Met Office 1999). The HadCM3 model has a spatial 

resolution of 2.5o latitude by 3.75o longitude (roughly 400km by 270km), which is good for 

climate change predictions on a global scale. To achieve a higher resolution suitable for the 

UK the scenario outputs from HadCM3 were dynamically downscaled by using the output to 

drive the HadRM3 model. 

The HadCM3 model has also been extensively used by the IPCC. It was used to study the 

human-induced climate response from the year 1860 to present and then to model the forcing 
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up to the year 2100 for each of the emission scenarios. The model is an updated version of its 

predecessor HadCM2 with improved atmosphere and ocean components which prevents 

previous excessive climate drift. It is driven using emission scenarios (A1FI, A2, B2, B1) 

from the Special Report on Emission Scenarios (SRES) introduced in the IPCC Third 

Assessment Report (Johns et al. 2003). 

UKCP09 provides probabilistic projections for many but not all climate parameters. Wind 

speed is one of the parameters not included in the initial release of UKCP09 because at the 

time of release there was thought to be too much wind speed uncertainty between the 

different climate models used in the report (Murphy et al. 2009). UKCP09 instead 

recommended parties interested in wind speed to use projected wind speed output included 

in the HadRM3 PPE 11-member RCM ensemble (referred to from now as HadRM3). 

HadRM3 is one of the main data sets used in the UKCP09 report, it consists of output from 

eleven ensemble runs of the HadRM3 climate model for a medium emissions  (SRES1AB) 

scenario and simulates the UK climate over the period 1950 to 2100 (Met Office 2008). 

In November 2010 the UKCP09 added probabilistic wind speed projections to the report 

after initial integration issues of wind speed from other climate models were resolved 

(Sexton et al. 2010). The projections are not contained in the main user interface and can’t 

be used in conjunction with other probabilistic data but are accessible separately. 

Unfortunately, the release of this data was too late for direct inclusion in this work. 

Climate driven changes in waves is also not included in the UKCP09 probabilistic 

projections but was investigated and discussed in the UKCP09 Marine Report (Lowe et al. 

2009). 

2.1.4 Climate Change Impact 

One of the most obvious ways of speculating future climate change and its impact on energy 

systems is by the study of historical changes in observed climate parameters. The most 

evident factor is the observed rise in average air and ocean temperatures. Eleven of the years 

between 1995 and 2006 were amongst the 12 warmest years in record (since 1850). The 

average warming trend between 1956 and 2005 (0.13oC per decade) is almost twice the rate 

of change of the average between 1906 and 2005 (IPCC 2007) and this decade is seeing 

global rises at the same rate as the two previous decades (Hansen et al. 2010). 

Potentially the most effective piece of evidence that recent climate variability is in part due 

to human activity is the observed rise in global CO2 levels in the atmosphere. Figure 2-3 

shows observations from Mauna Loa, Hawaii (Keeling et al. 2009). The intra-annual 
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variability is largely due to the annual cycle of vegetation in the northern hemisphere, 

growing in summer months and dying in winter months. The rate of increase in atmospheric 

CO2 has steadily accelerated since the beginning of the industrial revolution (1700s) due to 

human activities (burning of fossil fuels and deforestation) and levels are now approximately 

35% higher (EPA 2012). Other less important anthropogenic greenhouse gases: methane and 

nitrous oxide have also increased rapidly largely due to agriculture (IPCC 2007). 

 

 
Figure 2-3: Historical CO 2 emissions observed at Mauna Loa, Hawaii 

A more profound effect on human welfare than increasing global temperatures is the 

hydrological changes that will affect soil moisture and availability of water, all of which 

could have considerable negative impact on agriculture, especially in more sensitive regions. 

Medium and high latitudes are expected to have drier summers and wetter summers. Many 

other areas are predicted to have drier soil content over all seasons due to a decrease in 

precipitation and increase in evaporation (IPCC 2007, Wang 2005). 

Both IPCC (2007) and UKCP09 (2009) include extensive data and discussion on the 

observed changes in the climate. The IPCC focuses on global change whereas the UKCP09 

report focuses on the UK climate and recent observed trends. In the UK, as well as increases 

in temperature, other observed recent trends include more frequent wind storms, decreased 

summer rainfall, increased winter rainfall, and sea temperature and sea level rise (Jenkins et 

al. 2009). 
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2.2 Renewable Energy Resource, Technology and Vulne rability 

Renewable energy technologies harness natural sources of energy and are therefore 

potentially susceptible to variations in the climate. Relatively small changes in the 

characteristics of a resource at a specific location can make the difference between a plant 

being economical or not. The following subsections briefly introduce different renewable 

energy technologies.  

2.2.1 Solar Energy 

Solar energy is the most abundant renewable energy source available on Earth. It presently 

counts for a very small proportion of generated energy, but growing concerns over climate 

change have helped stimulate a marked growth in implementation over recent years. This is 

expected to dramatically increase as solar technologies mature and costs significantly reduce.  

Solar Photovoltaic (PV) has several key advantages when compared to other renewable 

energy technologies. Its modularity makes it extremely flexible – schemes can be upsized or 

downsized as required. PV systems that do not track the Sun have no moving parts and are 

therefore extremely reliable with very little operations and maintenance (O&M) overheads. 

It can be easily included in building products such as roof tiles and cladding. Financial risk is 

minimal due to the flexibility and reliability of PV (Awerbuch 2000). 

The Solar PV contribution towards electricity generation in the UK is presently very small 

but installed capacity has increased considerably over recent years - from an estimated 10.5 

MW in 2005 to 26.5 MW in 2009 (DUKES 2010). As of May 2010, installed capacity was 

estimated to count for approximately 0.3% of electricity generated from renewables in the 

UK with an installed capacity around 32 MW (PricewaterhouseCoopers 2010). 

The recently introduced (2010) UK feed-in tariff (FIT) scheme, the aim of which is to 

promote small scale (<5 MW) renewable and low carbon electricity generation, has delivered 

very effective increases in the take-up of solar PV in the UK.  From the introduction of the 

FIT scheme on 1st April 2010 through to 31st December 2010 saw a total of 19,723 

installations under its scheme. 18,404 were PV installations (93.3% of all FIT installations), 

and as individual PV installation sizes are relatively small in size (<4 kW) compared to other 

technologies in the FIT scheme, the solar PV installed capacity counts for 66.8% (48.3 MW) 

of the total FIT installed capacity (66.8 MW) to date (OFGEM 2010). The effect of the 

introduction of the UK FIT scheme on solar PV can be clearly seen in Figure 2-4. 
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Figure 2-4: Solar PV Estimated UK Installed Capacity (Pr iceWaterHouseCoopers 2010, OFGEM 

2010, DUKES 2010)  

The IEA Solar PV roadmap estimates that 11% of global electricity demand will be provided 

by solar PV by 2050 (IEA 2010). The European Photovoltaic Industry Association (EPIA) 

have launched a project and set an industry roadmap to realise a ‘vision’ of solar PV in 

Europe with aggressive targets of providing 12% of electricity demand in 2020 (EPIA 

2010a, European Commission 2010),  20% in 2020 and 30% in 2050 (EPIA 2010b). The UK 

FIT scheme is the legislative support that will help realise the UK’s contribution towards 

Europe’s PV target for 2020 and beyond. However, there have been recent developments 

that are currently a source of uncertainty for the FIT. A proposal by DECC to make large 

reductions to the solar FIT was branded as unlawful and rejected on the 21st December 2011 

by a high court ruling on the grounds that the reduction would be inconsistent with the 

purpose of a FIT scheme (Shankleman 2012). DECC have lodged grounds of appeal with the 

appeal court and are currently awaiting a hearing date (DECC 2012). DECC is seeking to 

reduce the FIT because of a combination of accelerated PV deployment, falling installation 

costs, and increased electricity prices, which have resulted in higher than expected 

expenditure (DECC 2011). 

2.2.2 Onshore and Offshore Wind Energy 

The UK has excellent on- and offshore wind resources. Over recent decades onshore wind 

has grown considerably and is arguably the most mature of all renewable technologies 

excluding hydropower. UK installed capacity now exceeds 3.5 GW with up to 737 MW 

installed in 2008 alone (DUKES 2010). Offshore wind is still an emerging technology and 

not yet as mature a resource as onshore but it has huge potential. The UK presently has the 

world’s largest offshore wind industry. As well as having good wind speed resource UK 

waters also benefit from being relatively shallow in many areas and ideal for offshore wind 
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installations. There are 14 operational offshore wind farms with more than 1.5 GW of 

installed capacity (circa 2011). There is a further 2 GW in construction and 1.6 GW of 

approved installed capacity. (Renewable UK 2011a, 2011b). The most recent Round 3 

leasing of sea bed for offshore wind by the Crown Estate brings the potential leasing 

installed capacity to over 40 GW (The Crown Estate 2011). 

2.2.3 Wave and Tidal Stream Energy 

Like offshore wind, the potential wave and tidal stream resource in UK coastal waters is 

large, especially wave energy. Both technologies are in the early stages of commercialisation 

and expected to mature over the next few years and to make a significant contribution 

towards the electricity technology mix over the next few decades. It has been estimated that 

by 2050 wave and tidal energy could contribute as much as 20% (~100 TWh) of the UK 

electricity demand (Carbon Trust 2006). The Crown Estate have recently granted six leases 

for wave and four for tidal stream in the Pentland Firth and Orkney vicinity. These 

developments alone are expected to reach an installed capacity total of 1.2 GW if they are 

fully developed (Crown Estate 2011, DUKES 2010). 

2.2.4 Hydro Energy 

Electricity generation from hydro is presently the most common and oldest source of 

electricity from renewable resources. Discounting pumped storage, it presently generates 

approximately 1% of the UK’s electricity (DUKES 2010). There are three main types of 

hydro electricity generation: The most common hydro system uses a dam to create a 

reservoir of water. The stored water can be released through turbines. In run of river 

hydropower partial flow from a river is re-routed through turbines close to the river. This 

method is more environmentally friendly, keeping the river more intact and unspoiled by a 

smaller weir but has less control due to no storage facility in the system. Finally, pumped 

storage has upper and lower reservoirs connected by pipes and pump-turbines. In periods of 

low electricity demand the turbines pump water to the higher reservoir; when demand is 

high, water is released from the upper reservoir back through the turbines to generate 

electricity. 
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2.3 Climate Change Impact on Electricity Generation  

Technologies 

Electricity generation technologies can be affected by climate variability in several different 

ways: Solar energy can be affected by changing cloud cover characteristics (Crook et al. 

2011, Pan et al. 2004). On and offshore wind can be affected by changing wind 

characteristics (Pereira et al. 2009, Prior et al. 2005a, 2005b, 2009). Wave energy can be 

affected by the effect of wind speed on wave resource characteristics (Cradden 2009, 

Harrison et al. 2005, Lowe et al. 2009, Reeve et al. 2011, Wang et al. 2004, Woolf et al. 

2002). Hydropower can be affected by changes in precipitation and evapotranspiration 

(Harrison et al. 2003; Vicuna et al. 2007).  Tidal stream characteristics are not expected to be 

affected significantly by climate change as they are caused by gravitational influences 

between the moon, the sun, and the earth. However, increasing temperatures will cause seas 

to rise, and this may alter site specific tidal characteristics of potential tidal stream locations. 

This could be tested by modelling several potential tidal stream farm locations and testing 

the efficiency for varying water depths. Many potential tidal stream locations are in 

extremely harsh locations and have limited windows where conditions are suitable for TEC 

deployment and maintenance – increased storm activity due to climate change will both 

increase survivability issues and limit weather windows even further and could be the 

deciding factor whether a potential site is economical or not (Harrison et al. 2005).  Thermal 

plant can be affected by reduced temperature gradients in cooling systems and by low levels 

in water sources for cooling systems such as rivers or reservoirs (Florke et al. 2010, Greis et 

al. 2009). Biofuels can be affected by the impact on crop yields; the use of biofuels is also 

vulnerable to the balance of global food supply and demand, which in turn is at risk from 

climate change impact (Cassman et al. 2007, Lobell et al. 2008). This study assumes that 

tidal stream, thermal plant and biofuels are unaffected by climate change. 

2.4 Energy Economics and Risk 

2.4.1 Levelised Cost of Electricity Generation 

The cost of electricity generation is typically expressed as a unit of levelised cost (also 

known as levelised unit costs or unit costs). In the case of electricity generation all 

discounted costs throughout a plant’s lifetime are apportioned by the total discounted 



 

17 

electrical output of the plant. The resulting figure is then expressed as a cost per unit of 

electricity output (e.g. £/MWh or p/kWh). 

Levelised cost estimations are frequently used to make comparisons between different 

generation technologies or to compare a specific technology at different locales where 

associated costs and resources have the potential to be quite different. They are also often 

used as a source of data for policy makers and can help identify future electricity generation 

mixes of technology and indicate levels of support that may be needed by individual 

technologies, especially emerging technologies that are generally more expensive while they 

develop into a mature technology (IEA 2010). 

Levelised costs are collated and published in many government and energy related reports. 

(e.g. IEA 2010b, Mott McDonald 2010)  The range of levelised costs estimations over 

different reports can vary quite significantly and can lead to some controversy. Heptonstall 

(2007) carried out a useful review of levelised cost literature, the ranges of costs for each 

technology and discussed the possible reasons for the variations. There are a large number of 

factors that can be very difficult or impossible to accurately estimate e.g. financial risk; 

benefits through increased diversity; portfolio value; price variations; renewable resource 

variations, external costs and benefits. Several of these factors are discussed in more detail 

by Gross et al. (2007) and Heptonstall (2007). 

Levelised costs are used extensively in chapters 6.4 and 0. The method used in this study is 

the annual ‘discounting’ method which is the method generally used in levelised costs of 

electricity studies (Carbon Trust 2010, IEA 2010, Mott MacDonald 2010, UKERC 2010) 
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Where LCD is the discounted levelised cost of electricity (£/MWh), PV(Costs) is Present 

Value of total costs, PV(Output) is Present Value (PV) of electricity generation (MWh), Ct is 

the total costs in the operating year, Ot is the total generation in the operating year (MWh), n 

is the operating year of the of the plant, and r is the annual discount rate. 

The discounted levelised cost of a technology is its discounted average cost to generate one 

unit of electricity to the electricity network over the operational life time of the installation. 

The discounted levelised cost generally does not include all system costs. The purpose of the 
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discount rate is used to value a future cash flow at its present day value. The value of 

discount rate chosen is to suit the financial risk of the future cash flow. 

2.4.2 Financial Risk 

Economic appraisal of renewable electricity generation technologies are often undervalued 

when compared to more traditional fossil-fuel based electricity generation technologies and 

assumed to have the same risk profile. Engineering projects are often valued by a least-cost 

method, such as a levelised cost, where lenders and investors can be largely unaware of 

additional costs relating to the financial risk inherent in the project. Levelised cost 

comparisons often use the same discount rate across all technologies and in doing so 

implicitly assume they all have the same risk profile. Care should always be taken when 

comparing levelised costs. Different assessment methods and assumptions can significantly 

affect the levelised cost values. If the assumptions and methods vary between technologies 

and reports then levelised costs are not easily comparable. Also, studies do not always 

publish full details of the methods and assumptions used. This can make it very difficult to 

attain confidence in the values or to understand any inconsistencies between different 

reports. 

The Capital Asset Pricing Model (CAPM) first introduced by Sharp (1964) is extensively 

used in financial economics as a tool to capture risk and expected return in an investment by 

deriving a discount rate applicable to the associated risk. CAPM states that the expected 

return is a function of risk: the higher the risk, the higher the return required to compensate 

for that risk. In the context of financial markets, western government debts are regarded as 

risk free. The CAPM has been used by Harrison et al. (2003) to look at climate impact on 

hydro. It has also shown fossil fuelled electricity generation to be significantly more risky 

than traditional estimates imply (Awerbuch et al. 2005). 

The Capital Asset Pricing Model can be calculated by: 

 

 ( )fmfi RRRR −+= β  (2-2) 

 

where iR  is the expected return of the asset, fR  is the risk free rate of return, β  is the beta 

correlation which relates the expected return of an asset and the expected return of the wider 

market and mR  is the expected return of the market.  
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Awerbuch (2000) suggested that photovoltaics (PV) and other renewable energy 

technologies are undervalued. He explains that the financial models used to evaluate new 

renewable technologies were developed for a past technological era and they do not capture 

benefits over traditional riskier fossil fuel technologies or capture the benefit of increased 

diversification and resulting benefits to security of supply. New renewable technologies 

consequently suffer from evaluation with discount rates more suitable for a riskier 

investment. 

Newer renewable technologies may have higher initial capital costs than other traditional 

technologies, but can benefit from qualities such as increased flexibility, modularity, lower 

risk, no fuel price and lower operating costs. Awerbuch (2000) argues that policy makers 

should introduce new models that can fully capitalise on the unique qualities of PV and other 

technologies with similar attributes.  He illustrates a method of using market-based 

discounting rather than the more traditional approach of weighted average cost of capital 

(WACC) to adjust the discount rate relative to the lower risk and to realise the real economic 

value of solar PV and other emerging technologies. 

Awerbuch (2000, 2003, 2003b) also argues that as well as renewables costs being 

significantly overestimated that also conventional technology costs are underestimated when 

adjusted to include fuel price variability. Figure 2-5 shows Awerbuch’s risk-adjusted 

technology costs of electricity. Understandably, one of his main conclusions are that that 

renewable technologies are ‘considerably more cost-competitive than previously believed’ 

Awerbuch (2003b). In one example he demonstrated that the risk associated with gas price 

variability reverses the merit order between CCGT and wind (Awerbuch et al. 2005). Rapid 

fluctuations in gas prices in the UK over the last 3 or 4 years are a good example of such 

volatility. 

 
Figure 2-5: Risk adjusted cost of electricity estim ates (Europe/IEA countries) based on historic 

fuel price risk. (Awerbuch 2003b). 
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As mentioned previously one of the failings of a levelised cost comparison is its assumption 

that all technologies have the same risk profile. Comparisons in this study are made using a 

single discount rate. MVPT analysis determines the combined risks of a portfolio.  Levelised 

cost assumptions that need to be carefully chosen as they can significantly affect the 

levelised cost values include the discount rate, capital cost, fuel and O&M costs, average 

load factor (capacity factor) and operational lifetime. 

A further failing of valuation by a least-cost method is that it does not capture the benefits of 

diversification. An installation when valued as part of a portfolio of installations may be 

significantly more valuable when measured by its contribution to the cost and risk of a 

portfolio of technologies. A portfolio of different electricity generation technologies can be 

combined in such a way as to reduce cost or risk, or a combination of both. This is made 

possible by benefiting from the diversification between the technologies. 

2.5 Mean Variance Portfolio Theory 

Mean Variance Portfolio Theory (MVPT) was introduced by economist Harry Markowitz 

(1952) as a tool to help investors optimise their financial portfolio assets. Investors 

understandably like assets with high returns, but high risk is inherent with high return 

investment. Markowitz devised a method to reduce the risk in an investment by grouping a 

risky asset with other diversified assets in an investment portfolio. In doing this the overall 

portfolio risk can be reduced in comparison to any of the individual assets as it changes the 

overall risk from the individual risk to the contribution of its co-variance with the other asset 

risks. This can result in a significant reduction of overall risk with little change to the 

expected return of the investment. 

The expected portfolio return ( )pRE  of two assets is equal to the sum of the expected return 

of each asset weighted by its share of the portfolio: 

 

 ( ) ( ) ( )2211 REXREXRE p +=  (2-3) 

 

where 1X  and 2X  are the proportions of each investment, and ( )1RE  and ( )2RE  are the 

expected returns of each investment. Return in this sense means how well the investment 
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generates cash flow relative to the invested capital. The portfolio risk is a measure of 

standard deviation of past returns and can be calculated by: 
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where pσ  is the expected portfolio risk, 1σ  and 2σ are the risks of each investment, and 

12σ  is the correlation coefficient of the historic return between the two assets. 

Figure 2-6 demonstrates how MVPT can be used to optimise a portfolio of two investments 

with different expected returns and risk. The two assets have a historic correlation coefficient 

of -0.3 (i.e. assets have a negative correlation). The curved line shows the expected portfolio 

return and risk for different weightings of the assets. At extreme ends are portfolios 

containing only Investment 1 or Investment 2. The red part of the curved line shows the 

efficient frontier on which any point is an efficient portfolio mix where the portfolio is 

optimised for either a maximum return for a given expected risk, or a minimum risk for a 

given expected return. 

 
Figure 2-6: Two investment example of MVPT 

As can be seen in Figure 2-6, Investment 1 has a much better return than Investment 2 but it 

also has much higher risk. By adding in a proportion of Investment 2 to Investment 1, the 

overall investment risk can be significantly reduced for a relatively small reduction in overall 

return. The red line is known as the Efficient Frontier and any one point on the line shows an 

optimal portfolio mix. An optimal mix is where the highest possible return for the lowest 
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possible risk is shown. There is no wrong or right point on the efficient frontier, all are 

optimal and the chosen mix would be based to suit the investor’s risk-return preferences. 

Portfolio mixes A and B are two optimal mixes on the efficient frontier, Portfolio A shows a 

low risk but low return, portfolio B is a medium risk with medium return; the choice is with 

the investor. MVPT also applies to models of more than two investments. 

2.5.1 Diversity and MVPT 

With CO2 emission reduction targets, scarce fuel resources and volatile fuel prices, it is 

understandable that there is much interest in the benefits of a diverse electricity generation 

mix with a high proportion of renewables. There is a lot of academic, governmental and 

market interest and research activities investigating how to optimise energy portfolios so as 

to capitalise on the available benefits gained from diversification. These include: security of 

supply, reduced financial risk to volatile fuel prices, and reduced overall costs to society. 

There are synergies between security of supply, renewables and the reduction of CO2 

emissions, which further enhance the importance of a diversified mix of generation 

technologies. 

Skea (2010) summarises recent academic studies of diversity and electricity generation and 

discusses two distinct ‘strands’ of research literature. The first strand, most notably 

researched by Awerbuch et al (2003, 2006, 2007) uses MVPT to investigate optimal 

portfolio mixes using basic statistical analysis based on historical pricing information with 

the assumption that future volatility will be captured from events in the past. The second 

strand looks specifically at security of supply and quantifying diversity, not just from ‘risk’ - 

captured in historic events but also from ‘uncertainty’ – potential future events that are 

foreseeable but have not happened in the past; and from ‘ignorance’ – potential future events 

that have not even been considered. The method uses indices such as the Shannon-Wiener 

index (Grubb et al. 2005, Stirling 1994) to try and quantify ‘disparity’ – how different the 

different technologies actually are. Stirling (1994) argues that MVPT is not a suitable 

application to use to investigate electricity generation portfolios as historic fuel price 

fluctuations have no pattern; Awerbuch (2003) argues that MVPT is suitable, that it captures 

‘total risk (the sum of random and systematic fluctuations) measured in the standard 

deviation of periodic historic returns’. Awerbuch’s point is that although certain historic 

events may not happen again, the actual effect of these unique events will be repeated. 
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2.5.2 Electricity Generation and MVPT 

The primary objectives of identifying a future optimal electricity generation mix are to: 

• Reduce the extent of climate change by cutting CO2 emissions. 

• Ensure the security of energy supply by having a diverse energy mix; Provide 

affordable energy to society. 

It is widely accepted that diversification of electricity generation technologies can reduce 

some of the risks to energy supply and increase security of supply.  However, as previously 

mentioned, a traditional ‘levelised cost’ method of technology comparison does not capture 

the risk characteristics associated with different technologies and undermines the financial 

benefits associated with renewable technologies due to reduced financial risk within a mix 

including traditional generation technologies risks of fuel and carbon price variability. 

The application of MVPT in energy systems was first explored by Bar-Katz and Levy (1978) 

who applied MVPT to electricity generation raw fuels in the U.S. to generate efficient 

frontiers for different regions and compare them with the actual observed values. Awerbuch 

and Berger (2003) use the same approach to investigate optimal EU electricity generation 

mixes and the role that renewables can play in reducing overall costs and risks by 

capitalising on renewables having no fuel costs. Awerbuch has used MVPT for several other 

studies (e.g. Awerbuch 2003, 2005, 2006, 2007). There are a growing number of studies of 

energy using MVPT - often following on from Awerbuch’s early work (Delaquil et al. 2005, 

Doherty et al. 2006, Grubb et al. 2006, Jansen et al. 2004, Roques et al. 2006a, White 2007). 

Bazilian and Roques (2008) includes much of the significant research in this area. 

Figure 2-7 gives a hypothetical example of MVPT and two electricity generation 

technologies (Solar PV and Gas Generation). Rather than MVPT being used for maximising 

return, here it has been modified to minimise the cost of electricity on a p/kWh basis. The 

technology generating cost is its levelised cost; the portfolio generating cost is the weighted 

levelised cost of all technologies in the portfolio mix. The technology risk is a measure of the 

historical standard deviation of the levelised cost components weighted by their energy 

contribution. 

As can be seen the efficient frontier is now on the lower side of the curve. It is not on the 

upper side of the curve as for any point on the upper side a lower generating cost of 

electricity exists for the same level of risk. It is also feasible to use MVPT as a generator 

return tool – i.e. net present value, but this requires significant extra complexity associated 

with the need to model market prices. 
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Figure 2-7: Two hypothetical generation technology example with MVPT optimising for minimal 

generating cost. 

Previous Electricity Generation MVPT Studies 

Awerbuch et al. (2003) used MVPT to evaluate electricity generation technologies and the 

projected technology mix in the EU for 2010. By applying MVPT a more efficient mix could 

be identified where expected cost is minimised for any given level of risk or the level of risk 

minimised for the expected cost of the portfolio of technologies. Even though renewable 

technologies were nominally more expensive, the study showed that the different renewable 

and fossil-based generating technologies could be combined to form a less costly portfolio 

than a portfolio with just fossil-based technologies. Renewables are not without risk but have 

both lower and different risk characteristics than fossil fuelled technologies. MVPT 

optimises portfolio mixes by capitalising on the diversity of the risk characteristics of the 

different technologies. Several similar MVPT studies to Awerbuch et al. (2003) have since 

been carried out: 

Awerbuch (2005a) investigated optimal energy mixes for the UK. The outcome found that 

DTI 2010 and 2020 target mixes were not optimal. Optimal mixes with less risk and no extra 

costs were found, these having increased shares of offshore and onshore wind. Awerbuch 

(2005c) looks specifically at Scotland and has a similar outcome to Awerbuch (2005a) with 

optimal mixes having increased share of wind generation and other renewable technologies.  

Awerbuch et al. (2005b) investigated geothermal energy, portfolio theory and optimal mixes 

in the US western region for 2013. The present energy mix and the Energy Information 

Administration (EIA) target mixes for 2013 were found to be sub-optimal. Optimal mixes 

had increased shares of geothermal energy. 
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DeLaquil et al. (2005) examined different possible optimal mixes for Renewable Portfolio 

Standard (RPS) legislation being considered by the Commonwealth of Virginia. Optimal 

mixes for a 2015 scenario were found to significantly reduce financial risk when compared 

to EIA projections. A 15% renewable energy RPS scenario was found to reduce risk by 25% 

to 30% with negligible increase in cost. A further benefit detailed in the report was that the 

reduced gas demand would result in reduced gas prices and an annual net saving to the 

Virginian consumers in excess of $30 million.  

White (2007) investigated future portfolios for California specifically to identify efficient 

mixes capable of increasing the mix of renewables by 33% by 2020. The outcome of the 

report suggests that optimal generation mixes to reach the target could also reduce costs and 

risks of California’s energy mix when compared to a non-target business as usual (BAU) 

scenario. 

Doherty et al. (2006) assessed generation portfolios in the island of Ireland and concluded 

that wind generation has a large part to play in future optimal generation portfolios. 

McLoughlin et al. (2006) investigated Republic of Ireland projected generation mixes for 

2020 with the analysis showing the mixes to be non-efficient. With increased energy 

generation diversity, most notably wind generation and biomass, the study concluded that 

reductions of up to 43% risk and 12% cost could be obtained. 

Jansen et al. (2006) investigated projected generation mixes in the Netherlands for the year 

2030. Two scenarios constructed by the Netherlands Bureau for Economic Policy Analysis 

(CPB) were both found to be quite inefficient. The study found that up to 20% risk 

reduction, with no extra cost, could be gained by adding more offshore wind to the energy 

portfolio. 

Carbon Pricing, Diversity and MVPT 

Carbon pricing methods are being introduced to control and reduce CO2 emissions. It is clear 

that as the carbon price increases, future efficient portfolios will become costlier and riskier 

due to the added cost and risk of the carbon price. Efficient portfolios will most probably 

need to consist of smaller proportions of carbon intensive fossil fuel technologies. This was 

demonstrated in an analysis of the EU electricity generating mix performed by Awerbuch et 

al. (2007). Carbon pricing was initially set at zero then set at €35/t CO2. A business as usual 

(BAU) EU projection mix for 2020 was found to increase by 23% in cost and 40% in risk. 

An optimal mix identified as having the same risk as the BAU case but with lower cost, saw 
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a reduction in emissions from 1450 to 725 million tonnes of CO2 per year when the carbon 

pricing was stepped up from zero to €35/t CO2. 

Grubb et al. (2006) explored characteristics of projected future electricity mixes up to 2050 

and compared it to alternative low carbon scenarios. The outcome found that low-carbon 

objectives were ‘uniformly associated with greater long-term diversity in UK electricity 

generation’, i.e., the low-carbon scenarios were found to be more diverse and therefore, more 

secure than the projected scenarios. The study found this was largely due to the share of gas 

in the UK electricity generation mix. 

2.5.3 Policy towards a low carbon future 

This study is closely aligned with a common European energy policy which was agreed and 

created in 2007. The policy describes a pathway towards 2020 which is based on three 

pillars: Sustainability, Security of Supply and Competitiveness (Commission of The 

European Communities 2007). The pillar of ‘Sustainability’ recognises that the current level 

of greenhouse gas (GHG) emissions from energy related activities is by far the largest 

contributor towards climate change and is not sustainable. The new policy aims to limit the 

global temperature increase to within 2ºC of pre-industrial times for 2020 and beyond. The 

pillar of ‘Security of Supply’ recognises the growing dependencies on imports of oil and gas 

and the associated economic and political risks as well as the increased risk of actual supply 

failure. The new policy aims to enable internal predictable and effective markets with 

competitive prices. The pillar of ‘Competitiveness’ recognises the growing volatility of gas 

and oil and the potential total cost of imports. The new policy aims to improve 

competitiveness through new legislative frameworks that can promote competitive prices 

and energy savings which would entail increasing investment in renewables and energy 

savings. 

Also of close alignment is with the UKERC 2050 Project (UKERC 2009) exploring low-

carbon energy pathways towards 2050 that achieve an 80 per cent reduction in carbon 

emission (from 1990 levels) while ensuring a secure and resilient energy system. The 

UKERC 2050 project uses the UK MARKAL elastic demand (MED) model to explore 

different energy sectors including electricity generation. There are several scenario 

outcomes, each with its own specific CO2 reduction target and energy mix. 

Low carbon renewable electricity generation can dramatically help the UK meet the policy 

requirements by reducing CO2 emissions from electricity generation, as well as gas oil and 

coal imports, while also increasing the diversity and security of supply. Mean Variance 
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Portfolio Theory (MVPT) can offer an analysis method that can identify diverse low carbon 

electricity generation mixes with optimal cost-risk characteristics. However, electricity 

generation portfolios and particularly those with high proportions of renewable electricity 

generation are expected to be affected by climate variability impacting the resource. 

2.5.4 Policy Implications and MVPT 

Planners and policy makers wanting to aim towards a chosen future electricity generation 

mix may need to introduce new mechanisms to add incentives to steer investors towards a 

target mix. There are already several mechanisms already in place to reduce carbon 

emissions and support emerging and mature renewables, which include: green certificates 

feed-in tariffs, and the EU emissions trading scheme. Skea (2010) highlights that there may 

not be any need to introduce any further policy incentives to optimise diversity as it may be 

‘overkill’. Skea also states that ‘there is no “right” level of diversity’ and is something to be 

‘determined politically’. 

Portfolios that feature a high proportion of less risky renewable technologies could be used 

to steer the development of future UK electricity utilities towards a secure and more resilient 

energy mix that is less susceptible to fuel price variability. It also acts as an aid towards 

meeting new renewables and carbon emission targets (Awerbuch 2006, Jansen 2004). 

Energy planners would need to adopt MVPT techniques and introduce new policies to steer 

investors towards a target optimal mix. The optimal economic investment from a utility point 

of view is likely to be quite different from the optimal societal investment and new policies 

would need to be effective. Solutions may include some diversity tax incentives for utility 

developers (Roques et al. 2006). There may be a similar strategy to that of the present 

Renewables Obligation Certificates (ROC) system which raises returns for renewable energy 

investment albeit with an additional ROC price risk. 

2.5.5 Assumptions and Limitations of MVPT 

MVPT uses historic standard deviation of the associated costs as a guide to future risk. This 

includes previous ‘random’ events that have happened within the historic period, but it does 

not capture any potential future extreme events. 

Electricity generation technologies are inherently lumpy, their capacities are not infinitely 

divisible in the way that stocks and shares are; they cannot be easily adjusted in size to suit 

an optimal portfolio. This creates difficulty in applying portfolio theory in real electricity 

generation situations. 
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Some transition costs from a present portfolio mix to a future portfolio mix may not be fully 

captured. For example, if existing plant needed to be decommissioned earlier than planned it 

may result in the plant being less economical. These costs include decommissioning and 

salvage. 

MVPT does not capture real time requirements of electricity generation, nor does it capture 

any associated resource and technology limitations. These are instead controlled by external 

constraints applied on the MVPT analysis (see section 8.2.2). 

2.6 Climate Change and MVPT 

MVPT has been used in recent studies as a method to investigate optimal electricity 

generation mixes, the financial benefits of renewable energy and their contribution towards 

security of supply. These studies are extremely useful for assisting electricity generation 

investors, governments and policy makers to steer future development towards a socially 

optimal mix benefiting from a high degree of diversity and minimal level of financial risk. 

Previous electricity generation studies using MVPT have assumed constant energy 

production from renewable and non-renewable sources. However, the studies conducted to 

date so far have had potential shortcomings in that they assume constant energy production 

from renewable sources. The cost-risk economic models of renewable technologies are 

inherently sensitive to resource variability - projected optimal generation portfolios based on 

resource characteristics of the present climate may change significantly when the additional 

resource variability due to climate change is considered.  

With levelised costs of renewables very strongly influenced by assumptions over resource 

levels, it is reasonable to expect that optimal generation portfolios would change where 

resource levels change as climate changes. As such, this work will concentrate on 

understanding current and future resource for key renewable generation technologies with a 

view to understanding the implications for future optimal portfolios. 

To this effect, the following chapters consider changes in resource levels for solar PV, wind, 

wave and hydropower, before bringing all the economic impacts together in a MVPT 

analysis in chapter 8. 
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2.7 Chapter Summary 

This chapter has provided the reader with a background to the different fields required to 

answer the hypothesis. Climate change and climate projections with particular emphasis on 

the UKCP09 probabilistic projections are introduced. Renewable technologies and their 

resource are briefly discussed. Energy economics, financial risk and Mean Variance 

Portfolio Theory (MVPT) are discussed. It has not been intended as an exhaustive literature 

survey of all material, it is a targeted effort to equip the reader with sufficient background 

knowledge in the main topics covered in this thesis. 
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3 Solar Energy 

3.1 Introduction 

The main objective of this chapter is to assess the baseline solar resource of the UK and 

investigate the impact climate change could have on the resource and output from solar 

photovoltaic (PV) cells. It uses probabilistic regional climate change scenarios released as 

part of the United Kingdom Climate Projections study (UKCP09). 

The yellow blocks in the thesis flowchart (Figure 3-1) signify the areas of the thesis 

connected with this chapter. 

 
Figure 3-1: Thesis flowchart and solar energy resou rce blocks 

3.1.1 Chapter overview 

Solar radiation data is measured at several weather stations but many lack historical data. 

Sunshine data is far more plentiful with excellent geographical coverage and historical data 

far in excess of 30 years. The Met Office have used much of the UK’s observed sunshine 

duration data to develop annual monthly average 5km x 5km gridded data sets of daily 

sunshine duration over the UK. The gridded data sets cover in excess of 30 years and were 

used as the main source of observed sunshine duration. The sunshine data was converted to 

solar radiation using a method described by Suehrcke (2000), then averaged over the 30 year 

baseline period. Verification was achieved by comparing with actual observed solar radiation 

data from weather stations located at several locations throughout the UK. The baseline solar 

resource model was converted to solar resource on a south facing incline, which increases 

available resource by facing more directly towards the Sun. The incline is a typical 

characteristic of solar panel installations. The UK was split into six different solar regions, 

resource characteristics were explored and proportions of solar deployment were estimated 



 

31 

for each region. The proportioned regional characteristics were used to generate solar PV 

output resource values for the UK. Output from the UKCP09 probabilistic climate change 

projections were used to explore how solar PV resource may change throughout the UK. The 

projected change for each of the solar regions and the resulting change in the UK solar PV 

output values were investigated. 

3.2 Baseline Resource 

The aim of the first part of the section was to create an accurate geographical map of solar 

energy resource over the UK to represent the present (baseline) climate. There are two main 

parameters measured at weather stations that can be used to estimate solar radiation resource. 

Solar radiation is directly measured using a Pyranometer. An alternative method of 

estimating solar radiation is by converting sunshine duration as measured using a Campbell 

Stokes Recorder. 

Pyranometers directly measure solar radiation using a thermal sensor. There are various 

types of Pyranometer, the most common type measures both ‘direct’ (directly from the Sun) 

and ‘diffuse’ (indirectly from the clouds and sky)  horizontal solar radiation. Less common 

devices, which require mechanical adjustment of apparatus to either track or block the Sun, 

measure just the ‘direct’ or ‘diffuse’ part. Solar radiation is recorded at several observation 

stations across the UK but in much fewer numbers and with shorter historic time series than 

sunshine duration observations. Pyranometer measurements may have systematic errors of 

up to 10% due to varying outdoor field conditions (IEA 1995). 

The Campbell-Stokes Recorder produces daily sunshine duration data by converging the rays 

of the sun through a glass sphere onto a strip of chemically treated paper. The equipment was 

first introduced in the late seventeenth century and is still the official method of recording 

sunshine duration hours. Present designs have changed very little; it is relatively simple in 

design and easily maintained. The UK Met Office holds daily sunshine duration data for in 

excess of 200 Campbell-Stokes Recorders situated in various observation locations 

throughout the UK. 
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3.2.1 Sunshine Duration to Solar Radiation Conversi on Method 

Sunshine duration data was used to develop the solar energy resource map. The UKCP09 

observed gridded data sets include monthly averaged sunshine duration hours at a resolution 

of 5km. The gridded data sets are based on weather station sunshine hour observations. The 

raw data has been subjected to regression and interpolation to generate data at regularly 

spaced grid points from the irregularly spaced network of measurement stations. The dataset 

output also takes into account other attributes such as location, altitude, terrain, coastal 

influence, and land use (Perry et al. 2005a, 2005b). 

The approach taken was to generate a geographical model of monthly / seasonal global 

radiation data of the UK by converting UKCP09 / Met Office 5km gridded sunshine duration 

hours (UK Meteorological Office 2009a) to global radiation. The method used was 

introduced by Suehrcke (2000). It is based on the widely used Angstrom-Prescott equation 

that describes a relationship between the relative sunshine duration and solar radiation on the 

surface of the earth. (See Martínez-Lozano et al. (1984) for a historical appraisal of the 

evolution of the Angstrom-Prescott equation). The advantage that the Suehrcke method has 

over the Angstrom-Prescott method is that it does not rely on two empirically derived 

constants that vary quite considerably depending on location. Instead, the Suehrcke method 

requires only an estimate of the monthly average daily clear sky clearness index. Suehrcke 

(2000) states the value as being ‘typically between 0.65 to 0.75’. 

3.2.1.1 Suehrcke Conversion Method 

Monthly average values of daily sunshine duration data was first converted to solar radiation 

using Suehrcke’s derived equation which relates the sunshine fraction to monthly average of 

daily horizontal extra-terrestrial solar radiation (Suehrcke 2000). The process of relating 

sunshine hours to solar radiation on a horizontal plane requires the calculation of several 

other parameters. These include: length of the day, sunrise or sunset hour angle, declination 

of the sun and extra-terrestrial solar radiation. They use several commonly used empirical 

equations 3-2 to 3-7 which are described in many standard solar resource textbooks (Garg et 

al. 2000; Sukhatme et al. 1996, Twidell et al. 2006) are used to estimate the mentioned 

parameters. All calculations assume that cloud cover has uniform characteristics throughout 

the day, and solar radiation is isotropic. 
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Suerchke’s equation is 
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where clearf  is the fraction of time which no significant clouds block the sun, K  is the 

monthly average daily clearness index and �����	
 is the monthly average clear sky clearness 

index. 

The variable clearf  for a specific month and location is equivalent to the sunshine fraction 

(S). The sunshine fraction can be calculated by dividing the average monthly sunshine 

duration data by the average monthly day length. Day length can be calculated by 
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where N is day length in hours, φ  is the latitude in degrees and δ is the declination of the 

sun in degrees. Declination of the Sun (δ ) can be calculated by 
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where n  is the day of year starting on 1st January. 

 

The monthly average clear sky clearness index �����	
 is the component in Suehrcke’s 

equation that removes the requirement of the two empirical constants in the Angstrom-

Prescott method. The monthly average clear sky clearness index. 
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�����	
 can be calculated by 
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where �����	
 is the monthly average of daily horizontal surface clear sky radiation (J m-2) 

and ��
 is the monthly average of daily horizontal extra-terrestrial solar radiation (J m-2). 

The daily horizontal extra-terrestrial solar radiation variable oH can be calculated by 
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where scI
 is the solar constant and is equal to 1367 W/m2, ssh

 is the sunrise / sunset hour 

angle on a horizontal surface and oI  is the extra-terrestrial solar radiation at normal 

incidence. ssh
 can be calculated by 
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while oI  can be calculated by 
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Unfortunately �����	
 is a parameter that is not readily available from observed data. 

Therefore, an alternative method of determining �����	
 has been used: Monthly �����	
 

values were identified by calibrating the value of �����	
 in the Suehrcke conversion equation 

against actual observed solar radiation data. This process essentially makes it empirical. 
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3.2.1.2 Resource Analysis 

Eighteen UK meteorological stations were identified that record both sunshine duration and 

solar radiation, they had both Pyranometers and Campbell Stokes recorders, and also had 

sufficiently long historical data for both parameters. A daily time series of 5 years (1995 to 

1999) of both sunshine duration and radiation was downloaded for all eighteen met stations 

(Met Office 2006) and used for the analysis of the �����	
 values.  

The average monthly converted sunshine duration values for all stations were adjusted to 

match the average observed monthly global solar radiation by optimising the value of �����	
 

for each month. The eighteen locations are shown in Figure 3-2. The UK values for �����	
 

are shown in Table 3-1. The monthly  �����	
 variability between the stations and the �����	
  

Root Mean Square Error (RMSE) are shown in Figure 3-3. 

The RMSE can be calculated by 
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(3-8) 

where Xi is the met station  �����	
 value,
 
X  is the average of the met station  �����	
 values, 

and i is the met station number. 

There appears to be no correlation between the �����	
 and latitude or longitude of location. 

For instance, three stations that have marginally higher values (src113, src1198, src1395) are 

located in North Scotland, Wales, and South West England respectively. 
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Figure 3-2: Locations of met stations measuring bot h sunshine duration and global radiation 

Month Average  �����	
 RMSE 

January 0.579 0.0259 

February 0.63 0.0275 

March 0.668 0.0254 

April 0.682 0.0243 

May 0.701 0.0169 

June 0.707 0.0305 

July 0.71 0.0191 

August 0.679 0.0165 

September 0.667 0.0160 

October 0.641 0.0249 

November 0.628 0.0332 

December 0.616 0.0738 

Table 3-1:  Average clearK  values for the UK 



 

37 

 

Figure 3-3: Intra-annual variability of  clearK  at different met stations 

K  can be calculated from equation (3-1) now that both clearf  and clearK  are known. It can 

also be calculated by: 
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oH  can be calculated from equation (3-5) and averaging daily values to find the monthly 

value. Now values for both K  and oH  can be substituted into equation (3-9) and hH , the 

monthly average of daily horizontal surface radiation, the parameter that is ultimately being 

sought, can be calculated. 

3.2.1.3 Validation of the Suehrcke Method 

Figure 3-4 shows data for the met station SRC535 located in North Yorkshire. The close 

relationship of the converted measured sunshine hours with measured solar radiation is 

typical for most of the locations shown in Figure 3-2 There is one location with larger than 

typical discrepancy (SRC554 in Nottinghamshire) and is discussed further in section 3.2.2 

where the validation process is continued. 
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Figure 3-4: Comparison of measured sunshine hour du ration converted to radiation and actual 

measured radiation. 

3.2.1.4 Conversion of UK 5km Gridded Sunshine Duration to Solar Radiation 

The 5km gridded data sets of monthly average daily sunshine duration (UK Meteorological 

Office 2009a) were obtained for the years from 1961 to 2005. Irregular or missing data-

points were replaced by using values from adjacent cells and averaging. Sunshine duration 

data from each 5km cell of each month of each year were converted using the Suehrcke 

method with the UK monthly values of clearK  derived earlier. The converted monthly data 

between years 1961 to 1990 was averaged to create the UK baseline solar energy resource 

map. Figure 3-5 shows the average daily annual sunshine hour duration over the baseline 

period and the converted solar radiation levels. Seasonal solar radiation levels are shown in 

Figure A-1 in Appendix A. 
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Figure 3-5: Average Daily Annual Sunshine Hours and converted Solar Radiation over the 

baseline time period 

3.2.2 Validation of Baseline Resource 

Validation of the conversion method (Suehrcke 2000) and the baseline solar radiation model 

were completed by comparing the derived and actual solar resource data from the eighteen 

weather stations (Met Office 2006) shown in Figure 3-2, with the derived solar radiation data 

from the gridded data sets at each station location over the same time period (1995-1999).  

Figure 3-6 shows the month of June and Figure 3-7 shows the month of January for all 

locations. The close relationship is typical for all the other months. The higher values in the 

measured solar radiation for met stations SRC 554 seen in Figure 3-7 were investigated and 

found to be caused by erroneous spikes in the pyranometer readings throughout years three, 

four and five (see Figure 3-8), possibly from a defective sensor or positioning issues. All 

pyranometer data from the other locations had normal characteristics and were free from any 

similar spikes. It is unclear why the converted gridded and station sunshine duration values 

are slightly different at some locations. The gridded data at each station location should be 

generated from the station data. It is possibly due to the interpolation process used to create 

the gridded data, or that that not all sunshine duration data were used in the process to create 

the gridded data. 
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Figure 3-6: Comparison of gridded sunshine duration  converted to radiation with measured 

radiation at all 18 locations for the month of June  

 
Figure 3-7: Comparison of gridded sunshine duration  converted to radiation with measured 

radiation at all 18 locations for the month of Janu ary 

 
Figure 3-8: Erroneous solar radiation readings at st ation SRC554 



 

41 

Table 3-2 shows error values between actual measured solar radiation and derived solar 

radiation values from sunshine hours at the station and sunshine values from the gridded data 

for the same years and locations. SRC554 was not included in the overall average figures. 

