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1.1 The bigger picture: Addressing climate change mitigation 

and electricity access through the deployment of renewable 

energy sources  

Two major global challenges climate change mitigation and universal electricity access, can be 

addressed by large scale deployment of renewable energy sources (Alstone et al., 2015).  

Around 60% of greenhouse gas emissions originate from energy generation and 90% of CO2 

emissions are caused by fossil fuel combustion (PBL Netherlands Environmental Assessment 

Agency et al., 2015). Eliminating 80% of fossil fuel emissions would stop the rise in CO2 in the 

atmosphere but atmospheric concentrations would only decrease slowly with even further 

reductions (NOAA, 2015).  

Energy use patterns among the world's poor have remained virtually unchanged over the last 

century (Pachauri et al., 2013) and by 2012 still more than 1.1 billion people (one in five of the 

world’s population) lacked access to electricity and 40% of the world’s population relied on 

solid fuels for cooking with 87% of those living in rural areas (Sustainable Energy for All, 

2015), 50% in Sub-Saharan Africa and 38% in South Asia (International Energy Agency, 

2014a; Sustainable Energy for All, 2015). Reaching similar levels of demand as “super-

developed” countries without deploying low carbon energy sources would pose substantial 

global-scale climate risks (Diffenbaugh, 2013). 

The Paris Agreement (United Nations Framework Convention on Climate Change, 2015) aims 

at “holding the increase in the global average temperature to well below 2°C above pre-

industrial levels and pursuing efforts to limit the temperature increase to 1.5°C above pre-

industrial level, recognizing that this would significantly reduce the risks and impacts of climate 

change” and in order to do so “reach global peaking of greenhouse gas emissions as soon as 

possible…and to undertake rapid reductions thereafter … so as to achieve a balance between 

anthropogenic emissions by sources and removals by sinks of greenhouse gases in the second 

half of this century, on the basis of equity, and in the context of sustainable development and 

efforts to eradicate poverty”. Atmospheric concentration levels of about 450ppm CO2eq by 

2100 are likely1 to keep temperature increases to less than 2 °C relative to pre-industrial levels. 

Reaching 450ppm in 2100 requires a decrease in CO2eq emissions compared to 2010 of 

between 78% and 118% (Intergovernmental Panel on Climate Change and Edenhofer, 2014). 

This is a challenging target as already in March 2015 for the first time since the beginning of 

records, the CO2 concentration in the atmosphere reached more than 400ppm globally for a 

month (Dlugokencky and Tans, 2016). In order to keep atmospheric concentration below 

450ppm and as a result reach the 2°C target all countries which signed the United Nations 

                                                           

1 Likely means a 66 – 100% probability based on the probabilities calculated for the full ensemble of scenarios in IPCC 

WGIII AR5.  



Introduction 

15 

Framework Convention on Climate Change (UNFCCC) were asked to submit their Intended 

National Contributions (INDCs) before the 2015 United Nations Climate Change Conference 

held in Paris (United Nations Framework Convention on Climate Change, 2014). One third of 

the emission savings potential of the submitted INDCs is attributed to renewable energy with 

the rest being related to energy efficiency and non- renewable low carbon options 

(International Renewable Energy Agency, 2016a). The estimated annual global emission levels 

resulting from the implementation of the INDCs are above the levels needed to hold warming 

to below 2°C (United Nations Framework Convention on Climate Change, 2016). Much 

greater emission reduction efforts will be required in the period after 2025 and 2030 (United 

Nations Framework Convention on Climate Change, 2016). While emission reduction in the 

power sector is a “low hanging fruit” as electricity is a homogenous good (Brouwer, 2015) and 

low carbon electricity options are commercially available (Brouwer, 2015; Pacala and Socolow, 

2004) accelerated penetration of renewables in all three sectors: power, transport and heat will 

be required for mitigating climate change (International Energy Agency, 2016a).  

The UN Sustainable Development Goal number seven of the 2030 Agenda for Sustainable 

Development aims to “ensure access to affordable, reliable, sustainable and modern energy for 

all” (United Nations, n.d.). This is linked to the “Sustainable Energy for All” Initiative 

(Sustainable Energy for All, 2016) which entails challenges both for industrialized and 

developing countries: Its goal is to reach universal access to modern energy services, double 

the share of renewable energy in the global energy mix and double the global rate of 

improvement in energy efficiency by 2030. The former UN- Secretary General Ban Ki-Moon 

stated at Rio+20 that (United Nations, 2012) “achieving sustainable energy for all is not only 

possible, but necessary – it is the golden thread that connects development, social inclusion 

and environmental protection”. Electricity consumption and economic development are 

closely linked (Modi et al., 2005) and access to electricity is a first-order linear predictor of the 

human development index (Alstone et al., 2015). Electricity is critical for providing basic social 

services: Electric lighting offers a better quality of light compared to candles and kerosene 

lamps and increases studying possibilities in the morning and evening, thus improving 

education and income (Doll and Pachauri, 2010; International Energy Agency, 2014a; Modi et 

al., 2005). Annually 4.3 million deaths are associated with exposure to indoor air pollution as a 

result of cooking with traditional burning biomass (wood, animal dung and crop waste) and 

coal (World Health Organization, 2016) but switching from kerosene lamps to electric lighting 

would also bring substantial welfare improvements via reductions in indoor air pollution 

(Barron and Torero, 2016). Other health benefits associated with electrification are 

improvements in medical care such as providing refrigeration for vaccines, hospital lighting 

and the possibility to use medical equipment and improvements in water supply, electric water 

pumping and water purification. Further, electricity supply allows running power machines 

which are vital for income- generating opportunities (Doll and Pachauri, 2010; International 

Energy Agency, 2014a; Modi et al., 2005). Electricity access can also have a positive impact on 

gender issues (Pachauri and Rao, 2013).  

When evaluating the progress on reaching the “Sustainable Energy for All” goal on universal 

electricity access we find that global electrification rose from 83% in 2010 to 85% in 2012 
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(Sustainable Energy for All, 2015) and from 23% in 2000 to 32% in 2012 for Sub-Saharan 

Africa (International Energy Agency, 2014a). Most future model projections show roughly a 

threefold increase in installed generation capacity occurring by 2030 but only a tenfold increase 

would provide for full electricity access. This amounts to an annual growth rate of 13% 

compared to 1.7% in in the last two decades (Bazilian et al., 2012). The increase in electricity 

access is mainly driven by urban areas with big challenges ahead to electrify rural areas 

(Sustainable Energy for All, 2015). Achieving universal access would require electrification to 

accelerate more rapidly than population growth (Sustainable Energy for All, 2015) but 

currently in total numbers the population without access to electricity is increasing 

(International Energy Agency, 2014a). Sub-Saharan Africa’s population is continuing to 

increase steeply and unlike other parts of the world rural population is increasing (Sustainable 

Energy for All, 2015). In Sub-Saharan Africa for connected households the average electricity 

consumption in 2012 amounted to 225 kWh/capita (excluding South Africa) and between 50-

100 kWh/capita2 in rural areas (International Energy Agency, 2014a). Tracking progress on the 

“Sustainable Energy for All” goal to double the share of renewable energy in global final 

energy consumption shows that the share has been increasing from 17.7% in 2010 to 18.1% in 

2012. However, the rate needs to almost double to achieve the target. (Sustainable Energy for 

All, 2015).  

Sub-Saharan Africa could leapfrog conventional centralized fossil-based electrification by 

prioritizing local renewable energy technologies (Szabó et al., 2016). This would challenge the 

view of some critics that we need to choose between progress on energy access or climate 

change mitigation (Alstone et al., 2015). Further, decarbonizing the energy systems in 

developing countries has ancillary benefits such as improved air quality, health, energy security 

and can also reduce the higher cost of delayed mitigation action and avoid technological lock-

in (Bertram et al., 2015; Intergovernmental Panel on Climate Change and Edenhofer, 2014; 

Pachauri, 2014; Rogelj et al., 2009).  

1.2 Variable renewable energy sources to address climate 

change mitigation and universal electricity access 

As laid out in the above section renewable energy sources represent an important option for 

reaching both climate change mitigation and universal electricity access targets. This 

dissertation has two fo ci: Firstly, improving the system modelling of variable renewable energy 

sources (in particular wind and photovoltaic energy) and as a result facilitate their energy 

system integration. Secondly to investigate the role of renewable energy in reaching universal 

electricity access.  

                                                           

2 E.g. for a 5 person household an annual consumption of 50 kWh per capita allows the use of mobile phone, two 
compact fluorescent light bulbs and a fan for five hours a day (International Energy Agency, 2014a). 
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The costs of wind and PV energy have decreased substantially within the last couple of years 

having reached grid parity or will in the near future in many countries. The IEA expects 

onshore wind generation costs to decrease by 15% and utility-scale solar PV by 25% by 2021 

(International Energy Agency, 2016a). By the end of 2015, renewable energy accounted for a 

share of approximately 29% of the global power capacity supplying around 24% of electricity. 

Hydropower provided the largest part (17% of global electricity production), followed by wind 

energy (4%), bioenergy (2%), solar PV (1%) and other forms including geothermal, 

concentrated solar power and ocean energy (0.4%) (REN21- Renewable Energy Policy 

Network for the 21st Century, 2016, p. 21). Renewables contributed to almost half of the 

world’s new power generation capacity in 2014 (International Energy Agency, 2015a). In 2015, 

growth in renewable electricity at 153 GW has been the highest recorded mainly due to 

additional 63 GW in onshore wind and 49 GW in photovoltaic energy (International Energy 

Agency, 2016a). Hydropower growth is slowing as fewer projects are commissioned in Brazil 

and China. Around 77% of all renewable power capacity additions in 2015 were wind and solar 

energy (REN21- Renewable Energy Policy Network for the 21st Century, 2016) and the 

International Energy Agency predicts this trend to continue (International Energy Agency, 

2016a). The 2016 edition of the IEA’s Medium-Term Renewable Market Report now sees 

renewables growing 13% more between 2015 and 2021 than it did in last year’s forecast, due 

mostly to stronger policy backing in the United States, China, India and Mexico (International 

Energy Agency, 2016a). Europe is the leading region in terms of electricity generation from 

wind and solar energy: In 2014, 39% of global generation from wind and PV was located in 

Europe accounting for 6.6% of global electricity generated (International Renewable Energy 

Agency, 2016b). Figure 1.1 shows that in the European Union, Denmark had a share of VRE 

in total consumption close to 50%, followed by Portugal, Spain (more than 25%) and Ireland 

(more than 20%) in 2014. The experience in those countries reveals that existing grids are 

capable of integrating significant amounts of total VRE generation (International Renewable 

Energy Agency, 2016a). However, more than two thirds of the countries have shares smaller 

than 10%. 
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Figure 1.1 Share of VRE production in percentage of total consumption per EU Member country (2014)(Eurostat, 

2016a; International Renewable Energy Agency, 2016b) 

Approximately 22% of Sub-Sahara’s electricity generation originates from renewables (World 

Bank, 2013) with hydropower accounting for one fifth of total electricity generation 

(International Energy Agency, 2014a). Sub-Saharan Africa has huge but untapped potential for 

renewable energy resources: excellent solar across all of Africa, hydropower in many countries, 

wind mainly in coastal areas and geothermal energy in the East African Rift Valley 

(International Energy Agency, 2014a). Beyond a certain distance from the grid the 

electrification through mini grids or stand-alone system becomes economic (Sustainable 

Energy for All, 2015). Solar PV is a highly modular option and has very short project lead 

times. This is a major advantage over other forms of energy such as hydropower to reach 

universal electricity access rapidly (International Renewable Energy Agency, 2016c). Off-grid 

solar systems can also be used as a supplement in connected areas where power shortages and 

outages are frequent or where grid connection is too expensive for certain households. They 

provide various advantages such as better quality lighting than e.g. candles, no indoor air 

pollution and make users save on time and money on trips to charge phones. For example, 

Kenya has seen rapid, market-based growth in solar home systems, with the number of 

households using them tripling between 2010 and 2014 (International Renewable Energy 

Agency, 2016c).  
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VREs as well as demand are characterized by their spatial and temporal variability. High 

penetration levels could lead to more events of electricity supply not matching demand which 

requires integration options. Critics of highly renewable energy systems often point to the 

potentially high integration costs (Jacobson, 2016). Options to mitigate VRE intermittency are 

technological diversity, spatial diversity through the extension of the transmission grid, 

electricity storage, flexible generation, demand side measures and installing overcapacities of 

renewable generation. Technological diversity means integrating different renewable 

technologies into the system. For example, at times when wind production is low, the output 

from PV may be high. Another option is to increase the capacity of or extend existing high 

voltage transmission networks that allow VRE deployment to be spread over a wide spatial 

area to take advantage of diverse simultaneous weather conditions in different places. By 

combining VRE production from different sources at different locations the variance in their 

output can be significantly reduced (Freris and Infield, 2008; Fusco et al., 2010). Flexible (or 

dispatchable) generation can be used to ramp up quickly when renewable production is low 

and/or demand is high. Demand side measures such as demand shifting, shedding and 

efficiency improvement represent further spatially dependent integration options. 

Overcapacities of renewable generation can be used as another option to cope with the 

intermittency of VREs. In this dissertation I am looking in particular at assessing the benefits 

of spatial diversification, electric storage and flexible generation.  

1.3 Literature review, modelling framework, research 

questions and thesis outline 

Electricity planners need to ensure that supply matches demand and modelling needs to 

account for the fact that variable renewable energy sources as well as demand vary spatially, 

temporally and inter-annually. Electrification can either be supplied via the extension of the 

grid or standalone solutions (e.g. PV systems). Finding the least-cost option for a particular 

location depends on spatial factors such as latent electricity demand and population density, 

distance to grid and the resource potential. Thus, both topics require the development of 

spatially and temporally explicit approaches. In this dissertation I focus on methods which can 

be applied on a national level as the modelling of subnational units usually results in overall 

suboptimal solutions. Two examples illustrate this: Firstly, when integrating variable renewable 

energy sources the spatial diversification of VREs over the whole country allows using 

locations with the best output and/ or system optimal timing of production. Secondly, for a 

single town in rural location grid extension will unlikely be the cost- optimal electrification 

solution. However, when modelling on a national level grid extension can represent the 

cheapest option for that same town due to the grid extension to neighbouring towns.  

1.3.1 Case study countries 

For this dissertation I choose Austria and the United Kingdom as examples to study the 

integration of variable renewable energy sources into the power system and Kenya as a case 
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study for electrification planning. Austria and the United Kingdom have ambitious emission 

reduction and renewable energy targets but are different in terms of current composition of the 

energy system and future renewable potential. Kenya, is a top priority country for 

electrification as defined by the “Sustainable Energy for All” Initiative” (Sustainable Energy for 

All, 2015). In the following paragraphs I am introducing the case studies: Firstly, I give an 

overview of the energy and climate policies and power capacities with a focus on renewable 

energy in Austria and the United Kingdom. Secondly, I provide background on electrification 

rates and the renewable resource potential in Kenya. Thirdly, I am describing the effects of 

climate change on the three countries.  