 
Station 

ID 
Station Grid 

 R2 
RMSE 
(W/m2) 

Mean Error 
(W/m2) R2 

RMSE 
(W/m2) 

Mean Error 
(W/m2) 

SRC09 0.9982 3.0204 0.910 0.9989 5.2747 -4.051 
SRC54 0.9995 1.6028 -0.362 0.9989 5.4284 -4.820 
SRC113 0.9989 2.8188 -1.771 0.9984 11.0827 -10.449 
SRC181 0.9973 4.8979 -1.786 0.9993 5.5166 -4.637 
SRC332 0.9967 4.5131 1.222 0.9980 3.9889 -1.441 
SRC433 0.9981 3.3606 -0.866 0.9976 4.6642 -2.362 
SRC471 0.9993 3.4579 0.686 0.9989 5.4326 0.342 
SRC535 0.9992 2.9384 -1.931 0.9989 4.5507 -3.973 
SRC554 0.9795 38.3151 -33.692 0.9724 41.0738 -36.586 
SRC744 0.9991 6.0017 4.697 0.9986 7.0045 3.845 
SRC825 0.9992 3.2421 -1.077 0.9984 4.5822 -3.411 
SRC838 0.9996 2.5973 1.445 0.9988 3.8113 -0.528 
SRC846 0.9996 2.4654 -1.838 0.9989 4.1164 -0.991 

SRC1023 0.9989 6.2586 5.197 0.9985 3.1718 -0.772 
SRC1105 0.9986 3.2462 1.991 0.9983 3.2062 -0.499 
SRC1198 0.9994 5.1932 -3.958 0.9991 5.1856 -4.663 
SRC1395 0.9986 4.5249 -2.989 0.9978 5.6710 -4.432 
SRC1450 0.9999 2.9892 1.910 0.9996 3.2249 -2.916 
Overall 
Average 0.9988 3.7134 0.087 0.9986 5.0537 -2.692 

Table 3-2: Error comparisons from observed solar rad iation to observed converted sunshine 
hours from the same met station and to converted gr idded sunshine hours. 

The estimated resource at selected locations was also compared with values from PV-GIS 

(2011), which is a GIS based computational model that derives the different solar radiation 

components of the chosen location. It can calculate ground radiation at an estimated optimal 

incline (Šúri et al. 2004, 2005). The PVGIS database source is satellite data covering the 

period 1984-2004. The accuracy of the model has an estimated cross-validation year average 

RMSE value of 146 Wh/m2 (4.5%) (Šúri et al. 2007).  
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Table 3-1 shows PV-GIS values to be slightly higher, which appears to be magnified in 
higher latitude locations.  

 

Horizontal Solar Radiation (W/m2) 

 
Burnett 
(2011) 

PV-GIS 
(2011) 

Difference 

Lerwick 82.2 90.0 -7.8 

Thurso 88.1 93.8 -5.7 

Ullapool 89.7 96.3 -6.6 

Edinburgh 98.0 100.4 -2.4 

Carlisle 102.0 103.3 -1.3 

Birmingham 104.9 109.6 -4.7 

Southampton 117.1 118.8 -1.7 

Table 3-3: Comparing average annual horizontal surf ace radiation with PV-GIS 

The PV-GIS has an average offset of 4.3 W/m2 (+4.4%) with a standard deviation of 2.55 

W/m2 when compared with the figures estimated in this study. It is worth noting that PV-GIS 

has an estimated annual average cross-validation RMSE value of 4.5% (Šúri et al. 2007). It 

is also worth noting that the described PV-GIS offset is not seen when comparing the 

baseline resource with actual observed values (Table 3-2). 

3.2.2.1 Uncertainties 

The data and method contain a number of uncertainties. The accuracy of the sunshine and 

radiation recordings are generally within a few percent but poor maintenance or obstructions 

between the instruments and the sun, such as buildings or trees can introduce errors. 

Systematic errors in the Campbell Stokes meters may be up to 20% at times; if there are two 

short bursts of bright sunshine in a close period the burns on the card can be wrongly read as 

one continual longer burst (Met Office 2011). The grid resolution of the gridded sunshine 

data does not capture all characteristics of the terrain and shaded locations and will lead to 

larger errors at some locations. The sunshine duration to solar radiation conversion method is 

an approximation and will introduce errors. 
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3.3 Baseline Resource on an Inclined Surface 

In the previous section it was shown that resource, power density on a horizontal plane, is 

within about 5% of measured resource at several sites. In this section the objective is to 

estimate the energy yield from a representative PV system in a fixed position with a south 

facing incline. 

The UK Baseline Solar Resource Model (as described in section 3.2) gives resource on the 

horizontal plane. Ideally, a solar panel would track the path of the Sun and face directly 

towards it at all times to maximise harvestable solar energy at all times. However, additional 

moving parts increase both capital and maintenance costs. Solar panels are generally on a 

fixed south facing incline; a fixed tilt solar panel has no moving parts and can benefit from 

increased reliability and low maintenance costs. Installation on south facing, or near south 

facing, roofs are ideal and common in the UK. 

The optimal south facing inclination angle, for a fixed solar panel, is largely dependent on 

the latitude at the specific location. High latitude locations have a high solar declination 

angle resulting in solar panels requiring a higher inclination angle for optimal efficiency. The 

clear sky air quality and cloud cover also have an effect. A location with high levels of cloud 

cover may benefit from an inclination slightly closer to the horizontal plane to benefit higher 

levels of indirect solar radiation. One final factor that needs to be considered in calculations 

is that a fixed south facing incline will block some direct sunlight when close to sunrise and 

sunset in summer months due to the sunrise and sunset angles being reduced by the 

inclination. 

3.3.1 Estimation of Solar Radiation Resource on an Inclined Surface 

Solar radiation resource on the earth’s surface is typically measured on the horizontal plane. 

However, it is often necessary to obtain the resource at an incline, especially when applied to 

solar energy applications. It was felt necessary to modify the UK Baseline Solar Resource 

Model data to include resource available to a south facing inclined solar panel. 

As mentioned earlier there are several commonly used empirical equations which are 

described in many standard solar resource textbooks and journal articles (Garg et al. 2000, 

Kalogirou 2009, Liu and Jordan 1960, Sukhatme et al. 1996, Twidell et al. 2006). 
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There are three radiation components making up the total solar radiation absorbed on a tilted 

surface: the direct, diffuse and ground reflected components (Kalogirou 2009): 

 

 
rtdtbtt HHHH ++=  (3-10) 

 

where tH  is the monthly average of daily radiation on the tilted surface (J m-2), btH  is the 

direct radiation on the tilted surface, dtH  is the diffuse radiation on the tilted surface, and 

rtH  is the ground reflected radiation on the tilted surface. 

 
The ratio, or conversion factor, of monthly average daily solar radiation on the horizontal 

plane to monthly average of daily solar radiation on a south facing incline tr can be 

calculated by (Garg et al. 2000): 
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where dH  is the monthly average of daily diffuse horizontal surface radiation (J m-2), br  is 

the monthly average daily direct radiation conversion factor, dr  is the monthly average 

daily diffuse radiation conversion factor, rr  is the monthly average daily ground reflected 

conversion factor. The monthly average daily direct radiation conversion factor br  can be 

calculated from (Sukhatme et al. 1996): 
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The monthly average daily diffuse radiation conversion factor dr  can be calculated from 

(Sukhatme et al. 1996): 
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The monthly average daily ground reflected conversion factor rr  is dependent on the 

reflectivity, or albedo, of the surrounding ground ( ρ ). Assuming a typical ground albedo of 

0.2 it can be calculated by (Sukhatme et al. 1996): 

 

 

2

cos1 βρ −=rr  (3-14) 

 

At this stage, the only missing component from Equation (3-10)  required to convert the 

monthly average of daily horizontal surface radiation hH  to the monthly average of daily 

radiation on the tilted surface tH , is the monthly average of daily diffuse horizontal surface 

radiation dH . The ratio of dH  to hH  is generally known as the diffuse fraction. 

 

The conversion process relies heavily on knowledge of the diffuse fraction at the particular 

location of interest, which is generally not known. There are a few empirically derived 

methods that attempt to estimate the diffuse fraction, one of which is a method described by 

Liu and Jordan (1960); their method is based on a correlation between the monthly clearness 

index and the diffuse fraction. The Liu and Jordan (1960) equation relates hH  and dH  to 

the monthly clearness index (TK ): 
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There are four empirically derived constants in the Liu and Jordan method and they are 

known to be influenced by location. The Liu and Jordan empirical model had been 
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developed for a climate different to the UK and a method to verify its accuracy for the UK 

climate was required. 

The accuracy of Liu and Jordan’s empirical equation (3-15) was assessed by comparing its 

estimation accuracy to actual observed diffuse and global radiation data: 

 

 
dbh HHH +=  (3-17) 

There are very few meteorological stations in the UK that measure both diffuse and global 

radiation and even fewer that have usable data over a suitable time period. Just eleven 

stations were identified that met the criteria of observing both global and diffuse solar 

radiation measurements and having a suitably long time series of recorded data. The station 

locations are shown in Figure 3-9.  

 
Figure 3-9: Met stations measuring both Global and Diffuse Radiation 

The average monthly diffuse fractions were calculated for each of the stations using the five 

year time series of observed global and diffuse solar radiation data and are shown in Table 

3-4. The average diffuse fractions are shown in Table 3-5, along with RMSE data and 

latitude and longitude correlation. The diffuse fraction is strongly positively correlated 

towards the north and negatively correlated towards the east, agreeing with the UK’s typical 

weather being cloudier in more northerly and westerly locations. 
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 SRC09 SRC54 SRC433 SRC435 SRC554 SRC562 SRC744 SRC1023 SRC1096 SRC1105 SRC1450 

Latitude 60.139 58.214 52.686 52.260 52.828 53.482 51.287 55.311 53.550 54.014 54.664 

Longitude -1.183 -6.325 1.693 0.569 -1.250 -1.007 0.451 -3.206 -2.915 -2.774 -6.224 

January 0.88 0.87 0.79 0.77 0.71 0.8 0.79 0.82 0.81 0.83 0.8 

February 0.8 0.79 0.74 0.75 0.67 0.77 0.74 0.77 0.78 0.8 0.76 

March 0.75 0.77 0.71 0.74 0.64 0.72 0.72 0.76 0.75 0.78 0.75 

April 0.7 0.71 0.63 0.67 0.64 0.7 0.64 0.71 0.67 0.71 0.68 

May 0.71 0.65 0.63 0.64 0.59 0.67 0.64 0.69 0.64 0.67 0.66 

June 0.71 0.72 0.65 0.66 0.58 0.67 0.64 0.7 0.67 0.7 0.68 

July 0.75 0.77 0.61 0.63 0.54 0.65 0.61 0.72 0.66 0.68 0.71 

August 0.74 0.78 0.6 0.63 0.54 0.62 0.6 0.73 0.66 0.7 0.72 

September 0.74 0.74 0.66 0.66 0.59 0.67 0.65 0.75 0.68 0.72 0.71 

October 0.79 0.76 0.68 0.68 0.61 0.7 0.72 0.77 0.73 0.75 0.74 

November 0.84 0.84 0.76 0.76 0.74 0.79 0.74 0.77 0.79 0.79 0.77 

December 0.9 0.88 0.8 0.81 0.71 0.81 0.83 0.81 0.85 0.84 0.81 

Annual 0.78 0.77 0.69 0.7 0.63 0.71 0.69 0.75 0.72 0.75 0.73 

Table 3-4: Average monthly diffuse fraction values at met stations 

 

 
 

Average 
Diffuse Fraction 

Correlation  with 
Latitude 

Correlation with 
Longitude 

RMS 
Diffuse Fraction 

RMSE 
Diffuse Fraction 

January 0.81 0.8 -0.41 0.81 0.0443 

February 0.76 0.58 -0.38 0.76 0.0353 

March 0.74 0.45 -0.48 0.74 0.0365 

April 0.68 0.66 -0.61 0.68 0.0292 

May 0.65 0.65 -0.24 0.65 0.0305 

June 0.67 0.7 -0.51 0.67 0.0375 

July 0.67 0.83 -0.67 0.67 0.0651 

August 0.67 0.8 -0.73 0.67 0.0705 

September 0.69 0.74 -0.57 0.69 0.0465 

October 0.72 0.69 -0.49 0.72 0.0487 

November 0.78 0.89 -0.47 0.78 0.0326 

December 0.82 0.65 -0.27 0.82 0.0469 

Annual 0.72 0.79 -0.52 0.72 0.0409 

Table 3-5: Diffuse fraction correlation with latitu de and longitude and error values 

The actual observed average monthly clearness index ( TK ) values were compared to the 

Liu and Jordan calculated values for each of the specific met station locations The 

comparisons showed that the calculated diffuse fractions were significantly lower than the 

actual measured values, ranging from 22% too low in winter months, to 46% too low in 

summer months.  
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The average Liu and Jordan diffuse fraction values are shown in Figure 3-10; also shown are 

the actual station measured values and an average of the station values. 

 
Figure 3-10: Observed Average Monthly Clearness Ind ex Values 

It was decided to use the Liu and Jordan equation (3-15), and to adjust the empirical 

constants for the UK climate. Five years of observed diffuse fraction data from the eleven 

suitable weather stations were used to generate new empirical constant values for the Liu and 

Jordan method. Initially, one set of optimal values were generated to suit all months, but it 

was found that the observed diffuse fraction over the UK varied quite significantly over the 

year and so empirical values for each month were generated to give greater accuracy. 

The modified equation (3-18) could then be used to accurately estimate diffuse to global 

radiation ratios for all the 5km grid cells. 
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where the monthly values of a, b, c and d based on actual observed diffuse and global 

radiation ratios are shown in Table 3-6. 
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Coefficient Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

a 1.516 1.559 1.581 1.570 1.569 1.578 1.562 1.559 1.563 1.609 1.565 1.538 

b 3.995 3.974 3.959 3.955 3.950 3.948 3.957 3.959 3.961 3.938 3.973 3.989 

c 5.408 5.548 5.555 5.560 5.564 5.565 5.560 5.559 5.557 5.568 5.548 5.541 

d 3.106 3.103 3.099 3.096 3.094 3.094 3.096 3.097 3.098 3.093 3.103 3.105 

Table 3-6: Optimal empirical constant values for th e UK 

The use of the new values in Table 3-6 with equation (3-18) move the Liu Jordan average up 

to align exactly with the met station observed average diffuse fraction values.  

3.3.1.1 Optimal Inclination Angle 

Figure 3-11 shows monthly optimal inclination angles calculated at two locations:  The 

Shetland Islands, in the far north and the South East Coast of England. Averaged optimal 

angles for the UK as a whole are also shown. The higher optimal inclination angles for 

Shetland in the far north is clearly visible for non-winter months but in December and 

January, the higher cloud cover resulting higher diffuse fraction results in a lower than 

expected optimal inclination angle.  

 

 
Figure 3-11: Monthly optimal south facing incline a t extreme latitudes of the UK and for the UK 

in general. 

The benefit of an inclination angle can clearly be seen in Figure 3-12. The angle is shown in 

degrees. The gain is shown on the same scale as the angle and is divided by ten to get the 

correct value.  Summer months do not benefit greatly but the poor resource in winter months 

can be substantially increased with an optimal inclination angle. An annual gain of 9% was 

estimated by using monthly optimal inclination angles rather than a horizontal plane. 
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Figure 3-12: Monthly optimal inclination angles and  gain from the horizontal plane for the UK 

This study assumes that the majority of solar PV installations do not have active tracking 

mechanisms and so are lower cost installations with a permanently fixed incline. The study 

will also assume that all installations are south facing with an inclination angle of 28° which 

was found to be the optimal angle for maximum gain for the UK as a whole (see Figure A-2 

in the Appendix). In extreme UK latitudes the optimal fixed angle varied from 27° in the 

extreme south, to 29° in the extreme north. 

Figure 3-13 shows how a fixed incline of 28o compares with resource on the horizontal 

plane. In winter months, when solar resource is poor, the incline can significantly increase 

the available resource by up to 61% in December. However, in summer months, the benefit 

of the incline reduces due to the higher Sun declination and the south facing incline blocking 

solar radiation resource in early morning and late evening. 

 
Figure 3-13: Comparison of Resource from Horizontal  Plane and South Facing Fixed Incline of 

28o 
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The derived optimal angles (27o to 29o) appear to be on the low side when compared to some 

other figures. PV-GIS (2011) estimate optimal angles to be in the region of 35o to 39o over 

the full latitude range of the UK. However, it may be the observed relatively high proportion 

of cloud cover over the UK that has resulted in the calculations in this report being relatively 

lower than the PVGIS values. The diffuse component is largely the main source of error in 

solar radiation models (Šúri et al. 2004) and it is possible that it is a large diffuse error in the 

PV-GIS calculations over the UK that has caused the difference in solar radiation resource, 

optimal angle and optimal angle gain. 

Returning to the earlier comparison of PV-GIS measurements (Table 3-3) and shown 

previously. Here in Table 3-7 are further comparisons of the same locations showing the 

estimated optimal inclination angle. 

 

Optimal incline solar resource comparison with PV-GIS 
Location Horizontal (W/m2) Optimal Incline (W/m2) Optimal Incline Gain (%) 

 
Burnett 
(2011) 

PV-GIS 
(2011) 

Burnett 
(2011) 

PV-GIS 
(2011) 

Burnett 
(2011) 

PV-GIS 
(2011) 

Lerwick 82.2 90.0 87.9 105.0 6.9 16.7 
Thurso 88.1 93.8 95.1 110.0 7.9 17.3 

Ullapool 89.7 96.3 95.8 112.1 6.8 16.4 
Edinburgh 98.0 100.4 105.8 117.1 8 16.6 

Carlisle 102.0 103.3 109.8 120.4 7.6 16.6 
Birmingham 104.9 109.6 111.5 125.4 6.3 14.4 
Southampton 117.1 118.8 125.1 136.7 6.8 15.1 

Table 3-7: Comparing average annual optimal incline  solar resource with PV-GIS 

The PV-GIS optimal angles at the locations range between 36o to 39o compared to 

estimations of 27o to 29o in this study. The average PV-GIS inclination angle gain is 16.2%, 

compared to 7.2% in this study. There is a high degree of confidence of the figures derived 

in this study. They are derived using actual observed diffuse and global radiation values from 

several UK locations. The lower optimal angle and gain values estimated in this study are 

thought to be due to the observed solar radiation data having a larger than expected diffuse to 

global solar radiation ratio (less sunny). This reduces the benefit (and gain) of an incline:  a 

solar panel is more efficient on the horizontal plane when there are periods of obstructed 

daylight; therefore, a location with higher annual proportions of obstructed sunlight than 

another location on the same latitude would be more optimal at a lesser inclination angle. 

There is other evidence of differing optimal angle calculations. For example, Li et al. (2007) 

studied the optimal angle for Hong Kong at latitude of 36o. Their method used radiation 

observations over a year in ten minute time samples. The outcome was an optimal inclination 

angle of 20o. PVGIS explored locations in Europe with similar latitudes to Hong Kong, and 
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all optimal inclination angles were returned to be in the region of 31o which is considerably 

higher than the calculations based on actual observations. Some methods of estimating 

optimal inclination angles appear to use global models which depending heavily on latitude 

and may not take localised weather patterns into account, Lorenzo (2005) for example. 

3.4 Solar PV Electricity Generation 

3.4.1 PV System Particulars 

To accurately estimate the output of a PV system it is necessary to know its performance 

characteristics. The ratio of the power generated to the solar irradiation incident is defined as 

the efficiency of the system. The instantaneous energy generated from a PV system depends 

on the input solar resource and several other variables including: system operating 

temperature; air mass; solar cell, module and inverter technology and operating 

characteristics; all of which affect the overall efficiency of the system.  

There are several types of solar PV systems with different solar cell, module, and inverter 

technologies; all of which result in a large spread of potential system costs and efficiencies. 

This study uses the characteristics of a commercially available PV module to explore the 

potential PV output resource. The key parameters of the chosen PV panel are shown in Table 

3-8. The efficiency of this particular solar PV panel, at 14.1%, is a little higher than the mid 

end of current commercially available panels, but much lower than the most efficient but 

more expensive commercially available panels that can reach efficiencies of around 20%. An 

efficiency of 95% is assumed for the inverter. 

 

SUNTECH STP180S-24-Ad 
Area (m2) 1.28 

Power (W/m2) 141 
Efficiency 14.1 

Technology Polycrystalline 
Peak Output (W) 295 

Table 3-8: Key characteristics of commercially avai lable solar PV panel (Solar Access 2011) 

3.4.2 Technology Deployment 

It is difficult to predict location and size of future UK PV installation deployment. However, 

it can be assumed that more southerly locations - with higher solar resource - will be more 

popular. Locations with higher population density can also be assumed to have more rooftop 
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PV installations. Both assumptions lead to there being a larger weighting of PV technology 

in more southerly locations such as the South of England. 

3.4.2.1 UK Geographic Regions 

The UK solar resource varies quite considerably, more southerly UK latitudes have more 

available resource than more northerly locations. The majority of present and future solar PV 

installations will be weighted towards the south as they will be more economically viable 

and reach grid parity sooner than more northerly locations, but there will be installations in 

higher latitude locations, especially in more populated locations. 

For this study the UK has been split into six geographical regions with relatively similar 

solar resource as shown in Figure 3-14. A weighting of the proportion of UK solar PV 

resource has been estimated for each region. Technology, resource and an average UK 

levelised cost of Solar PV can then be more easily estimated. The effect of climate change 

can be assessed incorporating regional differences. The weighted regional resource 

characteristics are used to generate baseline solar PV output resource values for the UK. 

 

 
Figure 3-14: Solar Resource Regions 
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The assumed proportions of installed solar PV in each region of Figure 3-14 are shown in 

Table 3-9. 

 

Regional Proportion of Solar Resource Regions and Proportions of assumed Solar PV Resource 
Region Proportion of Total Area Solar PV Resource Weighting 

UK and Northern Ireland (N.I.) 100% Not weighted 
Scotland North 15.4% 0.05 
Scotland Mid 10.8% 0.12 

Scotland South and N.I. 13.1% 0.08 
England North 12.7% 0.15 

England Mid and Wales 22.8% 0.25 
England South 25.2% 0.35 

Table 3-9: Solar PV Assumed Regions and Proportions 

3.4.2.2 Solar Baseline Resource in UK Geographic Regions 

Table 3-10 and Table 3-11 show the regional averaged baseline solar resource for each of the 

regions for a horizontal plane and a fixed 28osouth facing incline. Also shown at the bottom 

of each are the weighted values for UK and Northern Ireland. Note these values are higher 

than the un-weighted UK and NI values as they assume the higher proportions of installed 

solar PV in more southerly regions as discussed in section 3.4.2.1. 

 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Ann 
Scotland 

North 
10.7 34.7 69.9 125.8 167.7 177.9 156.3 128.0 80.8 48.8 16.1 7.4 85.3 

Scotland 
Mid 

14.0 37.3 75.2 132.5 174.7 188.1 173.5 139.0 89.6 55.5 21.2 10.5 92.6 

Scotland 
South 
& N .I. 

17.5 40.7 78.7 136.7 180.7 191.4 175.0 142.6 95.0 60.3 25.4 13.7 96.5 

England 
North 

18.8 40.9 80.7 133.2 182.8 197.2 183.2 150.0 100.8 64.7 27.0 15.4 99.5 

England 
Mid 

& Wales 
22.0 44.7 86.3 139.3 189.2 203.4 193.7 159.0 109.7 72.4 30.8 18.4 105.7 

England 
South 

25.1 49.5 93.3 148.9 198.2 215.2 206.7 170.8 119.7 80.4 35.2 21.7 113.7 

UK  & N.I. 
 

19.2 42.6 82.7 137.9 184.8 198.5 185.3 151.8 102.6 66.4 27.4 15.7 101.2 

 
UK & N.I. 
Weighted 

20.7 44.1 85.2 140.0 187.9 202.5 190.9 156.5 106.8 69.9 29.5 17.2 104.2 

Table 3-10: UK Baseline Solar Resource for Horizonta l plane in W/m 2 
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 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Ann 

Scotland 
North 

13.6 46.4 79.8 133.8 168.7 174.8 154.7 131.8 88.8 60.3 20.5 9.3 90.2 

Scotland 
Mid 

19.3 48.9 85.9 140.8 175.8 184.4 171.9 143.8 99.4 69.4 29.8 14.9 98.7 

Scotland 
South 
& N .I. 

24.3 52.1 89.1 144.8 181.0 187.6 173.0 146.8 105.1 74.7 35.8 19.5 102.8 

England 
North 

25.9 51.1 91.1 140.0 182.9 193.3 181.4 154.7 112.0 80.7 37.5 22.4 106.1 

England 
Mid 

& Wales 
29.6 54.9 96.8 145.8 189.1 198.8 191.5 163.7 121.9 89.7 41.5 25.7 112.4 

England 
South 

33.9 61.0 105.1 156.2 197.9 209.4 204.1 175.9 133.5 100.1 47.8 30.6 121.3 

UK & N.I. 26.0 53.7 93.4 145.3 185.0 194.1 183.2 156.4 113.9 82.5 37.3 22.1 107.8 

 
UK & N.I. 
Weighted 

28.1 55.1 96.1 147.3 188.0 197.9 188.7 161.3 118.8 86.9 40.2 24.3 111.0 

Table 3-11: UK Baseline Solar Resource for a Fixed 2 8° South Facing Incline in W/m 2 

 

Table 3-12 shows the regional averaged baseline solar PV output each of the regions, and 

both un-weighted and weighted UK solar PV output capacity factor values for the UK and 

Northern Ireland for a fixed 28o south facing incline. It shows the intra-annual variability 

between different regions, and the increase in overall resource when the resource has a 

regional weighting. 

 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Ann 
Scotland 

North 
1.6 5.6 9.7 16.2 20.5 21.3 18.8 16.0 10.7 7.3 2.5 1.1 11.0 

Scotland 
Mid 

2.4 6.0 10.4 17.1 21.3 22.4 20.9 17.5 12.1 8.4 3.6 1.8 12.0 

Scotland 
South 
& N .I. 

3.0 6.4 10.8 17.6 22.0 22.8 21.0 17.8 12.8 9.1 4.3 2.4 12.5 

England 
North 

3.1 6.2 11.1 17.0 22.2 23.5 22.0 18.8 13.6 9.8 4.5 2.7 12.9 

England 
Mid 

& Wales 
3.6 6.7 11.8 17.7 23.0 24.2 23.3 19.9 14.8 10.9 5.0 3.1 13.6 

England 
South 

4.2 7.5 12.8 19.0 24.1 25.4 24.8 21.3 16.2 12.2 5.8 3.7 14.7 

 
UK & NI 

Unweighted 
3.1 6.5 11.4 17.6 22.5 23.6 22.3 19.0 13.8 10 4.5 2.7 13.1 

UK & NI 
Weighted 

3.5 6.7 11.7 17.9 22.8 24 22.9 19.6 14.4 10.6 4.9 3.0 13.5 

Table 3-12: Regional Baseline Solar PV Capacity Factor  (%) for Fixed 28° South Facing Incline 
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3.4.2.3 Capacity Factor 

The term ‘capacity factor’ is used extensively throughout this study. The capacity factor is 

the ratio of actual power output from a power plant over the output if it had been continually 

operating at full capacity throughout a period of time (often a year). Capacity factor is often 

expressed as a percentage. 

Figure 3-15 shows the estimated annual baseline Solar PV output capacity factor values for 

the UK and Northern Ireland. 

 

Figure 3-15: Baseline Solar PV Capacity Factor Values 
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3.5 Climate Change Impact 

3.5.1 UKCP09 Probabilistic Projections 

The UKCP09 probabilistic climate change projections were used to explore the climate 

change impact on the UK’s solar resource. The variable ‘total downward surface shortwave 

flux’ is one of sixteen UKCP09 probabilistic output variables over land and is the measure of 

horizontal solar radiation. 

Two thirty year future time periods were explored: 2050s (2040 to 2069), 2080s (2070 to 

2099). Low, medium and high scenarios and probabilistic data at 50%, 10%, and 90% were 

extracted from the UKCP09 projections. The settings for extraction were as follows: 

 

Climate Change Type: Future Climate Change Only 
Output Variable: Change in downward surface shortwave flux (Wm-2) 
Emissions Scenario: 2040-69 (2050s), 2070-99 (2080s) 
Temporal Average: Monthly 
Probability Levels: 50% (10%, 90%) 

 

UKCIP09 ‘Change in total downward surface shortwave flux (Wm-2)’ projection data was 

downloaded via the UKCP09 user interface for medium and high emissions scenarios for 

50%, 10% and 90% probability levels. 

Figure 3-16 shows projections for surface radiation in the 2050s medium scenario with a 

probability of 50% for summer months (June, July, August). The data shows relative change 

from baseline with units in Wm-2. It indicates significant solar radiation increases in the 

south-west, the increases become less significant travelling further north with much of 

Scotland showing little change from baseline except in the far north and westerly regions in 

the Highlands of Scotland, where there are slight decreases in radiation. 
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Figure 3-16: Data from UKCP09 projections showing ch ange in downward short wave surface 
radiation for 2050s summer months, medium scenario 50% probability 

The projected average percentage change of horizontal surface solar irradiation can be 

calculated for the 2050s and 2080s by projecting the UKCP09 climate change anomalies 

onto the baseline solar radiation model. Figure 3-17 shows the baseline resource for summer 

months (left); the UKCP09 2050s medium scenario relative change from baseline with 50% 

probability (middle); and the resulting percentage change from baseline (right). It shows 

similar characteristics as previously discussed for Figure 3-16 but in percentage terms the 

impact climate change has on the resource is more evident. 

 

 
Figure 3-17: Summer solar resource: baseline; 2050s change in wm -2; and percentage change 

from baseline  
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Figure 3-18 shows the 10%, 90% and 50% probabilities for 2050s summer months medium 

scenario. The 50% probability distribution shows the central estimate, the 10% is very likely 

to be exceeded and the 90% is very unlikely to be exceeded. The 50% figure is the same data 

as shown in Figure 3-17 on the right but is shown over a wider range to incorporate the 10% 

and 90% distributions and, therefore has less resolution.  Further seasonal and annual results 

for the 2050s and 2080s medium emissions projections are shown in Figures A-3 and A-4, in 

the Appendix. They show increases in solar resource in spring, summer and autumn 

especially in more southerly locations and reductions in winter months UK wide. 

 

 
Figure 3-18: Summer solar percentage change from bas eline for 2050s medium scenario 50% 

(10%, 90%) probabilities 

3.5.1.1 Solar Regional Weighted Projections 

The next stage is to apply the projection scenarios to the weighted UK solar regions 

discussed in 3.4.2.1, explore how each region is affected by the climate projection scenarios, 

and finally, look at the effect of climate change on the UK Baseline Solar PV output. The 

impacts on levelised costs and the financial risk are explained in chapter 7. 
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The following charts show how the UK Baseline Solar PV resource each region will be 

affected by climate change. The chart in Figure 3-19 shows the average regional change in 

percentage from baseline and is applicable to both the solar resource and the solar PV output 

capacity factor. The figures are good for seeing the actual extent of change relative to each 

individual month. 

Figure 3-19 clearly shows the reduction of solar resource over winter months in all regions, 

this is most apparent in more northerly regions. Nearly all regions show solar resource 

increases in summer months, especially in more south and south westerly regions. Summer 

months in north Scotland show a relatively flat response, just slightly above the zero mark 

for much of the months between Spring and Autumn. 

Figure A-6 in Appendix A shows the same as Figure 3-19 but the change is shown in 

absolute values (Wm-2). This is good for seeing the change in real terms; however, the detail 

in winter months is reduced due to the much smaller baseline resource relative to summer 

months. 
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Figure 3-19: Regional Average Percentage Change from  Baseline for the 2050s and 2080s 
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Table 3-13 shows the weighted projected percentage change from baseline of the UK solar 

resource with a 50% probability level. The percentage change values are applicable for both 

input solar resource and the solar PV output capacity factor, and therefore is the percentage 

change a solar PV system will experience for the future projection scenarios. 

The 2080s high emissions scenario shows the most extreme changes, with an annual increase 

of 4.8% (-1.1%, 11.1%), a huge increase of 11.7% (-1.3%, 25.1) in August, and the largest 

decrease of -3.9% (-14.1, 5.3) in January. The other scenarios show the same characteristics 

as the 2080s high emissions scenarios but to a lesser extent; the 2050s high emissions 

scenario shows roughly the same characteristics but reduced by around 18% and the 2050s 

medium emissions also showing the same characteristics but reduced by around 33%. 

 

Probabilistic UK Weighted Percentage Change from Baseline of Solar Resource (%) 
Scenario Prob Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Ann 

2050 
Medium 

10% -10.9 -9.4 -4.8 -3.9 -3.7 -3.8 -5.0 -1.2 -3.4 -2.2 -4.6 -6.3 -0.7 
50% -3.0 -2.5 1.0 1.2 2.0 2.5 3.4 7.1 3.9 2.7 0.5 -1.6 3.2 
90% 4.5 4.0 6.7 6.4 7.9 9.1 12.7 15.8 11.8 8.1 5.7 3.0 7.4 

2050 
Low 

10% -9.6 -9.0 -4.3 -3.1 -3.9 -3.2 -4.2 -2.0 -2.6 -1.8 -3.6 -6.0 -0.5 
50% -1.9 -2.6 2.0 1.6 1.8 3.0 4.0 6.9 4.06 2.6 1.2 -1.0 3.6 
90% 5.4 3.6 8.3 6.4 7.6 9.5 12.9 16.2 11.2 7.4 6.2 3.9 8.0 

2050 
High 

10% -10.5 -9.3 -4.6 -3.7 -3.7 -4.0 -5.6 -0.6 -2.5 -2.4 -4.2 -5.5 -0.4 
50% -2.8 -2.5 1.3 1.3 2.5 3.1 3.8 8.3 5.0 2.4 1.0 -1.4 3.9 
90% 4.4 4.1 7.3 6.3 8.9 10.5 14.2 18.0 13.3 7.7 6.4 2.8 8.6 

2080 
Medium 

10% -12.9 -13.7 -5.3 -4.4 -4.3 -4.4 -5.5 -0.8 -2.5 -2.3 -5.1 -7.1 -0.5 
50% -3.3 -4.8 1.1 1.2 2.1 3.5 4.4 9.3 5.1 2.9 0.4 -2.5 4.2 
90% 5.4 3.6 7.2 6.8 8.9 11.5 15.4 19.9 13.7 9.0 6.0 2.2 9.1 

2080 
Low 

10% -11.1 -11.1 -3.8 -3.6 -3.9 -3.5 -5.3 -1.5 -2.4 -2.0 -4.2 -7.4 -0.6 
50% -2.7 -3.3 2.1 1.4 2.3 3.0 3.4 7.6 5.2 2.8 1.1 -2.0 3.9 
90% 5.2 4.0 7.9 6.4 8.7 9.8 13.2 17.4 13.2 8.1 6.5 3.4 8.7 

2080 
High 

10% -14.1 -14.0 -4.9 -5.0 -5.7 -4.9 -6.1 -1.3 -3.5 -2.7 -5.4 -7.8 -1.1 
50% -3.9 -4.8 0.9 0.9 1.7 3.3 6.1 11.7 6.4 3.3 0.1 -2.9 4.8 
90% 5.3 4.0 6.8 6.7 9.8 12.0 19.6 25.1 17.4 10.4 5.8 2.1 11.1 

Table 3-13: UK Weighted Solar Resource Projected Perce ntage Change from Baseline 
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3.6 Solar Energy Summary 

Accurate estimations of mean monthly solar radiation resource have been generated from 

mean monthly sunshine duration measurement data using a method described by Suehrcke 

(2000). A baseline model of present climate UK solar radiation has been developed and 

validated. A baseline model of solar PV output on the horizontal plane and at an optimal 

south facing inclination has also been developed. 

UKCP09 climate change projections have been used to show relative climate change impact 

for a baseline at a national and regional scale. All ranges have been examined and one is 

presented here. By the 2050s, under a ‘medium emissions’ scenario, summer months show 

solar radiation increases of up to 7.9% (within a range of -0.2% to 18.1%) in the south west, 

these reduce further north with decreases of up to -2.9% (within a range of -10.8% to 1.8%) 

in the north of Scotland. Winter months show a reduction throughout the UK with extremes 

of -7.6% (within a range of -25.2% to 10.1%) in mid-west Scotland. This shows that most 

parts of southern UK will get sunnier and benefit from increased solar energy resource in 

summer, while the relatively poor resources in the north will decrease slightly. All regions in 

winter will have increased cloud cover and slightly reduced solar energy resource. The UK 

will see an overall annual increase of 2.6% (within a range of -1.1% to 6.5%), which is 

positive news for the viability of solar technologies, particularly in southern regions and 

would correlate well with increased use of air cooling systems due to the increased 

temperatures. However, the resource will be more seasonally variable and regional resource 

differences will be further reinforced. See Burnett et al. (2010) for additional information on 

climate change and solar resource.  

Table 3-14 shows the solar PV capacity factor values estimated in this chapter. These figures 

are used in chapters 7 and 8 when calculating levelised cost values for solar PV. 

 

Technology Climate Scenario 

 Baseline 
2050 
10% 

2050 
50% 

2050 
90% 

2080 
10% 

2080 
50% 

2080 
90% 

Solar PV 13.5 13.4 13.9 14.5 13.4 14.2 15.0 

Table 3-14: Solar PV capacity factor values 

The mean error of the gridded horizontal solar radiation model is in the region of -2.7 W/m2 

(roughly -2.7%) with a RMSE error of 5.1 W/m2 (roughly 5.1%), when compared to solar 

radiation observations from several measurement stations. The accuracy of the observations 

used for the validations are generally within a few percent. A further comparison with 

PVGIS data showed the data to have an average offset of -4.3 W/m2 (-4.4%). 
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The optimal south facing inclination model shows large differences in optimal angle when 

compared with PVGIS estimations (this study: 28o; PVGIS: 37o) and gain values (this study: 

7.2%; PVGIS: 16.2%). There is a high degree of confidence in the estimations in this study 

due to the inclusion of actual observed data. Further work to explore the optimal inclination 

angle for the UK is recommended and included in section 9.5 ‘Recommendations for Further 

Work’.  
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4 Onshore Wind Power 

4.1 Introduction 

The main objective of this chapter is to assess the baseline onshore wind resource of the UK 

and investigate the impact climate change could have on the resource. It uses observed 

monthly average wind speeds to explore the present (baseline) wind speed and energy 

characteristics, and wind output from the Hadley Centre RCM HadRM3 (Met Office 2008) 

model to assess the potential future change from baseline. 

The yellow blocks in the thesis flowchart (Figure 4-1) signify the areas of the thesis 

connected with this chapter. 

 
Figure 4-1: Thesis flowchart and onshore wind resou rce blocks 

4.1.1 Chapter Overview 

Wind speed data is measured at many onshore weather stations over the UK and many have 

several decades of recorded data. The Met Office have used much of the UK’s observed 

wind data to develop annual monthly average 5km x 5km gridded data sets of onshore wind 

speed data over the UK. The gridded data sets cover in excess of 30 years and were used as 

the main source of observed wind data over the period 1961 to 1990. The wind speed data 

was converted in two different ways – to generate a baseline wind speed model and to 

generate a baseline wind energy resource model. 

To generate the baseline wind speed model the gridded wind speed data was converted from 

its observed height of 10m to the hub height of a typical wind turbine hub height (80m), each 

month was then averaged over the baseline period. To generate the baseline wind energy 

output model the wind data was converted to 80m height, fitted to a Rayleigh distribution, 
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fitted to a wind turbine power output curve typical of a 3 MW wind turbine, and then 

averaged over the baseline period. 

Actual positions and sizes of all known operating and potential future (in-construction, 

consented & in planning) wind farm locations were projected onto the baseline wind energy 

output model, output for each of the locations were collected and accumulated to create a 

UK onshore wind energy model that closely reflected the actual present and future 

distribution of wind farms over the UK. 

Output from the Met Office Hadley Centre RCM HadRM3 11-ensemble runs were used to 

generate wind climate change projections for the 2050s and 2080s periods. Output from the 

11 runs for the future periods were fitted to a student t-distribution. Wind speeds for the 

10%, 50%, and 90% points on the distribution of the 2050s and 2080s were compared with 

Had RM3 wind speeds for the baseline period and percentage of change from baseline values 

were generated. The percentage of change values were applied to the baseline wind speed 

model generated from the Met Office observed gridded wind speeds and future wind energy 

output over the UK were generated for the 2050s and 2080s (10%, 50%, 90%) distribution 

points. The projected wind energy values at each of the wind farm locations were again 

accumulated and the changes in wind energy from the baseline model were investigated.   

4.2 Baseline Resource 

The aim of the first part of the chapter was to create an accurate geographical map of both 

wind speed and wind energy resource over the UK to represent the present (baseline) 

climate. Wind speed in the UK is measured by an anemometer, and recorded at many 

weather station locations throughout the UK and Northern Ireland. The Met Office 5km 

observed gridded data sets (Met Office 2009b) include monthly average wind speeds and are 

used as the main date source to generate the wind speed and energy baseline models. 

4.2.1 Creation of UK onshore baseline wind model 

Wind speed data from Met Office 5km gridded wind speed data sets (Met Office 2009b) was 

used to develop the baseline wind speed model. The gridded wind speed data sets were 

subjected to regression and interpolation to generate regular values from the irregular station 

network, the dataset output also takes into account other attributes such as location, altitude, 

terrain, coastal influence, and land use  (Perry et al. 2005a, 2005b). All individual cells of the 

30 years of gridded wind speed data were checked for missing data. Linear interpolation 
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from adjacent cells using a least square method was used to replace any missing values. All 

wind data was converted from the standard met station anemometer height of 10m to a 

height of 80m to represent the wind speed at a typical large scale wind turbine hub height as 

wind speeds increase the further they are from the ground as there is reduced friction 

between the atmosphere and the Earth’s surface. 

Wind speed can be estimated from a reference height to another height by use of the log 

power law (Manwell et al. 2002) 
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where v(z) is the wind speed at height z , v(zr) is the wind speed at the reference height, and 

zo is the surface roughness length (Manwell et al. 2002). A rough terrain such as a forest 

would have more of an effect on decreasing the wind speed than smooth terrain such as a 

calm sea. A surface roughness length relating to a ‘fallow field’ was assumed for the entire 

grid area. This is reasonable as the aim is to consider the impact of climate change on the UK 

as a whole rather than a specific site. 

The 80m gridded wind speed data was then averaged over the baseline period. The resulting 

data was processed using Matlab and converted to ‘ArcGIS’ format to complete the UK 

onshore wind speed baseline model. Figure 4-2 shows the baseline onshore wind resource at 

a hub height of 80m for winter summer and annual periods. Spring and autumn are shown in 

Figure B-1 in Appendix B.  

Onshore wind speeds are extremely geographically variable due to land terrain. This is 

especially true in mountainous regions such as in the Scottish highlands which have many of 

the windiest locations. Lowlands such as south-east England experience wind speeds that are 

both lower and much more uniform. There are higher wind speeds seen in many coastal and 

island locations. The west coast has higher wind speeds then the east due to prevailing 

Atlantic Ocean winds. Winter months have higher average wind speeds than other seasons, 

summer months are less windy. 
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Figure 4-2: UK baseline onshore average wind speed resource at 80m height 

4.2.2 Creation of UK onshore baseline wind energy m odel 

The UK onshore wind energy baseline model was developed from the same source of 

gridded wind speed data as used in section 4.2.1. The wind speeds were converted to a hub 

height of 80m, as before. The power generated from a wind turbine cannot be accurately 

estimated using just the average monthly wind speed because of the cube relationship 
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between wind speed and wind power, as shown in equation (4-2). The power P (W) 

available from wind is given by 

 

 3

2

1
AUP ρ=  (4-2) 

 

where ρ  is the air density (~1.2 kg/m3), A  is the swept area (m2) and U  is the wind speed 

(m/s). 

4.2.2.1 Modelling the wind speed variability using a Rayleigh Distribution 

The probability of occurrence of a given mean wind speed is generally characterised by 

either a Rayleigh or Weibull probability distribution curve (Manwell et al. 2002). The 

Weibull distribution has the advantage of being able to be tuned to a specific site using its 

two parameters controlling the ‘shape factor’ (k) and ‘scale factor’ (c). The Rayleigh 

distribution when used with a shape factor of 2 (k = 2) is a special case of a Weibull 

distribution and is typical of many locations and often applied over large areas. There have 

been many wind resource studies that have relied upon it (Breslow et al. 2002; Harrison et 

al. 2005; Harrison et al. 2008). The European Wind Energy Atlas (Troen et al. 1989) has 

extensive wind characteristic data, including shape factors, for locations throughout the UK. 

They vary quite considerably depending on the location and terrain but it is evident that the 

Rayleigh distribution is a good typical representation of a generic UK wind speed profile.  

A Rayleigh distribution was used to model the variability of all the gridded wind speed data 

over the baseline period. The Rayleigh probability density function is given by 
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and the cumulative distribution is given by 
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where U is the average wind speed (m/s). 

A Monte Carlo approach was used to generate a Rayleigh distribution from each monthly 

mean wind speed over the thirty year period for each of the model grid cells. An output 

sample size of 100,000 datapoints, the sample size being set as high as possible without the 

Matlab program taking too long to process all the data. The wind speed distribution output 

for each cell was applied to a generic power curve based on the Vestas V90 3.0 MW power 

curve (Figure 4-3). The average monthly energy output was then calculated. 

 
Figure 4-3: Vestas V90 3MW Power Curve (Vestas 2011) 

At this stage all grid cells for each month of each year are estimations of possible energy 

output for a generic 3 MW wind turbine. The parameter outputs are finally averaged together 

over the 30 year baseline period to create the average gridded onshore baseline wind energy 

model. The described method is similar to the approaches by Boehme et al. (2007) and 

Harrison et al. (2008). 

Figure 4-4 shows the winter, summer and annual UK baseline capacity factors for winter 

months. Spring and autumn are shown in Figure B-2 in Appendix B. The geographical and 

intra-annual variability of capacity factor closely follows that of wind speed, however, there 

is what could be described as a smoothing effect in locations with rough terrains with high 

wind speeds where the wind speeds occurring above the cut-out speed limits the capacity 

factor values. The values can vary significantly from winter values approaching 60% in 

unsheltered rough terrain locations, down to approaching 6% in summer months in more 

sheltered rough terrain locations. The south-east England which is largely flat lowland, can 

see typical values of around 16% in summer months and 27% in winter. Obviously, onshore 

wind farms are generally situated at locations with favourable wind speeds. Different 
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specification of wind turbines would be chosen to suit the wind resource at the specific 

location. 

   
 
 
 

 
Figure 4-4: Seasonal onshore baseline capacity facto rs 
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4.2.2.2 Other modelled wind turbine parameters 

Shown on the wind turbine power curve (Figure 4-3) are some other wind turbine 

parameters: ‘Cut In’ is the wind speed at which the wind turbine starts to generate. ‘Cut Out’ 

is the wind speed at which the wind turbine shuts down to avoid damage from excessive 

wind conditions. ‘Rating’ is the minimum wind speed at which the wind turbine generates its 

maximum rated value. 

There are other useful wind turbine baseline parameters that have been extracted while 

performing the analysis to generate the UK onshore wind energy baseline model and these 

parameters are shown in Table 4-1 and also in Figure 4-3. 

 

Vestas V90 3.0 MW Wind Turbine Parameters and Terms 
Cut In 3 m/s 
Rated 15 m/s 

Cut Out 25 m/s 
  

Below  Cut In < 3m/s 
Below  Rating 3 - 14.9 m/s 

At Rating 15 - 25 m/s 
Generating 3 - 25m/s 

Above Cut Out > 25 m/s 
Table 4-1: Wind Turbine parameters and wind speed v alues for Vestas V90 3.0 MW Turbine  

Knowing the proportion of time a wind turbine spends in different states can give very useful 

information to wind farm and turbine developers. The UK onshore wind energy baseline 

model includes the average proportion of time spent in different states. The values, like the 

capacity factor, are dependent on the characteristics of the turbine as well as the wind 

characteristics and there are many different operational wind turbines with varying 

characteristics. It is assumed here that the Vestas 3MW turbine gives relatively typical 

characteristics for a large wind turbine. 

To better understand the different wind speeds and wind turbine availability parameters and 

how their values vary depending on a particular locations wind characteristics 11 different 

UK locations are shown in Figure 4-5 and annual parameters for the locations shown in 

Table 4-2. It is clear that more northerly and westerly locations are exposed to a larger wind 

resource and higher capacity factors and will spend more time at full rating. However, they 

are also more likely to experience times of shut down due to excessive wind speeds. More 

southerly and eastern locations generally have less wind resource and lower capacity factors 

with less time at full rating and a larger proportion of time with no generation due to low 
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wind speeds. See Appendix B-3 to B-8 for wind turbine parameter states and figures 

showing proportional time in these states over the UK. 

 

 
Figure 4-5: Different Wind Farm Site Locations 

 

Location 
Average 

Wind 
Speed  

C. F. > Cut Out Rating Generating < Rating < Cut In 

 (m/s) % Time (%) 

Viking 9.4 48.0 4.7 22.6 85.3 62.7 10.0 

Spurness 10.0 50.5 6.2 25.5 85.1 59.6 8.7 

Farr 8.9 44.4 4.3 19.6 84.1 64.5 11.7 

Black Law 7.1 35.5 1.1 11.6 82.1 70.5 16.8 

Grise 7.0 34.7 1.1 10.9 81.9 71.0 17.1 

Slieve 12.2 51.4 14.0 29.7 79.6 49.9 6.5 

Lissett 6.3 29.6 0.4 7.3 79.8 72.5 19.8 

Mynydd 9.5 48.1 5.1 22.8 85.1 62.3 9.9 

Ness Point 7.4 37.7 1.0 12.4 83.9 71.5 15.2 

Westmill 5.5 22.2 0.1 3.6 74.7 71.1 25.2 

Bears Down 8.9 46.7 3.3 20.6 86.0 65.4 10.7 

Table 4-2: Wind turbine parameters values at eleven  locations with different wind 
characteristics  
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4.2.2.3 Uncertainties 

The data and method contain a number of uncertainties. The accuracy of the met stations 

readings are generally within a few percent, but poorly maintained sites and irregularities in 

the surrounding location such as buildings and trees can introduce larger errors. The grid 

resolution does not capture all characteristics of the terrain and will lead to less wind flow 

detail.  The roughness length relating to a ‘fallow field’ was used over all locations and this 

will add an error in locations, especially in wooded and built up areas. A standard Rayleigh 

wind distribution was assumed for all locations, this is an acceptable method when working 

with such a large area; however it may add large uncertainties in locations with different 

wind distributions. There has been a generic power curve assumed for the power conversion 

which will add additional error. The wind to power conversion process does not capture any 

turbulence issues. 

4.3 Data Analysis and Validation 

The aim of this section is to compare the onshore baseline wind speed model and wind 

energy model with other available sources including historical observation values. 

4.3.1 Wind Resource 

Wind speed values from the baseline wind speed model at onshore wind farm locations were 

compared with two other sources of long term average wind speeds and results are shown in 

Figure 4-6. 

The two other wind speed database sources are: 

• The DECC wind speed database (DECC), previously known as the NOABL 

(Numerical Objective Analysis of Boundary Layer) wind speed database.  The wind 

speed data was converted from a reference height of 10m to 80 m. The resolution 

was also changed from 1km to 5km to match the baseline model. 

• Edinburgh Wind Model (EWM) (Hawkins 2012) 3km resolution at 80m height. 

As can be seen from Figure 4-6 there is good agreement between the baseline, DECC and 

EWM annual wind speed values. The aggregate average annual wind speeds and RMSE 

values are shown in Table 4-3. The baseline model wind speeds appear to be an average of 

approximately 0.5 m/s higher than the two other sources across the UK. The agreement is 
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reasonable given the different time periods over which the three models are operating (Table 

4-3). 

 

 
Figure 4-6: Scatter plot comparing baseline annual w ind speeds at onshore wind farm locations 

with DECC and EWM (Hawkins 2012) wind speeds 

 

Source Time Period Aggregate Wind Speed 
(m/s) 

RMSE from Baseline 
Baseline 
Model 

1961-1990 7.58 - 

DECC Mid 1970s – mid 1980s 7.06 1.29 
EWM 

 
2000 – 2010 7.14 1.19 

Table 4-3: Comparison of Aggregate average annual w ind speeds and RMSE values from the 
baseline wind speeds 

4.3.2 Observations at Operational Onshore Wind Farm s 

There is limited publicly available historical data on statistical performance of onshore wind 

farms. The Renewable Energy Foundation database of renewables obligation generators 

(REF 2011) contains reported monthly average capacity factor values of operational wind 

farms but does not include other parameters such as observed wind speeds and technical 

availability of the wind turbines. 

Figure 4-7 shows a scatter plot comparing the modelled annual baseline capacity factors and 

the rolling annual averages of actual capacity factors (REF 2011) from 75 operating onshore 

wind farms. The wind farms used met a criteria of having an accreditation date of before 

2007 and also a wind farm installation size in excess of 3 MW. 
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The aggregate modelled capacity factor is 40% and the aggregate observed rolling capacity 

factor is 26.7%. This implies that the modelled capacity factors are an average of 13.3% 

higher than actual observed values and have a RMSE of 15.4%. 

 

Figure 4-7: Scatter plot of Baseline Modelled and RO C reported capacity factors 

There are several potential reasons why the modelled baseline wind speed characteristics are 

higher and vary from the observed values: 

• The modelled data is averaged over a 30 year period and captures a wider spectrum 

of the natural variability of the wind climate, but the observed values are averaged 

over a shorter period as they are restricted by the accreditation date of the wind farm 

(averaged over a period of 3 to 7 years depending on accreditation date). 

• The modelled data used a standard Rayleigh distribution for all locations, but each 

wind farm location would have its own very specific wind distribution and 

turbulence characteristics, largely dependent on the location and surrounding terrain. 

• The modelled data does not account for closely situated obstacles such as houses and 

trees that would change the wind characteristics. 

• The modelled data does not account for ‘array wake loss’ which is made up of 

several functions including downwind and crosswind spacing, and turbulence 

intensity within a wind farm array. The lower capacity factor displacement of the 

real data is very likely to be at least partially due to the ‘array wake loss’ 

experienced within a wind farm array. 
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• The modelled data assumes 100% technical availability of all wind turbines. The 

observed data will include shut down periods for planned and unplanned 

maintenance. 

• The modelled wind speed data is referenced to a hub height of 80m, whereas the 

actual hub height of onshore wind farms vary quite considerably and the majority 

being much less than 80m. 

• The modelled data assumes new efficient wind turbine technology, whereas many 

operating wind turbines use older, less efficient technology. 

4.3.3 Wind Energy Losses 

Technical availability is the percentage of time the wind farm is available for generating 

electricity. Renewable UK state that technical availability of modern turbines is typically 

98% or better (Renewable UK 2011c), For this study, an overall technical availability value 

of 96% will be assumed, the slightly lower figure is intended to account for older operational 

turbines. An array wake loss value of 10% will be assumed. Many Onshore wind farms are 

situated in very remote locations where there is often a weak distribution grid connection to 

the transmission grid network. A 3% electrical loss will be assumed. 

4.3.4 Capacity Factor Comparison with Assumed Wind Energy Losses 

Figure 4-8 shows the same scatter plot as shown earlier in Figure 4-7 which compares 

observed average capacity factors of 75 wind farms with modelled data from the same 

location. However, now the modelled data has the assumed wind energy losses discussed in 

4.3.3  incorporated in the modelled annual baseline capacity factors. The aggregate modelled 

capacity factor with assumed losses is now 33.5% and now gives a difference of 9.5% 

between the modelled and observed values and a much improved RMSE value of 6.8%. 
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Figure 4-8: Scatter plot of Baseline Modelled and RO C reported capacity factors including 

assumed losses 

4.4 UK Potential Onshore Wind Energy Resource 

Onshore wind power is now an established and mature renewable technology. In the UK 

there are presently over 270 operational onshore wind farms with the total installed capacity 

exceeding 3.8 GW and these numbers are set to grow substantially: there are a further 34 

wind farms (1.4 GW) in construction, 196 wind farms (3.6 GW) consented, and a further 256 

wind farm projects (6.8 GW) in planning (Renewable UK 2011). 

4.4.1 Deployment method 

For this study, the method used to evaluate the present UK baseline onshore wind resource 

characteristics was to identify as many of the onshore wind farm locations that are known 

operational, in construction, consented and in planning and to model them using data from 

the UK onshore baseline wind energy model (section 4.2.2), the size of the wind farm and 

the assumed losses (section 4.3.3). A total of 472 locations with a total installed capacity of 

12.48 GW were included in the analysis. The locations are shown in Figure 4-9. 
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 Figure 4-9: Wind farm locations used for analysis of the baseline UK onshore wind energy 

resource characteristics 

To calculate the overall UK onshore baseline capacity factor values, as shown in Table 4-4 

the monthly capacity factors for each location were weighted by the location’s installed 

capacity value and all locations aggregated together. The overall installed capacity comes to 

a total of 12.44 GW. The total baseline annual energy output without loss assumptions is 

45.85 TWh with an average annual capacity factor of 41.9%. Monthly, annual, no losses and 

with losses figures are shown in Table 4-4. 

 

 Overall Baseline Capacity Factors (%) and Energy Output (TWh) 

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DE C 

 No Losses 

C.F. (%) 41.9 49.8 48.3 48.7 42 37.9 36.4 31.6 30.9 40.8 43.3 46.4 47.9 

Energy (TWh) 45.85 4.62 4.05 4.52 3.77 3.52 3.27 2.93 2.87 3.66 4.02 4.16 4.45 

 With Losses 

C.F. (%) 35.1 41.7 40.4 40.8 35.2 31.8 30.5 26.4 25.9 34.1 36.3 38.8 40.1 

Energy (TWh) 38.42 3.87 3.39 3.79 3.16 2.95 2.74 2.46 2.41 3.07 3.37 3.49 3.72 

Table 4-4: Baseline Capacity Factors - Aggregate To tal 

Figure 4-10 shows the UK overall baseline capacity factors and energy output including the 

loss assumptions (discussed in section 4.3.3). The total baseline annual energy output 

including losses is 38.4 TWh, with an average annual capacity factor of 35.1%. 
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Figure 4-10: Monthly onshore capacity factors and e nergy output – Aggregate total including 

assumed losses  

The UK annual baseline capacity factor has been estimated at 35.1% (Table 4-4). This does 

include assumed losses but is 8% higher than estimations of UK onshore wind historical 

average capacity factors values (DUKES 2010) as shown in Table 4-5. This figure is in line 

with the 9% difference in capacity factor discussed earlier in section 4.3.4. This difference is 

assumed to be largely due to two factors: 

 

UK Average Onshore Wind Historical Capacity Factors 
2005 2006 2007 2008 2009 Average 
26.4 27.2 27.5 27.0 27.4 27.1 

Table 4-5: Historical Average UK Onshore Wind Capac ity Factors (DUKES 2010) 

Firstly, many of the existing onshore wind turbines are at lower hub height than 80m and are 

potentially performing less efficiently than modelled due to the lower height and resulting 

lower wind resource.  Secondly, the power curve used is for a Vestas V90 turbine and most 

probably attributable to ideal wind conditions. Many of the onshore wind turbines are not 

3MW Vestas wind turbines and in many cases have lower performance curves – partly due 

to having different wind-power characteristics and partly from the location having less than 

ideal wind conditions. 

There is an option of either adding another “loss” into the wind energy losses discussed in 

section 4.3.3 to compensate for the difference between the modelled and observed overall 

capacity factor for onshore wind in the UK. However, for the purpose of this study, the 

modelled data will be kept as it is. Many of the onshore wind sites used here are planned 

sites not yet operational and many of these, when operational, will benefit from larger 

turbines with higher hub heights that are situated at more optimal geographic locations. 

These factors all lead to better overall performance of onshore wind than the historic record 

indicates. 
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4.5 Climate Change Impact 

The aim of this section is to investigate the impact of climate change on the baseline energy 

output of potential deployments of onshore wind energy. It does not capture diurnal changes 

or increases in storminess. The method described is specifically investigating the climate 

change impact on long term averages of intra-annual and annual average variability. As 

previously mentioned, probabilistic projections of surface wind speeds were not initially 

included in the UKCP09 report due to too much wind speed uncertainty between the 

different climate models used in the report.  However, daily wind speed projection data is 

available from the Met Office, HadRM3 model 11-ensemble runs. This is the key regional 

climate model used to generate the UKCP09 future climate projections. 

4.5.1 HadRM3 Wind Speed Projections 

The following describes how wind speed data from the HadRM3 model were processed into 

a format similar to that of the UKCP09 probabilistic projections: 

The HadRM3 data is available from the BADC in NetCDF form and not via a user friendly 

interface like the UKCP09 official data. There are no probabilistic distributions and only the 

medium emissions scenario output data is available. 

The 11-ensemble runs were downloaded for the years 1961-2099. For each of these: 

1. The daily average wind speed data was extracted for three 30 year periods: the 

baseline (1961-1990), the 2050s (2040-2069) and the 2080s (2070-2099) 

2. The monthly average wind speeds were averaged over each of the 30 year time 

periods. 

3. The monthly averages for each time period were averaged over the 11 ensemble 

runs. 

Figure 4-11 shows the UK annual average monthly wind speeds for the baseline, 2050s and 

2080s time periods at a height of 10m. They are shown on the HadRM3 rotated grid with 

25km resolution grid cells. Offshore grid cells are shown, but are only used in the following 

chapter on offshore wind. 
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Figure 4-11: Averaged annual 10m height onshore win d speeds in the baseline, 2050s and 

2080s periods - calculated from HadRM3 11-ensemble.  

4.5.2 Probabilistic wind speed projections from the  HadRM3 model data 

The outcome of this section does not replicate the process UKCP09 used to generate its 

probabilistic projections for other variables. The intention is to estimate the distribution of 

the average monthly wind speeds over the 11 runs of the HadRM3 output and to generate 

average monthly wind speed output data for the 2050s and 2080s at 10%, 50% and 90% 

confidence points (probability levels) of the probability distribution by using the student t-

distribution method.  

4.5.2.1 The student t-distribution 

The student t-distribution is often used when there is a small sample size, the distribution is 

symmetrical and the variance of the underlying population is unknown. Both are true in the 

case of the HadRM3 11-ensemble runs. The student t-distribution population return for a 

specific confidence level can be calculated by 

 

 
x

SEtX α±  (4-5) 

 

where X  is the sample mean, αt  is the t-value of the student t-distribution 
x

SE  is the 

standard error of the mean, which can be calculated by 
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n

s
SE

x
=  (4-6) 

where s  is the sample standard deviation and n  is the number of samples. The t-value αt  is 

a function of the probability and the degrees of freedom, where the probability is 

(1−confidence level) and degrees of freedom = (n−1). 

An example student t-distribution is shown in Figure 4-12. The shape is dependent on the 

degrees of freedom. A higher degree of freedom results in the student t-distribution more 

closely fitting to a normal distribution. Fewer degrees of freedom result in heavier tails with 

more samples falling further from the mean. 

 
Figure 4-12: Example of a student t-distribution. 

4.5.2.2 Applying the student t-distribution to the HadRM3 Projected Wind Speed Data 

The student t-distribution method was used to estimate 10% and 90% confidence intervals of 

the average wind speed distribution over the 11 ensemble runs for the 2050s and the 2080s 

time periods. The 50% confidence level is equal to the sample mean. Figure 4-13 shows the 

50%, 10% and 90% probability level 80m height HadRM3 wind speed output for the month 

of January in the 2050s period for a medium emissions scenario. 
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Figure 4-13: Projected average January wind speeds f or 2050s medium scenario 

4.5.3 UK Onshore Wind Speed Projections 

The UK onshore baseline wind model (described in 4.2) is more realistic than the onshore 

baseline wind speeds generated from the HadRM3 model. It has better resolution and has 

been derived from actual observed data whereas the HadRM3 is dynamically downscaling 

output from a GCM. The HadRM3 wind speed data also has biases over land resulting in 

lower than expected wind speeds over mountainous locations and slightly higher than 

expected wind speeds over low land locations (Brown et al. 2009). 

For the above reasons the HadRM3 has not been used to directly estimate actual onshore 

wind speed values for the baseline period (or the 2050s or 2080s). Instead, it has been used 

to calculate the relative percentage change between its baseline and the 2050s and 2080s 

10%, 50%, and 90% confidence intervals for all months.  

The wind speed percentage change values for both future time periods and confidence levels 

were used to adjust the baseline wind speed and wind energy statistics. The processes 

described in sections 4.2.1 and 4.2.2 were repeated using the projected percentage change 

wind speed data to generate average monthly wind speed and wind energy data for the future 

periods.  

Figure 4-14 shows annual projections for the 2050s and 2080s. Most locations show very 

slight negative changes with these negative changes being stronger in many coastal 

locations. There are some locations in the Scottish Highlands showing slight positive 

changes. The 2080s show stronger negative changes throughout the UK. 
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Figure 4-14: Annual projections for 2050s (left) an d 2080s (right) for a medium emissions 

scenario with 50% probability level.  

Summer projections are shown in Figure 4-15 and follow a similar pattern to the annual 

projections. The 2050s have generally negative changes which are stronger in locations 

closer to the coast; there are some positive changes in the Scottish Highlands. The 2080s 

show similar patterns to the 2050s but with all locations being skewed towards more 

negative changes. 

   
Figure 4-15: Summer projections for 2050s (left) and  2080s (right) for a medium emissions 

scenario with 50% probability level.  
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In winter months (Figure 4-16) there are both positive and negative changes with the 

negative changes generally in the north and changing more positive further south. The 2080s 

show all locations skewed towards more negative changes. 

 

   
Figure 4-16: Winter projections for 2050s and 2080s  for a medium emissions scenario with 50% 

probability level.  

Figure 4-17 shows the UK onshore annual wind speed percentage changes from the observed 

baseline for the 2050s medium scenario at 10, 50 and 90% probability levels. 

Table 4-6 shows the annual wind speed change for selected UK locations from the baseline 

to the 2050s and 2080s. It can be seen that all except one location (Black Law) show 

negative changes for the 2050s with the changes almost doubling by the 2080s. Black Law 

which shows a positive change in the 2050s turns negative by the 2080s. Uncertainties vary 

by location but are generally in the region of ±4.0% to ±6.0% for the 2050s and ±4.5% to 

±7.0% for the 2080s. 
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Figure 4-17: Projected annual wind speed percentage change for the 2050s medium scenario 

Location 2050s 2080s 
 Probability Level (%) Probability Level (%) 
 10 50 90 10 50 90 

Viking -4.9 -0.7 3.6 -5.4 -1.0 3.5 
Spurness -7.3 -2.7 1.8 -9.5 -4.5 0.6 

Farr Wind farm -6.6 -0.7 5.1 -7.5 -1.6 4.3 
Black Law -5.7 0.2 6.1 -6.2 -0.6 5.1 

Grise -5.9 -0.7 4.5 -6.8 -1.6 3.6 
Slieve Rushen -5.9 -0.7 4.5 -7.0 -1.6 3.7 

Lissett -7.4 -1.7 4.1 -9.0 -3.0 2.9 
Mynydd Clogau -6.4 -0.9 4.6 -8.0 -2.0 4.0 

Ness Point -6.8 -0.9 5.0 -8.2 -1.9 4.4 
Westmill -6.5 -0.5 5.5 -8.2 -1.3 5.5 

Bears Down -6.9 -1.3 4.3 -8.5 -2.2 4.0 

Table 4-6: Projected annual wind speed change for se lected onshore wind farm locations 

4.5.4 UK Onshore Wind Energy Projections 

Wind energy projections have been created for the projected 10%, 50% and 90% probability 

future wind speed projections. Figure 4-18, Figure 4-19 and Figure 4-20 show 2050s and 

2080s projected capacity factor changes for a medium scenario at 50% probability for 

annual, winter and summer periods. The trends are very similar as the changes seen for wind 

speed, some locations with high wind resource appear more flattened and this it probably due 

to the wind turbine power curve causing a compressing effect on higher wind speeds due to 

the maximum capacity and cut-out. 
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Figure 4-18: Projected annual capacity factor change  for the 2050s and 2080s. 50% probability - 

medium scenario 

 

   
Figure 4-19: Projected Summer months capacity factor  change for the 2050s and 2080s. 50% 

probability - medium scenario 
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Figure 4-20: Projected Winter months capacity factor  change for the 2050s and 2080s. 50% 

probability - medium scenario 

The projected range of changes in wind energy capacity factor is shown for the 2050s and 

2080s in Figure 4-21 and Figure 4-22. 

This is the actual percentage point change in capacity factor and not the percentage change in 

capacity factor. The levels are typically -0.5% ±2% and -0.8% ±2% for the 2050s and 2080s 

medium emissions scenarios respectively. 

 

Figure 4-21: Projected annual capacity factor change  for the 2050s medium scenario 
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Figure 4-22: Projected annual capacity factor change  for the 2080s medium scenario 

Table 4-7 shows the relative capacity factor change for the selected UK locations in the 

2050s and 2080s. 

 

Location 2050s 2080s 
 Probability Level (%) Probability Level (%) 
 10 50 90 10 50 90 

Viking -1.50 0.03 1.47 -1.80 -0.05 1.37 

Spurness -2.49 -0.73 0.64 -3.61 -1.45 0.61 

Farr Wind farm -1.94 -0.34 1.13 -2.14 -0.64 1.06 

Black Law -2.68 -0.22 2.46 -2.97 -0.38 2.24 

Grise -2.45 -0.27 2.02 -3.04 -0.67 1.75 

Slieve Rushen -0.50 -0.17 -0.32 -0.47 -0.32 -0.36 

Lissett -5.06 -1.33 2.49 -5.89 -2.07 1.60 

Mynydd Clogau -1.71 -0.45 0.73 -1.99 -0.66 0.60 

Ness Point -4.11 -0.98 2.56 -4.96 -1.37 2.28 

Westmill -3.38 -0.03 3.19 -4.37 -0.73 3.24 

Bears Down -2.99 -0.81 1.20 -3.36 -0.87 1.23 

Table 4-7: Projected annual capacity factor percenta ge point change for selected onshore wind 
farm locations 

To be able to better compare wind speed and capacity factor uncertainty Table 4-8 shows the 

percentage change of capacity factor for the selected UK locations in the 2050s and 2080s. It 

can be seen that percentage change uncertainties for capacity factor have a much larger 

spread than for wind speed. The 2050s see uncertainty spreads of up to −17.2% and +14.4% 
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and for the 2080s −19.9% and +14.6%. Coastal locations and the south east of England 

appear to have the largest capacity factor reductions. 

Locations that have lower annual average wind speeds have the higher uncertainty of 

capacity factor and this is due to those locations having a higher proportion of time when the 

turbine is generating below the rated value. The capacity factor is therefore more sensitive to 

wind speed change. 

 

Location 2050s 2080s 
 Probability Level (%) Probability Level (%) 
 10 50 90 10 50 90 

Viking -3.13 0.06 3.06 -3.75 -0.1 2.85 

Spurness -4.93 -1.45 1.27 -7.15 -2.87 1.21 

Farr Wind farm -4.37 -0.77 2.55 -4.82 -1.44 2.39 

Black Law -7.55 -0.62 6.93 -8.37 -1.07 6.31 

Grise -7.06 -0.78 5.82 -8.76 -1.93 5.04 

Slieve Rushen -0.97 -0.33 -0.62 -0.91 -0.62 -0.7 

Lissett -17.09 -4.49 8.41 -19.9 -6.99 5.41 

Mynydd Clogau -3.56 -0.94 1.52 -4.14 -1.37 1.25 

Ness Point -10.9 -2.6 6.79 -13.16 -3.63 6.05 

Westmill -15.23 -0.14 14.37 -19.68 -3.29 14.59 

Bears Down -6.4 -1.73 2.57 -7.19 -1.86 2.63 

Table 4-8: Projected annual capacity factor change f or selected onshore wind farm locations 

4.5.4.1 Projected Change of other Onshore Wind Turbine States 

Obviously other wind turbine states are affected by a changing wind climate and it can be 

beneficial to planners and developers to know what sort of characteristics a wind turbine or 

wind farm will have at a particular location. Knowledge of how the characteristics may 

change as a result of wind speed variability due to climate change may also be valuable input 

to planning and development decisions. See Appendix B-9 to B-12 for further information. 

4.6 The Effect of Climate Change on Potential Onsho re Resource 

The aim of this section is to explore the changes that projected wind speeds will have on the 

UK potential baseline onshore wind energy resource. This is achieved by applying the 

projected change values to the baseline capacity factor at each of the wind farm locations 

discussed in section 4.4.1, weighting the energy output by the installed capacity at each wind 

farm and adjusting for assumed losses discussed in section 4.3.3. 

The impact of the projections on the baseline collective energy output (Figure 4-10) of the 

wind farm locations (Figure 4-9) are shown in Table 4-9 which contains the values of 



 

92 

weighted average capacity factor change values for all included onshore wind farm locations 

for the 2050s and 2080s. They include the losses discussed in section 4.3.3, and have a 

scaling factor of 0.8379 relative to values that do not include the losses (Table B-1 in 

Appendix B). 

 

Scenario Projected Aggregate Capacity Factor Change From Baseline (%) – Assuming Losses 

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DE C 

Baseline (%) 34.6 41.7 40.4 40.8 35.2 31.8 30.5 26.4 25.9 34.1 36.3 38.8 40.1 
              

2050s 10% 
Probability 

32.6 39.8 38.5 39.1 33.8 29.5 28.2 23.8 21.9 31.4 35.0 37.8 39.3 

2050s 50% 
Probability 34.3 41.4 39.6 40.6 34.8 31.3 30.8 26.6 24.5 33.3 36.3 39.4 40.6 

2050s 90% 
Probability 

36.0 42.8 40.8 41.8 35.8 33.2 33.2 29.3 27.1 35.0 37.5 40.8 41.8 

              
2080s 10% 
Probability 

32.2 39.7 38.4 39.0 33.1 29.0 27.8 23.0 20.8 30.7 35.2 38.2 38.7 

2080s 50% 
Probability 34.1 41.0 39.8 40.0 34.4 31.1 30.5 25.8 23.9 32.8 36.6 39.4 40.3 

2080s 90% 
Probability 

35.8 42.2 41.0 40.8 35.8 33.2 33.1 28.5 27.0 34.8 37.9 40.6 41.6 

Table 4-9: Projected Aggregate Capacity Factor Chang e from Baseline – assuming losses 

Table 4-10 summarises the monthly and annual projected change from baseline for the 2050s 

and 2080s medium emissions scenario with 50% probability. As can be seen the 2050s 

shows a 0.55% reduction in generated electricity from wind energy, and the 2080s shows a 

1.42% reduction from baseline. 

 

Scenario Overall Baseline Energy Output – including losses (GWh) 

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DE C 

Baseline 38415 3874 3390 3789 3162 2949 2740 2455 2405 3068 3370 3489 3725 

Projected Aggregate Change From Baseline Energy Output – including losses (GWh) 

2050s 50% -211 -29 -65 -22 -33 -44 31 13 -126 -76 -3 53 48 

2080s 50% -545 -69 -54 -77 -69 -57 4 -60 -184 -121 30 48 18 

Percentage Change (%) 

2050s 50% -0.55 -0.76 -1.92 -0.58 -1.04 -1.5 1.12 0.54 -5.25 -2.47 -0.08 1.51 1.3 

2080s 50% -1.42 -1.79 -1.58 -2.03 -2.18 -1.95 0.15 -2.46 -7.64 -3.93 0.88 1.37 0.48 

Table 4-10: Projected Change from Aggregate Baseline  Energy Output 
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Table 4-11 shows just the annual wind energy projection changes for a medium emissions 

scenario in 2050s and 2080s and includes the 10% and 90% distribution points as well as the 

50% distribution midpoint. 

 

Offshore Wind - Future Climate Energy Output – including losses 
Scenario Generated (GWh) Change (GWh) Change (%) 
Baseline 38,415   

2050s  10% Probability 36,282 -2,133 -5.55% 
2050s  50% Probability 38,204 -211 -0.55% 
2050s  90% Probability 40,006 1,592 4.14% 

    

2080s  10% Probability 35,852 -2,562 -6.67% 
2080s  50% Probability 37,870 -545 -1.42% 
2080s  90% Probability 39,763 1,348 3.51% 

Table 4-11: Annual Climate Change Values from Baseli ne Wind Energy Output 

In Figure 4-23 the baseline and the 2050s probabilistic onshore wind monthly energy output 

is shown. As can be seen the 10% and 90% lines envelope the baseline. The 50% probability 

line shows a clear reduction over much of the year especially in August and September, 

where the lower seasonal resource looks to reduce even further. November and December 

show a clear increase in resource. 

 

 
Figure 4-23: 2050s Impact on baseline energy resour ce scenario 

Figure 4-24 shows the baseline and the 2080s probabilistic onshore wind monthly energy 

output. The characteristics are very similar to those of the 2050s though there is a definite 

further reduction, especially in August. Both the 2050s and 2080s show a reduction in 
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energy yield throughout the year, the 2050s show an annual change of -4.0% (-10.2%, 

+1.6%) and the 2080s a change of -5.1% (-11.6%, +0.8%). 

 
Figure 4-24: 2080s Impact on baseline energy resour ce scenario 

In both the 2050s and 2080s the months with the largest uncertainty are May to August, they 

are also the lowest yield months. These larger uncertainties are due to a higher proportion of 

time that turbines are generating but below or just reaching the rated capacity. This is where 

the turbine energy output is most sensitive to wind speed variability. 
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4.7 Onshore Wind Summary 

Accurate estimates of mean monthly onshore wind power resource has been generated from 

monthly wind speed data using a Rayleigh distribution and a generic wind turbine power 

curve. Baseline models of wind speed and wind energy output have been created. 

Estimations of total UK wind energy output have been created based on the locations and 

size of all operational and planned wind turbine sites. 

The baseline wind speed model is in close agreement with two other UK wind models 

(EWM & DECC). It appears to be roughly 0.5 m/s higher than both the other models with a 

RMSE of 1.29 m/s.  

The baseline wind energy model with an average capacity factor of 35.1% is 8 percentage 

points higher than the observed UK average (27.1%) (DUKES 2010). The discrepancies are 

discussed in section 4.4.1.  

HadRM3 wind climate data has been used to show probabilistic climate change impact in per 

cent change relative from baseline values for the baseline wind speed and wind energy 

models. Climate change models for wind speed and wind energy have been created. 

The 2050s and 2080s appear to indicate slight negative changes in wind speed ranging in the 

extreme to approximately -5.0% (-10.5% to 0.4%) in the 2050s and -6.9% (-12.8% to -1.0%) 

in the 2080s. 

The overall annual wind energy output from all wind turbine sites in operation and planned 

is estimated to be in the region of 38.415 TWh for the baseline climate. It is estimated that 

climate change could change this by -0.55% (-5.6% to 4.1%) for the 2050s and -1.4 (-6.7% 

to 3.5%) for the 2080s. The future onshore wind energy resource is more seasonally variable. 

There are slight increases in winter months, when resource is at its best; and slight resource 

decreases in some summer months. 

Table 4-12 shows the onshore wind capacity factor values estimated in this chapter. These 

figures are used in chapters 7 and 8 when calculating levelised cost values for onshore wind. 

 

Technology Climate Scenario 

 Baseline 
2050 
10% 

2050 
50% 

2050 
90% 

2080 
10% 

2080 
50% 

2080 
90% 

Onshore Wind 35.1 33.2 35.0 36.6 32.8 34.6 36.4 

Table 4-12: Onshore wind capacity factor values 
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5 Offshore Wind Power 

5.1 Introduction 

The main objective of this chapter is to assess the baseline UK offshore wind resource and 

investigate the impact climate change could have on the resource. It uses the Hadley Centre 

RCM HadRM3 (Met Office 2008) model to assess the baseline resource and the projected 

change from the baseline wind speeds. 

The yellow blocks in the thesis flowchart (Figure 5-1) signify the areas of the thesis 

connected with this chapter. 

 

 

Figure 5-1: Thesis flowchart and offshore wind reso urce blocks 

 

5.1.1 Chapter Overview 

A UK baseline offshore wind speed model was created using averaged monthly wind speed 

data from the HadRM3 data set.  Ideally, the baseline model would use actual measured data 

from a large network of locations over a 30 year time period, as with the wind speed baseline 

model for onshore wind (Chapter 4); but wind speed data at offshore locations is much less 

common than onshore and can be inconsistent. 

The baseline offshore wind energy model was generated by converting the 30 year averaged 

monthly HadRM3 wind speed data from its 10m height to an 80m hub height. The data was 

then fitted to a Rayleigh distribution and fitted to the power output curve of a typical 3 MW 

wind turbine in the same manner as described for onshore wind. Using the HadRM3 daily 
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data to provide the distribution was considered, which in retrospect may have given a better 

distribution, however, it was decided to follow the same method as for onshore wind. 

To validate the wind and energy baseline model they were compared with data from other 

sources. Baseline wind speeds compared favourably with wind speeds from the UK Marine 

Renewable Energy Resource Atlas and recorded wind speeds at 4 operating wind farms. 

Baseline wind energy values were compared with output from 4 operating wind farms. 

A UK offshore wind farm baseline resource model was created to closely reflect the actual 

present and future distribution of wind farms and both individual and collective energy 

resource and generation characteristics. The actual positions and sizes of all operating and 

potential future (in-construction, consented and in planning) offshore wind farm locations 

were projected onto the baseline wind energy output model. Monthly averaged output for 

each location were collected and accumulated to complete the UK offshore wind farm 

resource model. 

The generation of 2050s and 2080s probabilistic wind speed projections for a medium 

emissions scenario using the HadRM3 data uses the same method as used for onshore wind 

and is described in Chapter 4. Projected wind speed and energy models for the 2050s and 

2080s were created in the same way as described for the baseline models. The projected 

climate variability of wind speed wind energy and the UK offshore wind farm resource 

model was explored by comparing the baseline data with the projected future data. 

5.2 Baseline Resource 

5.2.1 Creation of UK offshore baseline wind model 

The HadRM3 data set was used as the source of modelled wind speed data to generate the 

UK offshore wind speed baseline model as it was not possible to generate an accurate UK 

baseline offshore wind speed model from actual observed offshore wind speed data. 

Locations in UK waters with observed wind speeds over a long period of time are sparse and 

the data can be inconsistent. Anemometers can be sited on structures such as oil and gas 

platforms, buoys and various other ocean vessels, there can be inconsistencies in the 

anemometer installation height and surrounding environment which in turn can cause 

measurement inaccuracies. 

The Met Office observed gridded data sets, used in Chapter 4 to create the onshore baseline 

wind speed model, could not be used to create the offshore wind model as the data set only 
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covers onshore locations, therefore, offshore daily wind speeds were extracted from the 

HadRM3 data set over the baseline time period (1961-1990) and processed in the same way 

as described for the UK onshore baseline wind model in Section 4.2.1. The HadRM3 

onshore wind biasing issues for wind speeds over mountainous and flat land regions, 

mentioned in Chapter 4 do not exist for offshore locations (Sexton et al. 2010b). 

Figure 5-2 shows the baseline offshore wind speed at a hub height of 80m. The average 

baseline seasonal wind speeds vary quite dramatically and it can be seen that winter wind 

speeds can be up to 50% higher in winter months than summer. The offshore wind speeds 

are also less variable and generally higher than the onshore baseline wind speeds. Another 

generally accepted advantage of offshore wind over wind at onshore locations is there is 

much less turbulence due to the sea being generally flat. 
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Figure 5-2: UK baseline offshore average wind speed  at 80m height 
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5.2.2 Creation of UK offshore baseline wind energy model 

The offshore baseline wind energy model was developed from the average wind speed data 

(which used the data to generate the UK offshore wind baseline model). Each cell of the 30 

years of gridded average monthly wind speed data was fitted to a Rayleigh distribution and 

the distribution output then fitted to the Vestas V90 3 MW wind turbine in the same way as 

described for onshore wind. 

Figure 5-3 shows the seasonal and annual offshore wind energy baseline capacity factors. 

The figures assume 100% availability of the wind turbine. In winter there is enough wind 

speed to provide capacity factors in excess of 50% at the majority of locations. In other 

months there appears to be higher resource in north westerly regions, which gradually reduce 

towards the south east or coastal locations. The lowest capacity factors are seen close to 

coastlines.  

 One interesting observation when looking at winter months on a different scale (see Figure 

5-4) is that locations further from shore in the North West, which have the highest wind 

speed, clearly have a lower capacity factor than other far from shore locations. This is due to 

a larger proportion of time in which the generic wind turbine profile (Vestas V90 3MW) is in 

the above cut out state due to the higher wind speeds. This is confirmed in Figure 5-5 where 

locations in the North-West spend up to 15% of time in winter months and up to 7.2% 

annually in the above cut out state, under the baseline wind speed conditions. The larger 

proportion of cut-out time in winter months demonstrates the need to match the 

characteristics of wind turbine characteristics to the location’s resource. For example, any 

future plans to locate a wind farm in the high resource areas of the north-west would benefit 

from a wind turbine design tuned to the particular resource at that location and benefit from 

an increased cut-out speed and probably a larger capacity than the model used in this study. 

However, the increased energy yield would need to outweigh the additional turbine costs. 
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Figure 5-3: Seasonal baseline capacity factors 
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Figure 5-4: Winter baseline capacity factors – diff erent scale to highlight lower capacity factor 

in north-west 

    

Figure 5-5: Percentage of time in above cut out stat e for winter months and annually 

Other wind energy baseline parameters of interest are shown in Figure 5-6, the annual time 

spent cut in is below 10% of the time for most offshore locations with very high proportions 

of time in the ‘generating’ and at ‘full rating’ state. The North-west offshore locations spend 

less time generating than other offshore locations, mostly due to having a high proportion of 

above cut out time; however, a large proportion of the time generating is at ‘full rating’ and 

so ends up being the location with the highest overall capacity factor. 
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(a) (b) 

 

 

(c)  
Figure 5-6: Other Baseline Resource Parameters: (a)  annual percent time below cut in, (b) 

annual percent time between cut in and cut out, (c)  annual percent time at full rating. 

 

5.2.2.1 Uncertainties 

The data and method to generator baseline offshore wind and energy models contain a 

number of uncertainties. The wind speed data is from modelled HadRM3 output which will 

contain errors compared to observed values. There are uncertainties due to the 25km 

resolution of the HadRM3 gridded data which will not capture all the wind flow detail.  The 
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roughness length relating to a ‘calm sea’ was assumed and this will add additional error in 

periods of rougher seas. A standard Rayleigh wind distribution was assumed for all 

locations, this is an acceptable method when working with such a large area; however it may 

add large uncertainties in locations with different wind distributions. There has been a 

generic power curve assumed for the power conversion which will add additional error. The 

wind to power conversion process does not capture any turbulence issues. 

5.3 Data Analysis and Validation 

The aim of this section is to compare the modelled wind speed and capacity factor values 

with actual observed values. 

5.3.1 Wind Resource 

The HadRM3 generated baseline monthly average wind speed data has been compared to 

wind data used in the UK Marine Renewable Energy Resource Atlas (BERR 2008a) which is 

derived from met office weather forecast models. Wind speed output from the two data sets 

compare very favourably with each other. 

Figure 5-7 shows wind data from both data sets. Key wind farm locations have been shown 

for reference as red dots. The BERR Atlas wind speeds were transformed from 100m to 80m 

height to match the HadRM3 baseline height. Wind speeds are largely very closely matched 

between the two models. One difference worth noting is that the BERR Atlas shows wind 

speeds in the far north-west to be up to around 10% higher than HadRM3 values. The BERR 

Atlas technical report examines these higher than expected wind speeds and comments on 

two possible explanations: they may be real and be part of a storm track caused by 

topographic features and winds naturally travelling between Iceland and UK; or they may be 

caused by a model artefact. 

A further point worth mentioning is the HadRM3 wind speed values are averaged over a 30 

year period (1961-1990) which should capture more long term wind climate characteristics 

than the BERR Atlas data, which is averaged over a 7 year period (June 2000- May 2007) 

and therefore more susceptible to inter-annual biasing.  
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Figure 5-7: Comparing BERR average wind speeds (left ) with the HadRM3 generated baseline 
wind speeds (right); locals of existing and planned  wind farms shown as dots 

Annual average wind speeds for both BERR Atlas and HadRM3 at offshore wind farm 

locations are shown in Figure 5-8. The values match well: the RMSE is 0.56 m/s and on 

average the HadRM3 wind speeds are only 0.08 m/s lower than the BERR Atlas value. 

 

 
Figure 5-8: Comparing BERR Atlas and HadRM3 baseline  annual values at wind farm locations 

 

Wind Farm Location Annual Average Wind Speed Compar ison
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5.3.2 Observations at Operational Offshore Wind Far ms 

There is limited historical data on the performance of operational offshore wind farms. One 

of the best sources of information is the DECC ‘Offshore Wind Capital Grants Scheme’ 

reports which contains in-depth information for 4 Offshore Wind Farms over 4 year periods, 

as shown in Table 5-1. 

 

Barrow July 2006- June 2008 

Kentish flats January 2006 – December 2008 

North Hoyle July 2004 – June 2007 

Scroby Sands January 2005-December 2007 

Table 5-1: Wind Farms with Offshore Capital Grants Scheme Reports (DECC 2004-2009) 

5.3.2.1 Wind Speed Comparison 

Figure 5-9 and Figure 5-10, show actual observed wind speeds for North Hoyle and Kentish 

Flats offshore wind farm locations and time periods shown in Table 5-1. Also shown are the 

HadRM3 baseline and BERR Atlas wind speeds for the location. Figures C-1 and C-2 in 

Appendix C show Barrow and Scroby Sands. The very close match between the HadRM3 

baseline and BERR Atlas wind speeds are very evident for all locations. The actual observed 

wind speeds are only averaged over each month and so there is more variability as they do 

not capture the long term intra-annual and annual average wind speed variability, like the 

HadRM3 baseline wind speeds which are averaged over 30 years. However, for all four 

locations it is clear that the observed values have characteristics similar to the modelled wind 

speeds though there would need to be a larger time period of observed wind speeds to 

comment any further on the match. Wind speed differences between wind farm observed 

values and the modelled baseline wind speed values are shown in Table 5-2. 

 
Figure 5-9: Wind Speed Comparison of North Hoyle Off shore Wind Farm Location 

Wind Speeds at North Hoyle Offshore Wind Farm Locat ion (80m height) 
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Figure 5-10: Wind Speed Comparison of Kentish Flats Offshore Wind Farm Location 

 

Wind Farm Typical difference from HadRM3 Average offset from HadRM3 

Barrow Banks +/- 17.0 % +1.2 m/s 

Scroby Sands +/- 13.3 % -0.7 m/s 

North Hoyle +/- 9.6 % +0.1 m/s 

Kentish Flats +/- 10.7 % +0.1 m/s 

Table 5-2: Wind Speed Comparison – Modelled Baseline  to Observed Wind Farm Values 

5.3.2.2 Capacity Factor Comparison 

The aim of this section is to investigate average wind speed to capacity factor characteristics 

for both the modelled baseline and actual reported wind speed and capacity factor values for 

the 4 wind farms. Figure 5-11 shows a scatter and polynomial plot of the modelled baseline 

(HadRM3) average monthly wind speed and the resulting modelled capacity factor. All 

offshore HadRM3 grid cells have been used to create the plot and this allows extrapolation 

of the relationship between modelled average wind speed and capacity factor over the UK. 

 
 

Figure 5-11: Wind Speed to Capacity Factor Plot of Mo delled Data  
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Figure 5-12 shows the modelled baseline plot as in Figure 5-11 and also all the reported 

values for Barrow, Scroby Sands, North Hoyle and Kentish Flats Offshore Wind Farms. The 

reported capacity factor values have been factored up using the reported wind farm 

availability values (DECC 2004-2009) so they are comparable with the modelled values 

which assume wind farms have 100% availability. There were some availability issues with 

some of the wind farms. A few extreme outlying data points were assumed to be mis-reads 

and removed from the analysis. 

 

 
Figure 5-12: Comparing Trend lines of HadRM3 to all  available observed wind farm data 

As can be seen, the observed data polynomial does not tail off like the modelled data at 

average wind speeds above approximately 10m/s. The real data also has capacity factor 

values approximately 6-8% lower than the modelled data for much of the wind speed range. 

There are several potential explanations why the modelled characteristics are different to the 

observed characteristics: 

• The observed data is monthly averaged over a maximum of only 3 years for only 4 

locations and of too small a sample to capture any average wind speed to capacity 

factor relationship. This is particularly true in the region of higher average wind 

speeds where there are only a handful of points over 11 m/s, and this lack of data 

points is likely to be the reason for the lack of tail off being captured in the observed 

polynomial. 

• The modelled data used a standard Rayleigh distribution for all locations whereas 

each specific wind farm location would have its own specific wind distribution 

characteristics. The data does indicate that the Rayleigh distribution may have a 

wider distribution than the real distribution, and so more frequent higher wind 
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speeds than actually seen, leading to more time above the cut out and causing the 

flattening off above 10m/s. 

• The modelled data does not account for ‘array loss’ within a wind farm array. 

• The modelled wind speed data has been referenced to a hub height of 80m, whereas 

the observed data at the four locations have actual hub heights of 75m, 70m, 70m 

and 65m, and would have slightly lower wind resource due to surface roughness (see 

section 4.2). 