1.3.1.1 Austria and the United Kingdom as examples for the integration of 

variable renewable energy sources 

Austria and the United Kingdom are both members of the European Union. The European 

Commission through the implementation of the Renewable Energy Directive (European 

Commission, 2009) set the target to increase the share of renewable energy in the gross final 

energy consumption from 8.5% in 2005 to 20% in 2020. This translates to a country specific 

target of 34% in 2020 from 24.4% in 2005 for Austria and 15% in 2020 from 1.3% in 2005 for 

the UK (European Commission, 2009). Scotland as part of the UK set its own target for 

renewable electricity generation to generate the equivalent of 100% of gross annual 

consumption by 2020, with an interim target of 50% by 2015 (Scotland et al., 2011). In the 

2030 Climate and Energy Policy framework the European Council endorsed a binding EU-

wide target of at least 40% domestic reduction in greenhouse gas emissions by 2030 compared 

to 1990 and a minimum 27% share of renewable energy consumed (European Council, 2014). 

Austria did not set an emission reduction target for 2050 (Austrian Panel on Climate Change 

(APCC), 2014), whereas in the United Kingdom the Climate Change Act 2008 set the target to 

decrease CO2 emissions by 80% by 2050 compared to 1990 values (Parliament of the United 

Kingdom, 2008). Austria is well interconnected to its neighbouring countries (European 

Commission, 2015)3 and forms one bidding zone with Germany (European Parliament, 2015). 

On the contrary, UK’s interconnection capacity amounts to only 6% of installed electricity 

capacity (European Parliament, 2015) and national energy security is a high public and political 

priority (Cox, 2016). 

Historically, Austria has been having a high share of hydropower capacity in total generation 

capacity: In the 1950s-1970s, hydropower accounted for 70% of total capacity which has 

dropped to 55% in 2015 (e-control, 2016a). In 2015, hydropower generated 62% of total 

electricity compared to 8% generated from VREs (7% from wind and 1% from PV)(e-control, 

2016b). The eco-electricity act of 2012 (Nationalrat Österreich, 2012) defines the goal of 

increasing wind energy to 3000 MW, PV to 1200 MW and hydropower to 14000 MW, and a 

further 200 MW from biomass and biogas (e-control, 2016a).  

                                                           

3 29% of installed electricity production capacity, the EU target is 10% by 2020 (European Commission, 2015) 
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In the UK, historically coal has played an important part in the electricity system and in 2015 

22% of generation still originated from coal. However, the UK government has committed itself 

to the closure of unabated coal power stations by 2025 (Department for Business, Energy & 

Industrial Strategy, 2016a). In 2015 renewable electricity represented 30% of total capacity 

(Department for Business, Energy & Industrial Strategy, 2016b, 2016c, 2016d), an increase of 

22% compared to 2014. In terms of renewable generation, VREs generated 14% of total 

electricity generation (onshore wind 7%, offshore wind 5% and PV 2%), bio-energy 9% and 

hydropower 2% (Department of Energy & Climate Change, 2016). The UK has the best wind, 

wave and tidal resources in Europe (Department of Energy & Climate Change, 2010) and the 

UK government estimates offshore wind to represent 37%, onshore wind 29%, ocean energy 

3% and solar PV 2% of gross renewable electricity consumption in 2020 (Department of Energy 

& Climate Change, 2010). 

1.3.1.2 Kenya as a case study for electrification planning 

The “Sustainable Energy for All” Initiative defines two groups of 20 countries each where 

electrification should be made a top priority: (1) the top high- impact countries accounting for 

83% of the global access deficit and (2) the countries with lowest electrification rates. The 

former group is key for achieving the universal electricity access objective and the latter one is 

essential for human development and economic productivity. Kenya forms part of both 

groups (Sustainable Energy for All, 2015). The Kenyan Rural Electrification Authority was 

established in 2006 with the goal of achieving universal access by 2030. In 2013, 90% of public 

facilities had access to electricity, but household access remained low (International Energy 

Agency, 2014). The rate of electrification in Kenya is currently below the average of Sub-

Saharan Africa. 81% of the households (42% in urban and 93% in rural areas) have no access 

to electricity in their dwellings (Organisation for Economic Co-operation and Development 

and International Energy Agency, 2013). Consequently a large majority of the population still 

relies on firewood for cooking and paraffin for lighting (Kenya National Bureau of Statistics, 

2005). The low rate of electricity access poses also problems to business operation and thus 

economic development. In Kenya in 2013, 57% of companies owned or shared a generator to 

make up for a lack of connection or outages (“Business Environment in Kenya - World Bank 

Enterprise Survey of Business Managers - World Bank Group,” n.d.). While having poor 

electricity access Kenya has excellent solar resources (Ondraczek, 2014a), good wind resources 

in the East and geothermal resources in the East African Rift Valley (International Energy 

Agency, 2014a). Kenya’s solar market is one of the best established in Africa (Nygaard et al., 

2015) with an estimated 320,000 solar home systems installed in 2012 alone (Ondraczek, 2013). 

By the end of 2014 Kenya had an electricity generation capacity of 2300 MW composed of 830 

MW of fossil fuel generation, 820 MW of hydropower, 600 MW of geothermal, 26 MW of 

cogeneration from bagasse and 26 MW of wind (Republic of Kenya- Ministry of Energy and 

Petroeum and Sustainable Energy for All, 2016). The government projects that by the 2020 

solar PV will reach 100 MW (Republic of Kenya- Ministry of Energy and Petroleum, 2015).  
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1.3.1.3 Impacts of climate change on the case study countries 

Between 2006-2015 global average annual near-surface (land and ocean) temperature was 0.83 

to 0.89 °C warmer than the pre-industrial average. The average annual temperature for the 

European land area for the last decade was around 1.5 °C above the pre-industrial level 

(European Environment Agency, 2017). Austria has seen warming of 2 °C (Austrian Panel on 

Climate Change (APCC), 2014) and the UK of around 1˚C (United Kingdom Government, 

2014). The economic impact of extreme weather events in Austria are already substantial and 

have been increasing in the last three decades. An increase of precipitation in the winter 

months and a decrease in the summer months is to be expected. The economic impacts in 

Austria are mainly determined by extreme events and extreme weather periods and resulting 

significant increases in landslides and increases in forest fires (Austrian Panel on Climate 

Change (APCC), 2014). Regarding energy generation Austria is particularly vulnerable to 

declines in hydro electricity generation (Rübbelke and Vögele, 2013) and impacts on cooling 

water use due to increases in mean water temperature in Central Europe (Vliet et al., 2013). 

There are several impacts of climate change in the UK: flooding and coastal change are already 

significant and expected to increase as a result of climate change, heatwaves are expected to 

become the norm in summer by the 2040s and there are risks of shortages in the public water 

supply, for agriculture, energy generation and industry with impacts on freshwater ecology 

(Committee on Climate Change, 2016). 

Countries with tropical or subtropical climates (such as those in Africa) are projected to 

experience the effects of climate change most intensely, and low-income countries are least 

able to prevent and prepare for the impact of climate change (Human Rights Watch, 2015). 

African ecosystems are already being affected by climate change and future impacts are 

expected to be substantial (Field et al., 2014). Precipitation extremes, either excess or deficit, 

can be hazardous to human health, societal infrastructure, livestock and agriculture 

(Department of Energy & Climate Change et al., 2011). Kenya’s location in the Greater Horn 

of Africa makes it highly vulnerable to climate change (Department of Energy & Climate 

Change et al., 2011). Kenya has a diverse climate and with the exception of the Coast, regions 

have experienced an increase in maximum temperature between 0.1 °C and 2.1 °C and an 

increase in minimum temperature between 0.7° C and 2.9° C between 1970 and 2010 

(Republic of Kenya, 2013). More than 80% of the country’s landmass is arid and semi-arid land 

and the economy is highly dependent on climate sensitive sectors such as rain-fed agriculture, 

energy and tourism. Droughts and floods have caused considerable losses to the economy in 

the past (Ministry of Environment and Natural Resources, 2015). Kenya could face serious 

food security issues in the next 40 years with yield declines expected for the most important 

crops, high water security threats (Department of Energy & Climate Change et al., 2011) and 

resulting conflicts (Human Rights Watch, 2015). One key uncertainty for Africa’s power sector 

is the impact of climate change on hydropower capacity (International Energy Agency, 2014a) 

whereas there is a low probability of significant changes for both wind and solar changes as 

show in a study for southern Africa (Fant et al., 2016).  
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1.3.2 Literature review 

This section summarizes previous literature developing spatially and/ or temporally explicit (1) 

sub-sectoral energy models looking specifically at energy demand (2) models for electrification 

planning and (3) models answering the question on how to best design future energy systems 

with high shares of VREs. 

For studying detailed and sub-sector specific research questions, sub-sectoral energy models 

(e.g. models studying electricity demand) are most appropriate for which there is abundant 

literature. Many recent studies which use spatiotemporal methods in energy demand analysis 

focus on the integration of renewable energy supply into distribution grids (Armstrong et al., 

2009), cogeneration (Huamani and Orlando, 2007), and micro CHP schemes (Armstrong et al., 

2009). Approaches to simulate load profiles often model technology and consumption 

behaviour in a very detailed manner (Capasso et al., 1994; Fidalgo et al., 2012; Paatero and 

Lund, 2006; Sousa et al., 2013; van den Wijngaart et al., 1994; Villalba and Bel, 2000; Walker 

and Pokoski, 1985; Yao and Steemers, 2005; Yun- Shang, 2009). This is advantageous for some 

research questions. However, the available methodologies are not suitable to analyse national 

systems due to the specificity of the regional context and the lack of regional data on a national 

level. Methodologies which allow estimating demand on a geographically and temporally 

explicit level, even if specific details of the system are not available, are needed to answer 

questions around the integration of distributed variable renewable energy sources. For such 

studies, the data generated needs to be combined with spatially explicit supply data provided 

through methods which allows the modelling on a national level. 

Models for electrification planning can either be sub-sectoral or full electricity system models. 

On research for electricity planning for countries with low electrification rates, until recently, 

there have been only a few isolated studies comparing grid connected versus stand-alone 

systems with a particular limit on studies for Sub-Saharan African countries (Kaundinya et al., 

2009; Narula et al., 2012): Levin and Thomas, (2012) determine the percentage of population 

for which decentralised systems would be the cost-effective solution for 150 countries. They 

compare the costs of centralised generation calculated via a minimum spanning tree to 

decentralised generation. Fuso Nerini et al., (2014) undertake a techno- economic analysis to 

determine the best electrification solution for the Amazon region in Brazil. They then evaluate 

those electrification options in a multi criteria- analysis based on weights obtained from an 

interview process. Zvoleff et al., (2009) determine costs of rural electrification through 

settlement patterns for several of the African Millennium Villages sites. Kocaman et al. (2012) 

propose an algorithm to minimize overall electricity infrastructure costs based on spatial 

distributions of demand points studying nine sites in Sub-Saharan Africa. Szabó et al., (2011) 

compare electrification costs of distributed solar and diesel generation with grid extensions for 

Africa through means of a cash flow model and geographic information systems. Rosnes and 

Vennemo (2012) build an optimization model to determine the least-cost supply options 

covering demand in 43 Sub-Saharan countries. Deichmann et al., (2011a) and Parshall et al., 

(2009a) propose a geographically explicit methodology in order to decide between stand-alone 

systems and grid electrification based on cost minimization in Kenya. Kemausuor et al., (2014) 
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uses a similar approach for Ghana. All the reviewed studies focus on the supply side but lack a 

detailed analysis and modelling of the demand side: Fuso Nerini et al., (2014) use one average 

consumption of a standard household. For new connections Rosnes and Vennemo, (2012) use 

two average annual consumption categories, one for rural households and one for urban 

households. Levin and Thomas, (2012) assume that newly electrified regions will consume 

electricity at the same rate as the currently electrified population. Deichmann et al. (2011) 

assume a fixed quantity of electricity demanded for two categories of households: rural and 

urban, whereas Parshall et al. (2009) propose four different exogenous electricity demand 

values depending on income and population distribution. Kemausuor et al. (2014) also use four 

average demand categories. The literature review reveals that there is no study combining 

thorough demand estimations with a supply side electrification model. Innovative approaches 

are needed to address the needs of the 1.3 billion people lacking electricity, while 

simultaneously transitioning to a decarbonized energy system (Alstone et al., 2015). 

Long term energy system models are often used to answer questions on the transition to future 

low carbon energy systems. Their long time horizon, technological detail and representation of 

the entire energy system are major advantages of these models which allow studying the trade- 

offs of decarbonisation in one sector vs. others. Energy system models, however usually have a 

low spatial and temporal resolution and as a result variable renewable energy sources are 

represented in a highly stylized manner (Ludig et al., 2011a). Recently, more studies have 

focused on improving the representation of variable renewable energy sources in energy 

system models by either improving the number of time steps or describing operational 

constraints: Poncelet et al. (2016) demonstrate that for a high penetration of VREs, the 

benefits from improving the temporal resolution outweigh the gains obtained by incorporating 

detailed techno-economic operational constraints. Kannan and Turton (2013) implement 4 

seasonal, 3 daily and 24 hourly time-slices into the Swiss TIMES model to better represent 

dispatch elements. Their conclusion is that through the higher temporal resolution they can get 

more insights into the generation schedule but that the approach cannot replace a dispatch 

model. Ludig et al., (2011a) introduce a higher temporal resolution into the LIMES model for 

Germany, Lind et al., (2013) increase the temporal resolution to 260 time-slices in a TIMES 

model for Norway. Seljom and Tomasgard, (2015) model wind power using a stochastic 

approach in the Norwegian TIMES model. Welsch et al. (2015) model system adequacy as the 

share of wind energy is increased and the operating reserve capacities required for balancing 

services in the Open Source Energy Modelling System (OSeMOSYS). In a recent publication 

Pietzcker et al., (n.d.) assess new approaches to improve the representation of power sector 

dynamics and VRE integration in Integrated Assessment Models: Several authors (de Boer and 

van Vuuren, n.d.; Johnson et al., n.d.; Ueckerdt et al., 2015, n.d.) use residual load duration 

curves, while Carrara and Marangoni, (n.d.) model system integration of VREs through two 

constraints related to the flexibility and the capacity adequacy of the power generation fleet. 

Others authors (J. P. Deane et al., 2012a; Pina et al., 2013a; Welsch et al., 2012) develop hybrid 

modelling approaches soft-linking energy system models with temporally detailed power 

system models. Their approach results from accepting that greater insights can be gained by 

drawing on the strengths of different models (J. P. Deane et al., 2012a). Instead of whole 



Introduction 

25 

energy system models several authors use power system models with high temporal and 

operation detail to study the integration of VREs such as Brancucci Martínez-Anido et al., 

(2013b, 2013c) for the European Union, Brouwer et al., (2016) for Western Europe or Zakeri 

et al., (2015) for Finland. All approaches focus on the better representation of temporal and 

operational detail but they disregard the spatial diversity in renewable supply.  

Only recently, several spatially and temporally detailed electricity models have been developed. 

Several of those are for the United States (Becker et al., 2014; Frew et al., 2016; MacDonald et 

al., 2016):  MacDonald et al. (2016) use three years of weather data with high spatial (13-km) 

and temporal (60-min) resolution. Frew et al. (2016) run a representative subset of days using a 

single weather year (2006) across thousands of sites, Becker et al., (2014) uses 32 years of 

weather data with temporal resolution of one hour and a spatial resolution of 40×40km2. 