5.3.3 Wind Energy Losses 

This section explores wind energy losses such as periods of unavailability for planned and 

unplanned maintenance, array losses, cable losses between the wind farm and shore, and 

assumes typical values to apply to the modelled baseline energy values so they more closely 

reflect observed data. 

5.3.3.1 Wind Turbine Availability 

There are three different types of availability discussed in the DECC 2004-2009 reports. 

Technical availability is the percentage of time the wind farm is available for generating 

electricity. Figure 5-13 shows the technical availability of the 4 wind farms featured in the 

DECC 2004-2009 reports. Much of the typical values of availability lie in the region of 85-

90% but there are periods of much lower values: 

Barrow had periods of very low availability between late 2006 and late 2007 due to several 

non-planned maintenance issues, such as the replacement of all gearboxes. North Hoyle and 

Scroby Sands also suffered from lower than expected availability around the same time from 

similar issues. 

 

 
Figure 5-13: Technical availability of the wind far ms included in the DECC 2004-2009 reports  

Technical Availability of Wind Farms over Reported Years (DECC 2004-2009)
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The average availability of the four wind farms over the reported period (DECC 2004-2009) 

is shown in Table 5-3. These values are lower than anticipated by the wind farm operators 

and are largely due to issues that go hand in hand with an emerging technology such as 

unproven designs and availability of specialist equipment. 

 

Wind Farm Barrow Scroby Sands North Hoyle Kentish Flats Total 

Average Availability (%) 72.8 81.0 87.7 83.3 81.2 

Table 5-3: Average Offshore Wind Farm Availability (DECC 2004-2009) 

For the analysis in this thesis an overall wind farm availability assumption of 95% will be 

used. This takes into account the information above and basing it on the availability once the 

emerging technology has matured. Also taken into account is the assumption that planned 

maintenance down-time would be performed in times of low wind speeds. It compares with a 

value of 97% commonly quoted by developers. 

5.3.3.2 Wind Farm Array Wake and Electrical Losses 

Taking into account the comparisons of modelled and observed capacity factor in Section 

5.3.2.2 and other sources discussing wake loss in offshore wind farm arrays (Barthelmie et 

al. 2007, 2009, 2010; Phillips et al. 2010), which vary considerably from roughly 3% to 

20%,  it would be fair to assume array wake losses in the region of 10%. 

Reported offshore wind farm transformer and cable electrical losses in the Capital Grants 

Scheme reports range from 0.5% to 2.6% (DECC 2004-2009). A 2.0% loss will be assumed. 

5.4 Technology Deployment 

In the UK there are presently over 13 operational offshore wind farms with their total 

installed capacity exceeding 1.3 GW and these numbers are set to grow substantially: There 

are a further 7 wind farms (2.2 GW) in construction, 5 wind farms (1.8 GW) consented, and 

a further 4 wind farm projects (2.0 GW) in planning (Renewable UK 2011). 

The majority of operational offshore wind farms are from the Crown Estate’s ‘Round 1’ 

leasing of the UK sea bed (December 2000), which introduced approximately 1 GW of near-

shore installed capacity. A second round of leasing (Round 2) was announced in 2003 which 

allowed 15 projects and a total installed capacity of around 7 GW to apply for leases (The 

Crown Estate 2011a). Round 3 is much more ambitious than the previous two rounds. In 

deeper water, further from shore and with an aim to deliver 25% of the UK’s electricity 
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demand by 2020, it was announced in 2008. The successful bidders, with a total installed 

capacity of 32.2 GW were announced in 2010 (The Crown Estate 2011b). In addition to the 

Round 3 allocations there was a further allocation of “Scottish Exclusivity” sites with a total 

installed capacity of over 6 GW at 9 different locations (The Crown Estate 2011c). 

5.4.1 Deployment Method 

For this study, the method used to evaluate the present UK offshore wind energy resource 

characteristics was to identify all locations that are operational, in construction, consented, 

and in planning and to include any not so far included from the Crown Estate (Round 1, 2 

and 3) and Scottish Exclusivity leased locations.  

A total of 54 offshore wind farm locations and a total installed capacity in the region of 47.8 

GW were used to explore the baseline offshore wind energy resource characteristics. The 

locations of each round of leasing are shown in Figure 5-14. 

 

 
Figure 5-14: Locations of Wind Farms for Different Leasing Rounds 

 

All the wind farms locations shown in Figure 5-14 were used to calculate the potential UK 

energy output. The capacity factor values for each location were identified from the baseline 

wind energy model and the baseline energy outputs were calculated based on the capacity 

factor and installed capacity at each of the locations.  
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5.4.2 A closer look at some offshore wind farm loca tions 

This section explores several operating offshore wind farms and some locations of potential 

future wind farms. The reported capacity factor values of operational wind farms used in this 

section are from the Renewable Energy Foundation database of renewables obligation 

generators (REF 2011). The database includes the observed capacity factor values of each 

wind farm since becoming operational. Unfortunately other useful monthly parameters such 

as observed wind speed and availability of the wind farm is not included in the database and 

so there is limited scope for analysis of comparing modelled against observed values. 

North Hoyle wind farm is discussed in the following sub-section. It has been chosen for 

discussion as it is one of the longest operational wind farms in the UK and has a reasonably 

long time series of reported monthly capacity factor values. It is also one of the wind farms 

with Offshore Wind Capital Grants Scheme Reports (BERR 2004-2009) which have 

extensive additional operating information. Barrow, Scroby Sands, and Kentish Flats are also 

discussed in Appendix C.1 to C.3. 

5.4.2.1 North Hoyle Offshore Wind Farm 

North Hoyle has been in production since late 2003 and consists of 30 Vestas V80 2 MW 

wind turbines at a hub height of 65m. Figure 5-15 shows the location of North Hoyle Wind 

Farm within the baseline gridded energy model showing capacity factor. Each cell is 25km2. 

The cell which contains North Hoyle (X) and 3 other adjacent cells are highlighted. Figure 

5-16 shows the capacity factor actual average (Real Avg) and model average for the North 

Hoyle site. The actual average is averaged over three operational years and the spread over 

those years (2008-2010) is indicated by bars. The model average is the value at location X 

average (Model Avg). There are too few samples of measured data for the average to show 

any long term characteristics but the modelled baseline values are indicative of the actual 

values; the 3 years characteristics approach the 30 year modelled baseline characteristics. 
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Figure 5-15: Location of North Hoyle Offshore Farm on 25km baseline gridded capacity factor 

model 

 
Figure 5-16: Actual capacity factor data and modell ed baseline capacity factor 

5.4.2.2 Round 3 Zones 

The recently announced third round allocations of 9 offshore zones are shown in Figure 5-17 

and Figure 5-18 with corresponding modelled baseline monthly capacity factor values shown 

in Figure 5-19. In Figure 5-20 the modelled annual capacity factors are shown. The capacity 

factor values are an average value of all cells the wind farms are located in. They assume no 

losses. One interesting observation is that the further offshore locations, such as Dogger 

Bank, have higher capacity factor values than zones closer to shore; however, it should also 

be noted that increased costs associated with depth and distance from shore will counter at 

least some of the higher resource. 
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Figure 5-17: Location of Round 3 Zones 1 & 2 

 

      
Figure 5-18: Location of Round 3 Zones 3, 4, 5, 6, 7, 8 & 9 

 

 
Figure 5-19: Round 3 Zones - modelled baseline capa city factor 
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Figure 5-20: Round 3 Zones - Annual modelled baseli ne capacity factor 

5.4.2.3 Scottish Exclusivity Award Zones 

The Scottish exclusivity zones are shown in Figure 5-21, the modelled baseline monthly 

capacity factor values in Figure 5-22 and modelled annual values in Figure 5-23. 

 

Figure 5-21: Location of Scottish Exclusivity Zones 
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Figure 5-22: Scottish Exclusivity Zones - modelled b aseline capacity factor 

 

 
Figure 5-23: Scottish Exclusivity Zones - Annual mod elled baseline capacity factor 

5.5 UK Potential Offshore Resource 

The potential UK offshore wind farm resource was estimated by using all the potential wind 

farms sites and sizes to calculate the potential UK energy output as modelled by HadRM3. 

The monthly average capacity factors at each location (shown in Tables C-1 to C-4 in 

Appendix C) were extracted from the baseline wind energy model as described in section 

5.2.2. The overall capacity factor values are shown in Table 5-4 weighted by the installed 

capacity at each location. Also shown are values with loss assumptions included, which are 

also shown in Figure 5-24. 

The overall installed capacity comes to a total of 47.78 GW. The total baseline annual energy 

output is 196 TWh without losses and 164 TWh with losses.  
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Overall Baseline Capacity Factors (%) and Energy Output (TWh)  

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DE C 

Assuming  No Losses 

C.F. 46.8 56.2 55.9 53.1 47.3 40.9 34.7 31.1 35.4 44.9 52.2 54.9 55.9 

Energy 196.00 19.99 17.96 18.89 16.29 14.53 11.94 11.04 12.60 15.43 18.56 18.89 19.89 

With Assumed Losses 

C.F. 39.2 47.1 46.8 44.5 39.6 34.3 29.1 26.1 29.7 37.6 43.7 46.0 46.8 

Energy 164.24 16.75 15.05 15.83 13.65 12.17 10.00 9.26 10.56 12.93 15.56 15.83 16.67 

Table 5-4: Baseline Capacity Factors - Aggregate To tal 

 

 

Figure 5-24: UK overall monthly baseline energy out put – including assumed losses 

The overall modelled capacity factor value of 39.2% (including assumed losses) is 

significantly higher than historical average estimations reported in DUKES (2010) which 

average 27.6% (Table 5-5). However, the DUKES values do appear to be on the low side. 

This is a reflection of the technology’s current early maturity and the challenges associated 

with the early stages of any new technology. However, the modelled value is almost 

identical to the value attained by Mott MacDonald (2010) for assessing projected costs of 

Offshore Wind. 

 

UK Average Offshore Wind Historical Capacity Factors 
2005 2006 2007 2008 2009 Average 
27.2 28.7 25.6 30.4 26.0 27.58 

Table 5-5: Historical Average UK Offshore Wind Capa city Factors (DUKES 2010) 

5.6 Climate Change Impact 

This section investigates the projected wind speed intra-annual and annual average climate 

variability and its impact on the baseline offshore wind speed model (section 5.2.1) and on 
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the UK potential offshore wind resource (section 5.3.3). As previously discussed, wind speed 

projections were not included in the UKCP09 probabilistic projections and the same 

approach to offshore wind has been used for onshore wind (Chapter 4). It uses wind speeds 

from HadRM3 to create wind climate change projections in a format similar to that of the 

UKCP09 probabilistic projections. 

The main difference between the method used for onshore wind and offshore wind is that the 

climate projections are applied to a baseline wind speed model created directly from the 

same HadRM3 dataset for “current climate”. 

5.6.1 UK Offshore Wind Speed Projections 

Figure 5-25 shows the 2050s and 2080s wind speed percentage change from baseline for a 

medium emissions scenario at a 50% probability level. The projections show reductions in 

average annual wind speeds over most offshore locations for both future time periods. Much 

of the North Sea has a reduction of around 1% for the 2050s and 2% for the 2080s. Extreme 

south east locations show slight wind speed increases. 

There appears to be a band of reduced wind speeds stretching from off the west coast of 

Shetland, through the west of Scotland, and extending through the east and west coastal 

waters of Ireland and continuing south west from the south west of Ireland. There are also 

large reductions in the extreme north east of Scotland, which is part of the same band, 

stretching from the south-east of Orkney down the coast to Moray Firth. The largest wind 

speed reductions are seen in the Irish Sea, which shows reductions of up to 5% for the 2050s 

and 7% for the 2080s. Extreme south west locations show an annual increase of wind speeds 

up to 1.5%. The 2080s projections have very similar characteristics to the 2050s but show 

additional wind speed reductions of up to 1%. 
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Figure 5-25: Projected annual wind speed change for the 2050s and 2080s medium scenario 

Summer and winter months for the 2050s and 2080s are shown in Figure 5-26 and Figure 

5-27. Summer months show greater reductions of wind speeds than winter months. Most 

offshore locations around the UK show reductions of around 3% for the 2050s and around 

5% for the 2080s. The most extreme reductions are in the Irish Sea with around 7% for the 

2050s and reaching 11% for the 2080s. There are slight increases east of Orkney of around 

2-3% but these increases reduce in the 2080s. 

 

   
Figure 5-26: Projected Summer months wind speed chan ge for the 2050s and 2080s medium 

scenario 

In winter months, the 2050s show wind speed reductions of up to 4% in more northerly 

locations such as around and to the west of Orkney with the 2080s showing up to 7.2% 
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reductions. Travelling south the change reduces until half way down the UK on the east 

coast and just south of Ireland where slight increases begin. The wind speed increases are up 

to 2% in south easterly locations for the 2050s and 1% for the 2080s. The 2080s show 

similar wind speed change characteristics to the 2050s but the reductions are more 

pronounced, especially in the north around Orkney and down the west coast into the Irish 

Sea. 

 

  
Figure 5-27: Projected Winter months wind speed chan ge for the 2050s and 2080s medium 

scenario 

Figure 5-28 and Figure 5-29 show the 10%, 50% and 90% probability distributions for the 

2050s and 2080s annual wind speed percentage change. To give examples of probability 

levels at different locations there are 7 offshore wind farm locations labelled on the 50% of 

probability maps with the wind speed changes for those locations shown in Table 5-6. The 

spread between the 50% distribution level and the 10% and 90% levels are typically ±4.9% 

for the 2050s and ±5.3% for the 2080s.  
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Figure 5-28: Projected annual wind speed change for the 2050s medium scenario with 10%, 

50%, 90% probabilities 

 

 
Figure 5-29: Projected annual wind speed change for the 2080s medium scenario with 10%, 

50%, 90% probabilities 

Location Time Period 

 2050s 2080s 

 Probability Level (%) Probability Level (%) 
 10 50 90 10 50 90 

Beatrice -8.0 -3.3 1.4 -10.7 -5.3 0.0 

Argyll -7.4 -3.2 1.1 -9.2 -4.5 0.2 

Forth Array -6.5 -1.2 4.1 -7.7 -2.6 2.6 

Irish Sea -9.3 -4.0 1.4 -11.6 -5.7 0.1 

Hornsea -6.9 -1.6 3.7 -8.8 -3.2 2.4 

Atlantic Array -5.9 -1.4 3.1 -7.4 -2.2 3.0 

Southern Array -5.5 -0.7 4.2 -6.8 -1.5 3.9 

Table 5-6: Projected annual wind speed change for se lected wind farm locations 
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5.6.2 UK Offshore Wind Energy Projections 

The projected wind speed values for the 2050s and 2080s medium emissions scenarios at 

10%, 50% and 90% values were processed in the same manner as for onshore wind to 

generate wind energy parameters for each of the future time periods. 

5.6.2.1 Projected Capacity Factor Change 

Figure 5-30 shows the 2050s and 2080s capacity factor annual change from baseline for a 

medium emissions scenario and a 50% probability distribution. The projections follow much 

the same characteristics as the wind projections showing slight reductions in capacity factor 

values except for the extreme south west which shows a very slight increase. The greatest 

reductions are in the Irish Sea where they are up to -2.7% for the 2050s and -3.7% for the 

2080s. The majority of locations show reductions from -0.5% to -2.2% for the 2050s and 

from -1.0% and -2.5% for the 2080s. 

 

  

Figure 5-30: Projected 2050s and 2080s Annual Capaci ty Factor Change - Medium Scenario 50% 
Distribution 

Figure 5-31 and Figure 5-32 show capacity factor change for summer and winter months. It 

is evident that capacity factor in winter months are less affected by the relative change in 

wind speeds when compared to summer months. 

The lower baseline wind speeds in summer months result in a larger proportion of wind 

turbine time spent below rated capacity. In this case a slight reduction in wind speed can 

result in a larger reduction in capacity factor because of the cube power law. There will also 

be a higher proportion of time where the wind turbine is in its cut in state. In other seasons 
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the turbine output would spend a larger proportion of time in the ‘at rating’ state and in this 

state a slight reduction in wind speed does not necessarily result in the wind turbine having a 

lower output as it could still be at its rated output after a wind speed reduction. 

The greatest reductions in summer months are in the Irish Sea where they are up to -5.0% for 

the 2050s and -6.8% for the 2080s. The majority of locations show reductions from -0.8% to 

-3.0% for the 2050s and from -1.5% to -4.7% for the 2080s. 

 

  

Figure 5-31: Projected 2050s and 2080s Summer Months Capacity Factor Change - Medium 
Scenario 50% Distribution 

In winter months (Figure 5-32) the projected change in capacity factor is seen to be less than 

the relative change in wind speed and in some locations the capacity factor change 

characteristics are out of phase with the wind speed changes. Higher baseline wind speeds in 

winter months result in a relatively higher proportion of time above cut out and ‘at-rating’ 

states than other months and where, in these states, a reduction in projected wind speeds 

could actually result in no change in power output or even an increase due to less time in the 

above cut out state. Likewise, an increase in winter month wind speeds can result in lower 

capacity factors by increasing the proportion of time in the above cut out state. The 2050s 

and 2080s both show the majority of locations having winter capacity factor changes of -

0.2% ±0.5%. 
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Figure 5-32: Projected 2050s and 2080s Winter Months  Capacity Factor Change - Medium 
Scenario 50% Distribution 

Figure 5-33 and Figure 5-34 shows the 10%, 50% and 90% probability distribution values 

for the 2050s and 2080s annual wind speed percentage change. Both show it is unlikely for 

the change in capacity factor to be more than ±4.5% from the 50% probability distribution 

projection values for the future time periods. As previously shown for wind (Figure 5-29), 

there are 7 offshore wind farm locations labelled on the 50% probability maps for both the 

2050s and 2080s. The capacity factor projected changes for those locations are shown in 

Table 5-7. 

 

 
Figure 5-33: Projected annual capacity factor change  for the 2050s and 2080s medium scenario 

with 10%, 50% and 90% probabilities 
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Figure 5-34: Projected annual capacity factor change  for the 2050s and 2080s medium scenario 

with 10%, 50% and 90% probabilities 

 

In Table 5-7 it can be seen that the spread between the 50% distribution level and the 10% 

and 90% levels are typically ±3.0% for the 2050s and ±3.4% for the 2080s. 

 
Location Time Period 

 2050s 2080s 
 Probability Level (%) Probability Level (%) 
 10 50 90 10 50 90 

Beatrice -3.8 -1.2 1.1 -4.5 -2.2 0.6 
Argyll -3.3 -1.1 0.6 -4.2 -1.9 0.2 

Forth Array -3.5 -0.7 1.8 -4.1 -1.4 1.1 
Irish Sea -4.6 -2.0 0.4 -5.9 -2.8 0.0 
Hornsea -3.6 -1.0 1.2 -4.6 -1.7 0.9 

Atlantic Array -5.9 -1.4 3.1 -7.4 -2.2 3.0 
Southern array -5.5 -0.7 4.2 -6.8 -1.5 3.9 

Table 5-7: Projected annual capacity factor change f or selected wind farm locations 

5.6.2.2 Projected Change of other Wind Turbine States 

Figure 5-35 to Figure 5-39 highlight the projected change in different wind turbine operating 

states and clearly shows that the projected changes in offshore wind speeds have a resulting 

effect on the baseline offshore wind energy parameters. 

Figure 5-35 and Figure 5-36 show the change in time spent at ‘above cut-out’ in winter and 

summer months. As would be expected it is the winter months where wind resource is higher 

that shows larger changes. There is a very clear divide between the north which shows 

reduced of time above cut-out and the south which shows increased time above cut-out in 

winter.  
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Figure 5-35: Projected change in percentage of time ‘above cut off’ state for 2050s and 2080s 
medium emissions in winter months 

 

   
Figure 5-36: Projected change in percentage of time ‘above cut off’ state for 2050s and 2080s 

medium emissions in summer months 

Figure 5-37 and Figure 5-38 show the change in time spent ‘at rating’ in winter and summer 

months. There appears to be a slight decrease in winter months but a very noticeable 

decrease in many areas in the summer months. This suggests that the wind speed reduction 

in summer months is causing an increase in the time the wind turbine is operating below its 

rated output. 
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Figure 5-37: Projected change in percentage of time ‘at rating’ state for 2050s and 2080s 

medium emissions in winter months 

 

   
Figure 5-38: Projected change in percentage of time ‘at rating’ state for 2050s and 2080s 

medium emissions in summer months. 
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Figure 5-39 shows the annual change in time spent ‘generating’ and ‘below cut-in’ for the 

2050s medium emissions. There appears to be an increase in the time the wind farm is 

operating in the far north and extreme south. The Bristol Channel area has quite a significant 

reduction in the annual time below cut-in. 

 

   

Figure 5-39: Projected annual change in percentage o f time ‘generating’ (left) and ‘below cut-in’ 
(right) states for the 2050s medium scenario 50% pr obability 
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5.7 The Effect of Climate Change on Offshore Wind R esource 

This section explores the changes that projected wind speeds will have on the UK offshore 

wind energy resource and yield discussed in the previous section. This is achieved by 

applying the projected change in capacity factor at each of the wind farm locations and 

weighting the energy output by the installed capacity at each wind farm. 

The capacity factor changes for Rounds 1, 2 and 3 and Scottish exclusive wind farm 

locations are shown in Table C-5 to Table C-8 respectively for a 2050s medium emissions 

scenario with 50% probability. The values do not include loss assumptions discussed earlier. 

The parameters are changes from the values in Table C-1 to C-4 in Appendix C. As an 

example, the baseline annual capacity factor for Barrow is 42.7% (from Table C-1 in 

Appendix C), the projected annual capacity factor change for Barrow is -0.66% (from Table 

C-5 in Appendix C) giving a projected capacity factor of 42.1%.  

Table 5-8 shows the weighted average capacity factor change values for all wind farm 

locations (Table C-5 to Table C-8 in Appendix C) for the 2050s and 2080s. The values 

assume losses. Values without losses are shown in Table-C9 in the Appendix. 

 

Scenario Projected Aggregate Capacity Factor Change From Baseline (%) – Assuming Losses 

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC  

Baseline 39.23 47.12 46.87 44.53 39.66 34.24 29.07 26.03 29.7 37.58 43.75 45.99 46.87 

2050s 50% -0.81 0.01 -0.39 -0.61 -0.74 -1.2 -0.07 -0.87 -3.08 -2.78 -0.57 0.39 0.18 

2080s 50% -1.33 -0.15 -0.5 -1.35 -1.32 -1.27 -0.83 -2.21 -4.67 -3.46 -0.33 0.28 -0.03 

              

2050s 10% -2.98 -0.56 -1.19 -1.98 -2.19 -3.83 -3.61 -5.82 -7.93 -5.59 -1.97 -0.61 -0.29 

2050s 50% -0.81 0.01 -0.39 -0.61 -0.74 -1.2 -0.07 -0.87 -3.08 -2.78 -0.57 0.39 0.18 

2050s 90% 1.09 0.19 0.14 0.51 0.59 1.23 3.28 3.84 1.52 -0.27 0.61 1.02 0.38 

              

2080s 10% -3.76 -0.85 -1.42 -2.56 -3.66 -4.29 -4.81 -7.37 -9.65 -7.19 -1.93 -0.56 -0.66 

2080s 50% -1.33 -0.15 -0.5 -1.35 -1.32 -1.27 -0.83 -2.21 -4.67 -3.46 -0.33 0.28 -0.03 

2080s 90% 0.85 0.15 0.11 -0.3 0.74 1.5 2.92 2.86 0.13 -0.16 1.01 0.87 0.33 

Table 5-8: Projected Aggregate Capacity Factor Chang e from Baseline – assuming losses 
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Table 5-9 summarises the monthly and annual projected change from baseline for the 2050s 

and 2080s medium emissions scenario with 50% probability. As can be seen the 2050s 

shows a 2.1% reduction in generated electricity from wind energy, and the 2080s shows an 

even larger 3.4% reduction from baseline. 

 

Scenario Overall Baseline Energy Output – including losses (GWh) 

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC  

Baseline (TWh) 164245 16752 15052 15832 13646 12172 10001 9255 10559 12930 15555 15825 16666 

Projected Aggregate Change From Baseline Energy Output – including losses (GWh) 

2050s 50% -3450 2 -127 -216 -254 -425 -23 -309 -1095 -958 -204 135 64 

2080s 50% -5557 -53 -160 -481 -456 -453 -287 -786 -1659 -1191 -117 98 -12 

Percentage Change (%) 

2050s 50% -2.1 0.0 -0.8 -1.4 -1.9 -3.5 -0.2 -3.3 -10.4 -7.4 -1.3 0.9 0.4 

2080s 50% -3.4 -0.3 -1.1 -3.0 -3.3 -3.7 -2.9 -8.5 -15.7 -9.2 -0.8 0.6 -0.1 

Table 5-9: Projected Change from Aggregate Baseline Energy Output 

Table 5-10 shows just the annual wind energy projection changes for a medium emissions 

scenario in 2050s and 2080s and includes the 10% and 90% distribution points as well as the 

50% distribution midpoint. 

 

Offshore Wind - Future Climate Energy Output 

Scenario Generated (GWh) Change (GWh) Change (%) 

Baseline 164,245   

2050s  10% Probability 151,774 -12,471 -7.59% 

2050s  50% Probability 160,835 -3,410 -2.08% 

2050s  90% Probability 168,822 4,577 2.79% 

    

2080s  10% Probability 148,498 -15,747 -9.59% 

2080s  50% Probability 158,687 -5,558 -3.38% 

2080s  90% Probability 167,803 3,558 2.17% 

Table 5-10: Annual Climate Change Values from Baseli ne Wind Energy Output 
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Figure 5-40 and Figure 5-41 show the baseline and the 10%, 50% and 90% probability 

monthly values for the 2050s and 2080s. 

 

Figure 5-40: Potential Offshore Wind Farm Baseline O utput and values for the 2050s medium 
emissions scenario at 10, 50% & 90% probability dis tribution 

 

 

Figure 5-41: Potential Offshore Wind Farm Baseline O utput and values for the 2050s medium 
emissions scenario at 10, 50% & 90% probability dis tribution 

It is clear for both the 2050s and 2080s future time periods that there is an overall reduction 

from the baseline of potential offshore wind energy values. Summer months have the 

greatest reduction with winter months showing very little change and the 2050s actually 

show a slight increase in wind energy output.   
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5.8 Offshore Wind Summary 

Accurate estimates of mean monthly offshore wind power resource have been generated 

from monthly wind speed data using HadRM3 wind speed data, a Rayleigh distribution and a 

generic wind turbine power curve. Baseline models of wind speed and wind energy output 

have been created and validated. Estimations of total UK offshore wind energy output have 

been created based on the locations and size of all operational and planned offshore wind 

turbine sites. 

The offshore baseline wind model shows good agreement with the BERR Atlas wind speeds 

with an RMSE of 0.56 m/s and on average the HadRM3 wind speeds are only 0.08 m/s lower 

than the BERR Atlas value. It also shows good agreement when compared to observed wind 

speeds at several offshore wind farm locations; however the observations are very limited 

and averaged over a relatively small time period (approximately 3 years) compared to the 

model (30 years). The modelled average wind speed is approximately 0.5 m/s lower than the 

observations. Each observed average monthly wind speed is typically within ±10% of the 

modelled wind speed at any location.  The offshore wind energy model was compared to a 

limited source of offshore wind farm observed capacity factors. The wind energy model 

typically reports values 6-8% higher than the observations. Similarly to the wind speed 

comparison the observations are over a small period of time and this comparison is of 

interest but of limited use as a validation method. 

The 2050s appear to indicate negative changes in wind speed of typically -1.8% (-9.3% to 

1.6%) and -3.0% (-8.1% to 2.0%) in the 2080s. The overall annual wind energy output from 

all offshore operational and potential wind turbine sites is estimated to be in the region of 

164.245 TWh with the baseline climate. It is estimated that climate change could change this 

by -2.1% (-7.6% to 2.8%) for the 2050s and -1.4 (-6.7% to 3.5%) for the 2080s. The future 

offshore wind energy resource is more seasonally variable. 

In summer months when resource is seasonally lower there is a significant reduction. July 

has an estimated change of -3.3% (-22.4% to 14.7%) for the 2050s and -8.5% (-28.3% to 

11.0%). In comparison, January has a change of 0.0% (-1.2% to 0.4%) for the 2050s and -

0.3% (-1.8% to 0.3%) for the 2080s. 

The difference in the uncertainty between winter and summer months is related to the wind 

turbine power curve characteristics. In winter months the typical offshore wind turbine will 

spend a large amount of time in its at-rated output, in summer months the output of the 

turbine will be much more sensitive to wind speed variability as it will spend a large amount 
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of time in the curve part of the power curve, below the rated value, where any slight change 

in wind will have a large effect on the power output due to the wind to power cube effect as 

discussed earlier. 

Table 5-11 shows the offshore wind capacity factor values estimated in this chapter. These 

figures are used in chapters 7 and 8 when calculating offshore wind levelised cost values. 

 

Technology Climate Scenario 

 Baseline 
2050 
10% 

2050 
50% 

2050 
90% 

2080 
10% 

2080 
50% 

2080 
90% 

Offshore Wind 35.1 33.2 35.0 36.6 32.8 34.6 36.4 

Table 5-11: Offshore wind capacity factor values 
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6 Other Technologies 

The main objective of this chapter is to discuss other technologies that are susceptible to 

resource variability due to climate change. Ideally, all other technologies justify as in depth 

an analysis as performed for solar, on- and offshore wind, in the previous chapters, but this is 

not possible due to limited time-scale and resource of this study. However, a reasonable 

assessment of wave energy and its sensitivity to climate change is performed. The other 

technologies are discussed in brief. Hydro has a very brief climate sensitivity analysis 

performed using data directly from Niall Duncan’s PhD study ‘Mapping Scotland's 

Hydropower Resource’ (Duncan 2012) in which he includes analysis of hydro intra-annual 

and annual average climate variability using UKCP09 climate input parameters. 

The yellow blocks in the thesis flowchart (Figure 6-1) signify the areas of the thesis 

connected with this chapter. 

 

Figure 6-1: Thesis flowchart and wave and hydro res ource blocks 

6.1 Wave Power 

6.1.1 Introduction 

While it was hoped to perform an in depth wave resource analysis of all UK coastal waters, 

in a similar manner to the previous solar PV and Wind chapters. The effort of performing 

this was deemed to be out-with the available time-scale and resource of this study. Indeed it 

is a PhD in itself. 

Ideally, the method would follow a similar approach as performed in previous chapters for 

solar PV and wind. It would involve running numerical wave energy models that are driven 

by output for the baseline climate and future climate scenarios for different greenhouse gas 
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emission scenarios, then performing a comparative assessment. This described approach has 

been undertaken by Reeve et al. (2011) for the Wave Hub location with interesting results 

showing increases of wave power in the region of 2-3% for the A1B scenario (UKCIP09 

medium scenario) using a GCM. However, the energy yield output from the WEC device 

was found to reduce by 2 to 3%. This was largely due to the technical limitations of the 

device in larger waves. 

Another comprehensive study worth mentioning which assesses uncertainty in wave energy 

resource states that the annual average climate change is likely to be small when compared 

with natural climate variability (Mackay et al. 2010a, 2010b). 

The chosen methodology for this study is a simpler approach using an established method, 

albeit with limitations. It follows a similar approach of Harrison et al. (2005) where average 

wind speeds at the location of interest are converted to a Rayleigh distribution in the same 

manner as in the earlier wind energy chapters, but at a height of 19.5m above sea level. The 

wind speed distribution is then applied to the Pierson Moskowitz (PM) spectrum (Pierson 

and Moskowitz 1964) which describes a fully developed sea, i.e. a sea that has had wind 

blowing over it for a sufficient length of time (6-18hours) and distance (200-600km) for a 

steady state sea condition to be reached. The output from the PM spectrum is then used as 

input to a wave to power output of a WEC device. Energy yield is estimated from the power 

output of the WEC device. Different sets of results for the location are compared for baseline 

and future emission scenario climate wind speeds. 

This study extends the work by Harrison et al. (2005) which was based on a single annual 

average wind speed for one location in the Atlantic Ocean, by investigating the monthly 

characteristics of several locations of varying latitudes on the west of the UK. 

6.1.1.1 Locations for Investigation 

This study of the potential impact of climate change on wave resource focuses on four 

geographic locations that are very likely to be close to locations hosting a high proportion of 

the UK’s future wave energy installations. They are all situated in westerly waters that are 

open to the large wave resource of the Atlantic Ocean. The locations are: the west coast of 

Shetland, Orkney, The Western Isles, and north-west off Cornwall. Shetland, Orkney and 

The Western Isles locations have been awarded leases by the Crown Estate for Wave Power 

development (Crown estate 2010). The location in Cornwell is chosen because of Wave Hub, 

which is an offshore grid connected facility for the testing of wave energy devices situated 
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10 miles off the coast of Cornwall (Wave Hub 2011).  The locations are shown in Figure 6-2 

and on the HadRM3 25km grid. 

 Shetland  Orkney 

 Western Isles Cornwall 

Figure 6-2 Shetland, Orkney, Western Isles and Cornw all wave energy locations for study  

6.1.2 Baseline Resource 

The aim of the first part of the section is to create baseline wave energy resource for the four 

chosen locations by converting wind speed resource to wave resource by using the Pierson 

Moskowitz (PM) spectrum. Wind speed data from the HadRM3 data set was used as the 

basis of evaluation of the wave energy baseline resource. Other potential sources of baseline 

resource are: ERA-40 Reanalysis:  Wind and Wave time series available (1957-2002) and 

the Atlas of UK Marine Renewable Energy: Wind and wave monthly averages available 

2000-2007. The main reasons for using HadRM3 data for assessing the sensitivity of wave 

energy to climate change were that the HadRM3 wind speed data has already been processed 

for offshore wind and it includes future climate projections, whereas other sources do not. 

The main disadvantage of using wind data is that a wind to wave methodology is required to 

relate the wind speed data to wave resource. 

6.1.2.1 Creation of the wave energy baseline model 

The following section describes the creation of the wave energy baseline model. Four 

locations are first chosen, average monthly baseline wind speeds are converted to a Rayleigh 

distribution which is then converted to wave energy using the Pierson-Moskowitz method. 

The wave energy values are then used as input into the power curve of the Pelamis wave 

energy convertor. 
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Conversion method: 

Baseline average wind speed values calculated from HadRM3 wind speed output are shown 

in Table 6-1 for the four chosen wave power locations. 

 

Baseline average wind speed at 80m (m/s) 
 Shetland Orkney Hebrides Cornwall 

Annual 10.20 9.92 10.27 9.57 
January 12.80 12.66 12.91 12.13 
February 12.46 12.37 12.54 11.76 
March 11.42 11.19 11.34 10.62 
April 10.09 9.79 9.91 9.29 
May 8.55 8.39 8.69 8.22 
June 7.66 7.44 7.86 7.57 
July 7.33 7.13 7.58 7.13 

August 7.97 7.65 8.1 7.35 
September 9.52 9.06 9.61 8.26 
October 10.89 10.36 10.89 9.9 

November 11.51 11.1 11.52 10.98 
December 12.27 11.96 12.24 11.67 

Table 6-1: Baseline average 80 metre height baselin e wind speeds at four potential wave power 
locations 

The average wind speed values were converted to a height of 19.5 metres (Table 6-2) which 

is the required height for the Pierson-Moskowitz method. The height conversion was 

performed using the log power law (Manwell et al. 2002). 

 

Baseline average wind speed at 19.5m (m/s) 
 Shetland Orkney Hebrides Cornwall 

Annual 8.75 8.51 8.80 8.21 
January 10.98 10.86 11.07 10.40 
February 10.68 10.61 10.75 10.08 
March 9.79 9.60 9.72 9.11 
April 8.65 8.39 8.50 7.97 
May 7.33 7.19 7.45 7.05 
June 6.57 6.38 6.74 6.49 
July 6.29 6.11 6.50 6.11 

August 6.83 6.56 6.95 6.30 
September 8.16 7.77 8.24 7.08 
October 9.34 8.88 9.34 8.49 

November 9.87 9.52 9.88 9.41 
December 10.52 10.26 10.5 10.01 

Table 6-2: Baseline average 19.5 metre height basel ine wind speeds at four potential wave 
power locations 

The wind speeds at 19.5 m were characterised using the Rayleigh probability density 

function then converted to wave energy using the Pierson Moskowitz spectrum: 
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The Pierson-Moskowitz (PM) frequency spectrum is one of the most representative methods 

for modelling a sea surface. It describes a fully developed sea state that has been produced 

only by wind which has been blowing over a very large area at a constant rate for a long 

enough period of time to reach steady state. There are more complex models that are more 

accurate but require more detailed information (Lehmann 2006). For the required purposes 

of investigating the sensitivity of wave energy to climate change, the PM spectrum was 

deemed to be suitable for this study. 

The Pierson-Moskowitz (1964) sea state )(ωS  available from wind is given by 
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where g is the gravity constant, U19.5 is the average wind speed at 19.5 m above sea level and 

α  and β  are given by: 
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Estimations for these constants are α = 0.0081 and β =0.74 (Pierson and Moskowitz 1964). 

The empirical relationship between significant wave height (Hs) and wave period (TO) and 

mean wind speed at 19.5 metres above sea height (U19.5) are given by Neumann and Pierson 

(1963) as: 
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and 
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 (6-5) 

 

where �� is the significant wave height in metres (m) and �
 is the wave period in seconds 

(s).    

Table 6-3 and Table 6-4 show the estimated baseline monthly average significant wave 

height and wave period at the chosen locations as calculated using the wind output from the 

wind Rayleigh distribution output. 

 

Average monthly significant wave height (m) 
 Shetland Orkney Hebrides Cornwall 

Annual 2.33 2.21 2.35 2.05 
January 3.54 3.46 3.6 3.18 
February 3.36 3.31 3.4 3.00 
March 2.83 2.71 2.78 2.44 
April 2.20 2.08 2.13 1.87 
May 1.58 1.53 1.64 1.46 
June 1.27 1.20 1.34 1.24 
July 1.16 1.1 1.24 1.10 

August 1.38 1.27 1.42 1.17 
September 1.96 1.78 2.00 1.48 
October 2.57 2.33 2.57 2.12 

November 2.87 2.67 2.87 2.61 
December 3.25 3.1 3.24 2.95 

Table 6-3: Baseline average monthly significant wav e height at four potential wave power 
locations 

 

Average monthly wave period (s) 
 Shetland Orkney Hebrides Cornwall 

Annual 5.71 5.56 5.74 5.36 
January 7.16 7.08 7.22 6.79 
February 6.97 6.92 7.02 6.59 
March 6.4 6.26 6.35 5.94 
April 5.65 5.48 5.54 5.2 
May 4.78 4.7 4.86 4.6 
June 4.28 4.17 4.4 4.24 
July 4.1 3.99 4.24 3.99 

August 4.46 4.28 4.53 4.11 
September 5.33 5.07 5.38 4.63 
October 6.1 5.8 6.1 5.54 

November 6.45 6.21 6.45 6.14 
December 6.86 6.69 6.85 6.53 

Table 6-4: Baseline average monthly wave period hei ght at four potential wave power locations 
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For each chosen location the wave energy distribution output from the Pierson-Moskowitz 

conversion was applied to a generic power curve based on the Pelamis wave energy 

converter power curve (Table 6-5). 

 

 
Table 6-5: Pelamis Power Matrix (kW output). Source: Pe lamis (2008) 

Monthly average baseline capacity factors were calculated (Table 6-6) based on the 

proportion of time in each output state in the Pelamis power matrix. As can be seen the level 

of resource is seasonal, with almost twice the amount of energy generated in winter months 

than in summer months. All locations have reasonably similar outputs. The more southerly 

Cornwall location has as slightly reduced output. The overall averaged annual capacity factor 

is 24.9%. 

 

 Shetland Orkney Hebrides Cornwall Overall 
Annual 25.5 24.6 25.8 23.7 24.9 
January 30.9 30.9 30.9 30.8 30.9 
February 30.9 30.9 30.9 30.5 30.8 
March 30.2 29.9 30.1 28.8 29.7 
April 27.4 26.6 26.9 24.8 26.4 
May 21.3 20.5 22 19.6 20.9 
June 16.4 15.1 17.6 15.9 16.2 
July 14.4 13.2 15.9 13.2 14.2 

August 18.2 16.4 19 14.5 17.0 
September 25.6 23.7 25.9 19.8 23.8 
October 29.4 28.2 29.3 26.9 28.5 

November 30.3 29.7 30.3 29.5 30.0 
December 30.8 30.7 30.9 30.4 30.7 

Table 6-6: Baseline average monthly capacity factor  (%) based on Pelamis Power Matrix 

 

To (S)
Hs (m) 5 5.5 6 6.5 7 7.5 8 8.5 9 9.5 10 10.5 11 11.5 12 12.5 13

0.5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
1 0 22 29 34 37 38 38 37 35 32 29 26 23 21 0 0 0

1.5 32 50 65 76 83 86 86 83 78 72 65 59 53 47 42 37 33
2 57 88 115 136 148 153 152 147 138 127 116 104 93 83 74 66 59

2.5 89 138 180 212 231 238 238 230 216 199 181 163 146 130 116 103 92
3 129 198 260 305 332 340 332 315 292 266 240 219 210 188 167 149 132

3.5 - 270 354 415 438 440 424 404 377 362 326 292 260 230 215 202 180
4 - - 462 502 540 546 530 499 475 429 384 366 339 301 267 237 213

4.5 - - 544 635 642 648 628 590 562 528 473 432 382 356 338 300 266
5 - - - 739 726 731 707 687 670 607 557 521 472 417 369 348 328

5.5 - - - 750 750 750 750 750 737 667 658 586 530 496 446 395 355
6 - - - - 750 750 750 750 750 750 711 633 619 558 512 470 415

6.5 - - - - 750 750 750 750 750 750 750 743 658 621 579 512 481
7 - - - - - 750 750 750 750 750 750 750 750 676 613 584 525

7.5 - - - - - - 750 750 750 750 750 750 750 750 686 622 593
8 - - - - - - - 750 750 750 750 750 750 750 750 690 625

8.5 - - - - - - - - - - 750 750 750 750 750 750 750
9 - - - - - - - - - - - - 750 750 750 750 750

9.5 - - - - - - - - - - - - - - 750 750 750
10 - - - - - - - - - - - - - - - - 750

10.5 - - - - - - - - - - - - - - - - -
11 - - - - - - - - - - - - - - - - -
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Other modelled wave energy converter parameters: 

There are levels of wave resource that are too low or high for a wave energy convertor to 

operate. In a similar manner to wind power, wave devices have to shut down or limit 

production when resource is too high in order to protect the device. On the Pelamis power 

matrix (Table 6-5) the areas that are highlighted red are when the device is operating at full 

capacity. Table 6-7 shows the percentage of time below operational state. There appears to 

be a substantial amount of time at all locations throughout the year (typically around 46% 

annually) where the wave resource is too low to operate. In winter months there is 

significantly less time in the below operational state (typically 30-35%) than in summer 

months (typically 60-65%). 

 

Average Baseline Proportion of Time Below Operational State (%) 
 Shetland Orkney Hebrides Cornwall 

Annual 44.9 46.7 44.3 48.9 
January 29.9 30.4 29.4 32.6 
February 31.3 31.6 30.9 34.4 
March 36.0 37.2 36.4 40.3 
April 43.6 45.5 44.7 49.0 
May 54.9 56.2 53.7 57.7 
June 62.9 65.0 61.0 63.8 
July 66.2 68.2 63.7 68.1 

August 60.0 63.0 58.8 65.9 
September 47.4 50.8 46.7 57.4 
October 38.7 41.9 38.8 44.7 

November 35.5 37.6 35.5 38.3 
December 32.0 33.4 32.2 34.8 

Table 6-7: Average baseline proportion of time belo w operating state 

Table 6-8 shows the percentage of time in operational state. Annually this appears to be in 

the region of 45% and varies roughly between 31% and 49% for summer and winter months 

respectively. 

Average Baseline Proportion of Time in Operational State (%) 
 Shetland Orkney Hebrides Cornwall 

Annual 44.9 44.0 45.3 43.3 
January 48.6 48.8 48.5 49.3 
February 49.0 49.1 49.0 49.5 
March 49.5 49.5 49.5 49.0 
April 48.0 47.3 47.6 45.6 
May 41.9 41.0 42.7 39.9 
June 35.7 33.9 37.3 35.0 
July 32.9 31.1 35.1 31.2 

August 38.1 35.7 39.1 33.1 
September 46.4 44.5 46.7 40.1 
October 49.3 48.6 49.3 47.6 

November 49.5 49.4 49.6 49.4 
December 49.2 49.4 49.2 49.5 

Table 6-8: Average baseline proportion of time in o perating state 
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Table 6-9 shows the percentage of time in operational state and at full rating. Annually this 

appears to be in the region of 10% and varies roughly between 4% and 14% for summer and 

winter months respectively. 

 

Average Baseline Proportion of Time Operational and at Full Rating (%)  
 Shetland Orkney Hebrides Cornwall 

Annual 10.0 9.5 10.1 8.8 
January 14.2 14.2 14.3 13.7 
February 14.0 13.9 14.1 13.4 
March 13 12.6 12.9 11.7 
April 10.6 10.0 10.3 8.8 
May 6.8 6.3 7.2 5.8 
June 4.3 3.7 4.8 4.0 
July 3.4 2.9 4.1 2.9 

August 5.1 4.3 5.5 3.5 
September 9.4 8.2 9.6 5.9 
October 12.2 11.2 12.2 10.2 

November 13.1 12.5 13.1 12.3 
December 13.8 13.6 13.9 13.2 

Table 6-9: Average baseline proportion of time at f ull rating 

Table 6-10 shows the percentage of time above operational state. This is where the WEC is 

not capable of shedding the excess wave power and shuts down. Annually this is in the 

region of 9% and varies roughly between 1% and 20% for summer and winter months 

respectively. 

 

Average baseline proportion of time above rating (%) 
 Shetland Orkney Hebrides Cornwall 

Annual 10.3 9.2 10.4 7.8 
January 21.5 20.8 22.1 18 
February 19.7 19.2 20.1 16.2 
March 14.5 13.4 14.1 10.7 
April 8.4 7.2 7.7 5.4 
May 3.2 2.8 3.6 2.4 
June 1.4 1.1 1.7 1.2 
July 0.9 0.7 1.2 0.7 

August 1.9 1.3 2.2 0.9 
September 6.2 4.7 6.5 2.5 
October 12 9.6 12 7.7 

November 15 13 15 12.4 
December 18.8 17.2 18.6 15.7 

Table 6-10: Average baseline proportion of time abo ve operational state 
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To show the time spent in different states more clearly, Figure 6-3 is the baseline proportion 

of time the wave energy device is in different states for the Shetland location. 

 

 
Figure 6-3: Baseline proportion of time in differen t operating states for Shetland location 

6.1.3 Validation 

The Atlas of UK Marine Renewable Energy Resources (BERR 2008a) includes wind and 

wave resource estimations. As a method of validating both the HadRM3 wind resource at 

each wave location as well as the estimated wave resource by conversion using Pierson-

Moskowitz, the wind and wave data from both data sets are compared. The validation is 

limited to Hs as Te is not available in the BERR marine atlas. 