Schmidt et al. (2016) uses 34 years of daily weather data for Brazil with a spatial resolution of 

0.75x0.75 degrees and produces 100 different time- series for use in a simulation model which 

assesses the risk of loss of load. The United States and Brazil are large systems with a great 

variability of weather and renewable generation potential. Similar opportunities for spatial 

diversification do not exist for most national energy systems. Even though efforts exist to 

increase interconnection between countries these are slow due to energy security concerns, 

finance and bureaucratic constraints. Different to other countries, Brazil has very good hydro 

resources which may make the study less applicable to countries which have to mainly rely on 

intermittent/variable wind and solar resources such as the UK. Pfenninger and Keirstead, 

(2015) develop a model for Great Britain using 550 time steps but only one year of weather 

data (2012) with a spatial resolution of around 55km x 44 km aggregated to 20 zones. Further, 

not all studies include several VRE integration options and spatially model technical, 

environmental and social constraints.  

The literature review shows that current research lacks in:  

(1) Providing methods to assess the spatial and temporal distribution of demand and 

supply on a national level to answer questions around the integration of variable 

renewable energy sources.  

(2) Combining thorough demand estimations with a supply side electrification model 

for cost- effective electrification planning.  

(3) Assessing spatial disaggregation in energy systems models to better represent the 

variability of variable renewable energy sources.  

(4) Representing the inter-annual variability of weather in future energy systems while 

at the same time i) featuring adequate representations of spatial and temporal detail 

of supply and demand, ii) modelling of the trade-offs and interaction of different 

VREs as well as integration options, iii) considering the electrification of other 

sectors and iv) modelling technical, environmental and societal constraints on the 

locations of VRE deployment. 
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1.3.3 Modelling framework  

Addressing climate change mitigation and universal electricity access by closing the gaps in 

literature requires studying the integration of VREs at different spatial scales and timeframes: 

Spatially this entails studying how to integrate distributed renewable energy sources into the 

distribution grid, variable renewable energy sources into country wide electricity systems and 

energy systems including multi-country regions. There is high uncertainty in the input data 

when modelling for the year 2050 or beyond and not all questions need an energy systems 

perspective. It is advisable to reduce models to the complexity necessary to answer the 

question at hand. Concerning the timeframe we need to study how we can integrate VREs into 

the current system and how to transition towards the mid- and long-term future. This 

dissertation aims to cover different spatial applications (from the distribution grid to national 

and regional modelling) and timeframes (from the current system up to 2050) in order to 

explore the spatial and temporal resolution required for the integration of VREs in order to 

address climate change mitigation and electricity access. Such a comprehensive assessment 

allows answering the research questions from different perspectives. As a result, this 

dissertation can provide insights to modellers being challenged with the large diversity of 

modelling scales space and timeframe wise as well methodologies on the appropriate detail and 

approaches to answer a wide range of questions around the integration of VREs into the 

energy system.  

Figure 1.2 gives an overview of the modelling framework applied in this dissertation. I differ 

between three modelling types: Energy system models, electricity system models and sub-

sectoral models. 

(1) Energy system optimization models (ESOMs) usually determine a cost-optimal, 

system-wide solution for the energy transition up to 2050 or 2100.4 They model the 

trade-off between emission reductions across different sectors which can include the 

electrification of those sectors. Given specific energy service demands ESOMs find the 

cost- optimal solutions to satisfy them. They usually run over several decades with 

modelling periods covering e.g. 5 years and the model is usually constrained by how 

long it takes for a technology to be built. In general, ESOMs have a simplified temporal 

and geographical resolution.  

 

(2) Compared to ESOMs electricity system models describe the electricity sector in more 

detail. There are models which make dispatch decisions only and models which also 

take investment decisions. Models are usually run for a snapshot year and investments 

are modelled as annuities. However, like energy system models some electricity models 

also model the transition of the electricity system over a timeframe to a specific year 

                                                           

4 There are also energy system simulation and agent based models which unlike linear programming models do not 

minimize cost. 
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(e.g. 2010- 2050). Electricity models usually have a high temporal resolution to model 

the operation of power plants and storage. There are copper plate models (no 

representation of the transmission grid), models featuring a simplified transport 

approach representation the grid connecting several zones or more technically detailed 

models which contain a DC load flow analysis. Reanalysis and satellite data allows 

generating time series of renewable generation and are available on a uniform grid. 

Electricity system models built to analyse the integration of variable renewable energy 

sources may therefore use grid cell resolution. Socio- economic data which used to 

derive electricity demand is also often provided by Statistical Authorities on grid cell 

level.  

 

(3) It is advisable to reduce models to the complexity necessary to answer the question at 

hand. For specific aspects and research questions on a sub-field of the electricity 

system, it can be appropriate to develop sub-sectoral models. Reasons for this may be 

that data is scarce or highly uncertain, there is no interaction with the rest of the system, 

and more importantly for the purpose of this dissertation it helps to disentangle the 

problem, understand the system better and provide insights into large electricity or 

energy system models. Sub-sectoral models are often newly developed to answer the 

specific question at hand. They analyse a specific snapshot period and do not look at 

the energy transition as a long-term process. The spatial coverage can be on a regional 

level, grid cell or smaller sub-area depending on the question.  

In order to address climate change mitigation and universal electricity access it can be useful or 

necessary to take advantage of different models and combine their insights. Energy system 

models for example can set the boundaries of the electricity system (determining which sectors 

get electrified and ultimately setting electricity demand) to be used as input into the electricity 

system model. Sub-sectoral models can be used to provide input data or parameterize the 

insights gained to energy and electricity system models.  

In this dissertation I chose different studies in order to cover (i) the pressing topics introduced 

under 1.1 and 1.2 (climate change mitigation and electricity access through the large scale 

integration of renewable energy sources) (ii) different model types (iii) different time frames 

and (iv) different spatial coverage. In combination those studies give a comprehensive 

response to the research questions introduced under 1.3.4.  

Figure 1.2 shows the model type and their characteristics used per chapter of this dissertation.  
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Figure 1.2 Overview on the methodological framework: each modelling type has specific advantages, time frame and spatial 

coverage 

1.3.4 Research questions and thesis outline 

Based on the introduction the general overarching research question of this dissertation 

reads: 

How to model future power systems with variable renewable energy sources and what are the resulting insights to 

address climate change mitigation and universal electricity access? 

The following sub- questions are addressed by the different studies and aim in combination to 

answer the overarching research question:  

Research question 1: Why and when do we need to account for spatial and temporal detail in energy 

modelling? 

Research question 2: How to model spatial and/or temporal characteristics of demand? 

Research question 3: How to model spatial and/or temporal characteristic of VRE supply? 

Research question 4: How to model long-term energy pathways with VREs? 

Research question 5: How to integrate VREs into the power system? 
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Table 1.1 Overview of the chapters and the research questions they address 

Chapter Research questions 

RQ1 RQ2 RQ3 RQ4 RQ5 

2 Spatially and temporally explicit modelling of electricity, 
heat and transport in support of the transformation to a 
low carbon energy system 

X     

3 Simulation of disaggregated load profiles and 
development of a proxy microgrid for modelling 
purposes 

 X    

4 Solar buildings in Austria: Methodology to assess the 
potential for optimal PV deployment 

X X X  X 

5 Analysing grid extension and stand-alone photovoltaic 
systems for the cost-effective electrification of Kenya 

X X X   

6 Impact of different levels of geographical 
disaggregation of wind and PV electricity generation in 
large energy system models: a case study for Austria 

X  X X  

7 The impact of the variability of weather on the design 
of power systems with high shares of variable renewable 
energy sources 

X X X X X 

The different chapters are a good representation of pressing topics concerning the integration 

of variable renewable energy sources to address climate change mitigation and universal 

electricity access. The research questions are answered in chapter 2-6 as outlined in Table 1.1  

Chapter 2 answers research question 1. The generation potentials of renewable energy 

sources, the transportation infrastructure of a low carbon energy system, and the energy 

demand depend on geographical and temporal characteristics. There is no literature review 

analysing the spatial and temporal requirements for different elements of a low carbon energy 

system. I perform a literature review and analysis to find the spatial and temporal details 

needed to answer research questions related to reaching a low carbon energy system.  

Chapter 3 answers research question 2. The large scale deployment of small-scale renewable 

energy technologies negatively affects the electricity grid depending on the local resource 

potential as well as on the regional composition of consumers. In order to study where and 

how to best integrate distributed energy sources we need to understand the local electricity 

demand load profiles. These are usually not available to modellers and we thus need to develop 

methods to simulate them. This requires a subsector model allowing to simulate distribution 
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grid load profiles. I develop a spatially explicit methodology to model the electricity demand on 

the distribution grid level for household and commercial consumers.  

Chapter 4 answers research questions 1, 2, 3 and 5. As stated in chapter 3 a high rate of 

integration of distributed energy sources can cause problems in the distribution grid. In order 

to assess the maximum integration rate of distributed energy sources without distribution grid 

upgrades we need to study the spatially and temporally explicit distribution of demand and 

supply. This requires a sub- sector modelling approach. I combine spatially and temporally 

explicit time series of electricity demand and supply to determine the upper level of VRE 

integration without system upgrades looking at a case study of PV in the distribution grid. 

Chapter 5 answers research questions 1, 2 and 3. In countries with low rates of electrification, 

the high costs of building electric infrastructure are a major impediment to improved access, 

making stand-alone PV systems an attractive solution. The cost- effective electrification 

solution depends on several spatially dependent factors: electricity demand, resource 

availability and grid infrastructure availability. In order to predict spatially explicit demand and 

find the cost-effective electrification option we need to develop a sub-sectoral demand and 

supply side model. Such models are therefore developed in this chapter. 

Chapter 6 answers research questions 1, 3 and 4. Energy system models used for policy 

making typically have high technology detail but little spatial detail. We thus need to find new 

methods of representing the spatial variability of supply in long-term energy system model. 

This chapter develops a method to disaggregate wind and solar resources in energy system 

models. As a result, we can assess how different levels of geographical disaggregation of wind 

and photovoltaic energy resources could affect the outcomes of an energy system model. 

Chapter 7 answers research questions 1, 2, 3, 4 and 5. Future low carbon high VRE energy 

system planning needs a combination of long-term energy systems modelling with a model that 

can adequately represent the spatial, temporal and inter-annual variability of the system. In this 

chapter I combine the insights gained from the previous chapters to design future power 

systems with high shares of VRE that are cost- effective, flexible and robust to the diversity of 

the weather. To do so, in this chapter a high spatial and temporal resolution electricity system 

model which uses ten years of weather data is developed and linked to a long-term energy 

system model.  

Chapter 8 summarises the findings of the chapters 2-7 and provides answers to the research 

questions. I discuss the methods used, reflect on the outcomes and provide insights for policy 

makers and further research ideas.  
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 An analysis of the spatial and temporal 

characteristics for modelling a low carbon energy 

system5 

Abstract 

The transformation to a low carbon energy system is one of the key climate change mitigation 

actions. Energy system modelling is used to support policy makers in identifying pathways to 

realize a low carbon energy system. The generation potentials of renewable energy sources, the 

transportation infrastructure of a low carbon energy system, and the energy demand depend on 

geographical and temporal characteristics. Realizing renewable energy targets cost-efficiently 

requires accounting for the spatial and temporal features. We perform a literature review to 

identify the most important spatial and temporal characteristics of low carbon energy systems. 

We provide guidance for modellers on the appropriate spatial and temporal details needed to 

answer research questions related to reaching a low carbon energy system.  

Our analysis shows that there are differences in the need for a high spatial and temporal 

resolution between sectors and technologies: Heat and hot water demand require an 

intermediate spatial and temporal resolution. When modelling electricity and transport 

demand, a high spatial and temporal disaggregation is recommended. For all elements of the 

distribution infrastructure, we identified the necessity of a high spatial resolution but the 

temporal resolution differs. The spatiotemporal detail for modelling energy supply 

technologies is technology specific; e.g. a low temporal and spatial resolution for low 

temperature geothermal energy and a high spatial and temporal resolution for solar, wind, wave 

and pump storage hydro power generation.  

Keywords: spatial, temporal, energy systems modelling, demand, infrastructure, renewable energy technologies 

  

                                                           

5 This chapter has been submitted to Renewable Energy Focus (February 2017) 

Zeyringer, M., Schmid, E., Schmidt, J., Worrell, E. 

 

Contributions: I came up with the study, reviewed the literature, conducted the analysis and wrote the paper. All 

authors provided input and suggestions for improvement of the study and revised the manuscript. 
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2.1 Introduction 

Greenhouse gas emissions have to be significantly reduced in order to stay below a 2 °C global 

average temperature increase compared to pre-industrial levels (United Nations Framework 

Convention on Climate Change, 2010). The most severe impacts of climate change can be 

avoided by transforming the energy system (IPCC, 2011) from being carbon intensive and low-

efficient (Huberty and Zysman, 2010) to deeply decarbonized (Mitchell, 2016) and highly 

efficient (Huberty and Zysman, 2010). To reach these goals a mix of technologies and 

incentive compatible policies are required (Williams et al., 2011). The portfolio of technologies 

to tackle the climate problem in the next 50 years is already industrially available (Pacala, 2004), 

while the deployment of renewable electricity requires system integration and an emphasis on 

flexibility (Mitchell, 2016).  

Spatially and temporally explicit modelling of renewable energy systems can support policy 

makers by finding cost- effective, technically feasible decarbonisation strategies and 

implementing incentive compatible policies to enable sustainable energy deployment. The 

infrastructure design is determined by choices on linking demand and supply by transportation 

and distribution networks and the geographical location of historically built infrastructure. 

Modelling the conventional, fossil fuel based energy system is different from low carbon 

energy systems in terms of the spatial and temporal scaling details. Fossil fuel based electricity 

systems are usually organized in centralized large-scale generation units. In addition, the choice 

of location is flexible due to relatively low transportation and storage costs of fossil fuels 

(Edinger and Kaul, 2000). In conventional systems, plants were either baseload plants running 

constantly or dispatchable plants ramping up and down to match demand (Pfenninger et al., 

2014b). Renewable energy systems are characterized by the spatial and temporal variability of 

supply. Geographical diversification allows taking advantage of different instantaneous weather 

conditions in different places and introducing a complementary mix of renewable technologies 

to reduce the variability in output (Fusco et al., 2010; Stoutenburg et al., 2010). The potential 

synergies among different renewable sources may often make the combined exploitable 

potential larger than the sum of the parts considered in isolation (Freris and Infield, 2008; 

Fusco et al., 2010). Matching and connecting demand and supply requires considering the 

spatiotemporal characteristics of demand. Spatial and technological diversification may not be 

sufficient to integrate high shares of variable renewable energy technologies but require the 

combination of additional measures such as investment into flexible energy supply and 

demand systems and the integration of the transport sector (Lund, 2006).  

Energy system models (ESMs) have been developed since the 1970s (Subhes C. Bhattacharyya 

and Govinda R. Timilsina, 2010) when variable renewable energy sources were not part of the 

system. Modellers apply data to a coherent theoretical structure and use computer modelling 

software to provide policy makers essential quantitative insights into alternative energy system 

design (Strachan et al., 2016). ESMs integrate several components of the systems but have a 

simplified time and geographical resolution (Pfenninger et al., 2014b; Simoes et al., 2013a). 