Figure 6-4 shows comparisons of HadRM3 wind speeds with UK Marine Atlas (BERR 

2008a) wind speeds for the Shetland locations. The other three locations are shown in 

Figures D-1 to D-3 in Appendix D. The two sources of wind speed estimations are very 

similar with root mean square errors of 0.28, 0.49, 0.68 and 0.44 m/s respectively for the 

four locations. 
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Figure 6-4: Comparing Wind speed data for Shetland L ocation 

Table 6-11 shows the significant wave heights for the Shetland locations from three different 

sources: BERR actual, converted from BERR wind speed, converted from HadRM3. The 

other three locations are shown in Tables D-1 to D-3 in Appendix D. The RMSE values 

between BERR actual and from HadRM3 are 0.33m, 0.36m, 0.4m and 0.24m respectively 

for the locations. RMSE values between BERR from wind speed and HadRM3 from wind 

speed are 0.14m, 0.25m, 0.34m, 0.21m respectively for the four locations. The figures 

suggest that the wave height estimations using the PM method are on the low side. The effect 

could be significant due to the squaring effect of the �� to power relationship, but the extent 

would depend on the resource at any specific location:  a location with high wave resource 

may see negligible change if a large proportion of time is in the ‘at rated’ state, whereas, a 

location with a lower resource which spends a large amount of time in ‘below rated’ state 

may be subject to substantial variability. A brief look back at Table 6-5 suggests an error of 

0.25m in �� could result in power output error of up to 5%. 

 

Significant Wave Height (m) 

 BERR actual 
BERR from 
wind speed 

HadRM3 from 
wind speed 

Annual 2.61 2.35 2.33 
January 3.64 3.59 3.54 
February 3.36 3.17 3.36 
March 2.96 2.69 2.83 
April 2.58 2.21 2.2 
May 2.06 1.54 1.58 
June 1.78 1.38 1.27 
July 1.49 1.11 1.16 

August 1.69 1.34 1.38 
September 2.35 1.9 1.96 
October 2.81 2.75 2.57 

November 3.39 3.27 2.87 
December 3.4 3.25 3.25 

Table 6-11: Shetland location significant wave heigh t (Hs) comparison 

There are a number of uncertainties in the estimation of wave energy output from the four 

locations: 

HadRM3 wind speed data uncertainties and uncertainties from the use of the Rayleigh 

distribution have been discussed previously in section 5.2.2.1. There are also uncertainties 

between the HadRM3 and the BERR wind speed data, the sources of the uncertainties 

include the difference in grid resolution and shape and the number of years the average wind 

speeds are bases on. HadRM3 is based on 30 years of RCM data between 1961 and 1990, 
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whereas BERR data is based on 7 years of data from the Met Office Weather Prediction 

System (NWP) between 2000 and 2007. 

It has previously been mentioned that the PM spectrum assumes a fully developed-wind 

created sea state, one other assumption is that it assumes infinite depth of the ocean and this 

may result in further uncertainty as the locations of interest are in relatively shallow waters 

(60-90m). The PM spectrum is also empirically derived and originally derived from 

measurements of sea states in the North Sea (Pierson and Moskowitz 1964) and there will be 

additional uncertainty introduced by using the empirical at a location with different localised 

characteristics. 

The wind created sea does not fully include swell waves, hence the PM method will tend to 

under-estimate larger waves and production levels. 

There is a large uncertainty associated with the WEC device. The one used in this analysis is 

based on the Pelamis prototype and will almost certainly have very different characteristics 

to other WEC devices and from the production version. 

6.1.4 Climate Change Impact 

The aim of this section is to investigate the potential wave energy resource intra-annual and 

annual average climate change and its impact on the baseline capacity factor values of the 

Pelamis wave energy converter as. 

Figure 6-5 shows the projected monthly wind speed changes for the 2050s and 2080s 

medium scenarios with 10%, 50% and 90% projections at the Shetland location. The other 

locations are shown in Figures D-4 to D-7 in Appendix D. All show similar characteristics 

with wind in all seasons likely to reduce in average monthly wind speed. As mentioned 

earlier, the use of local winds with the PM spectrum means that the wave changes implicitly 

assume the local changes are similar to changes in the wider Atlantic Ocean. 
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Figure 6-5: Shetland location - Projected Wind Speed c hange from baseline 

6.1.4.1 Projected Capacity Factor change at locations 

The projected change in capacity factor follows similar characteristics to the projected wind 

speeds, but the reductions are more amplified in summer months than in winter months. 

Winter months have a higher proportion where a wave devices time spent in the ‘full rating’ 

or ‘above operating’ states. A reduction in wave energy may actually increase generated 

energy by reducing the amount of time when there is too much wave energy to operate. This 

is apparent in Figure 6-6 to Figure 6-9. 

 
Figure 6-6: Shetland location – projected Capacity F actor change from baseline 
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Figure 6-7: Orkney location – projected Capacity Fa ctor change from baseline 

 

 
Figure 6-8: Hebrides location – projected Capacity Factor change from baseline 

 
Figure 6-9: Cornwall location – projected Capacity Factor change from baseline 
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Table 6-12 shows there is quite a significant projected reduction in capacity factor for 2050s 

and 2080s medium scenario. Overall annual capacity factor reductions of -0.67 and -1.09% 

are projected for the 2050s and 2080s timescales for the medium emissions scenario with a 

50% probability level. Table 6-13 shows the same but with the numbers expressed in 

percentage change of capacity factor from baseline. 

 

Projected annual percentage point change in CF from baseline 
Time Period 2050s 2080s 

Probability Level (%) 10 50 90 10 50 90 

Shetland -1.77 -0.35 0.86 -2.32 -0.69 0.76 

Orkney -2.22 -0.64 0.81 -3.30 -1.25 0.53 

Hebrides -2.21 -0.82 0.49 -2.84 -1.18 0.22 

Cornwall -2.46 -0.89 0.60 -3.15 -1.23 0.49 

Table 6-12: Projected annual percentage point change  in CF 

 

Projected annual proportional change of CF from baseline (%) 
Time Period 2050s 2080s 

Probability Level (%) 10 50 90 10 50 90 

Shetland -6.95 -1.36 3.38 -9.12 -2.73 2.99 

Orkney -8.99 -2.59 3.29 -13.4 -5.07 2.16 

Hebrides -8.57 -3.18 1.91 -11.01 -4.59 0.84 

Cornwall -10.35 -3.75 2.52 -13.26 -5.19 2.07 

Table 6-13: Projected annual change of capacity fact or for selected wave locations 

Figure 6-10 shows wave energy output percentage change for the 2080s and shows clearly 

the large climate sensitivity of the resource in summer months. 

 

Figure 6-10: Wave energy output percentage change f rom the baseline climate to the 2080s 
medium emissions for 50% (10%, 90%) probability lev els 
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6.1.5 Summary 

Estimations of wave energy resource at four different locations have been generated using 

average wind speed data, the Rayleigh distribution and the Pierson-Moskowitz (PM) 

frequency spectrum. The input wind speed data is sourced from the HadRM3 and has been 

found to be favorably comparable with BERR (2008a) wind speed data for the baseline 

period. The model is run for the baseline climate, the 2050s and 2080s medium emissions 

scenario climate. The future climate results are compared with the baseline climate. 

The projected output of the WEC used in this study (based on the Pelamis device) will 

change by approximately -1.4% (-7.0% to 3.4%) in the far north to -3.8% (-10.4% to 2.5%) 

in the far south for the 2050s medium emissions climate and -2.7% (-9.2% to 3.0%) in the 

far north to -5.2% (-13.3% to 2.1%) in the far south for the 2080s medium emissions 

scenario. The resource will be more seasonably variable with winter months which typically 

have larger resource than summer months having a slight decrease in wave resource, 

typically -0.25% (-0.4 to 0.1) for the 2050s, and summer months having a substantial 

reduction which appears to increase towards more southerly locations. 

The method, results and sensitivity of wave energy output relative to a changing wind 

climate compares well with analysis performed by Harrison et al. (2005), for example, the 

method used here gives an estimated capacity factor of 30% for a wind speed of 10 m/s 

whereas the method in Harrison et al. (2005) gives a capacity factor of 31%. Hs and Te and 

sensitivity of output to wind speed are also similarly comparable. 

The results in this study show different results from Reeve et al. (2011) for the Wave Hub 

location which showed increases of wave power in the region of 2-3% for the medium 

emissions scenario, whereas this study shows a decrease in the region of 3-4%. Reeve, as 

discussed follows a different method using a wave model which is driven from a different 

source of climate change wind speed data, and such a large difference in results is not 

surprising when this is taken into account. They however use a single GCM and offer no 

probabilistic interpretation. Direct comparison is therefore not possible. 

To fully investigate this it will require a full wind-wave model driven by multiple GCMs, 

preferably the set used to derive the 11 member RCM ensemble in UKCP09.  

Table 6-14 shows the wave energy capacity factor values estimated in this chapter. These 

figures are referred to in chapter 7 when calculating wave energy levelised cost values. 
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Technology Climate Scenario 

 Baseline 
2050 
10% 

2050 
50% 

2050 
90% 

2080 
10% 

2080 
50% 

2080 
90% 

Wave 33.0 30.1 32.1 33.9 29.1 31.6 33.7 

Table 6-14: Wave energy capacity factor values 

6.2 Hydro 

The hydro capacity factor figures used here are sourced from Duncan (2012) in his PhD 

thesis titled ‘Mapping Scotland's Hydropower Resource’. The capacity factor figures shown 

in Table E-1 in Appendix E are from modelled hydropower plants in 5 catchment areas in 

Scotland. The resource for the baseline and future time periods have been estimated by 

modelling river flow in the catchment areas using observations for the baseline period (1961-

1990) and output from UKCIP09 (2009) for the 2050s medium emissions scenario 

respectively. River flows are not a direct product for UKCP09 and they are evaluated by a 

sophisticated hydrological model. Climate change is simulated by comparing altered values 

of rainfall and evapotranspiration through the hydrological model. The probabilistic 

information is gained by using the UKCP09 weather generator to create a series of time 

series of rainfall and evapotranspiration. They are then run through the hydrological model 

to produce probability outputs of river flow. (Duncan 2012). 100 runs is the recommended 

minimum amount of runs to ensure statistically robust values (Jones et al. 2009). The ±2 

standard deviation values from the 100 runs have been assumed to be the 10% and 90% 

confidence levels and the mean value has been assumed to be the 50% confidence level. 

Baseline and future river flows were modelled for each of the locations and used to drive 

hydro plant models with 100m of head (Duncan 2012). The average annual capacity factor 

values for each of the locations are shown in Table 6-15.  

 

Location Time Period 
 Baseline 2050s 
  10% probability 50% probability 90% probability 

Oykel 65 57 63 70 
Ewe 65 58 66 73 
Cree 67 57 63 69 
Irvine 68 57 63 69 

Deveron 66 55 62 70 
All 66.1 56.7 63.4 70.2 

Table 6-15: Hydro plant annual average capacity fac tor values 
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Figure 6-11 shows the modelled capacity factor for each of the 5 locations. Each have 

similar seasonal characteristics, though it can be seen that Deveron appears to lag slightly 

(about 2 weeks) behind the others.  

 

 
Figure 6-11: Hydro modelled baseline monthly capaci ty factor for selected locations 

Figure 6-12 shows the baseline and 2050 medium emission scenario values for hydro 

capacity factor. The figures are based on the averaged values of all 5 locations. It indicates 

that hydro resource will increase in months November to February, reduce in the other 

months with largest reductions in the summer month, with an overall annual reduction. For 

the baseline climate the capacity factor ranges from 32% to 90%. There is a larger range for 

the 2050s of 27% to 92%. 

 
Figure 6-12: Hydro modelled baseline and 2050 mediu m emissions monthly capacity factor 
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Figure 6-13 shows the percentage change from the baseline climate and re-emphasis the 

uncertainty in summer months. August has a 90% probability of having a 10% reduction in 

hydro energy output. 

 

 

Figure 6-13: Hydro energy output percentage change from the baseline climate to the 2050s 
medium emissions for 50% (10%, 90%) probability lev els 

6.2.1 Summary 

The data from Duncan (2012) indicates slight increases in winter production for the 2050s 

medium scenario relative to the baseline climate, for example, a typical value of 2.4% (-

2.2% to 7.2%) for December. However, in summer there are very significant reductions in 

production, for example -29.5% (-11.1% to 47.9%) for August. There is an overall annual 

change in production efficiency -4% (6.3% to -14.3%) in hydro efficiency projected for the 

2050s medium emissions climate. The figures appear to mirror seasonal climate impact 

projections 

The analysis performed here from the data from Duncan’s ‘Mapping Scotland's Hydropower 

Resource’ (2012) is a very good indicator of how hydro will be affected by climate change. 

It is, however only covering modelled locations in Scotland and more southerly locations 

may well deviate from the results shown here. However, the results are still a good indicator 

of the overall sensitivity of hydro resource to climate change and of great value towards the 

objectives of this thesis. 

Table 6-16 shows the hydro capacity factor values estimated in this chapter. These figures 

are referred to in chapter 7 when calculating hydro levelised cost values. 

 

Technology Climate Scenario 

 Baseline 
2050 
10% 

2050 
50% 

2050 
90% 

2080 
10% 

2080 
50% 

2080 
90% 

Hydro 40.0 34.3 38.4 42.5 32.7 36.8 40.9 

Table 6-16: Hydro capacity factor values 
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6.3 Other technologies 

This study assumes that tidal stream, thermal plant and biofuels are not affected by climate 

due to limited resource. Refer to sections 2.3 and 9.5 for further information. 

6.4 Summary of all Technology Resource Climate Vari ability 

The analysis in Chapters 3 to 6 explored technology resource and energy output for the 

baseline climate and future climates for the UK. The aim of this section is to view the intra-

annual changes for each of the technologies together. The following figures are all for the 

2080s medium emissions. The 2050 values are not shown however, they show similar 

characteristics but to a lesser extent than the 2080s. Figure 6-14 shows the percentage change 

in energy output for each investigated technology from baseline climate to the 2080s with 

the medium emissions scenario. Solar clearly stands out as the only investigated technology 

that increases output for the 50% scenario. 

 

 

Figure 6-14: Percentage change in energy output for the 2080s 

 

In Figure 6-15 the energy output for the baseline climate and 2080s medium emissions with 

50% probability level is shown. It shows very clearly that summer months are where the 

largest climate energy output changes are. All investigated technologies reducing energy 

output except for Solar PV that increases. It also strengthens the potential importance in 

future solar PV energy output, not only is its availability negatively correlated with other 

renewables, but also that the projected changes enhance that difference. 
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Figure 6-15: Normalised monthly energy output for b aseline and 2080s (50% probability) climate 

Figure 6-16 shows the energy output percentage change from the baseline to the 2080s 

medium emissions climate (for the 50% probability level). The lower values in winter are not 

necessarily due to there being less climate change in comparison to summer months. For 

wind and wave technologies the climate change in summer months is sensitised further by 

the conversion to energy process. The wind and WEC energy converters are spending more 

time below their rated output in summer months, where any change in climate is magnified 

by the cube relationship between wind speed and wind power. In summer months, Hydro is 

affected by reduced rainfall and increased temperatures resulting in less river flow. 

 

 

Figure 6-16: Energy output percentage change from th e baseline climate to the 2080s medium 
emissions with 50% probability level 
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7 Electricity Generation Levelised Costs 

7.1 Introduction 

The main objective of this section is to obtain Levelised cost of electricity values (LCOE) for 

2010 and 2020. The 2010 LCOE are based on a review of existing literature with some 

LCOE adjusted to conform to the capacity factors estimations from the previous chapters. 

The 2020 LCOE are based on predicted capacity factors (as 2010 in most cases) and 

predicted (assumed) changes (reductions) of CAPEX and OPEX. Future climate LCOE 

values for solar PV, wind, wave and hydro are obtained by using the future climate capacity 

factor estimations as stated in the summary section of each of the resource chapters. The 

LCOE estimations have been calculated in a way that is coherent and comparable across all 

of the technologies. The LCOE figures are used in the next chapter for the MVPT analysis.  

The yellow blocks in the thesis flowchart (Figure 7-1) signify the areas of the thesis 

connected with this chapter. 

 

 

Figure 7-1: Thesis flowchart and levelised cost blo cks 

In section 7.3 the levelised cost values to be used in the following Mean Variance Portfolio 

Theory (MVPT) analysis are estimated for 2010 and 2020 technology cost projections and 

baseline, 2050 and 2080 climates. In essence the climate is used to alter the production levels 

while the technology projections alter the underlying costs. 

Also included in this chapter is an investigation of the variability of the levelised cost values 

to the applied discount rate which is performed to highlight that the way in which levelised 

costs of different technologies are affected differently by the chosen discount rate.  
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7.2 A Review of Current and Projected Levelised Cos ts 

The aim of this section is to explore some of the most current levelised cost estimations for 

different electricity generation technologies. These and their input parameters will form the 

basis of the levelised costs used in the portfolio analysis in the next section. 

7.2.1 Main Technologies 

One of the most recent levelised cost reviews for electricity generation technologies in the 

UK is the UK Electricity Generation Costs Update prepared for the UK Government (Mott 

MacDonald, 2010). The report includes comprehensive case studies for current and future 

levelised cost projections of all the main technologies. Input parameters are clearly 

documented and discussed and include future carbon emission and fuel costs based on 

DECC estimations. Unfortunately, wave, tidal stream and solar PV are not covered as the 

report concluded that those technologies were at too early a stage to have any significant 

deployment over the short term and was of little benefit for that particular report. Table 7-1 

shows some of the levelised costs for different cases. As can be seen the report includes 

cases that investigate discount rate and fuel price and CO2 cost sensitivities. The discount 

rate used is 10% except where 7.5% is used to show the discount rate sensitivity. Refer to 

Mott MacDonald (2010) for more detailed information on these levelised costs. The costs are 

either assumed to be a mix of ‘first of a kind’ (FOAK) and ‘nth of a kind’ (NOAK) as shown. 

 

Projected Levelised Costs for Electricity Generation Technologies 
Technology Total Levelised Costs (£/MWh) for Construction Date 

 2009 
FOAK 

& 
NOAK 

2017 
FOAK 

& 
NOAK 

2017 
All 

NOAK 

2023 
All 

NOAK 

2009 
7.5% 

2023 
7.5% 

2017 
high 
fuel / 
CO2 

2017 
low 

fuel / 
CO2 

Gas CCGT 79.7 96.5 96.5 111.9 80.4 112.9 113.2 50.5 
Gas CCGT & CCS 111.4 115.8 102.6 105.5 106.5 101.1 123.8 67.7 

Coal ASC 102.2 133.2 133.2 162.3 104.4 165 137.7 68.6 
Coal ASC & CCS 136.2 136.8 111.9 115.5 124 104 118.2 93.3 

Coal IGCC 131.2 163.6 136 164.7 124.3 163.7 140.4 72.9 
Coal IGCC & CCS 143.0 142.4 107.1 110.2 128.7 100.5 113.3 90 

Nuclear 97.1 93.4 67.8 67.4 76.1 53.4 68.9 66.8 
Onshore Wind 87.8 86.3 86.3 85.8 77.8 71.3 86.3 86.3 
Offshore Wind 148.5 145.4 112.4 111.5 136.8 93.7 112.4 112.4 

Far Offshore Wind 177.4 172.9 127.9 126.9 162.3 107.6 127.9 127.9 
Hydro 83.2 83.2 83.2 83.2 62.2 62.2 83.2 83.2 

Large Biomass 93.2 - - 78.4 82 70 87.9 66.4 

Table 7-1: Total Levelised Cost Figures from Mott M acDonald (2010) 
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7.2.2 Wave and Tidal Stream Technologies 

Recent work by Allan et al. (2010) estimates current central wave and tidal stream electricity 

generation levelised costs of £189.68/MWh and £81.25/MWh. The calculations are at 2006 

prices, use a 10% discount rate and assume a capacity factor of 33% for both technologies. 

The levelised cost method has been performed in a comparable way to the method in Mott 

MacDonald (2010) and only needs to be converted to relate to 2010 prices. Table 7-2 are 

figures based on Allan et al. (2010) but adjusted to 2010 prices. The figures show how 

sensitive the technologies are to the uncertainty of construction costs. Both these 

technologies are in early development stages with large uncertainties in estimates of the costs 

of construction and deployment. 

 

Levelised Cost of Wave and Tidal Stream Technology (£/MWh) 
Construction Cost 

Sensitivity 
Wave Tidal Stream 

Central 208.65 89.38 
Low 118.43 78.09 
High 240.45 153.18 

Based on Allan et al. (2010) adjusted to 2010 prices 
Table 7-2: Wave and Tidal Stream Levelised Cost Estim ates 

Other recent levelised cost figures for wave and tidal stream are included in The Carbon 

Trust report ‘Accelerating Marine Energy’ (Carbon Trust 2011). The report sets out 

technology support pathways with the intention of lowering the cost of electricity generation 

for wave and tidal stream technologies in the UK. The report includes levelised cost 

projection targets which are shown in Table 7-3. The parameters used in the levelised cost 

calculations are not all available in the report so it is difficult to compare with other reports.  

 

Target Levelised Costs (£/MWh) 
 Wave Tidal Stream 

Year Learning by Doing 
Accelerated 

Learning 
Learning by Doing 

Accelerated 
Learning 

2010 430 430 310 310 
2013 300 300 250 240 
2017 250 210 210 175 
2020 240 180 200 150 
2023 220 160 190 145 
2030 195 130 175 120 
2040 170 100 155 100 
2050 150 80 140 80 

Table 7-3: Carbon Trust (2011) levelised cost targe t projections. 
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One major difference is that the Carbon Trust assumes a higher 15% discount rate in order to 

take into account the added risk associated with emerging technologies. The report used 

2010 prices. As can be seen the 2010 levelised cost numbers are much higher than the 

figures in Allan et al. (2010), a large proportion of this is due to the higher discount rate as 

renewable technologies are much more sensitive to the discount rate due to the large 

proportion of costs being in the construction period at the start of the project. One other 

cause may be the capacity factor used in the calculations. Allan et al. (2010) assumes 33%. It 

is unclear what the Carbon Trust use but it does look like it takes an average from several 

high and low energy locations throughout the UK and it is likely the average capacity factor 

used is lower than 33%. 

Another source of levelised cost projections for wave and tidal stream is the ETI Roadmap 

(ETI 2010). The cost parameters shown below in Table 7-4 are target figures in ETI (2010) 

and give Cost of Energy (COE) marine energy targets of 49%, 33.1% and 24.4% relative to 

current COE values for the 2020s, 2030s and 2050s respectfully. The report does not 

distinguish between wave and tidal stream technologies and does not include all main 

parameters used in the levelised cost estimation. There is no indication of discount rate or 

operational lifetime. The CAPEX costs are in 2010 prices. As can be seen the estimated cost 

of electricity (COE) range is large, 2010 values range 170 to 400 £/MWh. Overall there is 

considerable uncertainty regarding marine energy levelised costs. 

  

Technology and System 
Performance 

2010 2020 2030 2050 

CAPEX (£/kW) 4000-7000 2500-4000 2000-2500 1500-2000 
O&M Costs (p/kWh) 1.5 – 4.0 1.0 – 2.5 0.5 – 1.5 0.3 – 1.0 

Load Factor (%) 25 – 35 35 – 40 37 – 42 40 – 45 
Availability (%) 75 – 85 90 90 – 95 95 – 98 

Overall COE (p/kWh) 17 – 40 9 – 18 7 – 10 5 – 8 
COE relative to 2010 (%) - 49.0 33.1 24.7 

Table 7-4: Marine Energy Deployment Targets (ETI 201 0) 

7.2.3 Solar PV Technology 

Solar PV technology has been around for a while but historically is very expensive. Costs 

have reduced rapidly over recent years and continue to do so. Table 7-5 shows Solar PV 

CAPEX current cost estimations and future target estimations from IEA (2009, 2010) and 

Ernst and Young (2011). The IEA reports have figures for utility (>1MW), commercial (< 1 

MW) and residential installations (< 20 kW). Ernst and Young have projections out to 2015 

for residential systems. The CAPEX values are shown in Table 7-5 and highlights the 
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expected reduction in cost over the next few decades. The two sets of data are broadly 

comparable. 

CAPEX Projected Costs of Solar PV systems (p/kW) 

 IEA (2010a, 2010b) 
Ernst & Young 

(2011) 

Year 
Utility 

(starting at 1MW) 
Commercial 
(up to 1MW) 

Residential 
(up to 20kW) 

Residential 
(up to 20kW) 

2008 21.59 26.99 32.39  
2011 - - - 27.00 
2015 - - - 15.50 
2020 9.72 12.15 14.57 - 
2030 6.48 8.10 9.72 - 
2050 4.32 5.40 6.48 - 

Table 7-5: CAPEX costs for Solar PV from IEA (2010a, 2010b ) and Ernst & Young (2011) 

Solar PV levelised cost estimates have been calculated using the CAPEX costs from Table 

7-5 and the main cost assumptions from Table 7-6. The O&M costs have been assumed to be 

1% of capital cost per annum as in both reports. 

 

Solar PV cost assumptions for levelised cost estimations 
Discount Rate 10%, (5%, 15%) 

Capacity (MW) 1 MW 
O&M (£/MWh) 1% of CAPEX per annum 
Load factor (%) 14.1 % 

Lead time (years) 1 year 

Expected lifetime (years) 
25yrs (2010); 30yrs (2020); 35yrs(2030) 

40yrs(2050) 

Table 7-6: Primary cost assumptions for estimation o f Solar PV levelised cost for the UK 

The solar PV levelised cost calculations are shown in Table 7-7 and have been calculated 

using CAPEX projected costs from Table 7-5 and inputs that allow the costs to be 

comparable to the levelised costs in Table 7-1 and Table 7-2.  The load factor has been based 

on data from the UK solar model in chapter 3. The operational lifetime increases over each 

time period from a current 25 years to 40 years by 2050. The discount rate used is 10%, also 

shown in brackets are values for 5% and 15% discount rates to bring attention to how 

sensitive solar PV levelised costs are to the discount rate. 

 

Levelised Costs (£/MWh at 10% (5%, 15%) Discount Rate 
 IEA (2010) Ernst & Young (2011) 

Year 
Utility 

(starting at 1MW) 
Commercial 
(up to 1MW) 

Residential 
(up to 20kW) 

Residential 
(up to 20kW) 

2008 
219.4 

(147.8, 300.7) 
274.3 

(184.7, 375.9) 
329.1 

(221.7, 451.1) 
 

2011 - - - 274.4 (184.8, 376.0) 
2015 - - - 157.5 (106.1, 215.9) 
2020 95.4 (61.7, 133.4) 123.4 (83.2, 169.2) 148.1 (99.7, 203.0) - 
2030 65.8 (44.3, 90.2) 82.2 (55.4, 112.7) 98.7 (66.5, 135.3) - 
2050 43.9 (29.6, 60.1) 54.9 (37.0, 75.2) 65.8 (44.4, 90.2) - 

Table 7-7: Projected Levelised Costs Estimations for  Solar PV 
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The O&M proportion of the total levelised cost is shown in Table 7-8 and will be used in the 

portfolio theory calculations. 

 

O&M Percentage of Total Levelised Cost (%) 

Operating Life Discount Rate 
Percentage of Total 

Levelised Cost 
25 10 (5, 15) 8.3 (12.4, 6.1) 
30 10 (5, 15) 8.6 (13.3, 6.2) 
35 10 (5, 15) 8.8 (14.1, 6.2) 
40 10 (5, 15) 8.9 (14.6, 6.2) 

Table 7-8: O&M percentage of total levelised costs for different variables 

7.2.4 Levelised Cost Comparison and Sensitivity to Discount Rate 

In this section levelised costs are generated for each technology using common input 

parameters as used in Mott MacDonald (2020), Allan et al. (2010), IEA (2010), Ernst and 

Young (2011). Gas, coal, nuclear, hydro and biomass input data are based on data from Mott 

MacDonald (2010). Wave and tidal stream values are based on values from Allan et al. 

(2010). Solar PV values are based on CAPEX and O&M values from IEA (2010) and 

capacity factor values from Chapter 3. The levelised cost values are shown in Figure 7-2. 

The overall values have been broken into different cost components. The levelised cost 

estimates are based on input parameters from three different sources but have been 

calculated using an identical process so they are comparable. 

 
Figure 7-2: Levelised costs for different technolog ies for 2010 with 10% discount rate 

5.1.1.1 Discount Rate Sensitivity 

As previously mentioned, the discount rate can significantly affect the levelised cost. The 

MVPT analysis in Chapter 8 is performed using a discount rate of 10%. However, this 

section is intended to demonstrate the sensitivity of different technology levelised costs to 

Levelised Cost Estimations for 2010 - 10% discount rate
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the discount rate used. Figure 7-3 and Figure 7-4 use the same input parameters as Figure 7-2 

but are calculated using 5% and 15% discount rate values instead of 10%.  

 
Figure 7-3: Levelised costs for different technolog ies for 2010 with 15% discount rate 

 
Figure 7-4: Levelised costs for different technolog ies for 2010 with 5% discount rate 

When looking at the change in the different cost components it is very clear that the fraction 

of LCOE due to initial costs is most sensitive to discount rate; whereas, costs that are spread 

relatively evenly over the plant operating life are not affected. It is worth noting that the 

output is discounted as well as the input costs and so a constant ratio value will be returned 

when an even distribution of operating costs and output are assumed.  

The technologies that have a high ratio of CAPEX against their overall costs are most 

sensitive to discount rates; for example, Solar PV with a discount rate of 5% has a cost of 

£148/MWh and doubles to £301/MWh when a 15% discount rate is assumed. In comparison, 

Gas - which has comparatively low initial costs and higher operating costs - jumps a mere 

14% from £75/MWh to £85.5/MWh. 

Levelised Cost Estimations for 2010 - 15% discount rate
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Fuel is the largest proportion of costs for fossil fuel technologies but unlike construction 

costs, all future fuel costs are discounted to their present value and this can arguably give 

fossil fuel technologies an advantage over more capital intensive renewables when 

comparing using levelised costs, especially when a high discount rate is utilised in the 

levelised cost projections. One of the key arguments by Awerbuch is that the discount rate 

applied to fuel costs is inadequate to compensate for fuel price variability. Renewables are 

much more competitive when a lower discount rate is assumed. 

7.3 Levelised Cost Values for Portfolio Analysis 

The levelised costs to be used in the portfolio analysis will be discussed and stated in this 

section. In the previous section all levelised costs, except solar PV, were calculated using 

assumed load factors (or capacity factors) from Mott MacDonald (2010) and Allan et al. 

(2010). The levelised costs for solar PV, onshore and offshore wind will be based on 

analyses output from chapters 3, 4 and 5 respectively. The levelised costs for hydro will be 

generated using the Mott MacDonald (2010) assumed load factors; the future climate 

sensitivity is based on the relative climate sensitivities from chapter 6. There are several sets 

of levelised costs generated for different time periods, these capture projected cost 

parameters as well as projected climate changes that affect the resource and subsequently the 

levelised cost. To simplify matters this study will assume that only solar PV wind, wave and 

hydro resource is affected by climate variability as discussed in Chapter 6. The work aims to 

be as ‘internally consistent’ as possible in attempting to ensure technology and climate 

scenarios are aligned. One reason for sensitivity to changes is high costs, particularly 

CAPEX. It is an assumption that changing cost profiles for renewables will alter their 

vulnerability / sensitivity to climate change. 

To capture the range of outcomes, levelised costs are calculated not only for 2010 but also 

for 2020 and 2050 based on projected changes in underlying costs. In addition each set of 

costs are subject to a range of climates covering ‘current’, 2050s and 2080s.. The future 

climate sets of levelised costs have 3 probability level values (10%, 50%, 90%). All sets of 

levelised cost values are based on the capacity factor figures shown in Table 7-9. 
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Technology Climate Scenario 

 Baseline 
2050 
10% 

2050 
50% 

2050 
90% 

2080 
10% 

2080 
50% 

2080 
90% 

Solar PV 13.5 13.4 13.9 14.5 13.4 14.2 15.0 
Onshore Wind 35.1 33.2 35.0 36.6 32.8 34.6 36.4 
Offshore Wind 39.2 36.2 38.4 40.3 35.4 37.9 40.1 

Wave 33.0 30.1 32.1 33.9 29.1 31.6 33.7 
Hydro 40.0 34.3 38.4 42.5 32.7 36.8 40.9 

Table 7-9: Capacity factors used in levelised cost calculations 

7.3.1 Levelised Costs based on 2010 Input Cost Para meters 

This section discusses the sets of levelised cost values based on technology cost projections 

for 2010. There are three sets of levelised cost values. 

7.3.1.1 Output with Baseline Climate 

Only onshore and offshore wind values change from the levelised cost values shown in 

Figure 7-2. Wave energy levelised costs have been calculated using a capacity factor 

estimation from Allan et al. (2010) rather than the resource estimations from Chapter 6.1, 

which have been based on a power conversion profile of an early Pelamis prototype and 

considered to be a low estimation of capacity factor. 

The wind energy values have been recalculated using baseline capacity factor values from 

chapters 4 and 5, as shown in Table 7-10. 

 

Comparison of Capacity Factor Values 
Onshore Wind  

Mott MacDonald (2010) 28.0% 
‘This Study’ Burnett (2012) – baseline 35.1% 

  
Offshore Wind  

Mott MacDonald (2010) 39.0% 
‘This Study’ Burnett (2012) – baseline 39.2% 

Table 7-10: Average UK wind load factor values 
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Table 7-11 and Figure 7-5 show the revised levelised costs based on a discount rate of 10% 

with the inclusion of the revised wind energy values. 

 

Projected 2010 levelised costs with 10% Discount Rate (£/MWh) 

 Capital O&M Fuel Carbon 
Decomm 
& Waste 

CO2 
Storage 

TOTAL 

Gas 11.8 6.0 15.1 46.9 - - 79.7 
Gas & CCS 28.7 11.3 2.1 65 - 4.3 111.4 

Coal 31.2 10.8 40.4 19.9 - - 102.2 
Coal & CCS 68.1 23.3 6.5 28.7 - 9.6 136.2 
Coal IGCC 58.3 13.1 39.6 20.3 - - 131.2 

Coal IGCC & CCS 77.4 22.3 5.5 28.3 - 9.5 143.0 
Nuclear 75.5 14.3 - 5.25 2.05 - 97.1 

Onshore Wind 73.2 14.6 - - - - 87.8 
Offshore Wind 111.7 36.7 - - - - 148.4 

Far Offshore Wind 131.6 45.8 - - - - 177.4 
Hydro 74.2 9.0 - - - - 83.2 

Biomass 46.1 15.9 - 31.2 - - 93.2 
Wave 155.6 37.4 - - - - 193.0 

Tidal Stream 78.2 11.2 0 0 0 0 89.4 
Solar PV 219.4 18.3 0 0 0 0 237.7 

Table 7-11: Revised 2010 levelised costs at 10% dis count rate (£/MWh) 

 
Figure 7-5: Revised projected 2010 Baseline levelis ed costs at 10% discount rate 

5.1.1.2 Energy output based on the 2050s and 2080s climate 

This section re-calculates levelised costs for 2010 technology costs based on the 2050s and 

2080s capacity factor values shown in Table 7-9. The levelised cost change (from baseline 

values) for the 2050s and 2080s climate are shown in Table 7-12. All, except solar PV, 

increase in cost for the 2050s and 2080s for the 50% probability level. Hydro has the largest 

cost change of 11% for the 2080s climate, wave increases by 4.6%, offshore wind by 3.4%, 

onshore wind by 1.4% and finally solar PV reduces in cost by 3.7%. 

 

Baseline Levelised Cost Estimations for 2010 - 10% discount rate
With Onshore & Offshore Wind and Solar PV resource based on this study
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Projected 2010 Levelised Costs   Probability Level (%) = 50 (10, 90) 
 Capital (£/MWh) O&M (£/MWh) TOTAL (£/MWh) 

Solar PV 
Baseline Climate 219.4 18.3 237.7 
2050s Climate 213.1 (220.8, 205.4) 17.7 (18.4, 17.0 230.8 (239.2, 222.4) 
2080s Climate 211.3 (220.3, 202.6) 17.6 (18.4, 16.8) 228.8 (238.7, 219.4) 

Onshore Wind 
Baseline Climate 73.2 14.6 87.8 
2050s Climate 73.4 (76.5, 70.8) 14.6 (14.1, 15.2) 88.0 (91.7, 85.0) 
2080s Climate 77.2 (76.5, 70.9) 14.8 (14.2, 15.4) 88.8 (92.6, 85.4) 

Offshore Wind 
Baseline Climate 111.7 36.7 148.4 
2050s Climate 113.9 (120.4, 108.8) 37.4 (39.5, 35.8) 151.3 (159.9, 144.6) 
2080s Climate 115.3 (123.0, 109.3) 37.8 (40.3, 36.0) 153.2 (163.2, 145.3) 

Far Offshore Wind 
Baseline Climate 131.6 45.8 177.4 
2050s Climate 134.2 (141.9, 128.2) 46.7 (49.2, 44.7) 180.8 (191.1, 172.9) 
2080s Climate 135.9 (144.9, 128.8) 47.2 (50.2, 44.9) 183.1 (195.1, 173.7) 

Wave 
Baseline Climate 155.6 37.4 193.0 
2050s Climate 160.0 (170.5, 151.4) 38.5 (41.0, 36.4) 198.4 (211.5, 187.8) 
2080s Climate 162.8 (176.2, 152.5) 39.1 (42.4, 36.7) 201.9 (218.6, 189.4) 

Hydro 
Baseline Climate 74.2 9.0 83.2 
2050s Climate 78.1 (87.3, 69.0) 9.5 (10.6, 8.4) 87.6 (97.9, 77.4) 
2080s Climate 82.4 (92.7, 70.6) 10.0 (11.3, 8.6) 92.4 (104.0, 79.2) 

Table 7-12: 2010 technology levelised costs change from baseline for 2050s and 2080s medium 
emissions climates (£/MWh) 

7.3.2 Levelised Costs based on 2020s Projected Inpu t Cost Parameters 

This section discusses the sets of levelised cost values based on technology cost projections 

for 2020. The 2020 projected levelised costs of technologies assumed not to be affected by 

climate change are shown in Table 7-13 and are based on figures from Mott MacDonald 

(2010).  

 

Projected 2020 levelised costs with 10% Discount Rate (£/MWh) 
Baseline Climate 

 Capital O&M Fuel Carbon 
Decomm 
& Waste 

CO2 
Storage 

TOTAL 

Gas 11.1 6.0 50.9 44.0 - - 112.0 
Gas & CCS 20.5 9.6 65.9 6.0 - 3.5 105.5 

Coal 28.4 10.8 19.9 103.2 - - 162.3 
Coal & CCS 47.4 17.5 27.6 15.6 - 7.4 115.5 
Coal IGCC 33.0 10.7 19.6 101.4 - - 164.7 

Coal IGCC & CCS 45.5 15.9 27.2 14.1 - 7.5 110.2 
Nuclear 49.2 10.9 5.2 - 2.1 - 67.4 

Table 7-13: Revised projected 2020 levelised costs at 10% discount rate with baseline climate 
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7.3.2.1 Tidal Stream Energy 

Tidal stream resource is also assumed to be unaffected by climate change. It was not 

included in the Mott MacDonald (2010) report. Instead, future 2020 projected costs are 

estimated based on figures in Allan et al. (2010) as shown in Table 7-2, Carbon Trust (2011) 

future levelised cost targets as shown in Table 7-3; and target projections from the ETI 

Roadmap (ETI 2010) as shown in Table 7-4. The Carbon Trust (2010) estimate LCOE 

reductions in the range of 39% and 54% for ‘Learning by Doing’ and ‘Accelerated Learning’ 

by the 2020s. ETI (2010) estimate 2020 cost of electricity figures to be in the range of 49% 

of 2010 values. All above figures are applicable to wave energy as well as tidal stream 

energy. This study assumes reductions in the region of 40% in capital and O&M costs of 

tidal stream by 2020. The resulting estimated 2020 levelised costs based on future climate 

capacity factors (Table 7-9) are shown in Table 7-14. 

7.3.2.2  Wave Energy 

Wave Energy resource and its levelised cost sensitivity to climate change have been 

discussed in section 7.2.2. Projected 2020 levelised costs for a baseline climate and 2050s 

and 2080s medium emissions with 50% probability climate have been estimated using the 

same cost reductions assumed for tidal stream and capacity factors from Table 7-9. The 

values are shown in Table 7-14. The future costs increase due to the reduction of future 

capacity factor from a baseline value of 33.0% to 32.1% and 31.6% for the 2050s and 2080s 

with 50% probability level respectively  

7.3.2.3 Onshore and Offshore Wind Energy 

Both Onshore and Offshore Wind Energy projected 2020 costs use input parameters from the 

Mott MacDonald (2010) and capacity factor estimations from this study. The Mott 

MacDonald report estimates central construction costs in 2020 to be in the region of 96%, 

80% and 75% of 2010 costs respectively for onshore, offshore, and far offshore wind energy. 

Levelised costs for onshore, offshore and far offshore wind using the above construction 

costs and capacity factors from Table 7-9 are shown in Table 7-14. The future costs increase 

due to a reduction of capacity factor for both on and offshore wind. 

 

 



 

167 

7.3.2.4 Solar PV 

Projected utility CAPEX costs for 2020 published in IEA (2010, 2011) and previously 

shown in Table 7-5 have been used for estimating projected levelised costs for solar PV 

(Table 7-14) based on the capacity factors from Table 7-9. The future costs for solar PV 

reduce due to the increase in capacity factor. 

7.3.2.5 Hydro 

The projected hydro 2020 costs for the baseline climate assumed unchanged from the 2009 

costs as in (Mott MacDonald 2010). As mentioned previously, the hydro levelised cost 

estimates performed in this thesis uses the assumed Mott MacDonald capacity factor for the 

baseline and adjusts the value for the future climate using the relative capacity factor 

changes from section 6.2. The 2020 levelised costs for the baseline, 2050s and 2080s climate 

capacity factors (Table 7-9) are shown in Table 7-14. The future climate hydro costs increase 

due to a reduction of capacity factor. 

 

Projected 2020 Levelised Costs 
Probability Level (%) = 50 (10, 90) 

 Capital  (£/MWh) O&M  (£/MWh) TOTAL  (£/MWh) 
Solar PV 

Baseline Climate 87.2 8.2 95.4 
2050s Climate 80.8 (73.2, 88.6) 7.6 (6.9, 8.3) 88.4 (80.1, 96.9) 
2080s Climate 79.0 (70.1, 88.1) 7.5 (6.7, 8.3) 86.5 (76.8, 96.4) 

Onshore Wind 
Baseline Climate 54.7  10.9 65.6 
2050s Climate 54.9 (52.3, 58.0) 11.0 (10.4, 11.5) 65.9 (62.7, 69.5) 
2080s Climate 55.5 (52.7, 58.7) 11.1 (10.5, 11.7) 66.6 (63.2, 70.4) 

Offshore Wind 
Baseline Climate 84.2 32.8 117.0 
2050s Climate 86.4 (81.3, 92.9)  33.5 (31.9, 35.6) 119.9 (113.2, 128.5) 
2080s Climate 87.8 (81.8, 95.5) 34.0 (32.0, 36.4) 121.8 (113.8, 131.9)  

Far Offshore Wind 
Baseline Climate 93.4 34.3 127.7 
2050s Climate 96.0 (90.0, 103.7) 35.2 (33.2, 37.7) 130.3 (123.2, 141,4) 
2080s Climate 97.6 (90.6, 106.7) 35.7 (33.4, 38.7) 133.3 (124.0, 145.4) 

Wave 
Baseline Climate 93.4 24.3 117.7 
2050s Climate 97.7 (89.2, 108.3) 25.3 (23.3, 27.9) 123.0 (112.5, 136.2) 
2080s Climate 100.6 (90.3, 114.0)  26.0 (23.6, 29.3) 126.6 (113.6, 143.3) 

Hydro 
Baseline Climate 74.2 9.0 83.2 
2050s Climate 77.3 (69.9, 86.6) 9.3 (8.4, 10.5) 86.6 (78.3, 97.7)  
2080s Climate 80.7 (72.6 , 90.8) 9.7 (8.8 , 11.0)  90.4 (81.3 , 101.7) 

Table 7-14: Revised projected 2020 levelised costs for different climate scenarios (£/MWh) 
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Figure 7-6 shows all the 2020 levelised cost estimations for the baseline climate. 

 
Figure 7-6: Revised projected 2020 levelised costs at 10% discount rate 

7.3.3 Levelised Costs for 2050s Projected Input Cos t Parameters 

For the purpose of this study the levelised costs in the 2050s are assumed to be identical to 

the 2020 costs. It is was considered that there is too much uncertainty in attempting to 

estimate technology costs so far into the future and there is little literature on 2050 

technology costs, especially literature that is comparable across the different technologies. If 

it had been decided to generate comparable levelised costs for the 2050s the following 

studies would be likely to provide much of  the background information to generate them: 

ETI (2010), IEA (2010, 2011), Carbon Trust (2010) and UKERC 2050 (UKERC 2009), they 

all contain studies of cost targets, roadmaps, or accelerated learning targets for 2050. 

There are limitations in doing this, such as having to assume that fuel and CO2 costs are 

stationary, all technologies have reached maturity by 2020, and all further cost savings 

(between 2020 and 2050) are uniform across all technologies. However, there are also 

benefits, such as avoiding further cost uncertainty connected with 2050 costs calculations for 

each technology and the added detail attained in this study by including cost projections and 

optimal mixes for the 2050s that can be investigated for their sensitivity to climate change. It 

is evident that this is an area for further study. 
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7.4 Levelised Costs Summary 

An extensive literature review of levelised costs of electricity generation has been 

undertaken. Levelised cost values and their input parameters from several different reports 

have been studied. 

2010 LCOE Process: The 2010 LCOE figures were based on a review of existing literature 

with some of the LCOE adjusted to conform to the capacity factors estimated in the previous 

resource chapters. LCOE values for solar PV wind, wave and hydro were also estimated for 

the 2050s and 2080s medium emissions scenarios using capacity factors estimated on the 

future climate resource. 

2020 LCOE Process: The 2020 LCOE are based on predicted capacity factors (as 2010 in 

most cases) and predicted (assumed) changes (reductions) of CAPEX and OPEX. LCOE 

values for solar PV wind, wave and hydro were also estimated for the 2050s and 2080s 

medium emissions scenarios using capacity factors estimated on the future climate resource. 

2050 LCOE Process: The 2050 LCOE process used the same process as the 2020s and 

assumes the 2050 costs to be comparable across the technologies to the 2020 values (see 

section 7.3.3). 

Several sets of levelised cost values specifically for this study and for use in the MVPT 

chapter, have been calculated from a common set of input parameters that allow all 

technologies to be comparable with one another. 

Levelised costs for onshore wind, offshore wind and solar PV are calculated using baseline 

and future climate resource estimations performed in this study. Hydro and wave levelised 

cost values have been estimated using baseline resource values from Mott MacDonald 

(2010) and Allan et al. (2010) respectively and climate variability values from (Duncan 

2012) and calculations in this study, respectively.  

The levelised cost of solar PV reduces significantly by 2020. This is largely due to 

manufacturing cost reductions and efficiency improvements (IEA 2010a, 2010b). In 2010 

it’s levelised cost is significantly higher than others, almost twice the cost of offshore wind 

in 2010. By 2020 solar PV has a lower cost than offshore wind and is favourably comparable 

to some other technologies. Coal and gas both increase by roughly 50% as a result of 

increased fuel and CO2 prices that are incorporated in the Mott MacDonald (2010) projected 

costs. 
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8 Application of Mean Variance Portfolio Theory 

8.1 Introduction 

The main objective of this chapter is to assess the sensitivity of optimal portfolios of 

electricity generation technologies to the effects of climate change. The information and data 

developed and explored in previous chapters is drawn together as input to the Mean Variance 

Portfolio Theory analysis. 

The yellow and green blocks in the thesis flowchart (Figure 8-1) signify the areas of the 

thesis connected with this chapter. 

 

Figure 8-1: Thesis flowchart and levelised cost blo cks 

The MVPT analysis includes 2010 and 2020 technology cost projections with baseline and 

future probabilistic climate projections. In this way it follows the levelised cost analysis in 

Chapter 7. The analysis also explores the influence of technical and other physical 

constraints on the upper limits of energy share for each technology.  

 

The first part of the chapter investigates the additional data required to compute optimal 

electricity generation portfolios using MVPT. Technology risk estimates, correlation 

coefficients and physical constraints on individual technologies are discussed and assigned 

values. After the input parameters have been set, the individual technology cost-risk 

characteristics for the baseline climate are projected on a cost-risk graph. This is done for 

both 2010 and 2020 projected levelised cost estimations (section 7.3). The climate variability 

impact on the levelised costs for the 2050s and 2080s are shown on further cost-risk graphs 

for the 2010 and 2020 projected levelised costs. 
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MVPT is used to generate efficient frontiers for the baseline climate and 2010 and 2020 cost 

projections respectively. The efficient frontier lines are generated using different sets of 

physical constraints on the share of each technology in the energy mix (2010, 2020, 2050 

and no constraints). Each of the efficient frontiers are explored with emphasis on the optimal 

mixes at various points on the curve. 

The collective technology impact of climate change on the efficient frontier using 2020 costs 

and 2020 constraints are investigated by generating additional curves for the 2050s and 

2080s climate with probability levels of 10%, 50% and 90%, using the 2020 levelised costs 

of all technologies that are affected by climate change. 

Finally, the sensitivity of each technology on the MVPT optimal mixes are investigated by 

varying the levelised cost of each technology in turn from its baseline value to future climate 

values and investigating the changes to the efficient frontier and optimal mixes. 

8.2 MVPT Input Parameters  

As discussed in chapter 2, there are input parameters that need to be ascertained before 

MVPT analysis can be performed. This section discusses and identifies the input parameters 

used in the MVPT analysis. 

8.2.1 Technology Risk and Cost Correlation 

Technology risk, fuel cost correlation, and O&M cost correlation values are taken directly 

from two sources of recent portfolio theory literature: Awerbuch and Yang (2007), and Allan 

et al. (2011). Allan largely follows the Awerbuch assumptions and adds values for wave and 

tidal stream technologies. 

Table 7-1 shows the technology risk estimates, they are a measure of the fluctuation of the 

cost streams and expressed as “the standard deviations of the holding-period returns based on 

historical data for each cost component” (Awerbuch and Yang 2007). 

Capital Cost Risk (construction): This depends on the complexity and construction time 

period of the technology. Much of these numbers are from a World Bank analysis. The 

numbers for emerging renewable technologies come from developer interviews (Awerbuch 

and Yang 2007). 

Fuel Cost Risk: These figures are based on historical European fossil fuel import prices from 

1980 to 2005. 
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Operation and maintenance risk: These figures are difficult to estimate. These are typically 

available from corporate records but not publicly available. (Awerbuch and Yang 2007) uses 

The US Energy Information Agency and the Federal Regulatory Commission databases 

which include records for all generators operated by a regulated utility. 

 

Technology Construction Fuel O&M Pre- 
Development 

Fuel 
Delivery 

Waste 
Fund 

Storage 

Wave 10 - 8 10 - - - 
Tidal Stream 10 - 8 10 - - - 

Onshore Wind 5 - 8 5 - - - 
Offshore Wind 10 - 8 10 - - - 

Nuclear 23 24 5.5 23 - 10 - 
Gas 15 19 10.5 - 19 - - 
Coal 23 14 5.4 - 14 - - 

Hydro 38 - 15.3 - - - - 
Biomass 20 18 10.8 - - - - 

Coal with CCS 23 14 5.4 - 14 - 40 
Gas with CCS 15 19 10.5 - 19 - 40 

Solar PV 5 - 3.4 - - - - 

Table 8-1: Technology Cost Component standard devia tion. Source Awerbuch & Yang (2007); 
Allan et al. (2011) 

Correlation Coefficients: As previously mentioned, the correlations between fuel and O&M 

cost components of each technology have also been taken directly from Awerbuch and Yang 

(2007) and Allan et al. (2011). Table 8-2 shows the historic fuel price correlation 

coefficients. These are based on a historical fuel price series for the UK (Allan et al. 2011, 

Awerbuch and Yang 2007) 

 

Fuel Price 
Correlation Gas Gas & CCS Coal 

Coal with 
CCS 

Nuclear Biomass 

Gas 1 1 0.757a 0.757a 0.649a -0.44b 

Gas & CCS - 1 0.757a 0.757a 0.649a -0.44b 

Coal - - 1 1 0.591a -0.38b 

Coal & CCS - - - 1 0.591a -0.38b 

Nuclear - - - - 1 -0.22b 

Biomass - - - - - 1 
a indicates that these estimates are taken from Allan et al. (2010) 
b indicates that these estimates were taken from Awerbuch and Yang (2007) 

Table 8-2: Fuel price correlation coefficients. 
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Table 8-3 shows the O&M correlations. These figures have been taken from Awerbuch and 

Yang (2007) and calculated from holding-period returns (HPR). 

 

O&M 
Correlation 

Gas Gas 
CCS 

Coal Coal 
CCS 

Nuclear Wind Hydro Biomass Wave Tidal 
Stream 

Solar 
PV 

Gas 1 1 0.25 0.25 0.24 0 -0.04 0.32 0 0 0.05 

Gas CCS  1 0.25 0.25 0.24 0 -0.04 0.32 0 0 0.05 

Coal   1 1 0 -0.22 0.30 0.18 -0.22 -0.22 -0.39 

Coal CCS    1 0 -0.22 0.30 0.18 -0.22 -0.22 -0.39 

Nuclear     1 -0.07 -0.41 0.65 -0.07 -0.07 0.35 

Wind      1 0.29 -0.18 0 0 0.05 

Hydro       1 -0.18 0 0 0.30 

Biomass        1 0 0 0.25 

Wave         1 1 0.05 

Tidal Stream          1 0.05 

Solar PV           0.05 

Source: Awerbuch and Yang (2007) 

Table 8-3: Operation and maintenance cost correlati on coefficients 

The figures on costs are ultimately uncertain. As such, they will add error to the portfolio 

analysis, but it is not possible to clarify their extent. While this is an input consideration, the 

main effort is in identifying and isolating the impact of climate change. Estimating the 

spread in cost and risk and the impact on optimal portfolios is evidently an area for future 

work. 

8.2.2 Technology Mix Constraints 

When portfolio theory is applied to electricity generation the use of constraints are typically 

needed to control the physical upper limits of each technology, which is a product of the 

maximum deployment level of that technology, its resource or its ability to match demand. 

MVPT literature generally used only one set of constraints. This study encompasses these 

and uses five sets of constraint scenarios to represent different time periods and to explore 

the sensitivity of optimal MVPT mixes to the chosen technology constraints. The 5 chosen 

constraint scenarios are shown in Table 8-4 and explained as follows: 

The 2010 ‘tight’ upper constraints are intended to represent roughly what is practically 

possible at this time and have been deliberately bound very close to the 2009 electricity 

generation mix. The 2010 ‘looser’ constraints are intended to increase renewables share 

slightly beyond their current physical limitations. 

The 2020s and 2050s constraints are subjective and for some of the emerging technologies 

are very ambitious; however, it is thought, for the benefits of this study, that they have been 

set appropriately. The 2020 upper constraints are based largely on information in Awerbuch 
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and Yang (2007), the UK Renewable Energy Roadmap (DECC 2011) and DUKES (2010). 

There is more uncertainty with setting upper constraints for the 2050s and so two sets of 

2050 constraints have been generated as different potential scenarios. The first set (2050) is 

based loosely on reports investigating energy systems pathways towards 2050 (Anandarajag 

et al. 2009, DECC 2010, Winskel et al. 2009). The second set (2050 20%) has all 

technologies at a maximum 20% of total energy supply, except for coal and gas without CCS 

which is set to 5% so as to meet 2050 CO2 reduction targets. The 2050s constraints loosely 

correspond to a large percentage of nuclear and a diversified future. In all cases, the lower 

limits have all been set to 0%.  

 

Technology 2009 
UK mix (%) 
approximately 

Upper 
Constraint 

2010 
Tight (%) 

Upper 
Constraint 

2010 
Loose (%) 

Upper 
Constraint 
2020 (%) 

Upper 
Constraint 
2050 (%) 

Upper 
Constraint 
2050 20% 

(%) 

Gas 44.5 50 50 39 5 5 

Gas & CCS 0 0 0 1 30 20 

Coal 28.1 35 35 34 5 5 

Coal & CCS 0 0 0 1 30 20 

Nuclear 18.6 25 25 20 50 20 

Onshore Wind 2.03 2.5 12.0 12.0 15 20 

Offshore Wind 1.47 2.0 10.0 10 15 20 

Far Offshore Wind 0 0 5.0 10 15 20 

Hydro 1.41 2.0 5.0 5.0 5.0 20 

Biomass 2.86 4.0 10.0 10 10 20 

Wave 0 0 2.5 2.5 10 20 

Tidal Stream 0 0 2.5 2.5 5 20 

Solar PV 0.005 0.01 2.5 2.5 10 20 

Table 8-4: Applicable technologies in the 2010 mix and their constraints (proportion of total 
generated energy) 

The assumed 2020s electricity demand is set at 400 TWh based on forecasts in DECC (2010) 

for future pathways α, β and γ. In 2009 there was 372 TWh of electricity generated (DUKES 

2011). There are many studies investigating  possible future electricity generation scenarios 

towards 2050 (AEA Technology 2011, DECC 2010, Winskel et al. 2009). The 2050 demand 

estimations vary quite considerably (in the region of 275-600 TWh) depending on the future 

outcome scenario. This thesis has assumed a central estimate of 500 TWh, an increase from 

2020 due to a larger population and transport electrification associated with substantial 

energy efficiency efforts. 

8.2.3 Technology Cost and Risk Variability 

The levelised costs and risks of each technology for 2010 cost and baseline climate 

projections are shown in Figure 8-2. Although hydro is the cheapest of the renewables, it is 
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also the riskiest of all technologies due to the financial risk in its construction period. Solar 

PV is by the most expensive but also the least risky. The fossil fuel technologies are all in the 

mid-range of cost and risk. Coal and gas CCS are significantly more expensive than their 

non-CCS counterparts. Solar PV clearly stands out as being different from the trend of the 

others in shifting towards a lower cost with future annual average climate variability; 

whereas the others are weighted towards an increase in cost. The variability shown in red is 

the 2050s annual average climate variability for the 10% and 90% climate probability levels 

and the 50% is shown as a horizontal red mark. 

 
Figure 8-2: Cost Risk Graph for 2010 Cost Projection s with baseline (black) and 2050s climate 

(red) 

Figure 8-3 shows the annual average variability of the 2010 levelised costs with a 2080s 

medium emissions climate. There is a shift towards lower cost for Solar PV and a shift of 

increased costs for the others. It is difficult to see but the 2080s bars also indicate slightly 

more uncertainty. 

 

 
Figure 8-3: Cost Risk Graph for 2010 Cost Projection s with baseline and 2080s climate 
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Figure 8-4 and Figure 8-5 show the same as shown previously but with the 2020 projected 

costs with baseline climate, 2050s and 2080s climate respectively. There are substantial cost 

reductions seen for solar PV, wave and wind technologies. However, the spread and risk 

values remain very similar. 

 
Figure 8-4: Cost Risk Graph for 2020 Cost Projection s with baseline and 2050s climate 

 
Figure 8-5: Cost Risk Graph for 2020 Cost Projection s with baseline and 2080s climate 

The values shown for the 2010 cost projections in Figure 8-2 and Figure 8-3, and 2020 cost 

projections in Figure 8-4 and Figure 8-5, are shown in Table 8-5 and Table 8-6 respectively. 

 

2010 Levelised Cost Variability (£/MWh) 

Climate 
Scenario 

Onshore 
Wind 

Offshore 
Wind 

Far 
Offshore 

Wind 
Hydro Wave Solar PV 

Baseline 87.8 148.4 177.4 83.2 193.0 237.7 
2050 10% 91.7 159.9 191.1 97.9 211.5 239.2 
2050 50% 88.0 151.3 180.8 87.6 198.4 230.8 
2050 90% 85.0 144.6 172.9 77.4 187.8 222.4 

 
2080 10% 92.6 163.2 195.1 104.0 218.6 238.7 
2080 50% 88.8 153.2 183.1 92.4 201.9 228.8 
2080 90% 85.4 145.3 173.7 79.2 189.2 219.4 

Table 8-5: Climate cost variability for 2010 techno logy costs 
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2020 Levelised Cost Variability (£/MWh) 

Climate 
Scenario 

Onshore 
Wind 

Offshore 
Wind 

Far 
Offshore 

Wind 
Hydro Wave Solar PV 

Baseline 65.6 117.0 127.7 83.2 117.7 95.4 
2050 10% 69.5 128.5 141.4 97.9 136.2 96.9 
2050 50% 65.8 119.9 131.1 87.6 123.1 88.5 
2050 90% 62.8 113.2 123.2 77.4 112.5 80.1 

 
2080 10% 70.4 131.8 145.4 104.0 143.3 96.4 
2080 50% 66.6 121.8 133.4 92.4 126.6 86.5 
2080 90% 63.2 113.9 124.0 79.2 113.9 77.1 

Table 8-6: Climate cost variability for 2020 techno logy costs 

It can be seen that that onshore and offshore wind, wave and hydro are all likely to see an 

increase in cost due to annual average climate variability; hydro and wave appear to be most 

affected. Solar PV costs look set to benefit from climate change with significant cost 

reduction for the 2050s and reducing even further for the 2080s. 

8.3 Mean Variance Portfolio Theory Analysis for Bas eline Climate 

This section uses MVPT to explore several optimal mixes of electricity technology for the 

present and future time periods. All analyses and cost estimates are for the baseline climate. 

A set of 3 efficient frontiers are generated for the 2010 time period using projected 2010 

costs and 3 sets of technology upper constraints. One efficient frontier is generated for the 

2020 time period using 2020 projected costs and 2020 constraints. Two efficient frontiers are 

generated for the 2050s time period. The 2050s time period assumes the same technology 

costs as the 2020 costs. There are two sets of constraints used for the 2050s to give two 

alternative efficient frontiers. 

Several optimal mix points on each of the efficient frontiers are chosen and discussed in 

more detail. They are compared with other optimal points on the efficient frontier and also 

compared with the actual 2009 mix. CO2 emissions for the different mixes are also explored 

and compared relative to 1990 CO2 emission values. 

8.3.1 Cost Projections for 2010 with Baseline Clima te 

This section MVPT analyses uses 2010 costs and risks for each technology. The first run 

uses 2010 tight constraints. The second run uses 2010 looser constraints. There are no 

constraints used in the final run. Figure 8-6 shows the generated MVPT efficient frontier 

curves using the three different constraint scenarios as shown in Table 8-4. Also shown for 
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comparison are the estimated overall portfolio cost and risk values for the actual 2009 UK 

energy mix. 

 
Figure 8-6: Portfolio Analysis for 2010 Cost Projecti ons with baseline climate 

8.3.1.1 A closer look at optimal mixes with 2010 ‘tight’ constraints 

Figure 8-7 zooms in specifically on the efficient frontier produced with the 2010 technology 

upper constraints. As mentioned, these constraints are bound very closely to the 2009 actual 

mix. It is demonstrated that despite limited room for manoeuvre there are more optimal 

mixes than the 2009 mix. Every point on the efficient frontier is an optimal mix.  

 
Figure 8-7: Four optimal portfolio mixes on the 201 0 efficient frontier curve 

The mix at Point A has the same risk value as 2009 but at a reduced cost. Point B has the 

same cost but a reduced risk. Points C and D both show optimal mixes at the extremes of the 

efficient frontier curve. Point C is sacrificing cost in order for minimal risk, while Point D is 

minimising risk at the expense of cost. 

Table 8-7 provides details of the four highlighted optimal mix points on the efficient frontier. 

The assumed total energy output for 2010 is based on the 2009 output at roughly 372 TWh 

(DUKES 2010). Also shown are the CO2 emissions for each mix and the percentage 

reduction relative to 1990 levels. The CO2 emissions are based on gas and coal emitting 405 
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and 915 Tonnes per GWh respectively and CCS technology being 90% efficient (DUKES 

2010). Point D, which has relatively high proportions of gas, nuclear, and low proportions of 

coal, has the lowest emissions at 40.8% relative to 1990 emissions. There are probably other 

optimal mixes on the efficient frontier with lower emissions and this is explored for the 

2020s, 2050s and 2080s time periods. 

 

2010 Constraints - Annual Electrical Energy Output (TWh) 
 UK 2009 Point A Point B Point C Point D 

Gas 151.7 152.2 144.5 107.0 170.5 
Coal 95.8 83.4 85.2 112.9 56.6 

Nuclear 63.4 75.9 75.6 85.3 84.9 
Onshore Wind 6.9 8.5 8.5 8.5 8.5 
Offshore Wind 1.7 0.4 6.8 6.8 0 

Hydro 4.8 6.8 6.8 6.8 6.8 
Biomass 9.8 13.6 13.6 13.6 13.6 
Wave 0 0 0 0 0 

Tidal Stream 0 0 0 0 0 
Solar PV 0 0 0 0 0 

Cost (£/MWh) 91.5 90.0 91.4 93.7 88.6 
Risk (%) 11.6 11.6 11.3 11.0 12.0 

CO2 (Million Tonnes) 149.1 138.0 136.4 146.6 120.9 
CO2 Reduction from 1990 (%) 26.9 32.4 33.1 28.1 40.8 

Table 8-7: Details of mixes at Points A, B, C and D on the 2010 constraints efficient frontier 

8.3.1.2 A closer look at optimal mixes with 2010 ‘looser’ constraints 

Figure 8-8 zooms in on the efficient frontier for the 2010 cost projections but bound by the 

2010 ‘loose’ technology constraint values. Point A has the same cost as the 2009 mix but 

with a 20% reduction in risk. Points B and C are optimal mixes close to the extremes of the 

efficient frontier: Point B sacrificing cost for lower risk and point C focussing on minimal 

optimal cost at the expense of increased risk. However, in all cases the risk is still reduced 

relative to the 2009 value. 

 
Figure 8-8: Three optimal portfolio mixes on the 20 10 efficient frontier curve with looser 

constraints 
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Table 8-8 provides details of the three highlighted optimal mix points on Figure 8-8. Point A 

which has the same portfolio cost as 2009 but much reduced risk has achieved this by 

reducing roughly a third of energy supplied by gas and coal and replacing it with substantial 

increases in onshore wind, offshore wind, tidal stream, hydro and biomass; this has also 

dramatically reduced CO2 emissions to 50% of 1990 levels. 

Point B, which focuses on minimal risk, reduces gas even further and replaces it with more 

offshore wind and introduces significant amounts of three relatively more expensive, low 

risk technologies: far offshore wind, wave and solar. The CO2 emissions are an improved 

reduction of 58.7% from 1990 levels. 

Point C, focusing on minimal cost at the expense of risk, almost completely eliminates coal 

and replaces it with some gas, onshore wind, biomass, tidal stream and hydro. No offshore 

wind or solar feature in this mix due to their high costs. As a result of almost no coal the CO2 

emissions for this mix reduce even further than the mix at point B to a 65.9% reduction from 

1990 levels. 

All points on the efficient frontier curve have at least 48% CO2 reduction, relative to 1990 

levels, due to the relaxed constraint on renewable technologies. The lowest CO2 level on the 

curve is at Point C, where coal is at its lowest level of 0.5 TWh. 

 

2010 with looser Constraints - Annual Electrical Energy Output (TWh) 
 UK 2009 Point A Point B Point C 

Gas (TWh) 151.7 111.8 60.2 170.5 
Coal (TWh) 95.8 62.1 65.4 0.5 

Nuclear (TWh) 63.4 54.5 46.6 69.4 
Onshore Wind (TWh) 6.9 40.9 40.9 40.9 
Offshore Wind (TWh) 1.7 12.0 34.1 0 

Far Offshore Wind (TWh) 0 0 17.1 0 
Hydro (TWh) 4.8 17.1 17.1 17.1 

Biomass (TWh) 9.8 34.1 34.1 34.1 
Wave (TWh) 0 0 8.5 0 

Tidal Stream (TWh) 0 8.5 8.5 8.5 
Solar PV (TWh) 0 0 8.5 0 
Cost (£/MWh) 91.5 91.7 107.7 86.0 

Risk (%) 11.6 8.7 6.7 10.5 
CO2 (Million Tonnes) 149.1 102.1 84.2 69.5 

CO2 Reduction from 1990 (%) 26.9 50.0 58.7 65.9 

Table 8-8: Details of mixes at Points A, B and C on the 2010 more open constraints efficient 
frontier 

8.3.1.3 A closer look at optimal mixes with no constraints 

It is of interest to explore optimal mixes with no constraints but as mentioned in section 2.5.1 

it is not truly practical as MVPT does not take into account any physical restrictions on 
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individual technologies or their fuel source. Figure 8-9 shows the efficient frontier with no 

constraints. 

Point C which is achieving minimal risk at the expense of cost is very interesting as this 

point shows very clearly Markowitz’s MVPT theory of grouping assets with diversified risk 

characteristics together to reduce overall risk. The risk at point C is significantly less than the 

risk of any of the individual technologies. If the technologies were not diverse then the 

lowest risk possible would be the risk value of the lowest risk technology which is Solar PV. 

All points along the efficient frontier benefit in this way, it is just that the benefit is clearly 

seen in graphical form for any point on the efficient frontier that has a risk value less than 

any of the individual technologies. The details of the four optimal mix points on the efficient 

frontier in Figure 8-9 are shown in Table 8-9. 

 

 
Figure 8-9: Three optimal portfolio mixes on the 20 10 efficient frontier curve with looser 

constraints 

Point A which has the same risk as the 2009 mix has reduced cost by 6.7 £/MWh by 

substantially increasing gas, onshore wind and hydro. There is no coal, biomass, nuclear, 

offshore wind, tidal stream, wave or solar PV in the mix. The CO2 is reduced to 56% of 1990 

levels. 

Point B, which has the same cost as the 2009 mix has reduced risk by 7.6 percentage points 

which in real terms is a risk reduction of roughly 60%. This has been achieved by the mix 

being dominated by onshore wind, tidal stream resource and very low proportions of all 

other technologies. CO2 levels are dramatically reduced to 89.4% of 1990 levels. 

As previously discussed, Point C is the point of the efficient frontier with the lowest risk of 

2.9%. Not surprisingly the dominant technology is Solar PV as it is the technology with the 

lowest risk; but by adding a significant proportion of onshore wind, another low risk 
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technology, and small amounts of other diverse technologies, the risk is even further reduced 

to 2.9%. The high proportion of solar PV  and other renewables also results in Point C 

having the greatest CO2 reductions. 

Point D is the lowest cost mix on the efficient frontier which is 100% of the technology with 

the lowest cost, in this case it is Gas. The trade-off is that there is high risk at 17.5%. This is 

the outcome of having no diversity in the mix. 

 

2010 with No Constraints - Annual Electrical Energy Output (TWh) 
 UK 2009 Point A Point B Point C Point D 

Gas (TWh) 151.7 219.4 18.4 8.1 341 
Coal (TWh) 95.8 0 15.6 12.3 0 

Nuclear (TWh) 63.4 0 10 5.2 0 
Onshore Wind (TWh) 6.9 90.5 204.4 103.3 0 
Offshore Wind (TWh) 1.7 0 0.1 20.9 0 

Far Offshore Wind (TWh) 0 0 0 0 0 
Hydro (TWh) 4.8 31.2 4.2 1.5 0 

Biomass (TWh) 9.8 0 23.9 12.8 0 
Wave (TWh) 0 0 0 0 0 

Tidal Stream (TWh) 0 0 64.4 35.8 0 
Solar PV (TWh) 0 0 0 141.1 0 
Cost (£/MWh) 91.5 82.2 88.9 154.4 79.7 

Risk (%) 11.6 11.8 4.2 2.9 17.5 
CO2 (Million Tonnes) 149.1 88.9 21.7 14.5 138.1 

CO2 Reduction from 1990 (%) 26.9 56.4 89.4 92.9 32.3 

Table 8-9: Details of mixes at Points A, B, C and D on the 2010 no constraints efficient frontier 

8.3.2 Cost Projections for 2020 and 2050s with Base line Climate 

The aim of this section is to use MVPT to explore efficient portfolio mix options for 2020 by 

using 2020 projected costs and 2020 constraints. The 2050s time period is also explored by 

assuming technology costs are identical to the 2020 costs but adjusting constraints to values 

more applicable for the 2050s. The reason for doing this is due to the increasing uncertainty 

associated with attempting to project technology costs further into the future. There is very 

limited literature on cost projections for the 2050s and it is considered a more 

straightforward alternative to assume all technologies by 2020 have reached maturity and 

relative costs leading up to 2050 stay the same. There are two efficient frontiers explored for 

the 2050s using two different sets of 2050 constraints. 
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Shown in Figure 8-10 are the individual technology cost projections for the 2020s along with 

three efficient frontier portfolio curves which have been generated using the cost projections 

and three different technology constraint scenarios (2020s, 2050s and 2050s with 20%) as 

described earlier and with values shown in Table 8-4. 

 
Figure 8-10: Portfolio Analysis for 2020 Cost Project ions with baseline climate 

8.3.2.1 Analysis with 2020 Constraints 

Three optimal mix points on the ‘2020s constraints’ efficient frontier curve are highlighted in 

Figure 8-11, the mix details of each point are shown in Table 8-10. 

 

 
Figure 8-11: Three optimal portfolio mixes on the 2 020 constraints efficient frontier 
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2020 Costs with 2020 Constraints - Annual Electrical Energy Output (TWh) 

 
2020 Upper 
Constraint 

Point A Point B Point C 

Gas (TWh) 156 82.8 58.1 133 
Gas with CCS (TWh) 4 0 0 4 

Coal (TWh) 136 15.2 73.2 0 
Coal with CCS (TWh) 4 4 0 4 

Nuclear (TWh) 80 80 51.3 80 
Onshore Wind (TWh) 48 48 48 48 
Offshore Wind (TWh) 40 40 40 40 

Far Offshore Wind (TWh) 40 40 40 1 
Hydro (TWh) 20 20 19.5 20 

Biomass (TWh) 40 40 40 40 
Wave (TWh) 10 10 10 10 

Tidal Stream (TWh) 10 10 10 10 
Solar PV (TWh) 10 10 10 10 
Cost (£/MWh) - 95 105.5 91.5 

Risk (%) - 6.8 6.1 8.2 
CO2 (Million Tonnes) - 47.8 90.5 54.4 

CO2 Reduction from 1990 (%) - 76.6 55.7 73.3 

Table 8-10: Points A, B and C on the 2020 costs with  2020 constraints efficient frontier 

It is assumed that electricity generation has increased to 400 TWh per annum by 2020. As 

can be seen, all renewables are either at their maximum constraint or close to it in the mix at 

all three points on the efficient frontier. The 2020 cost projections assume they have reached 

or nearing maturity and costs are more competitive with fossil fuelled technologies, which 

also have projected CO2 emission overheads and fuel price variability in the Mott 

MacDonald cost projections (Refer to Table 7-13).   

Point A on the efficient frontier has just been shown as a midpoint on the curve, not too 

costly or risky. All renewables and nuclear are generating at their maximum constraint 

values. Gas generates a large proportion. Coal and Coal CCS generated the small remaining 

proportion. The CO2 levels are a 76.6% reduction from 1990 levels. 

Point B is aiming for minimal risk at the expense of cost. Renewables are at maximum levels 

but relative to Point A there is much more generation from coal at the expense of a large 

proportion of gas and nuclear. 

Point C is aiming for minimal cost at the expense of risk. Gas, nuclear and renewable 

technologies make up the majority of the mix. Far offshore wind is minimal though due to its 

high cost. Coal use is greatly reduced and only CCS is in the mix.  

To better illustrate the full range of efficient electricity generation mixes for 2020 costs with 

2020 restraints, Figure 8-12 and Figure 8-13 show the generation mix and CO2 emission 

values at all points on the efficient frontier. It was attempted to combine both graphs in one 
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three dimensional graph but with unsatisfactory results; hence the two separate graphs show 

the same efficient mix options relative to cost and risk respectively. To better understand the 

figures also follow the 2020 efficient frontier shown in Figure 8-11. In essence these can be 

viewed as portfolio ‘elevation’ taken from either the cost plane or risk plane and showing 

mix and CO2. In Figure 8-12, as the cost decreases, coal decreases, gas and nuclear increase; 

far offshore wind tails off at the lowest cost. In Figure 8-13, as the risk decreases, coal 

increases and gas decreases; far offshore wind and wave both tail off as the risk increases. 

 
Figure 8-12: 2020 Efficient Frontier mix and CO 2 with respect to cost 

 
Figure 8-13: 2020 Efficient Frontier mix and CO 2 with respect to risk 

There is literally a 3-way trade-off between risk, cost and CO2. It is quite evident from 

looking at both the cost and risk figures how much the CO2 output is related to the 

proportion of coal and gas in the mix. It can also be seen that a potentially better mix than 

points A, B and C would be where CO2 is minimal. At this point cost is around 93 £/MWh 

and resulting risk is roughly 7.1%. This point on the efficient frontier (see Figure 8-11) 

would be approximately one third of the way towards Point C from Point A.  
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8.3.2.2 Analysis with 2050 Constraints 

The 2050 constraints efficient frontier with three chosen optimal mix points is shown in 

Figure 8-14 and further mix and CO2 information on the mixes are shown in Table 8-11.  

 
Figure 8-14: Three optimal portfolio mixes on the 2 050 constraints efficient frontier 

 

2020 Costs with 2050 Constraints - Annual Electrical Energy Output (TWh) 

 
2050 Upper 
Constraint 

Point A Point B Point C 

Gas (TWh) 25 0 25 0 
Gas with CCS (TWh) 150 17.5 6.6 27.8 

Coal (TWh) 25 0 25 0 
Coal with CCS (TWh) 150 11.5 13.6 0 

Nuclear (TWh) 250 121.3 25.5 250 
Onshore Wind (TWh) 75 75 75 75 
Offshore Wind (TWh) 75 74.7 70.7 0 

Far Offshore Wind (TWh) 75 0 75 0 
Hydro (TWh) 25 25 8.5 25 

Biomass (TWh) 50 50 50 50 
Wave 50 50 50 0 

Tidal Stream (TWh) 25 25 25 25 
Solar PV (TWh) 50 50 50 47.2 
Cost (£/MWh) - 86 100.5 73.1 

Risk (%) - 6.0 4.3 10.4 
CO2 (Million Tonnes) - 1.8 34.5 1.1 

CO2 Reduction from 1990 (%) - 99.1 83.1 99.4 

Table 8-11: Points A, B and C on the 2050 constraint s efficient frontier 

There are several large differences that arise from adjusting the portfolio constraints from 

values assumed for the 2020s to assumptions for the 2050s: the increased upper constraints 

of all renewables; the decreased upper constraints of coal and gas without CCS so as to 

ensure optimal portfolios have large CO2 emission reductions; the increased upper 

constraints of coal and gas with CCS.  In brief all points A, B and C have very little unabated 

coal or gas in the mix. Renewables are all at their maximum constraints, except at Point C 

which does not include far offshore wind. Nuclear has a large proportion in all especially 

Point C where low cost at the expense of risk is sought. It is assumed that electricity 

generation has increased further to 500 TWh by 2050. 
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Figure 8-15 and Figure 8-16 show the efficient frontier mix with respect to cost and risk 

respectively. What is very noticeable is the large proportion of nuclear in the low cost higher 

risk areas and it being replaced with far offshore wind, wave, and coal, Gas with CCS to a 

smaller extent, as the efficient frontier progresses towards higher cost lower risk optimal 

mixes. Also noticeable are the very low CO2 emissions except for mixes in the extremes of 

low risk and high cost where coal and gas feature in the mix. In most cases it is 100% 

mitigated. 

 
Figure 8-15: 2050 Efficient Frontier mix and CO 2 with respect to cost 

 

 

 
Figure 8-16: 2050 Efficient Frontier mix and CO 2 with respect to risk 

8.3.2.3 Analysis with 2050 20% Constraints 

There are many possible future outcomes and the constraints in this section are to give an 

alternative scenario to the 2050 constraints used previously in section 8.3.2.2. The aim of the 
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ensure there is even more diversity relative to the previous 2050 constraints.  The majority of 
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technologies are limited to a maximum of 20% of total generation; non CCS coal and gas are 

limited to 5% to ensure low CO2 emissions. The efficient frontier for the 2050 20% 

constraints is shown in Figure 8-17, also highlighted are three points on the frontier. The 

details of the optimal mixes at those points are shown in Table 8-12. 

 
Figure 8-17: Three optimal portfolio mixes on the 2 050 20% constraints efficient frontier 

 

2020 Costs with 2050 20% Constraints - Annual Electrical Energy Output (TWh) 

 
Upper 

Constraint Point A Point B Point C 
Gas (TWh) 25 0 24.1 0 

Gas with CCS (TWh) 100 16.4 0 0 
Coal (TWh) 25 0 25 0 

Coal with CCS (TWh) 100 7.5 2.9 0 
Nuclear (TWh) 100 62 17.4 100 

Onshore Wind (TWh) 100 100 100 100 
Offshore Wind (TWh) 100 27 0 0 

Far Offshore Wind (TWh) 100 0 91.2 0 
Hydro (TWh) 100 16 5.4 82 

Biomass (TWh) 100 71.2 37.1 100 
Wave 100 0 6.8 0 

Tidal Stream (TWh) 100 100 90.1 100 
Solar PV (TWh) 100 100 100 18 
Cost (£/MWh) - 76.6 90 70.1 

Risk (%) - 4.5 3.6 8 
CO2 (Million Tonnes) - 1.3 32.9 0 

CO2 Reduction from 1990 (%) - 99.3 83.9 100 

Table 8-12: Points A, B and C on the 2050 20% constr aints efficient frontier 

The efficient frontier and optimal mixes using the 2050 20% constraints are significantly 

improved from those in section 8.3.2.2 for the 2050 constraints; this can be seen in Figure 

8-10 as well as by comparing Table 8-11 and Table 8-12. The main reason for the 

improvement is that renewables, which benefit from being more economically competitive in 

the 2020s cost projections, have an increased higher proportional limit; whereas there are 

tighter constraints around nuclear. Coal and gas with CCS also have tighter constraints but 

are not constrained by the limits at any point along the efficient frontier. 
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Figure 8-18 and Figure 8-19 illustrate the mix along the efficient frontier curve from a cost 

and risk perspective respectively; it may be of use to also follow the curve (Figure 8-17) 

while studying them. In Figure 8-18, as the cost reduces, hydro and nuclear increase, 

offshore wind increases; far offshore and wave are in the mix only when the cost is high. In 

Figure 8-19, as the risk reduces, solar PV and offshore wind increases. When the risk is 

approaching its lowest value, hydro, nuclear tail off and gas and coal with CCS enter into the 

mix. It is quite obvious that the mixes of technologies are more evenly spread than in the 

2050s mix (Figure 8-15 and Figure 8-16) especially with nuclear being reduced and 

renewables being increased to have an upper constraint of 20% of the overall mix. 

 

 
Figure 8-18: 2050 20% Efficient Frontier mix and CO 2 with respect to cost 

 

 
Figure 8-19: 2050 20% Efficient Frontier mix and CO 2 with respect to risk 
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8.3.3 Section Summary 

This section has demonstrated the application of MVPT to generate efficient frontiers and 

choices of optimal mixes with each having their own characteristics. The sensitivity of 

MVPT to levelised costs, risks, and the constraints, has been shown, so too has the 

importance in choosing suitable technology constraint values. Also discussed are the choices 

of optimal mix to suit requirements such as cost of electricity, level of risk, and the level of 

CO2 emissions. The baseline climate has been assumed stationary throughout the different 

time periods. The next section will investigate the sensitivity of MVPT to climate change. 

8.4 Climate Change Impact 

This section introduces the impact of annual average climate variability into the MVPT 

analyses. It uses the outcome of all previous chapters and aims to explore the impact that 

climate change and the resultant effect on individual technologies has on MVPT output and 

potential optimal mixes on the efficient frontier using the 2020s and 2050s technology costs 

and constraints, and comparing MVPT output for the 2050s and 2080s climate, with output 

for the baseline climate. 

8.4.1 Sensitivity of MVPT curve for 2020s costs wit h 2020s constraints  

This section uses MVPT to explore 2020 costs for the baseline, 2050s and 2080s climates. 

Shown in Figure 8-20 is the 2020s efficient frontier for the cost projections with 2020 

technology constraints. The green line is the baseline climate (section 8.3.2.1). Shown in 

solid orange is the efficient frontier generated when using the resource output values for a 

2050s medium emissions climate with 50% probability level; shown in the broken orange 

lines are the efficient frontiers generated using the 10% and 90% probability levels for the 

2050s. The solid and broken blue lines represent the 2080s climate. 
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Figure 8-20: Efficient Frontier for 2020s constraint s, 2020 costs, and 2050s & 2080s climate. 

Overall, there are shifts in costs upwards and some increase in risk. This applies not only to 

the 50% climate probability but also the range, particularly so on the higher cost side. As can 

be seen there is substantial cost and risk sensitivity which both vary in sensitivity depending 

on the point on the efficient frontier and the resulting mix of technologies at that point. To 

explore further the variability of the cost, risk and mix at point A is investigated. Table 8-13 

shows the cost variability (maintaining baseline risk) and risk variability (maintaining 

baseline cost) at Point A for the 2050s and 2080s climates. 

 

Cost changes to optimal mix at ‘Point A’ - keeping risk stationary 
Climate Cost Variability (£/MWh) 

Baseline Climate 93.5 
2050s Medium Emissions 50% (10%, 90%) 94.2 (97.1, 91.9) 
2080s Medium Emissions 50% (10%, 90%) 94.7 (98.1, 92.0) 

Risk changes to optimal mix at ‘Point A’ - keeping cost stationary 

 Risk Variability (% points) 
Baseline Climate 7.0 

2050s Medium Emissions 50% (10%, 90%) 7.2 (8.3, 6.7) 
2080s Medium Emissions 50% (10%, 90%) 7.4 (8.6, 6.8) 

Table 8-13: Portfolio cost and risk sensitivity 

The 50% probability levels for the 2050s and 2080s increase in cost by 0.7 and 1.2 £/MWh 

respectively. The cost uncertainty between the 10% and 90% probability points are relatively 

large at 5.6 and 6.1 £/MWh respectively. 

The portfolio risk increases slightly by 0.2% and 0.4% points for both future climates at the 

50% probability level. The variability of risk between the 10% and 90% probability levels 

are 1.6 and 1.8 percentage points respectively for the 2050s and 2080s climates. 
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If the climate changes the energy output and cost of electricity will be affected. Technologies 

that use climate sensitive resource will change and in response the portfolio cost will change. 

The portfolio risk may be affected too, but to a lower extent. If the overall portfolio cost is to 

stay at the same level after any climate change then the mix will need to alter, which will 

alter the expected risk. 

Table 8-14 shows the changes in mix required to maintain an optimal mix at the same overall 

cost over different climate change scenarios. It is the more expensive of the renewables, far 

offshore wind and wave, and coal that reduce. Gas and gas with CCS, increase to maintain 

the overall cost. The mixes for the lower 10% probability levels also generate more CO2 and 

increase overall portfolio risk. For the 2050s and 2080s at 50% probability level the overall 

risk increases from the 7.0% baseline level, to 7.2% and 7.4% respectively. C02 emissions 

reduce slightly for the 2050s due to coal being replaced with gas. However, by the 2080s, 

gas has increased further to displace some far offshore wind, this results in a slight increase 

of CO2 emission levels relative to baseline levels. 

 

 Baseline 2050 
50% 

2050 
10% 

2050 
90% 

2080 
50% 

2080 
10% 

2080 
90% 

Gas (TWh) 112.2 121.3 169.1 101.8 133.8 178.4 103.4 
Gas with CCS (TWh) 5.0 5.0 5.0 0 5.0 5.0 0 

Coal 5.3 0 0 20.7 0 0 19.1 
Coal with CCS (TWh) 5.0 5.0 5.0 5.0 5.0 5.0 5.0 

Nuclear (TWh) 100 100 100 100 100 100 100 
Onshore Wind (TWh) 60 60 60 60 60 60 60 
Offshore Wind (TWh) 50 50 50 50 50 50 50 

Far Offshore Wind (TWh) 50 46.2 0 50 33.7 0 50 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 12.5 12.5 10.9 12.5 12.5 1.6 12.5 

Tidal Stream (TWh) 12.5 12.5 12.5 12.5 12.5 12.5 12.5 
Solar PV (TWh) 12.5 12.5 12.5 12.5 12.5 12.5 12.5 
Cost (£/MWh) 93.5 93.5 93.5 93.5 93.5 93.5 93.5 

Risk (%) 7.0 7.2 8.3 6.7 7.4 8.6 6.8 
CO2 (Million Tonnes) 51.0 49.8 69.1 60.6 54.9 72.9 59.8 

CO2 Reduction from 1990 (%) 75.0 75.6 66.1 70.3 73.1 64.3 70.7 

Table 8-14: Optimal mix change at ‘Point A’ to main tain overall cost at baseline climate value 
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As mentioned the risk stays largely constant if the mix does not change. Table 8-15 shows 

the changes in cost in order to maintain the same overall expected portfolio risk at the 

baseline value. The changes in proportion of the mix and CO2 emissions were negligible and 

not shown. It shows a cost change of 0.7% (3.9%, -1.7%) for the 2050s and 1.3% (4.9%, -

1.6%) for the 2080s.  

 

 Baseline 
2050 
50% 

2050 
10% 

2050 
90% 

2080 
50% 

2080 
10% 

2080 
90% 

Cost (£/MWh) 93.5 94.2 97.1 91.9 94.7 98.1 92.0 
Risk (%) 7.0 7.0 7.0 7.0 7.0 7.0 7.0 

Table 8-15: Optimal mix change at ‘Point A’ to main tain overall portfolio risk at baseline climate 
level 

8.4.2 Sensitivity of MVPT curve for the 2050s  

This section now repeats what was explored in section 8.4.1 using the wider 2050s 

constraints instead of the 2020s constraints. The efficient frontier curves for the different 

climates are shown in Figure 8-21. The cost and risk variability is shown for a mix at Point 

A. This has a much steeper curve than for the 2020s which is due to the reduced constraints 

on renewable technologies. 

 

Figure 8-21: Efficient Frontier for 2050s constraint s, 2020 costs, and 2080s climate. 

When comparing the baseline curve with the 2050s and 2080s 50% probability curves it can 

be seen that they both cross the baseline curve at around £80/MWh (8% risk). This is 

occurring above 8% risk because solar PV resource improves in the future climates and both 

offshore wind and wave are starting to tail off. Solar PV has then enough resource in the mix 

to counterbalance the negative effects of the renewable technologies that have reduced 

output due to climate change. This implies that future electricity generation mixes with 
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significant levels of Solar PV as part of the portfolio, will be more resilient to climate 

change. 

Looking at how the optimal mix at Point A is affected by climate change, Table 8-16 shows 

the change in the overall cost to maintain a stationary portfolio risk and overall risk to 

maintain portfolio cost over the changing climates for Points A, B and C. 

 

Portfolio Variability  Cost Variability (£/MWh) 
Point A Point B Point C 

Baseline Climate 86.0 95.1 73.9 
2050s Medium Emissions 

50% (10%, 90%) 
86.3 (89.8, 83.0) 95.7 (100.7, 91.7) 73.9 (75.0, 71.6) 

2080s Medium Emissions 
50% (10%, 90%) 

86.7 (90.7, 83.0) 96.5 (101.5, 91.7) 73.9 (75.0, 71.6) 

 Risk Variability (% points) 
Baseline Climate 6.0 4.5 10.0 

2050s Medium Emissions 
50% (10%, 90%) 

6.1 (6.9, 5.3) 4.6 (4.3, 5.1) 10.0 (9.1, 10.4) 

2080s Medium Emissions 
50% (10%, 90%) 

6.2  (7.0, 5.3) 4.7 (4.3, 5.3) 10.0 (9.1, 10.4) 

Table 8-16: Portfolio cost and risk sensitivity 

Table 8-17 and Table 8-18 show the details of changes in mix necessary to keep overall cost 

and risk stationary respectively over changing climates for Point A. As can be seen it is the 

more expensive renewables (wave, far offshore wind and offshore wind) that reduce in 

proportion of mix slightly in the 2050s and 2080s altered climates with 50% probability, due 

to the reduction in wind resource. The reduction in renewables is replaced by increasing 

nuclear, coal with CCS and gas with CCS. Solar PV remains at its maximum extent. 
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 Baseline 
2050 
50% 

2050 
10% 

2050 
90% 

2080 
50% 

2080 
10% 

2080 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 17.5 22.6 33.3 25.6 25.7 36.5 26.1 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 11.5 17.6 29.2 23.5 21.2 32.7 24.1 

Nuclear (TWh) 121.3 121.8 140.7 90.6 124 142.8 90.5 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 74.7 75 71.9 75 75 63 75 

Far Offshore Wind (TWh) 0 0 0 11.2 0 0 10.1 
Hydro (TWh) 25 25 25 24.1 25 25 24.2 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 38 0 50 29 0 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 86 86.0 86.0 86.0 86 86 86 

Risk (%) 6 6.1 6.9 5.3 6.2 7 5.3 
CO2 (Million Tonnes) 1.8 2.5 4 3.2 3 4.5 3.3 

CO2 Reduction from 1990 (%) 99.1 98.8 98.0 98.4 98.5 97.8 98.4 

Table 8-17: Changes in overall cost to maintain bas eline risk value for Point A 

 

 Baseline 
2050 
50% 

2050 
10% 

2050 
90% 

2080 
50% 

2080 
10% 

2080 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 17.5 22.7 33.1 17.4 25.7 37.2 17.3 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 11.5 17.9 30.9 11.3 22 36 11.4 

Nuclear (TWh) 121.3 119.2 112.4 121.3 117.6 108.8 121.3 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 74.7 75 75 75 75 75 75 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 40.2 23.6 50 34.7 18 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 86 86.3 89.8 83 86.7 90.7 83 

Risk (%) 6 6 6 6 6 6 6 
CO2 (Million Tonnes) 1.8 2.6 4.2 1.7 3.1 4.8 1.7 

CO2 Reduction from 1990 (%) 99.1 98.7 98 99.1 98.5 97.6 99.1 

Table 8-18: Changes in overall risk to maintain bas eline cost value for Point A 

8.4.3 Sensitivity of MVPT to climate change of indi vidual technologies 

In previous sections 8.4.1 and 8.4.2 the analysis explores the collective sensitivity of MVPT. 