There is a trade-off between technical detail and level of integration which sacrifices detailed 
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modelling of grid and dispatch in order to gain long-term insights for the whole energy system 

(Sullivan et al., 2013). Recently, methodologies were developed to account for a more detailed 

temporal representation of renewable energy sources in ESMs: Kannan and Turton, (2012) 

introduce dispatch elements into the Swiss TIMES model. They conclude that this approach 

gives more detail but cannot replace a dispatch model. Ludig et al., (2011b) improve the 

temporal resolution in the LIMES (Long-term Investment Model for the Electricity Sector) 

model for Germany to represent variability of demand and RES supply. Others (Deane et al., 

2012b; Pina et al., 2013a) develop hybrid modelling approaches soft-linking energy system 

models with temporally detailed power system models. The methodologies developed are not 

sufficient to fully answer questions related to moving to a low carbon energy system: Adding 

more time-slices and representative days does not represent the correlation between weather 

and can lead to missing extreme points (Pfenninger et al., 2014b; Stoutenburg et al., 2010). 

Further, the methods focus on a better description of the power sector by improving the 

temporal resolution but not the spatial variability of RES and infrastructure decisions as well as 

the detailed modelling of demand. There are a few recent examples of whole electricity system 

models which are spatially and temporally explicit: MacDonald et al., (2016); Mills and Wiser, 

(2015); Pfenninger and Keirstead, (2015); Samsatli et al., (2016); Schmidt et al., (2016). 

However, they all focus on modelling the electricity system and not the entire energy system. 

Novel methodologies are needed to provide answers to the challenges that come with reaching 

deep decarbonisation of the energy system.  

Spatial and temporal explicit models require large datasets. This data is often difficult to 

acquire due to unavailability or confidentiality. Data intensive models require large efforts to 

update and require more computing capacity. Thus, choosing the appropriate spatiotemporal 

resolution is important. In this paper we perform a literature review describing the 

spatiotemporal characteristics of a low carbon energy system. We then analyse the spatially and 

temporally relevant features of a low carbon energy system in order for future modelling 

efforts to account for them. We give recommendations based on a set of questions: For each 

energy system part, we describe an exemplary research question requiring a high spatial and 

temporal resolution. With our analysis, we aim to support modelling of low carbon energy 

systems and of the interactions between different parts of the system. As a result, we neglect 

factors which may be important when analysing a single technology or single part of the energy 

system. We do not include nuclear energy as even though it is a low carbon energy technology, 

the spatiotemporal characteristics are similar to fossil fuel plants and nuclear power therefore 

can be considered as part of the conventional energy system (Mitchell, 2016). The focus of the 

analysis and most of the literature is on Europe but in principle results can also be translated to 

other parts of the world.  

The article is structured as follows: In the next section we conduct a literature review 

summarising the spatiotemporal characteristics of the energy system. In the third part we 

perform an analysis of the spatiotemporal resolution required and give exemplary research 
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questions. In the last section, we give conclusions from the analysis and an outlook on further 

research.  

2.2 Literature review on spatiotemporal characteristics of the 

energy system 

2.2.1 Energy demand 

Renewable energy generation is most often location dependent. To increase renewable energy 

deployment, supply needs to match demand (University of Edinburgh and Scottish Executive, 

2006). Modelling this interaction requires spatially resolved data on the distribution and size of 

consumer types (Brownsword et al., 2005; University of Edinburgh and Scottish Executive, 

2006; Vettorato et al., 2011). Energy demand differs between rural and urban areas. In 2006, 

half of the global population was living in cities, and cities account for two thirds of the global 

primary energy demand and emissions (International Energy Agency, 2008a; Lenzen et al., 

2004), which may increase to 73% of global energy consumption in 2030 (International Energy 

Agency, 2008a). Buildings account for 25-40% of total energy use in OECD countries (United 

Nations Environment Programme, 2007; World Business Council for Sustainable 

Development, 2009). Urban size and fragmentation of urban land use patterns correlate 

positively with energy consumption (Chen et al., 2011). The location specific thermal and 

electric energy consumption depends on environmental, technical, social and economic 

building specific and location specific factors. Building specific are the physical components of 

a building such as the insulation, the heating systems, the fuels used, the building volume, age 

and type, family lifestyles and social behaviour of the household members (Brownsword et al., 

2005; Möller and Lund, 2010). Location specific are climate conditions, urban morphology and 

settlement patterns (Brownsword et al., 2005; Vettorato et al., 2011). These characteristics also 

determine the choice of the most suitable energy efficiency measures (Chiou et al., 2011). 

Electricity and heat demand complement each other: The total electricity demand and load 

profile of a specific household depends on whether electricity is used for space/ water heating 

and cooling (Mullan et al., 2011). The energy intensive industry usually operates at full capacity 

without seasonality. The energy demand of non-energy intensive industries is more dependent 

on production and working hours of their employees (Pardo et al., 2012). In the long term 

energy demand also changes: In the European Union for example primary energy 

consumption peaked in 2006 and then decreased by 12% by 2014 (Eurostat, 2016b). 

2.2.1.1 Electricity demand 

Effective electricity management systems are those that match demand with supply in the short 

term but also planning and building new generation capacities and imports to match it in the 

long term (Balachandra and Chandru, 2003; Möller and Lund, 2010). The total demand and 

shape of the load profile is dependent on the consumer type. The share of industrial, 

commercial and household consumers in the total electricity demand varies by location (M. 
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Zeyringer et al., 2015). In order to match supply with demand it is important to have 

information on the location specific profile composed of household, commercial and industrial 

load profiles and to distinguish between industrial units producing their own electricity on site 

and those relying on electricity imports from the national grid.  

Seasonal changes in electricity demand are influenced by various factors such as weather, 

tourism seasons and time of the year (e.g. hours of darkness) (Pina et al., 2011). In the 

ENTSOE (European Network of Transmission System Operators for Electricity) countries, 

the highest annual load on the 3rd Wednesday of the month, occurred in the year 2010 in 

December at 6 pm (557 GW) and the lowest load in August at 4 am (269 GW) (ENTSOE, 

2010). Load profiles can be different depending on the climate; in cold climates the peak 

occurs in winter and warm climates in summer (Mullan et al., 2011). As example, in 2010, the 

peak load occurred in the Netherlands on December 13th at 17:30, compared to Greece where 

it took place during summer on July 15th at 12:00 (ENTSOE, 2010). There are not only 

temporal differences within seasons and geographic locations but also during one single day: 

For households, daily changes in electricity consumption are determined by habits, age, the 

quantity and type and efficiency of electrical equipment, insulation and the number of 

household members. Typical patterns can be observed and include high morning and evening 

demand for weekdays and higher daily demand for weekends especially during winters. 

Irregular events and routines such as working from home, holidays, parental leave, shift 

workers or visitors change this pattern (Bahaj et al., 2007). There are periodic fluctuations in 

industrial production, e.g. a break in production over summer. When modelling electricity 

systems, averaging the load can lead to erroneous results (Hawkes and Leach, 2005). As 

example, daily peak demand in the UK is in the range of 4–7 kW per household, whereas 

average daily load amounts to between 0.3 kW and 1kW (Newborough and Augood, 1999).  

Electricity demand does not only change in the short but also in the long term. Electricity 

consumption is likely to increase due to an electrification of heating and transport and, as a 

result, the locational profile may change (Department of Energy & Climate Change, 2012). 

Increasing temperatures and population changes cause regional infrastructure challenges due to 

a change in electricity demand. Spatially explicit modelling is necessary to project changing 

electricity demand and adapt infrastructure planning at the local level (Allen et al., 2016). New 

technologies and behaviour can change the demand which needs to be satisfied from grid 

electricity: As example, households moving from being consumers to prosumers producing 

their own electricity with small scale renewable energy sources such as rooftop PV and micro 

wind turbines (Bahaj et al., 2007). Boßmann and Staffell, (2015) model the shape of the electric 

load profile for the UK and Germany in 2050. Without the introduction of smart electricity 

management systems the electrification of heating and transports will strongly increase the 

system load peak.  
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2.2.1.2 Heat, hot water and cooling demand 

Physical and social factors influence heat and cooling demand. Physical factors are temperature 

differences, the degree of insulation, distribution losses and the influence of wind and solar 

irradiation. Social factors describe the behaviour of the inhabitants such as when they use hot 

water. Seasonal heat and cooling load variation is triggered by the difference in temperature 

between winter and summer and the demand for a constant indoor temperature (Gadd and 

Werner, 2013). Households use cooling during the warm and heating in the cold season, thus 

for modelling purposes load profiles are only required for those seasons (Hawkes and Leach, 

2005). Seasonal and daily changes in the heat load are characterized by three aspects (Gadd and 

Werner, 2013): Firstly, they show peaks in the morning and evening (Gadd and Werner, 2013; 

Hawkes and Leach, 2005), secondly the large differences in outdoor temperature during night 

and day in spring and autumn cause a dip around noon and thirdly only small variations in the 

heat loads of different days in the week including weekends can be identified (Gadd and 

Werner, 2013). Hot water preparation in households is higher in winter as people spend more 

time inside their houses and as a consequence turning the water on more often. Further, as the 

water temperature entering the building is colder in winter and more energy is required to heat 

it up (Gadd and Werner, 2013). Jordan and Vajen, (2001) define four categories to describe the 

different types of hot water loads: short loads (e.g. washing hands), medium loads (e.g. use of 

dish-washers) and loads describing bath and shower. They determine an equally distributed 

probability for short and medium loads occurring between 5:00 and 23:00. For the load type 

shower they assume a peak in the morning and for bath tub filling (mainly on weekends) a 

peak in the evening. Cooling demand occurs mainly during day time and is highest in the 

afternoon (ENTRANZE, 2014). The specific characteristics of the demand determine the 

temporal resolution required: Detailed temporal data for heat demand is of lower importance 

due to (potential) good thermal storage in the heating system and/or building. An industry 

with 24 hours shift and a close to constant demand could be enough to be defined with an 

average yearly demand. The representation of cooling demand needs both, seasonal and 

day/night division in order to fully capture the need for energy supply (Pardo et al., 2012). Due 

to climate change and more efficient buildings the heating demand in Europe is decreasing 

(Day et al., 2009; ENTRANZE, 2014; Hitchin et al., 2013; Kolokotroni et al., 2010; Werner, 

n.d.), whereas the cooling demand is increasing (Aebischer et al., n.d.; Kolokotroni et al., 2010). 

The spatial and temporal distribution of the urban heat island intensity varies between cities 

(Kolokotroni et al., 2010). Local climate also varies within cities due to the different 

distribution of buildings, artificial surfaces, open water and vegetation which change 

temperature, wind patterns, moisture and radiation (van Hove et al., 2015). In countries where 

electricity demand is peaking in summer, climate change may make additional investment into 

generation, distribution and transmission system necessary (Aebischer et al., n.d.). Data and 

energy statistics are scarce on cooling and hot water demand (Aebischer et al., n.d.; Pardo et al., 

2012; Werner, n.d.).  
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2.2.1.3 E- mobility demand 

The housing location determines how transportation demand is spatially distributed (Cooper et 

al., 2001). In order to analyse the effects and potentials of a large scale dissemination of electric 

vehicles, spatially explicit modelling is gaining importance. By replacing combustion engines 

with electric motors, the demand for electricity as well as emission rates changes in the specific 

region (Gardner et al., 2013). Pasaoglu et al., (2014) study the vehicle travel pattern in six 

different EU member states. They find that the average distance travelled is between 40 km in 

the UK and 80 km in Poland. These distances can be covered by battery electric vehicles that 

are currently on the market (Pasaoglu et al., 2014) even though they are still relatively 

expensive (in capital costs). Transport demand peaks in the mornings and evenings (Metz and 

Doetsch, 2012). Electric vehicles represent an additional load different to other loads: The 

location of the electricity demand depends on where the vehicles are parked to recharge 

(Mullan et al., 2011) and can add to the peak demand (Denholm et al., n.d.) mainly in the 

evening (Boßmann and Staffell, 2015; Mallig et al., n.d.) and morning if recharging is possible 

at work (Mallig et al., n.d.). This additional electricity demand is concentrated in zones with 

residential use during the evening peak and in zones with office/industrial use during the 

morning/day (Mallig et al., n.d.). PV production can provide mid- day peaking electricity for 

charging (Denholm et al., n.d.). Data on the path and distance travelled is required (Doucette 

and McCulloch, 2011) to study the impact on the local distribution grid (Cui et al., 2012). 

Problems can occur at locations where it is difficult or expensive to construct new 

infrastructure (Doucette and McCulloch, 2011). A solution would be coordinated charging 

leading to load shifting without limiting the mobility (Metz and Doetsch, 2012).  

2.2.2 Distribution infrastructure 

Moving to a low carbon energy system, transporting supply to demand requires the extension 

of existing and development of new infrastructure.  

2.2.2.1 Electricity grid  

The design of a transmission and distribution grid can be characterized as a network 

optimization problem in which the total length determining costs is minimized (Bergey et al., 

2003; Dai Hongwei et al., 1996; Parshall et al., 2009b). Grid extensions avoid bottlenecks so 

that the required backup capacity and misfit between supply and demand is decreased (IPCC, 

2011; Schaber et al., 2012).The electricity generated from renewable energy sources might have 

to be transported over long distances from the generation units to the demand locations 

(IPCC, 2011). Examples are wind energy in China and the United States or tidal energy in 

Scotland which are located far from demand centres (IPCC, 2011), power demand is highest in 

Central Europe but the highest potential of wind energy can be found in Northern- and 

North-Western Europe and the solar potential is best in the Mediterranean region (Haller et 

al., 2012a). The cost of building an electricity grid depends on local characteristics such as 
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distance, terrain and population distribution. When developing new electricity generation 

projects, the distance of the resource to an existing transmission line that has adequate 

remaining capacity available to accommodate the generation will influence the overall project 

costs (Deichmann et al., 2011b; IPCC, 2011; Parshall et al., 2009b). Investment decisions 

regarding the deployment of renewable energy resources, transmission and storage capacities 

are highly interdependent. When a system is part of a large balancing area, renewable energy 

integration costs as well as operational and technical costs can be reduced. This allows taking 

advantage of the diversity in renewable energy sources and to reduce variability and uncertainty 

in weather patterns (IPCC, 2011); e.g. correlation in wind output decreases with increasing 

distance between wind locations (Degeilh and Singh, 2011). Models are being developed to 

analyse how to take advantage of a strengthened electricity network. Examples are linking 

windy regions of mainland Europe with regions featuring high solar potential in North Africa 

and the Middle East such as the DESERTEC (Knies and Trans-Mediterranean Renewable 

Energy Cooperation, 2008), the Czisch concept (Czisch, 2010; Haller et al., 2012a) or an 

interconnected electricity system for the United States encompassing large- scale weather 

patterns (MacDonald et al., 2016). It can be more economical to use the resource potential that 

is located in close proximity to the load centre as has been analysed by (Kahn, 2008). The 

deployment of small scale renewable energy systems such as rooftop photovoltaic systems 

(PV) can have effects on the distribution grid. Depending on factors such as the capacity of 

renewable energy sources installed in the distribution grid, the supply load profile, the load 

profile of the demand, the current electricity infrastructure improvements in the low voltages 

lines are necessary to avoid voltage dips and current draws (Borg and Kelly, 2011; Liu and 

Bebic, 2008; Paatero and Lund, 2007). Highly resolved temporal and spatial data is needed to 

study those impacts on the distribution grid (Cui et al., 2012). Modelling the feasibility and 

performance of smart grids requires modelling the load profiles on the level of single 

households (Wright and Firth, 2007; Firth et al., 2008).  