The following sub-sections investigate the impact individual technologies affected by annual 

average climate variability have on optimal portfolio mixes. Three optimal mix points (Point 

A, B and C) on the efficient frontier are chosen for closer investigation of each technology. 
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8.4.3.1 Onshore Wind 

Shown Figure 8-22 is the impact of onshore wind annual average variability for the 2080s 

climate on the efficient frontier. The input cost parameters are the 2020 cost projections and 

the constraints are the 2050 constraints. 

 
Figure 8-22: Impact of onshore wind annual average climate variability on optimal portfolio 

mixes 

The 2050 constraints limit onshore wind to a maximum of 15% of the total energy mix and 

throughout all locations on the efficient frontier for baseline and the 2080s 50%, 10% and 

90% the share of onshore wind is constant at its maximum constraint. 

The variability of overall cost to keep the risk the same as the baseline and risk to maintain 

the same cost for the three points (A, B and C) are shown in Table 8-19. There are marginal 

changes to both cost and risk for the 50% probability level. However, there is a significant 

cost increase beyond point B, towards the low extreme of cost. 

 

Onshore Wind Portfolio 
Variability  

Cost Variability (£/MWh) 
Point A Point B Point C 

Baseline Climate 86.0 95.1 73.9 
2080s Medium Emissions 

50% (10%, 90%) 
86.2 (86.7, 85.7) 95.2 (95.8, 94.7) 74.1 (74.7, 73.6) 

 Risk Variability (% points) 
Baseline Climate 6.0 4.5 10.0 

2080s Medium Emissions 
50% (10%, 90%) 

6.1 (6.2, 5.9) 4.6 (4.6, 4.5) 10.1 (10.3, 10.0) 

Table 8-19: Portfolio cost and risk sensitivity – on shore wind 

To maintain the same baseline cost by adjusting risk there are slight adjustments in the 

proportions of thermal plant technologies and offshore wind. 
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8.4.3.2 Offshore and Far Offshore Wind 

The 2050 constraints limit both offshore and far offshore wind to a maximum of 15% of the 

total energy mix. The mix of offshore wind varies from none in the lower cost regions of the 

efficient frontier, to its maximum constraint in higher cost regions. In Figure 8-23 there is 

quite a noticeable change in the efficient frontier when the impact of only offshore wind 

annual average climate variability on optimal portfolios is investigated. 

 

Figure 8-23: Impact of offshore wind annual average  climate variability on optimal portfolio 
mixes 

This is particularly noticeable in the higher cost, lower risk regions on the efficient frontiers. 

Risk increases as the portfolio cost increases. Table 8-20 shows the variability of cost to 

maintain risk and variability of risk to maintain overall cost value respectively when the 

efficient frontier and optimal mix is affected by the change in the future climate. 

 

Offshore Wind Portfolio 
Variability  

Cost Variability (£/MWh) 
Point A Point B Point C 

Baseline Climate 86.0 95.1 73.9 
2080s Medium Emissions 

50% (10%, 90%) 
86.7 (87.9, 85.6) 96.4 (99.0, 94.2) 74.0 (74.0, 73.8) 

 Risk Variability (% points) 
Baseline Climate 6.0 4.5 10.0 

2080s Medium Emissions 
50% (10%, 90%) 

6.2 (6.4, 5.9) 4.6 (4.8, 4.4) 10.0 (10.0, 9.9) 

Table 8-20: Portfolio cost and risk sensitivity – of fshore wind 

Offshore wind appears to be affected more by climate change than onshore wind, in terms of 

cost, risk and optimal fuel mixes, particularly in the higher cost regions. 
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Table 8-21 to Table 8-23 show the changes in mix required to maintain the same portfolio 

cost and risk, respectively for different climate scenarios at Point A, Point B and Point C 

respectively, on the efficient frontier shown in Figure 8-23. 

Point A sees a marked reduction in the share of offshore wind for the 2080s climate at 50% 

probability level from a baseline of 74.7 TWh to 60.3 (37.4, 75.0) TWh in order to maintain 

the overall cost of £86.0/MWh, the reduction in offshore wind is replaced with coal and gas 

with CCS and nuclear, the overall risk increases from 6.0% to 6.2% (6.4%, 5.1%). Far 

offshore wind is not in the mix. The change required to maintain the overall risk at the 

baseline climate level (6.0%) for future climates is not quite as dramatic but still reduces 

offshore wind to 65.2 (51.4, 75.0) TWh. Nuclear reduces also. Coal and gas with CCS 

increase to cover the shortfall. The overall cost increases from £86.0/MWh to £86.7 (£87.9, 

£85.6) / MWh. CO2 remains very low. 

 

  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 17.5 22 31.3 19.5 22.7 31 17.3 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 11.5 16.6 27.3 14.3 17.6 28.1 11.3 

Nuclear (TWh) 121.3 126.1 129 116.3 119.4 114.6 121.3 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 74.7 60.3 37.4 75 65.2 51.4 75 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 50 50 50 50 50 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 86 86 86 86 86.7 87.9 85.6 

Risk (%) 6.0 6.2 6.4 5.9 6.0 6.0 6.0 
CO2 (Million Tonnes) 1.8 2.4 3.8 2.1 2.5 3.8 1.7 

CO2 Reduction from 1990 (%) 99.1 98.8 98.2 99 98.8 98.1 99.1 

Table 8-21: Offshore Wind – Variability of optimal m ix at point A 

At Point B offshore wind is at its maximum constraint level for the baseline and 2080s 10%, 

50% and 90% probability level projections. Far offshore wind is also in the mix at 49.5 TWh 

for the baseline climate, falling to 37.8 (18.0, 49.5) TWh in the 2080s to maintain the 

baseline overall cost and falling to 48.1 (45.9, 51.0) TWh to maintain the overall baseline 

risk. The energy deficit, when baseline cost is maintained (£95.0 / MWh), is replaced with 

nuclear, hydro and lesser amounts of coal and gas - both with CCS. For baseline risk value 

(4.5%) to be maintained the deficit is replaced with nuclear, coal and gas both with CCS. 

The overall cost increases from £95.1/MWh to £96.4 (£99.0, £94.2) / MWh. 
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  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 25 25 25 25 25 25 25 
Gas with CCS (TWh) 4.1 5.2 8.7 3.6 5 6.7 3.2 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 34.3 34.7 37.8 34.3 35.5 37.7 33.1 

Nuclear (TWh) 48 56.1 65.9 42.7 47.4 45.8 48.7 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 75 75 75 75 75 75 75 

Far Offshore Wind (TWh) 49.5 37.8 18 57 48.1 45.9 51.0 
Hydro (TWh) 14 16.2 19.5 12.5 14 14 13.9 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 50 50 50 50 50 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 95.1 95 95 95 96.4 99 94.2 

Risk (%) 4.5 4.6 4.8 4.5 4.5 4.5 4.5 
CO2 (Million Tonnes) 13.4 13.5 13.9 13.4 13.6 13.8 13.3 

CO2 Reduction from 1990 (%) 93.4 93.4 93.2 93.4 93.3 93.2 93.5 

Table 8-22: Offshore Wind – Variability of optimal m ix at point B 

Point C is interesting as the baseline offshore mix has 25.7 TWh of offshore wind and no far 

offshore wind. The 2080s portfolio has 0 (0, 30.8) TWh of offshore wind to maintain cost 

and 0 (0, 28.2) TWh to maintain risk, at the baseline level. The deficit when cost is 

maintained is replaced largely with wave (21 TWh), which does not feature at all in the 

baseline mix. Gas with CCS is increased. Nuclear reduces slightly. When the baseline risk is 

maintained the deficit is replaced in a similar way as for maintaining cost. Cost and risk 

remain largely unchanged. 

 

  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 3.3 10 9.4 0 9.4 10 0 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 0 0 0 0 0 0 0 

Nuclear (TWh) 246 244.1 244.3 244.2 244.3 244.1 246.8 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 25.7 0 0 30.8 0 0 28.2 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 0 21 21.3 0 21.3 21 0 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 73.9 74 74 74 74 74 73.8 

Risk (%) 10 10 10 9.9 10 10 10 
CO2 (Million Tonnes) 0.1 0.4 0.4 0 0.4 0.4 0 

CO2 Reduction from 1990 (%) 99.9 99.8 99.8 100 99.8 99.8 100 

Table 8-23: Offshore Wind – Variability of optimal m ix at point C 
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8.4.3.3 Solar PV 

Solar PV is limited to a maximum 10% of the total energy mix by the 2050 constraints. 

Shown in Figure 8-24 is the change in the 2050s efficient frontier due to different Solar PV 

resource climates. The Solar PV mix is at its maximum constraint at each of the three points 

and for each of the climate scenarios. It can be seen that the 2080s climate which has greater 

solar resource actually improves the efficient frontier quite significantly, even when the 

proportion of solar in the energy mix is constrained to 10%. 

 
Figure 8-24: Impact of solar PV annual average clima te variability on optimal portfolio mixes 

The changes to overall cost and risk due to the different solar climate resources can be seen 

in Table 8-24. As can be seen there is a change in cost of -0.9 (0.1 -1.8) £/MWh at all three 

points. Risk reduces also, except at Point B where it is relatively stationary. 

Solar PV Portfolio 
Variability  

Cost Variability (£/MWh) 
Point A Point B Point C 

Baseline Climate 86.0 95.1 73.9 
2080s Medium Emissions 

50% (10%, 90%) 
85.1 (86.1, 84.2) 94.2 (95.2, 93.3) 73.0 (74.0, 72.1) 

 Risk Variability (% points) 
Baseline Climate 6.0 4.5 10.0 

2080s Medium Emissions 
50% (10%, 90%) 

5.8 (6.0, 5.6) 4.5 (4.5, 4.4) 9.7 (10.0, 9.3) 

Table 8-24: Portfolio cost and risk sensitivity – so lar PV 

The changes in  mix required to maintain the overall cost and risk values at Points A, B and 

C are shown in Table 8-25, Table 8-26 and Table 8-27.  

At Point A in maintaining the overall cost at the baseline level the overall risk changes by -

0.2% points (0.0%, -0.4%), CO2 emissions are reduced, this is achieved by slight changes to 

offshore wind gas and coal with CCS and nuclear. The mix in maintaining the overall risk at 

baseline levels stays stationary but changes the cost by -0.9 (+0.1, 01.8) £/MWh. 
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Technology  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 17.5 21.5 17.3 26.1 17.5 17.5 17.5 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 11.5 17.1 11.3 23.2 11.3 11.6 11.5 

Nuclear (TWh) 121.3 111.4 122.6 100.7 121.3 121.3 121.3 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 74.7 75 73.9 75 75 74.6 74.7 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 50 50 50 50 50 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 86 86 86 86 85.1 86.1 84.2 

Risk (%) 6.0 5.8 6 5.6 6.0 6.0 6.0 
CO2 (Million Tonnes) 1.8 2.4 1.7 3.2 1.7 1.8 1.8 

CO2 Reduction from 1990 (%) 99.1 98.8 99.2 98.4 99.1 99.1 99.1 

Table 8-25: Solar PV – Variability of optimal mix at p oint A 

At Point B the change in mix to maintain the baseline cost and to maintain the baseline risk 

has minimal effect on the other. There are slight changes in proportion of coal and gas with 

CCS, nuclear, far offshore wind and hydro. 

Technology  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 25 25 25 25 25 25 25 
Gas with CCS (TWh) 4.1 4.2 3.9 4.4 3.8 3.9 4 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 34.3 35.1 34 36 34.1 34.1 34.2 

Nuclear (TWh) 48 42.3 49.5 35.4 48.3 48.3 48.1 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 75 75 75 75 75 75 75 

Far Offshore Wind (TWh) 49.5 56 48.3 63.3 49.9 49.9 49.7 
Hydro (TWh) 14 12.5 14.3 10.8 13.9 13.8 13.9 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 50 50 50 50 50 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 95.1 95 95 95 94.2 95.2 93.3 

Risk (%) 4.5 4.5 4.5 4.4 4.5 4.5 4.5 
CO2 (Million Tonnes) 13.4 13.5 13.4 13.6 13.4 13.4 13.4 

CO2 Reduction from 1990 (%) 93.4 93.4 93.4 93.3 93.4 93.4 93.4 

Table 8-26: Solar PV – Variability of optimal mix at p oint B 

Point C on the efficient frontier has the largest variability of mix and cost and risk 

parameters out of the three chosen points to look more closely at. The risk values change -

0.3% (0%, -0.7%) to maintain the baseline cost with the proportions of offshore wind, wave 

and gas with CCS increasing, and nuclear reducing. 



 

202 

 

Technology  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 3.3 5.4 3.4 6.8 3.3 3.3 3.2 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 0 0 0 0 0 0 0 

Nuclear (TWh) 246 236 246.4 226.2 246 246 246 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 25.7 31.5 25.2 35.4 25.7 25.7 25.7 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 0 2.1 0 6.6 0 0 0 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 73.9 74 74 74 73 74 72.1 

Risk (%) 10 9.7 10 9.3 10 10 10 
CO2 (Million Tonnes) 0.1 0.2 0.1 0.3 0.1 0.1 0.1 

CO2 Reduction from 1990 (%) 99.9 99.9 99.9 99.9 99.9 99.9 99.9 

Table 8-27: Solar PV – Variability of optimal mix at p oint C 

8.4.3.4 Wave 

Wave is limited to a maximum proportion of 10% of the energy mix for the 2050 constraints. 

Figure 8-25 shows the change in the baseline efficient frontier for changes in wave energy 

due to climate change. The sensitivity of the efficient frontier curve to reduced wave 

resource is larger in the lower risk, higher cost areas where wave energy is close to, or at its 

upper constraint level. 

 

Figure 8-25: Impact of Wave Energy annual average cl imate variability on optimal portfolio 
mixes 

Table 8-28 shows the cost and risk sensitivity respectively of the efficient frontier at the 

chosen optimal mix Points A, B and C. 
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Wave Energy Portfolio 
Variability  

Cost Variability (£/MWh) 
Point A Point B Point C 

Baseline Climate 86.0 95.1 73.9 
2080s Medium Emissions 50% 

(10%, 90%) 
86.8 (87.3, 85.6) 96.0 (97.6, 94.7) 73.9 (73.9, 73.8) 

 Risk Variability (% points) 
Baseline Climate 6.0 4.5 10.0 

2080s Medium Emissions 50% 
(10%, 90%) 

6.2 (6.3, 5.9) 4.6 (4.8, 4.5) 10.0 (10.0, 9.9) 

Table 8-28: Portfolio cost and risk sensitivity –Wav e Energy 

Table 8-29 to Table 8-31 show the change in mix characteristics at Points A, B and C 

respectively on the efficient frontier. 

Technology  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 17.5 25.7 32.9 19.1 25.9 33.2 17.7 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 11.5 21.2 30.1 13.7 21.9 31.3 11.4 

Nuclear (TWh) 121.3 124.2 120.3 117.2 117.5 108.9 121.2 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 74.7 75 75 75 75 75 74.6 

Far Offshore Wind (TWh) 0 0 16.7 0 0 26.6 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 28.9 0 50 34.7 0 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 86 86 86 86 86.8 87.3 85.6 

Risk (%) 6.0 6.2 6.3 5.9 6.0 6.0 6.0 
CO2 (Million Tonnes) 1.8 3 4.1 2 3.1 4.2 1.8 

CO2 Reduction from 1990 (%) 99.1 98.5 98 99 98.5 97.9 99.1 

Table 8-29: Wave Energy – Variability of optimal mix at point A 

Technology  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 25 25 25 25 25 25 25 
Gas with CCS (TWh) 4.1 3.7 4.1 4 4.1 4 3.9 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 34.3 33.2 32.7 34.5 34.3 34.2 34.2 

Nuclear (TWh) 48 55.2 65.3 46 48 48.2 48.2 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 75 75 75 75 75 75 75 

Far Offshore Wind (TWh) 49.5 42.2 36.8 52.1 49.5 49.7 49.8 
Hydro (TWh) 14 15.7 18.2 13.4 14 14 13.9 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 50 42.9 50 50 50 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 95.1 95 95 95 96 97.6 94.7 

Risk (%) 4.5 4.6 4.8 4.5 4.5 4.5 4.5 
CO2 (Million Tonnes) 13.4 13.3 13.3 13.4 13.4 13.4 13.4 

CO2 Reduction from 1990 (%) 93.4 93.5 93.5 93.4 93.4 93.4 93.4 

Table 8-30: Wave Energy – Variability of optimal mix at point B 
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Technology  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 3.3 3.6 3.6 0 3.2 3.2 0 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 0 0 0 0 0 0 0 

Nuclear (TWh) 246 245.3 245.3 244.2 246 246 246.3 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 25.7 26.1 26.1 0 25.7 25.7 0 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 0 0 0 30.8 0 0 28.7 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 73.9 74 74 74 73.9 73.9 73.8 

Risk (%) 10 10 10 9.9 10 10 10 
CO2 (Million Tonnes) 0.1 0.1 0.1 0 0.1 0.1 0 

CO2 Reduction from 1990 (%) 99.9 99.9 99.9 100 99.9 99.9 100 

Table 8-31: Wave Energy – Variability of optimal mix at point C 

8.4.3.5 Hydro Energy 

Figure 8-26 shows the sensitivity of the baseline efficient frontier to the climate variability of 

hydro for the 2080s. Hydro is constrained to an upper limit of 5% of the energy mix. There is 

an overall cost increase of around £0.5/MWh and change in risk of 0.1 – 0.2% points. There 

is slightly more cost and risk variability towards portfolio mixes with higher risk. 

 
Figure 8-26: Impact of Hydro annual average climate  variability on optimal portfolio mixes 

Table 8-32 shows the cost and risk sensitivity of the efficient frontier to changing hydro. 

Hydro Portfolio Variability  Cost Variability (£/MWh) 
Point A Point B Point C 

Baseline Climate 86.0 95.1 73.9 
2080s Medium Emissions 50% 

(10%, 90%) 
86.5 (87.0, 85.8) 95.3 (95.6, 95.0) 74.4 (75.0, 73.7) 

 Risk Variability (% points) 
Baseline Climate 6.0 4.5 10.0 

2080s Medium Emissions 50% 
(10%, 90%) 

6.1 (6.3, 6.0) 4.5 (4.6, 4.5) 10.2 (10.4, 9.9) 

Table 8-32: Portfolio cost sensitivity for fixed por tfolio risk – Hydro Energy 
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Table 8-33 to Table 8-35 show the change in mix characteristics at Points A, B and C 

respectively on the efficient frontier. At Points A and B, hydro is generally below its upper 

constraint at the baseline and 2080s probability levels. At Point C, hydro is at its maximum 

for the baseline and 2080s climate.  

  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 17.5 17 16.5 18.2 17.4 19.4 17.5 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 11.5 10.6 10.5 12.5 11.8 14.5 11.5 

Nuclear (TWh) 121.3 126.4 134.1 119.3 121.8 123.8 121.3 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 74.7 72.5 73.4 75 75 75 74.7 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 24.8 17.6 25 24 17.4 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 48.8 47.7 50 50 50 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 86 86 86 86 86.5 87 85.8 

Risk (%) 6.0 6.1 6.3 6.0 6.0 6.0 6.0 
CO2 (Million Tonnes) 1.8 1.7 1.6 1.9 1.8 2.1 1.8 

CO2 Reduction from 1990 (%) 99.1 99.2 99.2 99.1 99.1 99 99.1 

Table 8-33: Hydro – Variability of optimal mix at po int A 

 

  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 25 25 25 25 25 25 25 
Gas with CCS (TWh) 4.1 3.9 3.9 4 3.8 7.9 3.8 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 34.3 34 34 34.2 34.3 32.4 33.9 

Nuclear (TWh) 48 51.3 54.4 47.6 48.9 48.2 47.9 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 75 75 75 75 75 75 75 

Far Offshore Wind (TWh) 49.5 47.3 45.6 49.9 50.1 49.7 50 
Hydro (TWh) 14 13.3 12 14.3 13 11.8 14.4 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 50 50 50 50 50 49.9 50 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 95.1 95 95 95 95.3 95.6 95 

Risk (%) 4.5 4.5 4.6 4.5 4.5 4.5 4.5 
CO2 (Million Tonnes) 13.4 13.4 13.4 13.4 13.4 13.4 13.4 

CO2 Reduction from 1990 (%) 93.4 93.4 93.4 93.4 93.4 93.4 93.4 

Table 8-34: Hydro – Variability of optimal mix at po int B 
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  Stationary Cost Stationary Risk 

 Baseline 
2080s 
50% 

2080s 
10% 

2080s 
90% 

2080s 
50% 

2080s 
10% 

2080s 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 3.3 3.5 24.6 4 3.7 3.7 3.3 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 0 0 0 0 0 0 0 

Nuclear (TWh) 246 250 250 243.2 245.9 245.9 246 
Onshore Wind (TWh) 75 75 75 75 75 75 75 
Offshore Wind (TWh) 25.7 21.5 0 27.8 25.4 25.4 25.6 

Far Offshore Wind (TWh) 0 0 0 0 0 0 0 
Hydro (TWh) 25 25 25 25 25 25 25 

Biomass (TWh) 50 50 50 50 50 50 50 
Wave (TWh) 0 0 0 0 0 0 0 

Tidal Stream (TWh) 25 25 25 25 25 25 25 
Solar PV (TWh) 50 50 50 50 50 50 50 
Cost (£/MWh) 73.9 74 74 74 74.4 75 73.7 

Risk (%) 10 10.2 10.4 9.9 10 10 10 
CO2 (Million Tonnes) 0.1 0.1 1 0.2 0.2 0.1 0.1 

CO2 Reduction from 1990 (%) 99.9 99.9 99.5 99.9 99.9 99.9 99.9 

Table 8-35: Hydro – Variability of optimal mix at po int C 

8.4.4 Comparison of individual and collective techn ology impact on optimal 
energy mixes 

This comparison gives an example of the cost and risk variability of an optimal mix to 

annual average climate variability of individual and collective technologies. The values are 

based on all analysis performed in sections 8.4.2 and 8.4.3. The technology parameters are 

for the 2050s and the climate is the 2080s, these have been chosen to explore the maximum 

annual average climate variability of the full range of time periods. It can be seen (Table 

8-36) that the cost of an optimal mix could vary by as much as 9.3 £/MWh or by as much as 

2.0 percentage points of portfolio risk. This would actually be more if it were not for solar 

PV which is the only technology that experiences an increased resource due to climate 

change. Offshore wind is the largest contributor towards the variability, though in this 

example it has an upper constraint of 30% of the energy mix which will allow it to cause 

more variability than others that are more constrained. 

Point B shows the largest cost and risk variability and Point C shows the lowest variability. 

There is a larger proportion of renewables at Point B due to it being a low risk mix, which 

many renewable technologies are. Point C is at the other extreme, being a low cost high risk 

mix with fewer renewable technologies in the mix.  
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Technology Upper 
Constraint 

Portfolio Cost Variability 
MWh 

Portfolio Risk Variability 
Percentage Points 

  Point A Point B Point C Point A Point B Point C 
Onshore Wind 15 1 1.1 1.1 0.3 0.1 0.3 
Offshore Wind 30 2.3 4.8 0.2 0.5 0.4 0.2 

Solar 10 1.8 1.1 1.9 0.4 0.1 0.7 
Wave 10 1.7 2.9 0.1 0.4 0.3 0.1 
Hydro 5 1.2 0.6 1.3 0.4 0.1 0.5 

All - 7.5 9.3 3.4 1.6 2 1.2 

Table 8-36: Cost and risk variability of optimal mi xes 

8.5 MVPT Summary 

The sensitivity of future optimal portfolio mixes to climate change has been investigated and 

it has been concluded that climate change could significantly change the cost and risk 

characteristics of optimal technology mixes and could also render the mix sub-optimal for a 

future climate. 

MVPT has been successfully employed to analyse the sensitivity of optimal electricity 

generation mixes to climate change. This has been performed for three technology cost 

projection time periods (2010, 2020 and 2050) and three climate periods (baseline, 2050s 

and 2050s). The climate change impact has been evaluated by comparing MVPT output for 

the baseline climate with probabilistic output for the 2050s and 2080s time periods. The 

probabilistic climate data allows the climate uncertainty to be captured within the results. 

Different required MVPT input parameters have been discussed and appropriate sets of 

values determined. Cost risk values were plotted for all individual technologies and these 

clearly showed the levelised cost uncertainty of solar PV, on- and offshore wind, wave and 

hydro, due to climate change. Also discussed and determined were different sets of 

technology mix constraint values for the MVPT analysis which were chosen specifically to 

suit the different time periods of interest. 
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9 Discussion and Conclusion 

9.1 Thesis Summary 

The thesis comprises of 9 chapters. Chapter 1 introduced the objectives, scope and 

contribution to knowledge. The hypothesis that the thesis aims to answer was stated as: 

Physical climate change will affect renewable energy resources in such a way that 

its impact may be likely to leave future optimal UK electricity generation portfolios 

sub-optimal. 

Chapter 2 was intended to equip the reader with sufficient, but not exhaustive knowledge and 

essential material to provide a background to the main topics of interest covered in the thesis. 

The literature review covered climate change, renewable energy resource and technologies, 

electricity generation economics and risk, security of supply, diversity, CO2 emission 

reduction, mean variance portfolio theory (MVPT) and its application in energy systems. 

Based on the outcome of the literature review a gap analysis identified that exploration of the 

impact of climate change on portfolios of electricity generation was a novel endeavour. An 

outline of the necessary framework of work to be undertaken in the rest of the thesis was 

given. It suggested that initial work focus on development of renewable resource models for 

a range of technologies, prior to bringing them together to estimate changes to cost and risk. 

Chapter 3 explored the spatial variation of solar energy resource across the UK and 

developed a monthly average model of solar radiation. It then investigated the impact 

climate change could have on the resource and output (TWh) from solar photovoltaic (PV) 

cells. Accurate estimations of mean monthly solar radiation resource were generated and 

validated from mean monthly sunshine duration measurement data. Baseline models of 

present climate UK solar radiation, solar PV output on the horizontal plane and at an optimal 

south facing inclination was developed and validated. UKCP09 probabilistic data was then 

used to show relative monthly climate change impact over the UK for the 2050s and 2080s. 

The results showed that by the 2050s, with a medium emissions scenario, the UK will see an 

overall solar radiation annual increase of 2.6% (within a range of -1.1% to 6.5%). Summer 

months will see increases of up to 7.9% (within a range of -0.2% to 18.1%) in the south 

west, these reduce further north with decreases of up to -2.9% (within a range of -10.8% to 

1.8%) in the north of Scotland. Winter months show a reduction throughout the UK with 

extremes of -7.6% (within a range of -25.2% to 10.1%) in mid-west Scotland. This showed 

that most parts of the southern UK will get sunnier and benefit from increased solar energy 
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resource in summer, while the relatively poor resources in the north will decrease slightly. 

All regions in winter will have increased cloud cover and slightly reduced solar energy 

resource. 

Chapter 4 explored UK monthly average onshore wind resources for the current, 2050s and 

2080s climates. Monthly gridded sets of observed onshore wind speed data were used to 

generate a baseline wind speed and wind energy resource model. The actual positions and 

sizes of all known operating and potential future wind farm locations were projected onto the 

baseline wind energy output model before output for each of the locations were collected and 

accumulated to create a UK onshore wind energy model that closely reflected the actual 

present and future distribution of UK onshore wind farms. In the absence of UKCP09 

probabilistic projections for wind, output from the HadRM3 ensemble runs were used to 

generate probabilistic wind climate change projections for the 2050s and 2080s periods. The 

changes were applied to the baseline wind speed model and future wind energy output was 

generated for the 2050s and 2080s and changes in the accumulated UK onshore wind farm 

resource were explored. The 2050s appear to indicate slight negative changes in wind speed 

ranging in the extreme to approximately -5.0% (-10.5% to 0.4%) in the 2050s and -6.9% (-

12.8% to -1.0%) in the 2080s. The results showed that the overall annual wind energy output 

from all onshore wind turbine sites in operation and planned is estimated to be in the region 

of 38 TWh with the current climate. It is estimated that climate change could change this by 

-0.6% (-5.6% to 4.1%) for the 2050s and -1.4 (-6.7% to 3.5%) for the 2080s. The future 

onshore wind energy resource is more seasonally variable, with (slight) increases in winter 

months, when resource is at its best; and (slight) decreases in some summer months. 

Chapter 5 explored the UK offshore wind resource model for the current, 2050s and 2080s 

climates using averaged monthly wind speed data from the HadRM3 data set. A UK offshore 

wind farm baseline resource model was created to closely reflect the actual present and 

future distribution of offshore wind farms. Monthly averaged output (TWh) for each location 

were collected and accumulated to complete the UK offshore wind farm resource model. 

Projected wind energy models for the 2050s and 2080s were created in the same way as 

described for the baseline models. The projected climate variability of wind speed wind 

energy and the UK offshore wind farm resource model was explored by comparing the 

baseline data with the projected future data. The results showed negative annual average 

climate changes in wind speed of typically -1.8% (-9.3% to 1.6%) for the 2050s medium 

emissions scenario and -3.0% (-8.1% to 2.0%) for the 2080s. The overall annual wind energy 

output from all offshore operational and potential wind turbine sites is estimated to change 
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by -2.1% (-7.6% to 2.8%) for the 2050s and -1.4 (-6.7% to 3.5%) for the 2080s. The intra-

annual climate changes show the future offshore wind energy resource to be more seasonally 

variable. In summer months when resource is lower there is a significant reduction. July has 

an estimated change of -3.3% (-22.4% to 14.7%) for the 2050s and -8.5% (-28.3% to 

11.0%). In comparison, January has a change of 0.0% (-1.2% to 0.4%) for the 2050s and -

0.3% (-1.8% to 0.3%) for the 2080s. 

Chapter 6 investigated and discussed other electricity generation technologies that may be 

affected by climate change. The potential sensitivity of wave energy resource to climate 

variability was examined by converting baseline and future wind speed data at specific 

locations to wave resource using a first generation wave model, and to wave energy 

production estimates using the power curve of a wave energy converter. The results showed 

that by the 2050s for a medium emissions scenario, the projected annual average output of 

the WEC used in this study, will change by approximately -1.4% (-7.0 to 3.4) in the far north 

to -3.8% (-10.4 to 2.5) in the far south. In the 2080s changes are stated as -2.7% (-9.2 to 3.0) 

in the far north to -5.2% (-13.3 to 2.1). The intra-annual climate variability show the resource 

will be more seasonably variable with winter months (which typically have larger resource 

than summer months) having a slight decrease in wave resource (typically -0.25% (-0.4 to 

0.1) for the 2050s), and summer months experiencing a substantial reduction which appears 

to increase towards more southerly locations.  Changes in hydropower resource were based 

on complex hydrological analysis by Duncan (2012). The capacity factor figures are based 

on modelled hydropower plants in 5 catchment areas in Scotland. The resource for the 

baseline and future time periods have been estimated by modelling river flow in the 

catchment areas using observations for the baseline period (1961-1990) and output from the 

UKCIP09 (2009) weather generator for the 2050s medium emissions scenario respectively. 

The results indicate an overall annual change in energy output of approximately -4.0% (6.3% 

to -14.3%) for the 2050s medium emissions climate. There is an increase in winter months of 

approximately 2.4% (-2.2% to 7.2%) in December. However, in summer there are significant 

reductions in production, approximately -29.5% (-11.1% to 47.9%) in August. Other 

renewable and non-renewable generation technologies were not examined in this work. 

Chapter 7 developed sets of levelised cost estimations for different generation technologies 

including renewable and non-renewable technologies. Its aim was to provide a coherent and 

comparable set of figures for portfolio analysis. A study of the sensitivity of levelised costs 

of technologies to varying discount rates was also performed to highlight how technologies 

were affected in different ways. This showed levelised costs to be very sensitive to discount 
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rate for capital intensive technologies, such as renewables, and much less sensitive for 

technologies that have higher levels for fuel and CO2 costs throughout the lifetime of the 

project. Sample cost projections were delivered for 2010, 2020 and 2050 and these were 

combined with annual average climate variability estimates to create a range of changes in 

cost of generation under climate change. These showed substantial variability in response. 

Finally, Chapter 8 brought together the data and findings from previous chapters and used 

them as input to MVPT analysis to test the hypothesis. MVPT was successfully used as an 

analysis tool to explore the sensitivity of optimal electricity generation mixes to climate 

change. This was performed for three technology cost projection time periods (2010, 2020 

and 2050) and three climate periods (baseline, 2050s and 2080s). The climate change impact 

was evaluated by comparing MVPT output for the baseline climate with probabilistic output 

for the 2050s and 2080s time periods. The probabilistic climate data allowed the climate 

uncertainty to be captured within the results. The results showed that climate change could 

significantly change the cost and risk characteristics of optimal portfolio mixes. As an 

example, for a portfolio mix comprising largely of wind, wave, solar and nuclear, the 2080s 

climate changed an optimal mix baseline climate cost of £95.1/MWh to £96.5/MWh, or the 

baseline risk of 4.5% to 4.7% (4.3%, 5.3%), when expressed in change of portfolio risk. 

9.2 Thesis Results 

In Chapter 8, using data and results from the previous chapters, it was demonstrated that the 

effects of climate change could affect renewable energy in such a way that its impact may be 

likely to leave future optimal UK electricity generation portfolios sub-optimal. The thesis 

hypothesis was tested using MVPT analysis with input technology cost-risk parameters to 

reflect 2010, 2020 and 2050. The MVPT analysis was run for different climate periods: 

current climate and probabilistic climate projections for the 2050s and 2080s using a medium 

emissions scenario. 

The main test case was performed using 2050 technology input parameters and constraint 

values. MVPT analyses were performed using technology resource for the baseline climate 

and the 2080s climate. The reason for choosing the 2050s technology period is that the 

MVPT constraints are more relaxed and the MVPT analysis is allowed to choose optimal 

mixes with larger proportions of renewables. The reason for choosing the 2080s is that this 

period has larger annual average climate variability than the 2050s. Three optimal mixes (A, 

B and C) were identified on the baseline optimal portfolio curve. ‘A’ is in a mid-point 
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optimal mix on the curve, ‘B’ is a low-cost optimal mix, and ‘C’ is a low-risk optimal mix. 

To measure change in portfolio two analyses are performed: the change in portfolio risk at 

the same cost as the current climate; and the change in portfolio cost at the same risk as the 

current climate. 

Example of the results: When MVPT analysis was run for the baseline climate, the optimal 

mix at ‘Point A’ had an expected cost and risk of £86.0/MWh and 6.0% respectively. 

However, with 2080s climate resource, the expected cost and risk values change. To 

maintain the expected portfolio cost at £86.0/MWh, the resulting expected risk will change 

by 0.2 (1.0, -0.3) percentage points, or by 3.3% (16.7% to -11.7%) in relative terms. The 

technology mix will need to change by values shown in Table 9-1. The main changes are a 

substantial reduction of wave energy which is replaced by a mix of coal and gas with CCS 

and some nuclear. There is a resulting effect of marginally increased CO2 emissions. 

 

Technology Actual Change to maintain cost Change to maintain risk 

 
Baseline 
 Mix A 

2080 
50% 

2080 
10% 

2080 
90% 

2080 
50% 

2080 
10% 

2080 
90% 

Gas (TWh) 0 0 0 0 0 0 0 
Gas with CCS (TWh) 17.5 +8.2 +19 +8.6 8.2 19.7 -0.2 

Coal 0 0 0 0 0 0 0 
Coal with CCS (TWh) 11.5 +9.7 +21.2 +12.6 10.5 24.5 -0.1 

Nuclear (TWh) 121.3 +2.7 +21.5 -30.8 -3.7 -12.5 0 
Onshore Wind (TWh) 75 0 0 0 0 0 0 
Offshore Wind (TWh) 74.7 +0.3 -11.7 +0.3 0.3 0.3 0.3 

Far Offshore Wind (TWh) 0 0 0 +10.1 0 0 0 
Hydro (TWh) 25 0 0 -0.8 0 0 0 

Biomass (TWh) 50 0 0 0 0 0 0 
Wave (TWh) 50 -21 -50 0 -15.3 -32 0 

Tidal Stream (TWh) 25 0 0 0 0 0 0 
Solar PV (TWh) 50 0 0 0 0 0 0 
Cost (£/MWh) 86 0 0 0 0.7 4.7 -3 

Risk (%) 6 +0.2 +1 -0.7 0 0 0 
CO2 (Million Tonnes) 1.8 +1.2 +2.7 +1.5 1.3 3 -0.1 

CO2 Reduction from 1990 (%) 99.1 -0.6 -1.3 -0.7 -0.6 -1.5 0 

Table 9-1: Change required to maintain baseline exp ected cost and expected risk at values for 
optimal mix A for the 2080s climate 

To maintain the expected portfolio risk at 6.0% the resulting expected cost will change by 

£0.7/MWh (£4.7/MWh to -£3.0/MWh) or by 0.8% (5.5% to -3.5%) in relative terms. 

The mix will need to change by values shown in Table 9-1. The main changes are similar to 

the previous results for maintaining cost but not quite as much reduction of wave energy and 

a small reduction in nuclear too. 

Each technology was also individually tested. The technology on test was changed from its 

baseline to 2080s climate resource. All others were kept at their baseline resource. The effect 
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of the individual technology on optimal portfolios was tested at each of the three optimal mix 

points (A, B and C) as described earlier. The figures shown in Table 9-2 describe the results. 

Solar PV is the only technology that reduces the portfolio cost and risk from baseline climate 

resource levels to 2080s medium emissions resource levels. This is due to increased solar 

resource. The other technologies increase the optimal mix costs and risks. The upper 

constraint on the technology needs to be taken into account when comparing between 

technologies. 

 

Technology Constraint Point A Point B Point C 
  Baseline Cost and Risk: 

£86.0 /MWh 6.0% 
Baseline Cost and Risk: 

£95.0 /MWh 4.5% 
Baseline Cost and Risk: 

£73.9 /MWh 10.0% 
  Cost Variability (£/MWh) 

Solar PV 10% 85.1 (86.1, 84.2) 94.2 (95.2, 93.3) 73.0 (74.0, 72.1) 
Onshore Wind 15% 86.2 (86.7, 85.7) 95.2 (95.8, 94.7) 74.1 (74.7, 73.6) 

Offshore 
Wind 

30% 
86.7 (87.9, 85.6) 96.4 (99.0, 94.2) 74.0 (74.0, 73.8) 

Wave 10% 86.8 (87.3, 85.6) 96.0 (97.6, 94.7) 73.9 (73.9, 73.8) 
Hydro 5% 86.5 (87.0, 85.8) 95.3 (95.6, 95.0) 74.4 (75.0, 73.7) 

  Risk Variability (% points) 
Solar PV 10% 5.8 (6.0, 5.6) 4.5 (4.5, 4.4) 9.7 (10.0, 9.3) 

Onshore Wind 15% 6.1 (6.2, 5.9) 4.6 (4.6, 4.5) 10.1 (10.3, 10.0) 
Offshore 

Wind 
30% 

6.2 (6.4, 5.9) 4.6 (4.8, 4.4) 10.0 (10.0, 9.9) 

Wave 10% 6.2 (6.3, 5.9) 4.6 (4.8, 4.5) 10.0 (10.0, 9.9) 
Hydro 5% 6.1 (6.3, 6.0) 4.5 (4.6, 4.5) 10.2 (10.4, 9.9) 

Table 9-2: Cost and risk portfolio sensitivity of i ndividual technologies for the 2080s climate at 
optimal mix points A, B and C 

9.3 Thesis Conclusions 

The aim of the work in this thesis was to test the hypothesis that: 

Physical climate change will affect renewable energy resources in such a way that 

its impact may be likely to leave future UK electricity generation portfolios sub-

optimal. 

The results from the MVPT analysis, pulling in all the findings from the previous chapters, 

suggest the hypothesis to be true, although there is substantial uncertainty. 

All stages of the study (resource assessments for baseline and future climates, conversion to 

technology, levelised cost calculations, MVPT analysis) have been performed in an 

internally consistent and comparable way.  

The work undertaken to prove the hypothesis delivered several novel outcomes. 

• First analysis of probabilistic climate change on solar resource the UK; 
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• New model to convert the HadRM3 ensemble into a probabilistic structure ahead of 

the recent UKCP09 probabilistic wind speeds; 

• First analysis of probabilistic climate change on offshore wind; 

• First analysis to analyse future wave energy at multiple sites and within a 

probabilistic framework; 

• First multi technology study performed in an integrated way; 

• First to explicitly link portfolio theory and climate change; 

• First to include resource levels and uncertainty to MVPT; 

The thesis contribution to knowledge includes all the above novel findings as well as 

successfully completing the main objective which was investigate the impact of climate 

change on optimal electricity generation mixes. There are also several resource / energy 

resource maps of the UK for current and future probabilistic climates. The thesis outcome 

provides a toolkit containing tools that can be used to bring economic understanding towards 

climate change. The work covered in this thesis underpins a £1.4m EPSRC project titled 

‘Adaptation and Resilience in Energy Systems’ (ARIES). 

While the work does not explicitly consider adaptation, understanding the vulnerabilities of 

electricity generation technologies to climate change can help in adaptation of the energy 

system towards making it more resilient to climate change effects. There are many 

challenges in meeting energy reduction targets and changing to a low carbon system. The 

approach to the 2050 and the 80% GHG reduction target will see electricity generation 

system change dramatically. Mature and emerging renewable technologies will play a much 

larger role. This study highlights vulnerabilities in renewable technologies and optimal 

portfolios to climate change. 

Renewables can be matched to the resource of the specific locations. The matching should 

also incorporate expected climate variability. For example, wind farms to be situated in 

locations that are likely to experience increased wind speeds due to climate change could be 

deployed with a higher specification wind turbine design. 

Electricity generation mixes could take climate change into account. For example, solar PV 

resource and the climate change impact on the resource is negatively correlated with the 

resource of other technologies such as wind, wave and hydro technologies, and has the 

potential to counterbalance the negative effects of those renewable technologies. This has 

been clearly shown in section 8.4.2. One of Awerbuch’s important implications when 

discussing ‘essential portfolio-theory ideas’ and the fact that the environment is dynamic and 

has uncertainties, is that the relative value of electricity generation technologies should be 
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determined by evaluating alternative resource portfolios and not by evaluating the individual 

resources in isolation (Awerbuch 2006). This is definitely the case when evaluating the 

benefits of solar PV being a very diverse technology when compared to the intra annual 

characteristics of other renewable technologies. 

9.4 Thesis Limitations 

While the work has delivered a great deal, there are undoubtedly limitations. The thesis is 

very broad in the sense it covers many areas and each of these is individually suitable for 

PhD study. Due to the broadness and finite time of the PhD is was necessary to limit the 

complexity of the many models but to ensure they were as robust and effective as possible 

and that they captured the essence of each problem. It was considered whether a very deep 

analysis would deliver more insight towards the testing of the hypothesis. However,  it was 

decided that, except for potentially reducing some uncertainties, it probably wasn’t the case. 

The impact of climate change on optimal portfolios was investigated for only the ‘medium 

emissions’ scenario. This was due to the HadRM3 data set, required for wind speed, having 

only been run for the one scenario, which restricted the opportunity for cross comparisons. 

The MVPT analysis chapter focused on comparing the 2080s and baseline climate using 

2050 projection costs and constraints to prove the hypothesis. Ideally, the analysis would 

have been performed for several different combinations of costs and climate. 

Ideally, CO2 emissions from a chosen optimal mix would then trigger the future climate 

scenario to test the impact of the chosen optimal mix. For example, a mix with 90% CO2 

reduction may be aligned with the GHG emissions that represent the low emissions scenario, 

and a mix with only 50% CO2 reduction may be aligned with the high emission scenario. 

However, this would only be possible if the rest of the world were also aligned with the 

emission reductions, which may not be feasible. 

The MVPT analysis method fails to capture the intra-annual variability of renewable 

technologies and the added financial risk that this may add. Akin to Awerbuch’s fuel price 

volatility analysis in Chapter 2. All investigated technologies showed more extreme intra-

annual variability, but MVPT only captures the levelised cost value, which is calculated 

using the annual energy output, and the intra-annual variability of energy output does not 

feature in the calculation of risk. However, it is also worth pointing out that the intra-annual 

variability of fuel is not captured in the risk calculation of thermal plant risk. 
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The MVPT analysis performed in this study is based on historical cost co-variance data, 

which is generally the case with traditional MVPT analysis. However, there is uncertainty 

associated with how valid it is to assume future cost characteristics will remain the same as 

historical observations. There is also the argument that historical risk characteristics will not 

capture future events that have not previously happened. 

Levelised costs were generated for 2010 and 2020 technology input parameters. Ideally, 

costs for 2050 would also have been generated, but weighing up the inherent uncertainty of 

costs, and the confidence in projecting comparable costs 40 years into the future, it was 

decided to make an assumption that all technologies would advance in such a way that costs 

would stay relatively comparable from 2020 values. The 2050 values were used to represent 

advancement in deployment. A sensitivity study on discount rate was performed to highlight 

the way in which different technologies are affected by the discount rate; however, the effect 

of different discount rates on MVPT output has not been shown, neither has the sensitivity to 

varying fuel and CO2 costs.  

There are several renewable and non-renewable technologies not included in this thesis, that 

are potentially susceptible to climate change and the thesis would be more complete if it 

contained them. However, it is thought that the thesis includes the technologies that are most 

at risk from climate change. 

The conversion of resource to product has been performed using only one technology model 

in each case. Ideally, the analysis would feature several different devices to capture a more 

complete spectrum of devices. This is especially true for emerging technologies like wave, 

where there are many differing types of technology. 

There are many uncertainties associated with the different steps in the thesis, most of which 

have been highlighted throughout. It is very difficult to compare the magnitude of climate 

change uncertainty with the other uncertainties and would need an in depth review to 

accomplish this. The uncertainties all cascade together and inherently grow larger relative to 

the time period under investigation. Climate change uncertainty is just one in a basket of 

uncertainties all of which need consideration. 
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9.5 Recommendations for Further Work 

Below are recommendations of further work that could be undertaken to extend the work 

performed in this thesis. The list is not exhaustive, neither is it sorted by importance or level 

of contribution. Each recommendation would need to be properly assessed and weighed up 

against the additional resource and timescales it would require, prior to being actually 

performed. 

 

Include additional technologies susceptible to climate change in the overall analysis: 

• Thermal plant, tidal stream, biomass and biofuels, others. 