2.2.2.2 Electric vehicles: charging infrastructure 

The deployment of electric vehicles requires the development of infrastructure to charge the 

batteries (and discharge for vehicle to grid applications). The difficulties of EV deployment are 

the roll out and management of the infrastructure including charging venues (Mohseni and 

Stevie, 2009) permitting journeys over longer distances (Perkins, 2011), local distribution 

management and time of use pricing (Mohseni and Stevie, 2009). Charging the batteries of 

electric vehicles represents a new load on the network and modelling needs to take into 

account the charging patterns of EV users (Grenier and Page, 2012). The load profile of 

electric vehicles depends strongly on the availability of charging stations. If people charge at 

home this would lead to a large increase in the evening demand. Charging stations at work 

would more equally spread the additional demand over the course of the day. If price signals 

were introduced the charging patterns may change from day to day (Boßmann and Staffell, 

2015). Modelling the geographic distribution allows identifying the need for local infrastructure 

upgrades. The spatial distribution of electric vehicles is determined by socio-economic factors 

such as car ownership and wealth (Campbell et al., 2012). Electric cars can also play a role in 
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electricity storage to match supply and demand, which is investigated in various projects (van 

der Kam and van Sark, 2015).  

2.2.2.3 District Heating  

District heating can deliver heat from combined heat and power, waste to energy plants, excess 

heat from energy intensive industrial processes, direct use of biomass fuels and geothermal 

heat (Persson and Werner, 2011). The development possibilities depend on the regional 

specific availability of heat supply. Planning requires mapping of heat sources such as industrial 

areas for the usage of CHP and heat sinks to find the optimal network route linking to existing 

networks as well as the optimal sizes and locations of plants. Extensions to the existing 

network are beneficial in areas with significant amounts of surplus heat and high heat demands 

(Finney et al., 2012). District heating systems are more economic in areas featuring high 

population density with high heating and/ or cooling demand (Rezaie and Rosen, 2012). In 

rural areas distribution costs and losses are high (Oliver-Solà et al., 2009). Planning of district 

heating networks has to take into consideration demographic changes (Schillings and Simon, 

2011). The reinforcement of compact cities (Persson and Werner, 2011) in Europe is making 

district heating more competitive. However, in Sweden due to an increase in energy efficient 

housing, district heating is becoming less economic. As a consequence development is 

stagnating haltered (Magnusson, 2012). Daily and seasonal variations in heat loads make 

district heating systems more expensive. Heat storage systems are necessary to eliminate those 

variations. At times of insufficient heat being delivered, consumers located furthest away from 

the source are affected first (Gadd and Werner, 2013).  

2.2.2.4 Carbon dioxide infrastructure  

Carbon capture and storage comprises the capture of CO2 from fuel combustion or industrial 

processes, its transport and storage. (International Energy Agency, 2016b). On- site capture 

from concentrated sources like power plants (International Energy Agency, 2014b; Lackner et 

al., n.d.) or industrial applications notably in the cement and steel industries (International 

Energy Agency, 2014b) are the most cost- effective sequestration option (Lackner et al., n.d.). 

The capture from air is more difficult (Lackner et al., n.d.). Capturing CO2 from power plants 

requires energy that is supplied resulting in less power output compared to power generation 

without CO2 capture (van der Wijk et al., 2014). CO2 can be either transported as a gas in 

pipelines and ships or as a liquid in pipelines, ships and road tankers. Transport and storage 

costs depend on geographically specific characteristics such as the location and terrain. The 

difference in costs between a flat, unpopulated area and a populated area can amount to a 

factor of 15. Today, depleted oil and gas reserves, unmineable coal seams, and deep saline 

formations represent the main options for CO2 storage (International Energy Agency, 2008b). 

The deployment of carbon capture and storage requires the development of infrastructure to 

transport CO2 from its source to the storage sites. Spatial modelling connecting sources with 

sinks allows finding the cost optimal pipeline network or transportation network and costs. In 

comparison to the sequestration process, transport and storage are relatively cheap. However, 



Chapter 2 

40 

the upfront investment into infrastructure is important as it triggers investments into the CO2 

capture process. Further, spatial modelling allows assessing synergies between the existing and 

new carbon intensive industries and the development of the CCS infrastructure. The system 

has to be designed so as to match the CO2 captured with the storage potential and the 

maximum injection rate (van den Broek et al., 2010).  

2.2.2.5 Hydrogen infrastructure 

Hydrogen is an energy carrier which is used to store, move and deliver energy produced from 

other sources (U.S. Department of Energy, 2013). It can be produced from different 

feedstocks including fossil fuels and renewable energy sources (International Energy Agency, 

2006). Once hydrogen is produced as molecular hydrogen, the energy present within the 

molecule can be released by reacting with oxygen to produce water by internal combustion 

engines or fuel cells (U.S. Department of Energy, 2013) powering fuel cell vehicles 

(International Energy Agency, 2015b). It can be used to store surplus electricity output from 

variable renewable energy sources and releasing it when wind and solar energy is less available 

or demand is high (Elliott, 2016; International Energy Agency, 2015b). Agnolucci and 

McDowall, (n.d.) give a good overview on literature optimizing hydrogen infrastructure across 

spatial scales. The optimal deployment strategy depends on the regions and its respective 

hydrogen demand, supply, feedstock availability, and costs and restrictions on planning 

permission. Models can help connecting production plants and demand centres and evaluating 

the costs and impacts of various infrastructure options (Johnson et al., 2008). Optimally 

matching supply and demand enables economies of scale in hydrogen supply and distribution. 

In order to find the option featuring minimum distribution costs it is necessary to include 

distribution distances and flow rates into the model. The spatial and temporal variability of 

production and demand determines transportation and storage modes (Strachan et al., 2009). 

Further, spatially explicit modelling can not only help identifying the lowest cost centralized 

production and pipeline transmission infrastructure but also how to integrate it with existing 

infrastructure such as natural gas pipes (Johnson et al., 2008; Johnson and Ogden, 2012).  

2.2.3 Renewable energy generation 

The following section describes the spatial and temporal characteristics for modelling 

renewable energy sources: biomass, hydropower, wind, solar, ocean and geothermal energy.  

2.2.3.1 Biomass 

There is extensive literature on the spatially explicit modelling of biomass: (Bernotat and 

Sandberg, 2004; Dunnett et al., 2008; Freppaz et al., 2004; Frombo et al., 2009; Graham et al., 

2000; Leduc et al., 2010, 2009; Masera et al., 2006; Panichelli and Gnansounou, 2008; Perpiñá 

et al., 2009; Rentizelas et al., 2009; Samsatli et al., 2015; Schmidt et al., 2011, 2010a, 2010b, 

2009; Voivontas et al., 2001; Zhang et al., 2011; Zubaryeva et al., 2012). Spatial variability in 

production costs is high between locations (Schmidt, 2009). A typical bioenergy supply chain is 

comprised harvesting and collection, pre-treatment, storage, transport, and energy conversion 
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(Mafakheri and Nasiri, 2014). Bioenergy products can be transported by different means such 

as pipelines or truck transportation and is characterised by the bulky nature of storage and 

large geographical variations in biomass quality (Carolan et al., 2007). System costs depend 

strongly on the distribution of biomass supply and energy demand (Schmidt et al., 2010b) and 

there is a trade-off between transportation distance, storage and plant location and plant size. 

A mismatch between the locations of feedstock, the bioenergy plant and consumers leads to 

high transportation costs and a negative environmental impact. Spatial models can help in 

finding the optimal geographic location for the production plant (Leduc et al., 2010; Zubaryeva 

et al., 2012) and assess the competitiveness and CO2 reduction potentials of alternative means 

of transportation (Masera et al., 2006). They are particularly important when developing 

models for countries featuring high variability in energy demand resulting in high distribution 

costs (Schmidt et al., 2010b, 2009). Biomass energy plants are dispatchable. Thus, temporal 

considerations are of lower importance. Harvest and collection periods can be seasonal or 

decadal depending on the type of biomass (International Energy Agency, 2005; Sørensen, 

2008). However, the harvesting time is of small importance due to being independent from the 

time of energy conversion. Biomass can be either stored directly or after fuel conversion 

(Sørensen, 2008) and balance the seasonal fluctuations between plant demand and harvesting 

(Vukašinović and Gordić, 2016). Depending on the type of biomass long-term storage can 

affect biomass quality but this has not been researched sufficiently (Carolan et al., 2007). 

2.2.3.2 Hydropower  

Hydropower can be divided into run of river, reservoir and pumped storage plants (IPCC, 

2011). Run of river power plants can be implemented in diverse river locations. Reservoirs and 

pumped hydro plants are constrained by the topography. Based on topography, slope and 

catchment areas, the theoretically available hydropower potential can be determined. Other 

important variables are the mean discharge and the median of the runoff duration curve, 

hydrological and geological parameters. Existing hydropower plants limit the potential for new 

plants (IPCC, 2011; Sørensen, 2008). For reservoir and pumped storage plants, the energy 

storage capacity depends on efficiency, density, acceleration of gravity, falling height and the 

volume of water in the upper reservoir (Fitzgerald et al., 2012). Regulations such as the EU 

Water Framework Directive and the occurrence of sensitive areas limit the location specific 

potential. As a hydropower project affects ecology and population, site specific mitigation 

measures have to be undertaken (Fitzgerald et al., 2012; IPCC, 2011; Sørensen, 2008). Projects 

including a reservoir have the most significant environmental impacts (Egré and Milewski, 

2002).  

The energy output of run of river plants is determined by the water flow and can only be 

managed to a low degree. It depends on seasonal rain and runoff from snow melt and often on 

irregular discharge from glaciers (emcc, n.d.; Holttinen, 2005; International Energy Agency, 

2005). The geographic location determines the peak hydropower output (e.g. in Nordic 

countries it is highest in May/ June due to late snowmelt (Holttinen, 2005)). Floods and low 
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water decrease the power output. Modelling such events is particularly important for regions 

where droughts occur when electricity demand is highest (e.g. summer in Southern Europe) 

(International Energy Agency, 2005). Large changes in output between years can occur: e.g. in 

Norway which generates a large part of its electricity supply from hydropower, annual 

electricity production decreased by 17,000 GWh between 1995 and 1996 due to a decrease in 

rainfall (International Energy Agency, 2005). The impact of climate change on hydropower 

output is highly location specific and can cause a seasonal change in output (e.g. due to earlier 

snowmelts) and lower total runoff (Christensen et al., n.d.; Majone et al., 2016; Vicuna et al., 

2007). Run-of-river schemes are more sensitive to climate change than plants with sufficient 

storage capacity which are capable of counterbalancing seasonal changes in runoff (Sample et 

al., 2015; Vicuna et al., 2007). In island systems such as Iceland, power shortages cannot be 

compensated with an import of electricity from other countries, therefore water management 

systems need to be in place to increase flow from reservoirs during periods of droughts or the 

disconnection of heavy industry (Jonsdottir et al., 2005). Reservoir and pumped storage type 

hydro power plants provide power when needed. These can act as an important element of 

backup for a system with a high share of VREs. There are reservoirs with a filling time of up to 

4 years, so called dry- year reserves (Rondeel, 2011).  

2.2.3.3 Wind energy 

Finding the optimal site for wind power installations is a spatial problem. It depends on the 

location specific wind speed, site restrictions like natural reserves (Gass et al., 2013a; 

Latinopoulos and Kechagia, 2015; Samsatli et al., 2016; Siyal et al., 2015), minimum legal 

distances to settlements (Gass et al., 2013b, 2013a; Latinopoulos and Kechagia, 2015; Samsatli 

et al., 2016; Schmidt et al., 2012; Siyal et al., 2015) grid connection costs and necessary 

transmission line upgrades (IPCC, 2011) and additionally for offshore wind energy on water 

depth and distances to the coast (Möller, 2011). Offshore wind energy also have the advantage 

of stronger and steadier wind speed (Nieradzinska et al., 2016; Pérez et al., 2013). In order to 

not lose significant power wind turbines should be spaced at a minimum distance of five times 

their diameter (MacKay, 2010). Divergence between the locations with favourable wind 

resources and the electricity demand requires long distance electricity transmission lines 

(DeCarolis and Keith, 2006). The intermittency of wind energy can affect the electricity grid on 

timescales ranging from less than a second to days. Three timescales concern system operators 

on a day-to-day basis: minute-to-minute, intra- hour, and hour- to day-ahead scheduling 

(DeCarolis and Keith, 2006). All else equal, the cost of intermittency will be less if the 

generation mix is dominated by gas turbines (low capital costs and fast ramp rates) or hydro 

(fast ramp rates) than if the mix is dominated by nuclear or coal (high capital costs and slow 

ramp rates) (DeCarolis and Keith, 2006). In a scenario of the German Energy Agency in which 

wind and PV account for 89% of the installed electricity supply, the geographic and load 

distant concentration of wind energy in areas with low demand together with the fluctuating 

power supply are the main concerns in keeping electricity supply stable (Deutsche Energie 

Agentur, 2012). The spatial diversification of aggregated wind power decreases variability 

because of the decreasing correlation of wind speeds. Coordinated planning of wind energy 
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implantation spreading turbines geographically over a large area leads to smaller variability and 

a decrease in number of hours with no wind energy output and can reduce overall energy 

system costs (Holttinen et al., 2009; IPCC, 2011; MacDonald et al., 2016; Schmidt et al., 2012; 

Johannes Schmidt et al., 2013; Tarroja et al., 2011). As example, (Holttinen, 2005) states that 

for Nordic countries the power output of wind farms situated less than 100 km apart is highly 

correlated and farms spaced more than 200 km are only weakly correlated; in Scandinavia 

weather front systems change around every 500 km, thus producing different wind regimes 

(Sørensen, 2008). The landscape influences wind patterns. As a result offshore wind power 

shows lower variability (Holttinen et al., 2009).  

2.2.3.4 Solar energy 

Solar energy can either be deployed in forms of large plants or integrated into buildings 

(actively and passively). Active integration comprises thermal collectors for heating and cooling 

and the deployment of photovoltaic (PV) generators. Passive integration means designing 

buildings and their windows being able to use solar radiation for heating and illumination 

(Hammer et al., 2003). Land use requirements depend on the specific type: Building integrated 

PV deployment does not require additional space (Defaix et al., 2012). Location specific solar 

irradiation data is needed in order to optimize the design and layout of the system (Hammer et 

al., 2003): The amount of captured solar radiation is determined by the mounting of the PV 

modules (fixed, tracking, inclination angle), shadowing which can be caused by terrain, 

buildings or vegetation, reflectivity at shallow incidence angles and module cover by dirt or 

snow (Huld et al., 2008; Martin and Ruiz, 2001; Šúri et al., 2005). The efficiency of a PV system 

is dependent on the magnitude and quality defined by low variability and high predictability of 

the irradiance, the temperature of the cell and on the spectrum of the radiation arriving at the 

cell (Gueymard and Wilcox, 2011; Huld et al., 2008). Turbidity in the air measuring 

concentration of aerosols and water such as dust, fog and mist causes weakening of solar 

irradiation (Charabi and Gastli, 2011; Gueymard and Wilcox, 2011; Huld et al., 2008). Further, 

a frequent occurrence of clouds affects surface insolation. Precipitation such as the monthly 

mean precipitation can be used as a proxy for cloudiness (Huld et al., 2008; McKenney et al., 

2008). As photovoltaic systems are modular, it is easy to disperse them geographically (Collins 

and Crowther, 2011). Locating PV farms close to the existing grid and the demand decreases 

costs for building of new grid infrastructure and transmission losses. Large-scale PV farms 

require flat terrain or fairly steep slope that is facing south with less than a 5% graded slope 

(Charabi and Gastli, 2011).  

The electricity production through solar PV is changing constantly (International Energy 

Agency, 2005). Production is zero during night, highest during summer (except for the 

equator) and during the day the output changes according to the cloud cover. Geographically 

dispersing generation can make solar generation more reliable (Collins and Crowther, 2011). In 

some systems a peak in PV production coincides with the peak in demand around noon. An 

increase in PV installations can lead to the midday peak load being covered from PV and 
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replacing base load on weekends (Wirth, 2012). Ramirez Camargo et al. (Ramirez Camargo et 

al., 2015) find that even in a small geographic area with no climate differences and high 

numbers of PV systems, choosing combinations of rooftops other than maximizing energy 

production can be beneficial to prevent reverse load flows that might cause instability of the 

local grid storage and system back-up requirements. 

Most characteristics also apply to concentrated solar power (CSP) and solar thermal power and 

heat generation. Concentrated solar power needs high direct normal irradiance (International 

Energy Agency, 2010). CSP plant sizes are often large, they are located far from demand 

locations and therefore requiring the building of new transmission lines (IPCC, 2011), 

(Broesamle et al., 2001). Pfenninger et al., (2014a) find that in some regions siting CSP with 

thermal storage in spatially diverse locations could be comparable to dispatchable or baseload 

providing technology in some parts of the world. As thermal energy can be stored more easily 

but at a cost, temporal details are of lower importance. 

2.2.3.5 Ocean Energy 

Ocean energy can be divided into two energy forms: tidal and wave energy. For tidal energy we 

distinguish between tidal barrage and tidal stream. Tidal energy is produced from the rotation 

of the earth relative to the sun and the moon, resulting in two high water and low water events 

per day (periodic intervals of 12.4 hours) (Denny, 2009; Jacobson and Delucchi, 2011; O 

Rourke et al., 2010). Spring tides occur when the moon and sun are in line with each other 

which causes the tides to be reinforced. At half-moon weaker tides called neap tides take place 

(MacKay, 2010).  

Tidal barrages which are a mature technology (Xia et al., 2012) employ the same principles as 

hydroelectric generation except that tidal currents flow in both directions (Huang et al., 2011): 

The dam blocks the incoming and outgoing tides and when released, electricity is produced 

(Xia et al., 2012). To match the production with peak demand, storage basins can be 

implemented or the opening and closing time of the tidal gates could be set so as to align with 

demand (Charlier, 2003). Tidal barrage sites can have significant environmental impacts 

resulting from the barrage construction and operation and the fact that estuaries are often 

important conservation sites (Hooper and Austen, 2013). Tidal stream are underwater turbines 

(similar to wind energy) which produce electricity from the current (Xia et al., 2012). The 

output is generally higher in winter and varies by location (Sierra et al., 2013). There can be 

periods where the speed of water flow is not sufficient for electricity production (Iyer et al., 

2013). The timing of high and low water, and flooding and ebbing tidal currents, varies along 

coastlines. In the UK for example high tide in Dover (English Channel) occurs around eight 

hours later than high tide in Leith (Edinburgh). Aggregating suitably located tidal energy power 

stations could lead to the supply of firm power and match a substantial portion of base load 

(Clarke et al., 2006; Neill et al., 2016). High tidal stream sites across Europe are generally in 

phase but more diversity is offered by developing lower tidal energy sites (Neill et al., 2016). 

Spring and neap tide affect all sites simultaneously: The power output could be regulated so 

that the maximum output occurs during neap tide making the economic viability more unlikely. 
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Another option is to deploy long-term storage which stores the excess capacity during spring 

tides for use during neap tides (Clarke et al., 2006). There may be environmental impacts from 

tidal stream plants but research is currently limited (Uihlein and Magagna, 2016).  

In open water, waves are generated when the wind speed exceeds about 0.5m/s. Waves move 

in the same direction and around the same speed as wind. They continue after the wind 

stopped until they reach an obstacle (MacKay, 2010). Waves show a seasonal pattern (Falcão, 

2010; Veigas et al., 2014). Depending on the location, waves can be predominately generated 

by local winds or remote wind systems. Waves remotely generated have little correlation with 

local weather systems. This was demonstrated in a study for Ireland: The West and South 

coasts are completely exposed to the Atlantic Ocean and therefore to waves remotely 

generated by westerly wind systems. The east coast due to Ireland itself acting as a shelter 

experiences mostly wind waves generated by local winds (Fusco et al., 2010). Stoutenburg et 

al., (2010) find that for California aggregating the power from a co-located wind and wave farm 

achieves reductions in variability equivalent to aggregating power from two offshore wind 

farms approximately 500 km apart or two wave farms approximately 800 km apart. 

2.2.3.6 Geothermal 

There is a difference between high temperature and low temperature geothermal energy. High-

temperature geothermal reservoirs are geographically specific. Supply may be located far from 

demand centres and as a result requires the building of transmission lines. Prospective 

geothermal exploitation sites can be identified via GIS tools by combining results of geological, 

geochemical, geophysical and other surveys (Noorollahi et al., 2008). The possibility for 

seasonal heat and cold storage is highly dependent on suitable aquifers in the underground 

(Russell and Gurgenci, 2014), Differently enhanced geothermal extraction from hot dry rocks 

allows generating energy from the heath stored deep inside the Earth with the drawback of 

causing earthquakes (Giardini, 2009; MacKay, 2010). Low temperature geothermal heat can be 

used by the installation of heat pumps. The economic and technical exploitation possibilities 

depend on the location influenced by thermal conductivity, thermal capacity, annual mean 

temperature of the ground, exposition to sun (topography), humidity of the ground and 

groundwater flow. Costs can vary by 50% depending on the thermal ground quality (Blum et 

al., 2011; Gemelli et al., 2011; Ondreka et al., 2007). 

Meteorological factors such as solar radiation, snow, air temperature, precipitation and thermal 

soil properties affect the ground temperatures up to around 10 meters below ground in the 

case of Canada. With an increase in depth, output variability decreases (Hanova and 

Dowlatabadi, 2007). In general, the output only varies over long time periods (Fridleifsson, 

2003; International Geothermal Center, 2012). Geothermal plants are operating under low 

temperature and pressure leading to only slow material deterioration (Glassley, 2010). 

Geothermal plants reach capacity factors of above 90% which is the highest for all renewable 

energy sources (Chamorro et al., 2012; Fridleifsson, 2003; Kutscher, 2000) with the exception 

of biomass.  
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2.3 Analysis 

In the following section, we discuss the spatiotemporal detail required for energy system 

modelling following a set of questions. Further, for each part of the energy system we describe 

an example research question requiring high spatial and temporal detail.  

2.3.1 Energy demand 

The necessary detail of demand modelling depends on the research question, their interaction 

with supply, storage possibilities and the infrastructure in place to transport energy. We use the 

following questions to define the temporal detail for energy demand: Over which time horizon 

do changes in demand occur? Are there any patterns? Even if the supply side needs high 

temporal detail it may be that supply can easily be stored and thus the demand can be modelled 

with lower detail. How easy it is to store supply over time? To define the spatial resolution 

when modelling energy demand we ask the following questions: How location specific is 

demand? How far can supply be transported? 

2.3.1.1 Electricity demand 

Total electricity demand and its load shape change seasonally, over a week and within the day. 

Patterns exist over the day, week and seasons. Storage of electricity is expensive. On a per 

household level, electricity demand can change within seconds when turning on or off 

appliances. The temporal changes in electricity demand are smoothened for larger areas. For 

areas with a low number of consumers using the average load or standardized load profiles 

does not depict variability. The share of consumer types such as industry, commercial or 

households determines the locally and temporally specific electricity consumption. There is 

also variation within the sectors (e.g. rural households vs. urban households, family vs. single 

person). The location and temporally specific climate leads to differences in the total 

consumption but also in the shape of the load profile. Electricity can be moved over large 

distances at a cost. Supply and demand needs to match. It will be more important modelling 

electricity demand with a high resolution when the supply comes from VREs than from more 

stable and easier predictable sources such as hydropower.  

For the modelling of electricity demand we recommend a high spatial and high temporal 

resolution.  

2.3.1.2 Heat, cooling and hot water demand 

Heat loads show stable patterns during the week with two peaks during the morning and 

evening and strong seasonal differences. Changes in temperature are smooth. Demand for hot 

water shows higher variability than heat load demand. Peaks occur in the morning and evening. 

Demand for cooling is highest during summer afternoons. Due to good storage possibilities 

for heat and hot water, modelling results will not change drastically with a coarse time 

resolution. Heat, cooling and hot water demand is location specific and cannot be moved over 
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long distances. The choice of heating and cooling system depends strongly on the geographic 

available heat demand and source.  

For the modelling of heat, cooling and hot water demand we recommend an intermediate 

temporal and high spatial resolution. 

2.3.1.3 E- mobility demand 

On a per household level, changes in demand occur from one minute to the next. Transport 

demand peaks are observed in the evening and morning. The spatial distribution of demand is 

location dependent. Electric vehicles can act as limited storage. Demand and the resulting 

effects on the distribution grids are location dependent: it depends on the spatial distribution 

of households and their route and the location where charging takes place. Electricity can be 

transported over long distances but at a cost.  

We propose a high spatial and high temporal resolution. 

2.3.1.4 Exemplary research question requiring high spatial and temporal 

resolution  

What is the reduction in electricity system costs due to demand side response for systems with 

high shares of variable renewable energy technologies (VRE)? Demand side response can be 

regarded as an option to integrate large shares of VRE. It allows shifting demand from times 

with high demand and/ or low VRE production to times with low demand and/ or high VRE 

production. Thus, reducing the need for distribution/ transmission grid upgrades, flexible 

generation and storage. The possibilities to shift demand depend on the location specific 

demand profiles including the electrification of heat and transport, the preferences of the 

consumers and the generation load profiles of VRE. This requires high spatial and temporal 

resolution of demand and supply.  

2.3.2 Distribution infrastructure 

As distribution infrastructure connects demand and supply spatial resolution is most 

important. The sizing of infrastructure depends on the peak demand and storage possibilities. 

In general, the easier it is to store energy, the less important is the accurate modelling of 

distribution infrastructure. We use the following questions to define the temporal detail for 

energy demand: Can the infrastructure act as storage or can supply be stored through other 

means? How variable in time are demand and supply? To define the spatial resolution when 

modelling energy demand we ask the following questions: How much does distribution 

infrastructure cost depending on local characteristics? How variable in space are demand and 

supply?  
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2.3.2.1 Electricity grid  

It is expensive to store electricity and if the grid has sufficient capacity it can act as a limited 

storage. Demand and supply (especially from VREs) are highly variable in time. Having 

information on the peak load allows sizing the lines appropriately. The necessity for grid 

upgrades depends on an assessment of time dependent grid capacities. The interaction between 

demand and renewable resource availability can cause extreme cases which are different to 

when studying them individually. E.g. In the distribution grid extreme cases can occur when 

photovoltaic generation is high and demand is low. For building new electricity grid 

infrastructure, spatial pathways are most important. Costs are dependent on the specific 

geographic conditions. Demand and supply (especially from VREs) are highly variable in 

space.  

We recommend a high spatial and temporal resolution when analysing optimal grid 

configurations especially for systems with high shares of VRE. 

2.3.2.2 Electric vehicle infrastructure 

Electric supply is variable in time but electric vehicles have batteries. Demand at the charging 

station is temporally variable depending on the distribution of drivers and their driving 

patterns. However, drivers can choose to charge at a time when they do not drive and there is 

available charging capacity. Costs of charging infrastructure only slightly varies between 

locations. The supply of VRE is highly spatially variable. For building up an EV infrastructure 

spatial data is needed to decide on the location of charging stations by taking into 

consideration car distribution and travel distances. As electric vehicles can drive to the charging 

stations, the exact location is less important. It is essential that the distance between charging 

stations is sufficiently small to account for limited battery capacity.  

We propose a high spatial and intermediate temporal resolution. 

2.3.2.2 District Heating  

Demand and supply of heat show daily and seasonal variations. The analysis of extreme values 

to ensure constant satisfaction of demand is sufficient; heat can be stored in the network, in 

heat storages or can be provided by backup units. Modelling of district heating systems 

requires highly spatially resolved data to connect heat sources with sinks through pipelines. 

Costs depend on the specific heat sources available and the heat density. Demand and supply 

are spatially variable.  

We propose a high spatial and intermediate temporal (the analysis of extreme cases is 

sufficient) resolution.  

2.3.2.3 Carbon dioxide infrastructure  

Demand and supply show low temporal variability. When designing a system based on average 

values and not peak values modelling results are still useful as CO2 can be stored (also on site) 

and in extreme cases it would also be possible to release CO2. A high spatial resolution is 
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needed to find the optimal means of transportation to connect CO2 sources with sinks. 

Demand and supply are spatially variable. Costs are highly location dependent.  

We propose a high spatial and low temporal resolution for modelling CO2 infrastructure. 

2.3.2.4 Hydrogen infrastructure 

It is possible to store hydrogen at rather low cost. Demand and supply can show high 

variability (especially when the source comes from VRE). Building a hydrogen pipeline 

network is a spatial problem with the aim of connecting supply and demand and minimizing 

overall costs. The building costs depend on the location.  

We propose a high spatial and low temporal resolution.  

2.3.2.5 Exemplary research question requiring high spatial and temporal 

resolution 

What is the maximum capacity of rooftop PV which can be installed without upgrades to the 

distribution system? A high integration of rooftop PV can lead to reverse load flows from the 

distribution to higher grid levels. These can cause frequency, voltage and power quality 

problems and require infrastructure upgrades. The need for distribution grid upgrades depends 

on the local infrastructure in place and the interaction between demand load profiles and the 

electricity production profiles of the installed PV systems. This analysis requires spatial 

information on the distribution grid, a high temporal and spatial resolution of demand 

covering all consumers in a particular distribution grid section including electric vehicles and 

electric heating and PV production profiles.  

2.3.3 Renewable energy generation 

We use the following questions to assess the temporal detail recommended when modelling 

renewable energy generation. Over which time horizon can changes in weather occur which 

influence the energy output? Over which time horizon do patterns in the resource output 

occur? Over which period of time can the technology output be stored? Over which period of 

time can the energy output be predicted? The following questions help us to determine the 

spatial detail: Over which geographical areas does weather changes influence the energy output 

in the same way? Over which geographical area are patterns in the resource output the same? 

How location specific is the infrastructure needed to be built? How location specific is the 

resource extraction? What are the land requirements of the technology/ Does the technology 

have location specific environmental/ social effects? 