 

Improve MVPT analysis: 

• Find a method to incorporate the intra-annual and inter-annual variability of 

renewable resource into the MVPT risk analysis. Extend the method to incorporate 

intra-annual fuel risk for the non-renewable technologies. 

• Investigate and update the historical cost information that is the basis of the 

technology risk and cost correlations. Investigate other potential methods of 

estimating risk and diversity that can be applied to MVPT analysis of future time 

periods. 

• Look into incorporating a Monte Carlo simulation approach to add probability 

distributions of future fuel and CO2 cost and risk into the analysis. 

• Perform MVPT analysis on a larger set of input scenarios (climate time period, 

estimated costs, emissions scenarios). 

• Review the technology constraints for future time periods. Perform MVPT analysis 

on a larger set of constraint values for each future time period. 

 

Improve levelised cost values: 

• Include sets of levelised cost values that cover sensitivities of fuel price and CO2 

price variability, as well as uncertainties. 

• Generate levelised cost estimates for the 2050s. As discussed, this may take quite a 

lot of effort to generate values that are consistent and comparable for a time period 

so far into the future. 
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Improve Solar Resource Model: 

• Incorporate the hourly characteristics of baseline resource and future resource. The 

current model assumes uniform cloud cover over the day period. 

• Further investigate optimal angle using more detailed hourly time series data: This 

potentially could follow the method of Li et al. (2007) and possibly Lorenzo (2005). 

The method used by Li et al. used data over a year period with ten minute time 

samples. 

• Add more complexity into the conversion to technology, for example incorporating 

the temperature – efficiency relationship to the solar PV profile, and add more 

technical choices of technology. 

• Improve the modelling of technology deployment. Possibly distribute deployment 

relative to rooftop space as well as locations with the best resource. 

• Incorporate topology and shading into future resource assessment. 

 

Improve Wind Resource Model: 

• Possibly implement Weibull distribution in the wind analysis. This has the potential 

of more closely following actual wind characteristics. However, it is difficult to 

apply over large areas and requires local wind characteristic input. On reflection, 

unless the wind characteristics were analysed over many locations over the UK, the 

Rayleigh is potentially the better option due to the large are covered by the UK. 

• Implement roughness characteristics into the conversion of wind speed to different 

heights. This would improve the accuracy of conversion of wind speed to different 

heights. However, like the Weibull distribution, it is difficult to implement over 

large areas and requires local surface characteristic input. 

• Incorporate the Edinburgh Wind Model (Hawkins 2012) into the on- and offshore 

wind resource analysis. 

• Introduce other wind turbine characteristics to the model. Currently only one wind 

turbine profile is used in the analysis. 
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Improve Wave Resource Model: 

• Improve the complexity of the wave resource study by using a wave model driven 

by wind output from a RCM, which is ideally driven by the HadRM3 11-member 

ensemble. 

• Introduce other wave device characteristics to the model.  

 

Other general resource assessment improvements:  

• Incorporate current and future time series of data in the analysis. This would enable 

the study to consider changes that are not captured by the long-term average monthly 

data; for example, diurnal weather pattern changes and frequency of extreme 

weather. The UKCP09 weather generator output would potentially be a good tool to 

perform this, or the mesoscale weather model that will be developed in the ARIES 

project. 

 

Investigate whether possible to integrate / soft couple the model to the MARKAL model 

used in the UKERC 2050 project. 

9.6 Thesis Final Conclusion 

The thesis describes an attempt to assess the impact of climate change on optimal low carbon 

electricity generation technologies using MVPT analysis. Many areas are explored in 

differing detail in order to quantify the sensitivity of optimal electricity generation mixes to 

climate change. There are several gaps in the overall analysis but it is thought that this thesis 

is a reasonable and conclusive study which forms a credible basis for further exploration of 

the impact of climate change on electricity generation technologies and optimal portfolios. 
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Appendices 

Appendix A 

 

Figure A-1: Average solar radiation resource on hor izontal plane over the baseline time period. 

 

 

Figure A-2: Gains for different permanently fixed i nclination angles at extreme latitudes of the 
UK and average UK. 
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Figure A-3: Solar percentage changes from baseline f or 2050s medium emissions scenario 50% 
(10%, 90%) 
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Figure A-3 (continued): Solar percentage changes fro m baseline for 2050s medium emissions 
scenario 50% (10%, 90%) 
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Figure A-4: Solar percentage changes from baseline f or 2080s medium emissions scenario 50% 
(10%, 90%) 
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Figure A-4 (continued): Solar percentage changes fro m baseline for 2080s medium emissions 
scenario 50% (10%, 90%) 
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Figure A-6: Regional Average Change from Baseline i n Wm -2 for the 2050s and 2080s 
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Appendix B 

  
Figure B-1: UK baseline onshore average wind speed resource at 80m height for Spring and 

Summer 

 

 

  
Figure B-2: Seasonal onshore baseline capacity facto rs for spring and summer 
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Figure B-3 shows the percentage of time above cut out for winter and summer months. 

Winter months, due to the higher wind speeds are more likely to have a higher proportion of 

time above cut out. Many of the locations most affected are exposed hilly or mountainous 

locations; these are largely in the Highlands of Scotland. 

 

  
Figure B-3: Percentage of time in above cut out stat e for winter and summer months.  

Figure B-4 shows the percentage of time below cut in, where wind speeds are too low for the 

turbine to generate (below 3 m/s). It shows that summer months, with least wind resource 

have the locations with highest below cut in values. Lowlands in the South East and as well 

as sheltered locations in mountainous locations are mostly affected 

 

 
Figure B-4: Percentage of time in below cut in state  for winter and summer months.  
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Figures B-6 to B-8 show the percentage of time at rating, below rating and generating. At 

rating is when the turbine is running at its maximum capacity, in the case of the Vestas V90 

this is 3 MW. Below rated shows the percentage of time when generating at less than full 

capacity, which is when the output is on the actual curve of the power curve. Generating 

shows the percentage of time when generating, the value is equal to the sum of the values of 

below rating and at rating. It clearly shows that wind turbines operate for quite substantial 

proportions of the year. 

 

  
Figure B-6: Percentage of time at full rating for wi nter and summer months.  

 

  

Figure B-7: Percentage of time below rating for wint er and summer months. 
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Figure B-8: Percentage of time generating for winter  and summer months.  

 

Figure B-9 shows the change in proportion of time in the ‘above cut-out’ state for winter 

months. It can be seen that there are some locations showing significant reduction of time in 

the ‘above cut-out’ state. The locations are all relatively windy locations that have significant 

reduction in wind speeds projected for the 2050s and 2080s. Summer months are not shown 

as there were not any locations with any significant ‘above cut-out’ change due to relatively 

lower wind speeds in the summer months. 

   

Figure B-9: Projected Winter above cut-out change fo r the 2050s and 2080s medium scenario 
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Figure B-10 shows the projected change in the proportion of time in the ‘at rating’ state for 

2080s winter and summer months. The 2050s show the same trend but to a lesser degree. 

Summer months do not have as large a reduction as Winter months and is partly due to the 

baseline ‘at rating’ proportions being smaller in the summer months as well as lower wind 

speed reductions in the Summer months. The Winter months show more areas with 

significant reduction, especially in North and North West coastal areas in Scotland and the 

northerly islands (Shetland and Orkney). 

   
Figure B-10: Projected Winter and Summer at rating ch ange for the 2080s medium scenario 

Figure B-11 shows the projected change in the proportion of time in ‘generating’ state for 

state for 2080s winter and summer months. The 2050s show the same trend but to a lesser 

scale. In summer months the vast majority of change is a shift from ‘generating’ to ‘below 

cut-in’ due to reduced wind speeds. In winter months a small proportion of the change is also 

a shift from ‘generating’ to ‘above cut out’ due to some wind speed increases. 

   

Figure B-11: Projected Winter and Summer at rating ch ange for the 2080s medium scenario 
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Figure B-12 shows the projected change in the proportion of time ‘generating’ state for 

2080s winter and summer months. Most locations are showing an increase of 0.1 to 2% of 

time in the below cut-in state due to the largely lower wind speeds. The locations in red are 

mainly sheltered locations such as valleys with low baseline wind speeds. 

   

Figure B-12: Projected Winter and Summer below cut-in  change for the 2080s medium scenario 

 

Table B-1 shows the weighted average capacity factor change values for all included onshore 

wind farm locations for the 2050s and 2080s. 

 Projected Aggregate Capacity Factor Change From Baseline (%) – Assuming No Losses 

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DE C 

Baseline 41.9 49.8 48.2 48.7 42.0 37.9 36.4 31.6 30.9 40.8 43.3 46.4 47.9 

2050s 10% 39.6 47.5 46.0 46.7 40.3 35.2 33.7 28.4 26.2 37.5 41.8 45.2 46.9 

2050s 50% 41.7 49.4 47.3 48.4 41.6 37.3 36.8 31.7 29.3 39.7 43.3 47.0 48.5 

2050s 90% 43.7 51.0 48.7 49.8 42.7 39.6 39.6 35.0 32.4 41.8 44.8 48.7 49.9 

2080s 10% 39.1 47.4 45.9 46.5 39.5 34.6 33.2 27.4 24.8 36.7 42.02 45.4 46.2 

2080s 50% 41.3 48.9 47.5 47.7 41.2 37.2 36.4 30.8 28.6 39.1 43.7 47.0 48.1 

2080s 90% 43.4 50.3 48.9 48.7 42.7 39.7 39.5 34.0 32.2 41.6 45.2 48.5 49.6 

Table B-1: Projected Aggregate Capacity Factor Chang e from Baseline - assuming no losses 
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Appendix C 

 

 
Figure C-1: Wind Speed Comparison of Barrow Offshore  Wind Farm Location 

 

 
Figure C-2: Wind Speed Comparison of Scroby Sands Offs hore Wind Farm Location 

 

C.1 Barrow Offshore Wind Farm 

The Barrow Offshore Wind Farm has been operational since September 2006. It comprises 

30 Vestas V90 3 MW turbines at a hub height of 75 m, which makes it very similar to the 

generic parameters used to create the modelled baseline energy values. The Barrow Wind 

Farm anticipates annual energy production to be 305 GWh (BOW 2008). The modelled 

baseline energy data estimates the value at 336.5 GWh but assumes 100% technical 

availability and does not include any losses. 
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Figure C-3 shows the location of Barrow Wind Farm within the baseline gridded energy 

model showing capacity factor. Each cell is 25km2. The cell which contains Barrow (X) and 

5 other adjacent cells are highlighted. 

 

   

Figure C-3: Location of Barrow Offshore Farm on 25k m baseline gridded capacity factor model. 

Figure C-4 shows the capacity factor actual average (Real Avg) and model average for the 

Barrow site. The actual average is averaged over three operational years and the spread over 

those years (2008-2010) is indicated by bars. The model average is the value at location X 

average (Model Avg). There are too few samples of measured data for the average to show 

any long term characteristics but the modelled baseline values are indicative of the actual 

values; the 3 years characteristics approach the 30 year modelled baseline characteristics. 

There have been substantial maintenance issues resulting in reduced output, especially in 

2006 and 2007 and those particular years have not been included in Figure C-4. All 

gearboxes were exchanged, pitch systems were modified and generator bearings and rotor 

cables had to be changed to different types. Much of the high level of maintenance work was 

further hampered and delayed by excessive bad weather conditions (BERR 2004-2009). 

 

 

Figure C-4: Actual capacity factor data and modelle d baseline capacity factor (REF 2011). 
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C.2 Scroby Sands Offshore Wind Farm 

Scroby Sands was commissioned in 2004 and is one of the first offshore wind farms in the 

UK. It comprises of 30 V80 2 MW Vestas turbines at a hub height of 70 m. Figure C-5 

shows the location of the wind farm, the grid cell it falls within and adjacent cells. 

   

Figure C-5: Location of Scroby Sands Offshore Farm o n 25km baseline gridded capacity factor 
model. 

The modelled average capacity factor for the location and actual observed average capacity 

factor over 5 years of operation with spread are shown in Figure C-6. There is again too few 

years of real historical capacity factor data to perform any accurate comparisons of real to 

modelled baseline capacity factor. Scroby Sands has also suffered from a high level of 

operational issues that have hampered output. 

 

 
Figure C-6: Actual capacity factor data and modelle d baseline capacity factor 

C.3 Kentish Flats Offshore Wind Farm 
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Kentish Flats has been in operation since late 2005 and consists of 30 Vestas V90 3.0 MW 

wind turbines with a hub height of 70m. The location is shown in Figure C-7 and modelled 

and real capacity factor values are shown in Figure C-8. Kentish Flats has also suffered from 

many operational issues that have affected the availability over early years of operation.  

   

Figure C-7: Location of Kentish Flats Offshore Farm  on 25km baseline gridded capacity factor 
model. 

 

 

 
Figure C-8: Actual capacity factor data and modelle d baseline capacity factor 
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Name  
MW 

Capacity Factors (%) 

  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV D EC 

ROUND 1               

Barrow 90 42.7 55.4 54.0 48.5 39.5 32.2 29.0 29.4 32.3 39.3 47.9 51.7 53.7 

Burbo Bank 90 37.9 50.5 49.6 44.2 36.3 29.8 25.3 24.1 26.9 33.4 41.1 45.2 48.4 

Burbo Bank Ext’ 234 37.9 50.5 49.6 44.2 36.3 29.8 25.3 24.1 26.9 33.4 41.1 45.2 48.4 

Gunfleet Sands I 108 41.0 52.8 51.7 45.9 40.1 34.9 29.0 25.3 29.8 36.8 44.8 49.2 51.9 

Kentish Flats 90 40.8 52.4 51.6 45.6 39.6 34.2 29.0 25.1 29.6 36.3 44.5 49.2 52.2 

Kentish Flats II 51 40.8 52.4 51.6 45.6 39.6 34.2 29.0 25.1 29.6 36.3 44.5 49.2 52.2 

Lynn/Inner Dowsing 194.4 41.4 54.2 53.7 48.8 41.9 35.3 27.8 23.1 27.2 36.6 45.2 50.4 53.1 

North Hoyle 60 40.9 53.4 52.5 47.9 39.5 31.9 27.3 26.2 29.4 36.7 44.9 49.0 51.6 

Ormonde 150 42.7 55.4 54.0 48.5 39.5 32.2 29.0 29.4 32.3 39.3 47.9 51.7 53.7 

Rhyl flats 90 40.5 52.7 51.8 47.4 39.7 32.4 27.8 26.2 28.8 36.0 44.0 48.0 50.8 

Robin Rigg 180 41.0 52.4 51.7 47.8 41.1 33.3 28.1 26.6 28.6 37.0 45.7 49.1 50.8 

Scroby Sands 60 40.6 51.5 51.1 45.8 40.6 35.7 29.7 25.2 28.9 36.7 43.6 47.7 50.2 

Teesside 90 41.1 53.6 53.1 48.4 40.9 34.3 26.8 23.4 27.7 36.9 45.8 49.8 52.2 

Table C-1: Baseline Capacity factors for Round 1 wi nd farm locations 

 

Name 
 

MW 
Capacity Factors (%) 

  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV D EC 

ROUND 2               

Docking Shoal 500 45.1 56.4 56.0 52.4 45.3 38.9 31.2 26.0 31.4 42.1 50.8 54.6 56.1 

Dudgeon 560 46.7 56.7 56.2 52.9 46.7 40.8 33.4 28.6 34.8 45.5 53.0 55.5 56.5 

Greater Gabbard 504 45.8 56.0 55.4 50.7 44.8 39.3 33.9 29.7 34.7 43.3 51.2 54.5 55.8 

Galloper  504 45.8 56.0 55.4 50.7 44.8 39.3 33.9 29.7 34.7 43.3 51.2 54.5 55.8 

Gunfleet Sands II 64.8 41.0 52.8 51.7 45.9 40.1 34.9 29.0 25.3 29.8 36.8 44.8 49.2 51.9 

Gwynt Y Mor 750 40.5 52.7 51.8 47.4 39.7 32.4 27.8 26.2 28.8 36.0 44.0 48.0 50.8 

Humber Gateway 300 44.9 56.6 56.1 52.2 45.5 38.9 31.0 25.9 30.5 41.1 50.3 54.4 55.9 

Lincs 270 41.4 54.2 53.7 48.8 41.9 35.3 27.8 23.1 27.2 36.6 45.2 50.4 53.1 

London Array 630 45.1 55.7 55.1 49.8 44.0 38.4 32.8 28.7 34.1 42.2 50.6 54.3 55.5 

London ArrayII 370 45.1 55.7 55.1 49.8 44.0 38.4 32.8 28.7 34.1 42.2 50.6 54.3 55.5 

Race Bank 620 45.1 56.4 56.0 52.4 45.3 38.9 31.2 26.0 31.4 42.1 50.8 54.6 56.1 

Sheringham Shoal 317 46.7 56.7 56.2 52.9 46.7 40.8 33.4 28.6 34.8 45.5 53.0 55.5 56.5 

Thanet 300 45.4 56.0 55.2 50.3 44.2 38.7 33.1 29.2 34.7 42.8 50.6 54.2 56.1 

Thanet II 147 45.4 56.0 55.2 50.3 44.2 38.7 33.1 29.2 34.7 42.8 50.6 54.2 56.1 

Triton Knoll 1200 45.6 56.8 56.4 53.2 46.3 39.7 31.8 26.6 31.5 42.5 51.3 55.2 56.2 

Walney 183.6 42.7 55.4 54.0 48.5 39.5 32.2 29.0 29.4 32.3 39.3 47.9 51.7 53.7 

Walney Extension 183.6 42.7 55.4 54.0 48.5 39.5 32.2 29.0 29.4 32.3 39.3 47.9 51.7 53.7 

West Duddon 500 42.7 55.4 54.0 48.5 39.5 32.2 29.0 29.4 32.3 39.3 47.9 51.7 53.7 

Westernmost Rough 240 45.4 56.5 56.1 53.0 46.1 39.6 32.0 26.7 31.5 41.9 51.2 54.6 56.0 

Table C-2: Baseline Capacity factors for Round 2 wi nd farm locations 
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Name  
MW 

Capacity Factors (%) 

  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV D EC 

ROUND 3               

Bristol Channel 1500 44.4 55.3 54.7 51.3 45.0 37.8 33.0 29.7 31.4 38.7 48.8 52.8 54.6 

Dogger Bank 9000 48.7 56.7 56.6 54.7 49.6 43.3 37.3 33.6 38.4 48.1 54.1 56.0 56.5 

Firth of Forth 3500 47.4 56.7 56.4 54.1 48.0 40.8 34.5 31.2 36.0 46.0 53.4 55.5 56.5 

Hastings 600 43.8 54.0 53.0 48.9 44.0 38.6 34.0 30.9 33.5 38.3 46.3 51.0 53.2 

Hornsea 4000 47.4 56.8 56.6 54.0 48.0 42.0 35.1 30.6 35.2 45.8 53.0 55.6 56.6 

Irish Sea 4200 47.6 56.5 56.6 55.0 49.1 41.4 34.9 32.0 35.5 45.0 53.1 55.7 56.4 

Norfolk 7200 47.1 56.3 55.9 52.1 46.6 41.4 35.6 31.2 36.5 45.7 52.5 55.2 56.2 

West Isle of Wight 900 47.2 56.6 56.3 54.0 48.9 41.8 36.2 32.2 34.8 41.9 51.5 55.4 56.4 

Moray Firth 1300 47.6 56.7 56.6 55.2 50.1 42.5 34.7 30.3 34.3 45.1 53.1 55.5 56.5 

Table C-3: Baseline Capacity factors for Round 3 wi nd farm locations 

 

Name 
 

MW Capacity Factors (%) 

  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV D EC 

SCOTTISH               

Argyll 1500 50.1 56.3 56.7 56.1 52.0 45.0 39.2 36.8 40.3 50.0 55.4 56.8 56.8 

Beatrice Demo 10 46.0 56.7 56.5 54.8 48.9 40.6 32.0 27.1 30.8 42.4 51.8 54.7 56.4 

Beatrice 920 47.6 56.7 56.6 55.2 50.1 42.5 34.7 30.3 34.3 45.1 53.1 55.5 56.5 

Forth 280 46.6 56.5 56.2 53.5 46.7 39.5 33.0 29.8 34.9 45.0 52.7 55.1 56.2 

Inch Cape 905 46.6 56.5 56.2 53.5 46.7 39.5 33.0 29.8 34.9 45.0 52.7 55.1 56.2 

Islay 680 50.4 56.2 56.5 56.1 52.1 45.5 39.6 38.0 41.8 50.4 55.7 56.6 56.7 

Kintyre 378 47.8 56.3 56.2 54.5 48.8 41.7 35.5 33.7 36.8 45.9 53.3 55.1 56.1 

Neart na Gaoithe 300 46.6 56.5 56.2 53.5 46.7 39.5 33.0 29.8 34.9 45.0 52.7 55.1 56.2 

Solway Firth 300 41.8 53.1 52.5 48.8 42.0 34.1 29.1 27.7 29.7 37.8 46.3 49.6 51.3 

Wigtown Bay 280 47.6 56.8 56.3 54.4 48.7 41.2 35.0 33.1 35.5 45.0 53.2 55.6 56.5 

               

OTHERS               

Blyth 4 41.4 52.8 52.7 48.4 41.3 34.8 28.2 24.6 28.9 37.8 46.0 49.2 51.5 

Tunes Plateau 250 48.6 56.3 56.4 55.0 49.6 43.1 36.7 34.8 38.4 47.1 53.9 55.6 56.2 

Aberdeen 150 46.8 56.4 56.3 53.9 47.6 40.5 34.0 30.2 34.0 44.5 52.7 55.0 56.2 

Table C-4: Baseline Capacity factors for Scottish Exc lusivity and ‘other’ wind farm locations 
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Name MW Change in Capacity Factor from Baseline - 2050 Medium Scenario (50% Probability) 

  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV D EC 

Barrow 90 -0.66 -0.27 -0.92 -1.11 -0.64 -0.72 1.61 -0.37 -3.82 -3.00 -0.27 0.97 0.69 

Burbo Bank 90 -0.78 -0.40 -1.36 -1.28 -0.98 -1.04 1.35 -0.34 -3.53 -3.29 -0.51 1.17 0.91 

Burbo Bank Ext’ 234 -0.66 -0.27 -0.92 -1.11 -0.64 -0.72 1.61 -0.37 -3.82 -3.00 -0.27 0.97 0.69 

Gunfleet Sands I 108 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

Kentish Flats 90 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

Kentish Flats II 51 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

Lynn/Inner 
Dowsing 

194.4 -1.12 0.04 -0.98 -1.15 -1.19 -2.05 -0.32 -0.81 -3.14 -4.22 -0.95 0.83 0.5 

North Hoyle 60 -0.78 -0.40 -1.36 -1.28 -0.98 -1.04 1.35 -0.34 -3.53 -3.29 -0.51 1.17 0.91 

Ormonde 150 -0.66 -0.27 -0.92 -1.11 -0.64 -0.72 1.61 -0.37 -3.82 -3.00 -0.27 0.97 0.69 

Rhyl flats 90 -0.78 -0.40 -1.36 -1.28 -0.98 -1.04 1.35 -0.34 -3.53 -3.29 -0.51 1.17 0.91 

Robin Rigg 180 -1.41 -0.44 -0.94 -1.42 -1.62 -2.02 -0.23 -1.57 -5.14 -3.69 -0.66 0.37 0.46 

Scroby Sands 60 -0.68 0.34 -1.00 -0.62 -0.12 -1.06 0.07 -0.99 -2.32 -3.8 -0.71 1.34 0.68 

Teeside 90 -0.82 -0.57 -1.74 -0.94 -1.20 -1.44 0.27 0.28 -2.76 -2.9 -0.65 0.92 0.94 

Table C-5: Change in Capacity Factor from Baseline for Round 1 Wind Farm Locations - 2050s 
Medium Scenario with 50% Probability.  

 

Name MW Change in Capacity Factor from Baseline - 2050 Medium Scenario (50% Probability) 

  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV D EC 

Docking Shoal 500 -1.12 0.04 -0.98 -1.15 -1.19 -2.05 -0.32 -0.81 -3.14 -4.22 -0.95 0.83 0.5 

Dudgeon 560 -0.98 -0.16 -0.62 -0.9 -0.84 -1.44 0.17 -0.6 -3.37 -3.92 -0.94 0.59 0.27 

Greater Gabbard 504 -0.76 0.06 -0.68 -0.58 -0.25 -0.86 -0.3 -0.84 -2.45 -3.57 -0.85 0.92 0.27 

Galloper 504 -0.76 0.06 -0.68 -0.58 -0.25 -0.86 -0.3 -0.84 -2.45 -3.57 -0.85 0.92 0.27 

Gunfleet Sands II 64.8 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

Gwynt Y Mor 750 -0.78 -0.4 -1.36 -1.28 -0.98 -1.04 1.35 -0.34 -3.53 -3.29 -0.51 1.17 0.91 

Humber Gateway 300 -1.06 -0.2 -0.95 -1.05 -1.11 -1.78 -0.48 -0.68 -3.28 -3.48 -0.81 0.61 0.46 

Lincs 270 -1.12 0.04 -0.98 -1.15 -1.19 -2.05 -0.32 -0.81 -3.14 -4.22 -0.95 0.83 0.5 

London Array 630 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

London ArrayII 370 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

Race Bank 620 -1.12 0.04 -0.98 -1.15 -1.19 -2.05 -0.32 -0.81 -3.14 -4.22 -0.95 0.83 0.50 

Sheringham 
Shoal 

317 -0.98 -0.16 -0.62 -0.90 -0.84 -1.44 0.17 -0.60 -3.37 -3.92 -0.94 0.59 0.27 

Thanet 300 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

Thanet II 147 -0.65 0.43 -1.12 -0.71 -0.36 -1.03 -0.06 -0.55 -2.19 -3.27 -1.03 1.44 0.61 

Triton Knoll 1200 -1.23 -0.23 -0.73 -1.26 -1.53 -2.02 -0.63 -1.04 -3.42 -4.15 -0.65 0.46 0.38 

Walney I 183.6 -0.66 -0.27 -0.92 -1.11 -0.64 -0.72 1.61 -0.37 -3.82 -3.00 -0.27 0.97 0.69 

Walney 
Extension 

183.6 -0.66 -0.27 -0.92 -1.11 -0.64 -0.72 1.61 -0.37 -3.82 -3.00 -0.27 0.97 0.69 

West Duddon 500 -0.66 -0.27 -0.92 -1.11 -0.64 -0.72 1.61 -0.37 -3.82 -3.00 -0.27 0.97 0.69 

Westernmost 
Rough 

240 -1.06 -0.20 -0.95 -1.05 -1.11 -1.78 -0.48 -0.68 -3.28 -3.48 -0.81 0.61 0.46 

Table C-6: Change in Capacity Factor from Baseline for Round 2 Wind Farm Locations - 2050s 
Medium Scenario with 50% Probability.  
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Name MW Change in Capacity Factor from Baseline - 2050 Medium Scenario (50% Probability) 

ROUND 3  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DE C 

Bristol Channel 1500 -0.93 0.04 -0.76 -0.81 -0.58 -1.04 0.25 -0.48 -3.90 -3.88 -1.30 0.92 0.32 

Dogger Bank 9000 -0.74 -0.02 -0.22 -0.44 -0.99 -0.97 0.44 -0.56 -3.47 -2.77 -0.43 0.26 0.24 

Firth of Forth 3500 -0.68 -0.10 -0.27 -0.62 -0.86 -0.74 -0.18 -0.60 -3.35 -1.76 -0.08 0.30 0.10 

Hastings 600 -0.55 0.19 -0.69 -0.72 -0.78 -0.91 0.17 0.29 -1.61 -2.57 -1.57 1.19 0.42 

Hornsea 4000 -1.03 -0.05 -0.37 -0.72 -0.76 -1.63 0.01 -1.30 -3.58 -3.81 -0.66 0.39 0.10 

Irish Sea 4200 -1.98 0.02 -0.32 -1.13 -1.73 -3.13 -1.45 -3.11 -6.69 -5.12 -1.21 0.11 0.02 

Norfolk 7200 -0.75 0.07 -0.49 -0.51 -0.05 -0.86 0.12 -1.14 -2.81 -3.74 -0.63 0.81 0.26 

West Isle of 
Wight 

900 -1.06 0.22 -0.39 -0.74 -0.90 -1.39 -0.50 -0.58 -3.79 -3.68 -1.57 0.56 0.05 

Moray Firth 1300 -1.24 -0.08 -0.50 -0.80 -1.68 -2.21 -0.63 -1.14 -3.77 -2.43 -1.04 -0.41 -0.24 

Table C-7: Change in Capacity Factor from Baseline for Round 3 Wind Farm Locations - 2050s 
Medium Scenario with 50% Probability.  

 

Name MW Change in Capacity Factor from Baseline - 2050 Medium Scenario (50% Probability) 

SCOTTISH  ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC  

Argyll 1500 -1.14 0.42 0.01 -0.40 -0.73 -1.9 -1.09 -1.84 -4.75 -2.56 -0.51 -0.21 -0.11 

Beatrice Demo 920 -1.24 -0.08 -0.50 -0.80 -1.68 -2.21 -0.63 -1.14 -3.77 -2.43 -1.04 -0.41 -0.24 

Beatrice 10 -1.24 -0.08 -0.50 -0.80 -1.68 -2.21 -0.63 -1.14 -3.77 -2.43 -1.04 -0.41 -0.24 

Forth 280 -1.24 -0.08 -0.50 -0.80 -1.68 -2.21 -0.63 -1.14 -3.77 -2.43 -1.04 -0.41 -0.24 

Inch Cape 905 -0.68 -0.01 -0.37 -0.82 -0.90 -1.00 -0.13 -0.43 -3.23 -1.79 0.01 0.43 0.14 

Islay 680 -0.99 0.44 0.26 -0.41 -1.26 -2.46 -0.46 -1.13 -4.10 -2.45 -0.40 0.03 0.01 

Kintyre 378 -1.30 -0.03 -0.22 -0.93 -1.57 -2.84 -0.28 -1.16 -4.21 -3.37 -1.11 0 0.11 

Neart na Gaoithe 300 -0.82 -0.35 -1.37 -1.16 -1.12 -1.32 0 0.07 -3.12 -2.45 -0.49 0.83 0.63 

Solway Firth 300 -1.41 -0.44 -0.94 -1.42 -1.62 -2.02 -0.23 -1.57 -5.14 -3.69 -0.66 0.37 0.46 

Wigtown Bay 280 -1.77 -0.23 -0.38 -1.15 -2.03 -2.84 -0.46 -2.57 -5.54 -4.29 -1.36 -0.14 -0.27 

OTHERS               

Blyth 4 -0.82 -0.35 -1.37 -1.16 -1.12 -1.32 0 0.07 -3.12 -2.45 -0.49 0.83 0.63 

Tunes Plateau 250 -1.25 0.11 -0.42 -0.90 -1.36 -3.08 -0.09 -1.04 -4.34 -3.1 -0.91 -0.08 0.19 

Aberdeen 150 -0.68 -0.13 -0.60 -0.66 -0.74 -0.39 0.33 -0.75 -3.27 -1.79 -0.18 -0.03 0.07 

Table C-8: Change in Capacity Factor from Baseline for Scottish Exclusive Wind Farm 
Locations and others - 2050s Medium Scenario with 5 0% Probability.  
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Scenario Projected Aggregate Capacity Factor Change From Baseline (%) – Assuming No Losses 

 ANN JAN FEB MAR APR MAY JUN JUL AUG SEP OCT NOV DEC  

Baseline 46.82 56.23 55.94 53.14 47.33 40.86 34.69 31.07 35.44 44.85 52.21 54.89 55.94 

2050s 50% -0.97 0.01 -0.47 -0.72 -0.88 -1.42 -0.08 -1.04 -3.67 -3.32 -0.68 0.47 0.22 

2080s 50% -1.58 -0.18 -0.59 -1.61 -1.58 -1.52 -0.99 -2.64 -5.56 -4.12 -0.39 0.34 -0.04 

              

2050s 10% -3.55 -0.67 -1.42 -2.36 -2.61 -4.55 -4.3 -6.94 -9.44 -6.65 -2.35 -0.73 -0.34 

2050s 50% -0.97 0.01 -0.47 -0.72 -0.88 -1.42 -0.08 -1.04 -3.67 -3.32 -0.68 0.47 0.22 

2050s 90% 1.30 0.22 0.16 0.61 0.71 1.46 3.90 4.57 1.80 -0.33 0.73 1.21 0.46 

              

2080s 10% -4.48 -1.02 -1.69 -3.05 -4.36 -5.11 -5.72 -8.78 -11.49 -8.56 -2.30 -0.67 -0.78 

2080s 50% -1.58 -0.18 -0.59 -1.61 -1.58 -1.52 -0.99 -2.64 -5.56 -4.12 -0.39 0.34 -0.04 

2080s 90% 1.01 0.18 0.13 -0.35 0.89 1.78 3.48 3.40 0.15 -0.19 1.20 1.03 0.40 

Table C-9: Projected Aggregate Capacity Factor Chang e from Baseline - assuming no losses 
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Appendix D 

 
 

 
Figure D-1: Comparing Wind speed data for Orkney Lo cation 

 

 
Figure D-2: Comparing Wind speed data for Hebrides Location 

 

 

Figure D-3: Comparing Wind speed data for Cornwall Location 

Baseline Wind Speed Comparison - Orkney Location

0

2

4

6

8

10

12

14

jan feb mar apr may jun jul aug sep oct nov dec

W
in

d 
S

pe
ed

 a
t 1

9.
5 

m
 (

m
/s

)

HadRM3
UK Marine Atlas

Baseline Wind Speed Comparison - Hebrides Location

0

2

4

6

8

10

12

14

jan feb mar apr may jun jul aug sep oct nov dec

W
in

d 
S

pe
ed

 a
t 1

9.
5 

m
 (

m
/s

)

HadRM3

UK Marine Atlas

Baseline Wind Speed Comparison - Cornwall Location

0

2

4

6

8

10

12

14

jan feb mar apr may jun jul aug sep oct nov dec

W
in

d 
S

pe
ed

 a
t 1

9.
5 

m
 (

m
/s

)

HadRM3
UK Marine Atlas



 

252 

Significant Wave Height (m) 

 BERR Actual 
BERR from 
wind speed 

HadRM3 from 
wind speed 

Annual 1.99 2.11 2.21 
January 2.79 3.07 3.46 
February 2.64 2.86 3.31 
March 2.23 2.38 2.71 
April 1.96 2.04 2.08 
May 1.58 1.39 1.53 
June 1.38 1.32 1.2 
July 1.15 0.94 1.1 

August 1.35 1.22 1.27 
September 1.72 1.68 1.78 
October 2.07 2.53 2.33 

November 2.61 3.04 2.67 
December 2.52 2.83 3.1 

Table D-1: Orkney location significant wave height (Hs) comparison 

 

Significant Wave Height (m) 

 BERR Actual 
BERR from 
wind speed 

HadRM3 from 
wind speed 

Annual 2.71 2.64 2.35 
January 3.91 3.88 3.6 
February 3.53 3.55 3.4 
March 3.04 3.07 2.78 
April 2.6 2.26 2.13 
May 2.1 1.67 1.64 
June 1.94 1.81 1.34 
July 1.68 1.41 1.24 

August 1.87 1.69 1.42 
September 2.43 2.31 2 
October 2.88 3.19 2.57 

November 3.42 3.53 2.87 
December 3.31 3.27 3.24 

Table D-2: Hebrides location significant wave heigh t (Hs) comparison 

 

Significant Wave Height (m) 

 BERR Actual 
BERR from 
wind speed 

HadRM3 from 
wind speed 

Annual 2.09 2.07 2.05 
January 3.07 3.26 3.18 
February 2.62 2.6 3 
March 2.38 2.26 2.44 
April 1.82 1.64 1.87 
May 1.83 1.61 1.46 
June 1.45 1.24 1.24 
July 1.36 1.14 1.1 

August 1.35 1.19 1.17 
September 1.7 1.65 1.48 
October 2.47 2.65 2.12 

November 2.51 2.66 2.61 
December 2.58 2.92 2.95 

Table D-3: Cornwall location significant wave heigh t (Hs) comparison 
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Figure D-4: Orkney location - Projected Wind Speed c hange from baseline 

 

 

Figure D-5: Hebrides location - Projected Wind Speed change from baseline 

 

 

Figure D-6: Cornwall location - Projected Wind Speed change from baseline 
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Appendix E 

 

 

Table E-1: Hydro Plant baseline and 2050 medium emis sions Capacity Factors (Duncan 2012) 

 

 

  

Capacity Factor Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Oykel baseline mean + 2 * std dev 0.92 0.86 0.85 0.66 0.39 0.44 0.45 0.55 0.74 0.88 0.96 0.93

baseline mean 0.88 0.80 0.79 0.58 0.32 0.35 0.38 0.48 0.66 0.82 0.92 0.89
baseline mean - 2 * std dev 0.83 0.75 0.73 0.50 0.24 0.26 0.30 0.41 0.58 0.77 0.89 0.85

Oykel future mean + 2 * std dev 0.93 0.87 0.84 0.65 0.37 0.40 0.39 0.44 0.71 0.86 0.96 0.95
future mean 0.89 0.81 0.78 0.57 0.30 0.31 0.32 0.37 0.63 0.81 0.92 0.91
future mean - 2 * std dev 0.84 0.76 0.72 0.50 0.22 0.22 0.24 0.30 0.55 0.76 0.89 0.87
Ewe

Ewe baseline mean + 2 * std dev 0.92 0.87 0.84 0.65 0.46 0.44 0.48 0.55 0.75 0.90 0.93 0.92
baseline mean 0.85 0.79 0.76 0.57 0.37 0.35 0.40 0.46 0.66 0.83 0.87 0.87
baseline mean - 2 * std dev 0.77 0.71 0.68 0.49 0.28 0.26 0.31 0.37 0.58 0.75 0.81 0.82

Ewe future mean + 2 * std dev 0.96 0.92 0.89 0.68 0.47 0.43 0.42 0.46 0.75 0.91 0.97 0.97
future mean 0.89 0.83 0.80 0.60 0.38 0.34 0.33 0.37 0.66 0.84 0.91 0.91
future mean - 2 * std dev 0.82 0.75 0.72 0.52 0.29 0.25 0.25 0.28 0.58 0.77 0.85 0.86
Cree

Cree baseline mean + 2 * std dev 0.91 0.85 0.81 0.63 0.44 0.44 0.51 0.64 0.78 0.88 0.93 0.91
baseline mean 0.86 0.79 0.75 0.55 0.37 0.36 0.43 0.56 0.71 0.83 0.90 0.87
baseline mean - 2 * std dev 0.82 0.74 0.68 0.47 0.30 0.28 0.34 0.48 0.64 0.78 0.87 0.83

Cree future mean + 2 * std dev 0.93 0.88 0.80 0.61 0.42 0.35 0.39 0.46 0.71 0.86 0.95 0.93
future mean 0.88 0.82 0.74 0.53 0.35 0.27 0.31 0.38 0.64 0.82 0.92 0.89
future mean - 2 * std dev 0.83 0.77 0.68 0.45 0.28 0.19 0.23 0.30 0.56 0.77 0.89 0.85
Irvine

Irvine baseline mean + 2 * std dev 0.97 0.94 0.86 0.68 0.38 0.33 0.42 0.58 0.83 0.95 0.98 0.95
baseline mean 0.94 0.90 0.80 0.58 0.31 0.25 0.33 0.49 0.76 0.90 0.96 0.92
baseline mean - 2 * std dev 0.91 0.87 0.74 0.48 0.23 0.16 0.23 0.40 0.69 0.85 0.93 0.88

Irvine future mean + 2 * std dev 0.98 0.94 0.84 0.65 0.35 0.24 0.32 0.39 0.73 0.91 0.98 0.97
future mean 0.95 0.90 0.78 0.55 0.27 0.15 0.23 0.29 0.66 0.87 0.96 0.93
future mean - 2 * std dev 0.92 0.86 0.72 0.45 0.20 0.07 0.13 0.20 0.59 0.82 0.93 0.90
Deveron

Deveron baseline mean + 2 * std dev 0.98 0.95 0.90 0.74 0.53 0.40 0.37 0.49 0.64 0.84 0.96 0.99
baseline mean 0.95 0.91 0.83 0.65 0.44 0.31 0.28 0.38 0.53 0.76 0.91 0.96
baseline mean - 2 * std dev 0.91 0.86 0.77 0.57 0.35 0.22 0.19 0.27 0.42 0.67 0.85 0.92

Deveron future mean + 2 * std dev 0.99 0.97 0.90 0.71 0.50 0.32 0.28 0.36 0.54 0.81 0.97 1.00
future mean 0.95 0.93 0.84 0.63 0.40 0.23 0.19 0.25 0.43 0.72 0.92 0.96
future mean + 2 * std dev 0.92 0.88 0.78 0.54 0.31 0.14 0.11 0.15 0.32 0.63 0.86 0.93
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Appendix F 

CLIMATE CHANGE AND THE UK SOLAR ENERGY RESOURCE 
 

Dougal Burnett*1 and Gareth P. Harrison1 

 

1School of Engineering, University of Edinburgh, Edinburgh EH9 3JL, United Kingdom 
*Corresponding author, e-mail: d.burnett@ed.ac.uk 

 
Introduction 
Solar energy is the most abundant renewable energy source available on Earth. It presently 
counts for a very small proportion of generated energy, but growing concerns over climate 
change have helped stimulate a marked growth in implementation over recent years. This is 
set to dramatically increase as solar technologies mature and costs reduce. However, climate 
change will affect seasonal cloud cover and impact the available solar resource on the 
Earth’s surface. This study assesses the seasonal solar resource of the UK and investigates 
the impact climate change could have on the resource. It uses probabilistic regional climate 
change scenarios released as part of the United Kingdom Climate Projections study 
(UKCP09). 
 
Data and Methods 
A UK solar radiation resource baseline model was developed to represent the present 
climate. The main data source is 30 years of historical monthly averaged sunshine duration 
data (Met Office 2009). All sunshine data was first converted to solar radiation using a 
method described by Suehrcke (2000) then averaged over the 30 year period. Figure 1 shows 
baseline monthly average radiation resource for summer months (June, July and August). 
 
Validation of the conversion method (Suehrcke 2000) and the baseline model were 
performed by identifying UK Met Office weather stations measuring both solar radiation and 
sunshine duration parameters (Met Office 2006), then converting sunshine duration to solar 
radiation and comparing it to the actual measured solar radiation. Eighteen weather stations 
were found to meet these requirements and the comparisons were found to be very good. 
Data for locations on the baseline model where the weather stations are situated also 
compared well. 
 
The UKCP09 climate change projections provide probabilistic projections for a wide range 
of climatic variable including ‘total downward surface shortwave flux’ which is good 
indicator of solar resource. There are projections for seven 30 year time periods ranging from 
2010 to 2099, for three future emission scenarios (low, medium and high) representing 
alternative climate responses to levels of future emissions, as specified in the 
Intergovernmental Panel on Climate Change (IPCC) Special Report on Emissions Scenarios 
(SRES). The probabilistic projections give relative probability of different outcomes and are 
designed to capture modelling uncertainty. This study will adopt the probabilistic climate 
change method used by UKCP09 where the central estimate (50% probability) is followed, 
in brackets, by changes very likely to be exceeded and very likely not to be exceeded at (10 
and 90% probability). This study focuses on output for the 2050s. It was generated by 
projecting the UKCP09 climate change anomalies onto the baseline solar radiation model.  
 
Results 
All ranges have been examined and one is presented here. By the 2050s, under a ‘medium 
emissions’ scenario, summer months (Figure 1) show solar radiation increases of up to 7.9% 
(-0.2% to 18.1%) in the south west, these reduce further north with decreases of up to -2.9% 
(-10.8% to 1.8%) in the north of Scotland. Winter months show a reduction throughout the 
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UK with extremes of -7.6% (-25.2% to 10.1%) in mid west Scotland. This shows that most 
parts of southern UK will get sunnier and benefit from increased solar energy resource in 
summer, while the relatively poor resources in the north will decrease slightly. All regions in 
winter will have increased cloud cover and slightly reduced solar energy resource. The UK 
will see an overall annual increase of 2.6% (-1.1% to 6.5%), which is positive news for the 
viability of solar technologies, particularly in southern regions and would correlate well with 
increased use of air cooling systems due to the increased temperatures. However, the 
resource will be more seasonally variable and regional resource differences will be further 
reinforced. 

 
Figure 27. Present UK average solar radiation resource for summer months (jun, jul, aug) 
and a future climate change projection for the 2050’s. 
 
Conclusion 
Accurate estimations of mean monthly solar radiation resource have been generated from 
mean monthly sunshine duration measurement data using a method described by 
Suehrcke(2000). A baseline model of present climate UK solar radiation has been developed 
and validated. UKCP09 climate change projections have been used to show climate change 
impact in percent change relative from baseline. 
 
Acknowledgements 
© Crown Copyright 2009. The UK Climate Projections data have been made available by 
the Department for Environment, Food and Rural Affairs (Defra) and Department for Energy 
and Climate Change (DECC) under licence from the Met Office, Newcastle University, 
University of East Anglia and Proudman Oceanographic Laboratory . These organisations 
accept no responsibility for any inaccuracies or omissions in the data, nor for any loss or 
damage directly or indirectly caused to any person or body by reason of, or arising out of, 
any use of this data. 
 
References 
Suehrcke, H. 2000. On the relationship between duration of sunshine and solar radiation on 
the earth's surface: Angström's equation revisited. Solar Energy 68, pp. 417–425. 
 
UK Meteorological Office (2009a). UKCP09: Gridded Observation Data Sets. 25 km 
Gridded Data. Sunshine Duration Hours. Retrieved October 2009, from 
http://www.metoffice.gov.uk/climatechange/science/monitoring/ukcp09/download/index.ht
ml 
 



 

257 

UK Meteorological Office (2009b). UKCP09: Gridded Wind Speed Data Sets. 25 km 
Gridded Data. Sunshine Duration Hours. Retrieved October 2009, from 
http://www.metoffice.gov.uk/climatechange/science/monitoring/ukcp09/download/index.ht
ml 
 
 
UK Meteorological Office (2006). MIDAS Land Surface Stations data (1853-current). 
British Atmospheric Data Centre. Retrieved October 2009, from 
http://badc.nerc.ac.uk/data/ukmo-midas 
 
 
Boehme TA, Wallace R. Hindcasting hourly wind power across Scotland based on met 
station data. Wind Energy 2008; 11: 233–244. 
Harrison, G. P., Cradden, L. C., Chick, J.P. (2008). Preliminary assessment of climate 
change impacts on the UK onshore wind energy resource, Energy Sources, 30 (14), Sept 
2008, 1286-1299. Invited paper for Special Issue on "Global Climate Change and 
Sustainable Energy Development". Retrieved October 2011 from: 
http://www.see.ed.ac.uk/~gph/publications/EnergySourcesDraft.pdf 
 
 


	PhD coversheet April 2012
	Dougal Burnett PhD Thesis_Climate Change and Renewable Energ