2.3.3.1 Biomass 

Weather influences biomass production over months or years depending on the type of 

biomass (e.g. miscanthus vs. spruce). Yearly patterns of biomass growth follow the natural 
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plant cycle. Biomass can be stored easily either directly or as a fuel and the output is 

predictable over seasons. Weather changes influence the output in the same way over regions. 

The infrastructure to be built is spatially specific and spatially explicit data is needed to model 

the trade-off between transportation distance, plant location and plant size. Biomass can be 

transported over long distances but at a cost. Biomass can be planted in different locations, 

however the type and yield will differ. Land requirements are high and biomass for energy use 

is in competition with other land uses. The planning of biomass for energy conversion can 

pose locally specific environmental and social problems.  

We propose a low temporal and intermediate spatial resolution.  

2.3.3.2 Hydropower 

Weather changes with the exception of serious droughts or rainfalls do no change the output 

within hours or days. Yearly patterns can be observed caused by events such as an increase in 

water levels due to snowmelt or rain seasons. For hydropower, the storage potential depends 

on the type: reservoir and pumped storage plants can store inter-seasonally. The output from 

hydropower can be well predicted. The infrastructure to be built is spatially specific and 

depends on the distance to the currently installed transmission lines and on nearby hydropower 

plants in place. The usage of hydropower is highly location specific; the river determines the 

possibility and the size of building hydropower plants. The impact of climate change on 

hydropower output is highly location specific. Unless the building of a dam leads to the 

flooding of an area, land requirements are not high. The environmental and social effects of 

hydropower projects are location specific.  

The modelling of hydropower plants needs high spatial detail. Choosing a low temporal 

resolution representing seasonal changes is acceptable when modelling run of river plants. 

Pumped storage and reservoirs can produce electricity when required depending at times when 

demand is high and/ or other generation is low. A model would need to either cover those 

extreme cases when storage output is required or have a high temporal resolution. We propose 

a high spatial and intermediate temporal resolution for run of river plants and a high spatial 

and high temporal resolution for pumped storage and reservoir plants. 

2.3.3.3 Wind energy 

Wind output can change within minutes. There are some daily and seasonal patterns which are 

location specific. Electricity cannot easily be stored. The output can be predicted at short time 

scales of several hours. For wind energy depending on the region (e.g. mountains), weather 

changes can be highly location specific. The support infrastructure for wind energy is spatially 

specific and depends on the distance and capacity of the installed transmission lines and terrain 

for onshore wind and water depth and distance to the coast for offshore wind energy. The 

deployment of wind energy is not location specific but the location determines the output. 

Wind turbines do not need vast areas of land; however, there is a minimum distance to be kept 

to the closest settlement and other areas. Wind plants have effects on the landscape and 

environment.  
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We recommend a high spatial and temporal resolution for modelling of wind energy. 

2.3.3.4 Solar energy 

Cloud covering can change the output pf PV electricity within seconds. There are strong daily 

and seasonal patterns which are specific to large regions. The irradiation is highest around 

noon, there is no output during the night and the output is many regions the output in summer 

is higher than in winter. For regions close to the equator where the rainy season is in summer, 

output may be higher in winter. Electricity cannot easily be stored. The output is predictable 

over several hours but specific clouds can not be predicted longer than a few minutes in 

advance. For PV, weather changes the output over larger regions but clouds can be very 

location specific. The support infrastructure for solar energy is spatially specific and depends 

on the distance and capacity of the installed transmission lines. The usage of solar energy is not 

location specific but the location determines the output. Depending on the specific PV 

installations there are no (e.g. rooftop, unusable land, next to highways) to large (e.g. large 

installations on agricultural land) land requirements. In case of large installations of solar 

energy, there can be site specific social/ or environmental concerns.  

We recommend a high spatial and temporal resolution for modelling solar energy. 

2.3.3.5 Ocean Energy 

Wave energy is dependent on the wind and can differ from wave to wave. The output of tidal 

energy changes throughout the day. Wave energy and tidal energy show seasonal patterns and 

tidal energy shows periodic intervals of 12.4 hours. Wave energy is predictable over several 

hours whereas tidal energy is predictable over the year. Electricity cannot easily be stored. For 

wave energy depending on the specific formation of the coast, weather changes can influence 

the output over a small area. This does not apply to tidal energy. The timing and total output 

of wind and wave energy is location dependent. For wind and wave energy projects, the 

infrastructure to be built is highly location specific and depends on the distance to the 

currently installed infrastructure. This can greatly influence the feasibility of a project as 

suitable coastal areas can be remote. Influence on the land are small; however, the installations 

can have effects on the marine environment. 

For wave energy a high temporal and spatial resolution is needed. Choosing an intermediate 

temporal resolution for tidal energy is acceptable as the patterns are repetitive and the model 

should only depict the daily patterns. The timing and total output of the tide is dependent on 

the specific location but changes over larger areas. For tidal energy an intermediate spatial 

resolution is sufficient.  

2.3.3.6 Geothermal 

There is a difference between high temperature and low temperature geothermal energy. 

Changes in weather influencing the ground temperature can influence low temperature 
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geothermal output over several days. For high temperature geothermal energy, only changes 

over very long periods will have an effect on the output. There are no seasonal patterns, the 

output is constant. The heat output can be stored until the next season. The output is 

predictable over long timeframes. High temperature geothermal is very location specific and 

can therefore require high connection costs to the demand centres. Low temperature 

geothermal energy is not location dependent; however, costs and the output vary.  

Choosing a low temporal resolution for geothermal energy is sufficient. For low temperature 

geothermal energy, a low spatial resolution is also acceptable. For high temperature geothermal 

energy a high spatial resolution is necessary.  

2.3.3.6 Exemplary research question requiring high spatial and temporal 

resolution 

What are the cost effective, technically robust and spatially optimal deployment strategies of 

variable renewable energy sources (VREs) in combination with flexibility options? To answer 

this question we need a power system model with sufficient spatial and temporal detail to 

model the variability of renewable energy technologies, demand and flexibility options. 

Flexibility options can be transmission line extension, storage, flexible generation and demand 

side management. We need several years of renewable output time series to capture the 

variability of weather conditions. Having a high spatial resolution allows selecting those sites 

with the system optimal output in combination with the location of flexibility options. It 

permits us taking advantage of the spatial diversity of weather conditions and the technological 

diversity of the combined output of different VREs. When choosing a low spatial and 

temporal resolution, the locations and capacities chosen by the model may not be cost- optimal 

and may only be sufficient to cover demand under average conditions. Further, using a low 

spatial resolution to answer these questions would lead to averaging spatially dependent 

parameters such as resource availability, costs for building the technologies, grid connection 

and maintenance. 

2.4 Conclusion and Outlook 

Analysing where the resource potentials and demand centres are located and how supply and 

demand temporally match and can be connected by infrastructure is paramount to 

implementing a cost- effective low carbon energy system. We analysed the spatial and temporal 

characteristics of energy demand, distribution infrastructure and renewable energy 

technologies. Most research questions related to this transformation require studying the 

interaction of several of these energy parts within one model. Due to the high complexity of 

large scale energy systems models, not all parts of the system can be modelled with high spatial 

and temporal details. Our analysis can guide the modeller towards the spatiotemporal aspects 

to include depending on the specific research question. Specific research questions may require 

a different resolution than recommended but our analysis can also help to question and define 
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the appropriate scale. It can also be advantageous to use spatially and temporally detailed 

models to provide input data into aggregated energy system models.  

Figure 2.1 summarizes the main conclusions of this paper. The horizontal axis marks the 

spatial resolution and the vertical one the temporal resolution recommended. The demand 

elements are shaded in dark grey, the distribution infrastructure in light grey and the renewable 

energy generation technologies in white. For the modelling of electricity demand a high 

temporal and spatial resolution is advantageous. Modelling of transport demand requires 

intermediate spatial resolution and temporal resolution. From our analysis we find that heat, 

cooling and hot water demand require a high spatial and intermediate temporal resolution due 

to good storage possibilities. For building and upgrading infrastructure to transport electricity, 

carbon dioxide, hydrogen and heat, spatially explicit methods are useful. Those techniques 

allow the modeller to solve a spatial optimization problem by finding the cheapest and most 

effective energy network using the resource potential where it is system optimal. For all 

elements of the distribution infrastructure, we identified the necessity of a high spatial 

resolution. Our recommendation for the temporal detail differs between low for CO2 and 

hydrogen infrastructure to high for the integration of renewable energy technologies into the 

electric grid. For district heating and electric vehicle infrastructure we recommend an 

intermediate temporal resolution. For the modelling of energy supply technologies the 

necessary spatiotemporal detail is technology and resource specific. When modelling 

geothermal energy a low temporal resolution is sufficient. Low temperature geothermal 

requires low spatial and high temperature geothermal high spatial resolution. For biomass 

energy we recommend medium spatial resolution and low temporal resolution. For the 

modelling of tidal energy medium, spatial and temporal resolution is sufficient. For run of river 

hydropower we recommend high spatial and intermediate temporal resolution. Most research 

questions around wind, solar, wave, pump storage hydropower and reservoir hydropower 

require high spatial and temporal resolution.  
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Figure 2.1 The spatial and temporal resolution recommended for modelling different elements of a low carbon energy system  

Building on this review we recommend several future work streams which would support 

modelling efforts towards the transformation to a low carbon energy system: Firstly, it would 

be beneficial to identify geographic and temporal data needed for modelling the transition to a 

low carbon energy system. Researchers face the problem that spatially explicit data and data 

with high temporal resolution on renewable energy supply, energy infrastructure and demand 

load profiles are unavailable or inaccessible (due to e.g. security measures by transmission 

operators or commercial interests of power plant operators). Further work is needed to 

identify data sources and where inaccessible, suggest methodologies to simulate them for 

modelling purposes. Secondly, there is a lack in models which account for the necessary spatial 

and temporal detail to find- cost effective solution for low carbon, high renewable energy 

futures. Integrating a number of different renewable energy technologies (technological 

diversity) and distributing them spatially (spatial diversity) to take advantage of the different 

weather conditions are important methods to manage intermittency. Further, integrating across 

the vectors heat, transport and electricity is only possible when modelling with the appropriate 

spatial and temporal resolution. Thirdly, in order to identify policies which are optimal and 
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thus cost- effective on a system level, spatially and temporally explicit modelling is required. 

Policy design usually does not consider the benefits of spatial diversification. With an 

increasing uptake of variable renewable energy technologies, designing policies which can take 

into account the timing of generation will become important. A review would be useful to 

come up with best practices on innovative policy design and explore how spatially and 

temporally models can be used to inform decision makers.  

New methods are required which allow designing flexible, low carbon energy systems and the 

best policy instruments and market designs to enable their large scale deployment. Our review 

is a step forward to facilitate the development of such models and policy instruments.  
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 Simulation of disaggregated load profiles 

and development of a proxy microgrid for 

modelling purposes6 

Abstract 

The deployment of small-scale renewable energy technologies affects the electricity grid 

depending on the local resource potential as well as on the regional composition of consumers. 

Spatially explicit renewable energy supply data and spatially disaggregated load profiles of 

consumers are usually not available to modellers. These data are, however, necessary to better 

account for the particularities of electricity systems with high levels of distributed renewable 

production. We present a methodology to estimate the load profile for the distribution grid of 

household and commercial consumers at 1km pixel resolution for Austria. Consequently, we 

combine statistical data on the distribution of electricity consumers with standardized load 

profiles. Additionally, we present a model which allows allocating theoretical transformers to 

pixels allowing constructing proxy microgrids. We validate the load generation methodology 

for three different days and seasons. Hence, we use recently measured load profiles from the 

federal state of Vorarlberg. The proxy microgrids are validated using data on transformer 

locations from the federal state of Upper Austria. The modelling approach allows reproducing 

the historically measured load profiles and the number and location of transformers in the 

distribution grid with reasonable accuracy. The validation results show that about 80% to 91% 

of the variance of the modelled demand data can be explained by the variance of the measured 

data. In addition, about 78% of the transformer locations can be replicated.  

Keywords: Load Modelling, Transformer, Distribution Grid, Geographic Information Systems, Clustering, 

Optimization 

  

                                                           

6 This chapter has been published: Zeyringer, M., Andrews, D., Schmid, E., Schmidt, J., Worrell, E., 2015. Simulation 

of disaggregated load profiles and development of a proxy microgrid for modelling purposes. Int. J. Energy Res. 39, 

244–255. doi:10.1002/er.3235 
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3.1 Introduction 

The Renewable Energy Directive (European Commission, 2009) intends to increase the share 

of renewable energy in the gross final energy consumption of the European Union from 8.5% 

in 2005 to 20% in 2020. Accordingly, Austria has to increase its share of renewable energy 

generation from 24.4% to 34% by 2020. This will lead to increasing distributed, intermittent 

electricity generation, which implies that substantial grid investments in both the transmission 

grid (Deutsche Energie Agentur, 2010) and the distribution grid (Büro für Energiewirtschaft 

und technische Planung GmbH et al., 2011) are necessary. In addition to guaranteeing a well 

operating and cost-effective network for the existing load and expected changes in future load 

characteristics, planners need to ensure that the electricity grid is capable of dealing with the 

intermittent electricity generation.  

Demand modelling – instead of relying solely on historic demand data –enables planners to 

include load characteristics of technologies that may be introduced in the near future on a large 

scale such as electric mobility and heat pumps. Spatial disaggregation of the generation 

potentials and demand patterns allows estimation and planning of the investments into 

renewable electricity generation by fully taking into account the required infrastructure 

reinforcements. Spatially explicit models can reveal the local and regional resource potentials 

and infrastructure needs to facilitate the cost-effective use and integration into the electricity 

grid. The time profile of renewable energy production can differ from the time profile of 

demand. As a result, the peak load at different levels of the network infrastructure after 

integrating high shares of renewable energy technologies (RETs) could be higher or lower than 

the minimum or maximum load before integration. A spatially and temporally highly detailed 

demand model is necessary to determine new peak levels and resulting infrastructure 

enforcements after integration of RETs. 

Already in 1996, Smyth, (1996) stated that the regional dimension of energy demand had not 

been given enough attention. Aydinalp et al., (2003) speak of three different methods 

commonly used to model residential end-use energy consumption: (i) the engineering method, 

(ii) the conditional demand analysis method, and (iii) the neural network method. The 

engineering method requires detailed data on house load characteristics and allows flexible use 

in studying scenarios affecting energy demand (Aydinalp et al., 2003). Al-Hammad and Said, 

(1992) have investigated the effects of the geographic location on load and energy 

requirements of residential buildings in Saudi Arabia. Smyth, (1996) has estimated price and 

income elasticities of regional energy demand in Scotland, Northern Ireland and the U.K. 

Recent studies in load profile simulation focus on integrating renewable energy supply into 

distribution grids (Armstrong et al., 2009), cogeneration (Huamani and Orlando, 2007), micro 

CHP (Armstrong et al., 2009; Peacock and Newborough, 2007), and mixed energy distribution 

systems i.e. incorporating more than one carrier (Pedersen et al., 2008). Such problems require 

a large number of diverse residential load profiles (Huamani and Orlando, 2007). Individual 

loads or groups of loads at a high disaggregation level are difficult to model (Villalba and Bel, 

2000). The literature provides several methods to synthesize these electric load profiles. For 
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instance, they can be constructed solely from appliance profiles (Walker and Pokoski, 1985) or 

may additionally consider human behaviour (Capasso et al., 1994). Sousa et al., (2013) use 

consumption data collected from a sample of 1147 low voltage consumers with a time 

resolution of 15 minutes in combination with detailed commercial data. They study if these 

load profiles could help to improve the process of load forecasting by randomly aggregating 

740 consumers to simulate a typical load profile at a substation. Van den Wijngaart et al., 

(1994) divide the electricity consumption into economic sectors and appliances and predict the 

load profile for the Netherlands using economic, socio-economic, technical and meteorological 

indicators. Paatero and Lund, (2006) have constructed load profiles using statistical analyses of 

electrical data from apartments. Yao and Steemers, (2005) have computed load profiles from 

data on the number of households, occupied hours, the time period and length of application 

usage. The household load profiles have been derived from random simulations of load 

profiles of appliances. Yun- Shang, (2009) simulated load profiles from a time use survey and 

virtual experiments, and Fidalgo et al., (2012) have constructed load profiles from billing data.  

Our study adds to the existing literature on modelling demand load profiles. Recent 

approaches model technology and consumption behaviour in a very detailed manner. This is 

advantageous for some research questions. However, the available methodologies are not 

suitable in analysing complete energy systems due to the specificity of the regional context and 

the lack of supra-regional data. Our methodology allows modelling of electricity demand on a 

geographically explicit level even if specific details of the system are not available by using GIS 

tools. We propose a methodology that allows modelling of spatially explicit demand load 

profiles. These can serve as input into energy system models. This is especially important in the 

context of moving to an energy system with a high integration of renewable energy sources. 

Such a system requires matching of regional demand and energy supply potentials. We model 

hourly load profiles at the distribution grid level. Demand is estimated spatially explicitly at 

1km pixel resolution. We generate proxy microgrids based on the peak demand as indicated by 

the simulated load profiles in each pixel. Thus, the methodology allows the development of 

proxies for the actual distribution grid. Consequently, our model is able to address research 

questions which focus on grid segment simulation and data aggregation in transformer 

catchment areas. 

The article is structured as follows: In section 2, we describe the data to model load profiles 

and its validity. Furthermore, we explain the methodology that is used to determine the total 

load profile per 1km pixel on a distribution grid level by creating a proxy microgrid for two 

Austrian regions. Section 3 provides a model validation at country level and for two Austrian 

regions. The final section presents the discussion and conclusions. 

3.2 Data and Methods 

Figure 3.1 illustrates the methodology to generate the total load in the distribution grid (for 

households and commercial/small industrial consumers) at 1km pixel resolution and to 

simulate a proxy microgrid. Standard load profiles and statistical data on the spatial distribution 
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of households and commerce are used for the generation of spatially explicit load curves. In 

simulating the distribution of transformers, we use a heuristic to determine the smallest 

possible number of transformers that are able to cover peak demand in all pixel segments. Our 

aim is to minimize the overall number of clusters in optimally distributing the transformers 

among pixels. We validate the load generation methodology for Austria as well as the federal 

state of Vorarlberg using historic load profiles. The proxy microgrids are validated for the 

federal state of Upper Austria for which we have data on transformer locations. The data, 

methods, and assumptions are described in more detail in the subsequent sections. 

 

Figure 3.1 Structure of the load profile estimation and proxy microgrid model 

3.2.1 Spatially explicit data 

The spatially explicit datasets consist of data on the number of households as well as the 

number of employees at 1km pixel resolution in Austria. Both datasets are used as input into 

the model as they describe spatially explicitly the distribution of different consumer types. 

Another dataset contains the locations of transformers in the federal state of Upper Austria 

and is used to validate the heuristic that allocates the transformers in Austria.  

The number of households is taken from the Austrian statistical office’s buildings- and 

dwellings census (Statistik Austria, 2001a). The households are differentiated by building type 

and the use of electric heating and/or electric water heating. The dataset contains information 
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on categories such as single or two-family houses, three to ten apartment blocks and more than 

ten apartment blocks. It also includes information on the main heating type. In 2008, an 

average household used around 4417 kWh of electricity. The annual average electricity 

consumption per household increases with decreasing building size based on the number of 

flats in a building. Buildings with more than 10 flats have an annual electricity consumption of 

2800 kWh per household. Buildings with between three and nine flats use 3700 kWh per 

household, and single and two-family homes consume 5000 kWh electricity per household 

(Statistik Austria, 2008a).  

The Austrian statistical office issued a workplace assessment in 2001. It provides information 

on all companies located in Austria such as the number of employees and the type of sector 

according to the OENACE19957 at 1km pixel resolution (Statistik Austria, 2001b). Data on 

the exact location of the transformers is sourced from the land use plan of the federal state of 

Upper Austria (Land Oberösterreich, 2012). All municipalities are obliged to send the exact 

location of the transformer station to the federal state government.  

3.2.2 Load profiles for households, small commerce and industry 

The temporal distribution of demand is derived from standardized load profiles as provided by 

VDEW (Verband der Elektrizitätswirtschaft; is now called BDEW- Bundesverband der 

Energie- und Wasserwirtschaft e.V.) (Bundesverband der Energie- und Wasserwirtschaft e.V, 

2000). Distribution network operators use these standardized load profiles. Methods to 

calculate peak loads from different consumer groups are required in order to allocate the 

capital costs of transmission and generation to final consumers. It is too costly for utility 

companies to install individual half or quarter-hour measurement devices for small users such 

as family houses. Therefore, standardized load profiles have been constructed for consumer 

groups with less than 100.000 kWh of annual electricity consumption or a power rating smaller 

than 50 kW (Wirtschaftskammer Österreich, n.d.). The VDEW standardized load profiles are 

based on measurements of 332 household load curves and 617 commercial load profiles. The 

load profiles are normalized for annual electricity consumption of 1000 kWh. They have been 

built for three day types, i.e. weekday, Saturday, and Sunday as well as three different seasons 

i.e. summer from 15th May to 14th September, the interim periods from 21st March to 14th May 

and from 15th September to 31st October, and winter from 1st November to 20th March 

(Bundesverband der Energie- und Wasserwirtschaft e.V, 2000). The VDEW load profiles per 

consumption type are characterized in Table 3.1 

 

 

                                                           

7 The OENACE categories are based on the NACE (Statistical Classification of Economic Activities in the European 

Community), a system set up by the European Commission to classify economic sectors (Statistik Austria, 1995). 
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Table 3.1 Characterization of VDEW load profiles 

VDEW 
standardized 
load profile 

Consumption type 

H0 Household 

G0  Commerce general 

G1 Commerce operating weekdays from 8:00 to 18:00 

G2 Industry/ Commerce featuring strong to predominant consumption in the 
evening 

G3 Industry/ Commerce with continuous activity 

G4 Shop/Barber 

G5 Bakery 

G6 Weekend operation 

L0 Farms general 

L1 Dairy farms 

L2 Other farms 

 



Simulation of disaggregated load profiles and development of a proxy microgrid  

63 

 

Figure 3.2 An example of a VDEW standardized load profile for the category H0 households 

Figure 3.2 shows as example the standardized load profile for the category H0 household. Data 

on industry load profiles is not publicly available. We therefore conducted a survey to obtain 

measured load profiles and annual consumption of the largest electricity consuming industries 

in Austria: pulp and paper, iron and steel, chemical, machinery, glass, pottery and building 

materials industry, and food industry. The largest industrial plants are members of the Austrian 

Federal Economic Chamber (WKOE). Around 20% of the companies sent us exact load 

measurements. For the rest, we derived data from the collected load profiles and information 

on production capacities. We applied the VDEW load profiles to companies, which are not 

included in the WKOE database. 

The load profiles are normalized for an annual electricity consumption of 1000 kWh. The 

National Energy Accounts (Statistik Austria, 2008b) give the annual consumption per 
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OENACE1995 category. We assign the standardized load profiles to the OENACE1995 

categories in order to determine the load profiles with annual consumption (Table 3.2). Due to 

the categorization of the OENACE criteria we only use the following VDEW load profiles in 

our model: H0, G1, G2, G3, G6 and L0. The National Energy Accounts (Statistik Austria, 

2008b) provides the annual consumption for the entire stock. Therefore, we allocate the total 

consumption to the different household types using the proportions given by (Statistik Austria, 

2008a).  

Table 3.2 Allocation of standardized load profiles to OENACE sections 

OENACE Criteria VDEW standardized 
load profiles 

Section A: mining and quarrying G1, G3 

Section B: manufacturing G0, G3 

Section C: energy and water supply G1, G3 

Section D: construction G1 

Section E: wholesale and retail trade G1, G3, G4 

Section F: accommodation and food service activities G2 

Section G: transport and communication G1, G3 

Section H: financial and insurance activities G1 

Section I: real estate activities G1 

Section J: public administration and social security G1 

Section K: education G1 

Section L: human health and social work activities G1 

Section M: other service activities G1, G6 

Section N: private households H0 

Section O: extraterritorial organizations (e.g. embassies) G1, H0 

Electric heating represents a significant factor affecting the household load profiles and is not 

included in the VDEW standardized household profiles. Information on the type of heating 

device used in a household is available through the buildings- and dwellings census (Statistik 

Austria, 2001a). The load profile for heating electricity is therefore added to the standardized 

load profiles and modelled explicitly. In Austria, 20.5% of the total electricity demand in 

households is used for electric heating (1.3% of the total electricity consumption is used for 

additional heaters) and 17.1% for warm water heating (Statistik Austria, 2008a). We did not 

consider electricity use for cooling. Currently the number of households equipped with cooling 
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devices is negligible in Austria. In 2008, a study showed that only 1% of the sampled 

households had a cooling appliance. This represents less than 0.1% of the total household 

electricity consumption (Statistik Austria, 2008a). We have developed load profiles for storage 

heaters based on the following assumptions: storage heaters are charged with heat by the 

connections of electric heating elements to the network. The charging occurs during off peak 

periods, typically from midnight to 06:00 when other demand is low. They then discharge heat 

during the day with the intention of meeting the peak heat demand. We assume that the 

connection to the grid is constrained by two factors. First, they cannot be all switched off and 

on simultaneously. This would create an unmanageable surge, or fall in demand. Hence, the 

storage devices have some means of ensuring that all heaters switch off and on over an hour or 

a longer time period in an uncoordinated fashion to allow for a smooth rise or fall in demand. 

This may be a factory set random time which may then be set for a given appliance but all 

appliances in that class may have a different time within the 1 or 2 hours band. Alternatively, 

the grid may have some means of remote control – for example ripple control where a signal 

imposed on the grid has been used. Clearly, during a very cold period more heat is needed to 

be stored during the night, and released during the day, compared to the interim periods.  

3.2.3 Simulation of load profiles and aggregation at 1km pixel resolution 

We combine the datasets to derive load profiles at 1km pixel resolution. First, we exclude all 

consumers belonging to sections A to C of the OENACE criteria assuming that they are not 

connected to the low voltage distribution grid but to the medium or high voltage grid. We also 

exclude sections D (construction) and section G (transport and communication). These are 

mobile energy consumers or not connected to the low voltage distribution grid. The location 

of energy utilization is changing constantly and thus does not necessarily match with the 

location where the employees are registered. Therefore, it would not improve the detail of the 

regional analysis. Furthermore, we exclude all pixels with fewer than ten inhabitants. We 

assume that these pixels are not of concern as demand and potential supply from decentralized 

renewables are very low.  

We arranged the pixels for further analysis into two groups i.e. more and less than 150 

households. The use of standardized load profiles depicts observation with high accuracy in 

the group of more than 150 households (Esslinger and Witzmann, 2012). The standardized 

load profiles are normalized for a consumption of 1000 kWh. We adjust them to actual 

consumption levels by scaling the demand using the total electricity consumption per 

household in each OENACE1995 category (Statistik Austria, 2008b). 

Equations 1-6 depict the case of the group with more than 150 households. For the following 

calculations, we suppress the time index in all equations. We know the number of households 

and employees per sector in each 1km pixel from the buildings- and dwellings census (Statistik 

Austria, 2001a) and workplace assessment (Statistik Austria, 2001b). We take the number of 

households to simulate household load profiles and electric storage heating profiles in every 

pixel:  
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𝐻𝑗 = 𝑁𝑗 ∙ 𝐿𝑁𝑠𝑡𝑑 + 𝐸𝑗 ∙ 𝐿𝐸𝑠𝑡𝑑 ( 1 ) 

where 𝐻𝑗 is the total aggregrated household load in pixel j, 𝑁𝑗 is the number of households in 

pixel j, 𝐿𝑁𝑠𝑡𝑑 is the standardized household load profile, 𝐸𝑗 is the number of electric storage 

heaters in pixel j, 𝐿𝐸𝑠𝑡𝑑 is the standardized load profile for storage heating.  

The workplace assessment dataset does not specify the number of companies but the number 

of employees. We calculate the number of companies in each pixel by dividing the number of 

employees in a specific sector with the mean number of employees per company in that sector. 

The commercial load profile per pixel is calculated in two different ways depending on the 

number of employees in the pixel: We simulate a single load profile for pixels, where the 

number of employees in a specific sector is below the mean number of employees in one 

company in that sector. We multiply the loads with the mean consumption per employee and 

the number of employees in that pixel. 

𝐼𝑗,𝑠  =  𝐶𝑠𝑡𝑑,𝑠 ∙ 𝐸𝑚𝑒𝑎𝑛,𝑆 ∙ 𝐸𝑗,𝑠  ( 2 ) 

𝑖𝑓 𝐸𝑗,𝑠  <  𝐸𝑠  ( 3 ) 

where 𝐼𝑗,𝑠 is the aggregated load profile in sector s in pixel j, 𝐶𝑠𝑡𝑑,𝑠 is the standardized load 

profile for sector s, 𝐸𝑚𝑒𝑎𝑛,𝑆 is the mean consumption per employee in sector s, 𝐸𝑗,𝑠 is the 

number of employees in sector s in pixel j, 𝐸𝑠 is the mean number of employees per company 

in sector s. 

We simulate as many load profiles as there are companies in the pixel. We multiply the loads 

with the mean consumption per employee and the number of employees in that pixel.  

𝐼𝑗,𝑠  = 𝐶𝑠𝑡𝑑,𝑠 ∙ 𝑁𝑙𝑗,𝑠 ∙ 𝐸𝑚𝑒𝑎𝑛,𝑠 ∙ 𝐸𝑗,𝑠  ( 4 ) 

𝑁𝑙𝑗,𝑠 = 
𝐸𝑗,𝑠

𝐸𝑠
  ( 5 ) 

𝑖𝑓 𝐸𝑗,𝑠 > 𝐸𝑠  ( 6 ) 

where 𝐼𝑗,𝑠 is the load profile in a specific sector s, 𝐶𝑠𝑡𝑑,𝑠 is the standardized load profile for 

sector s, 𝑁𝑙𝑗,𝑠 is the number of companies of sector s in pixel j, 𝐸𝑚𝑒𝑎𝑛,𝑆 is the mean electricity 

consumption per employee in sector s, 𝐸𝑗,𝑠 is the number of employees in sector s in pixel j 

and 𝐸𝑠 is the mean number of employees in sector s.  

Standardized load profiles are derived by aggregating load profiles of single measurements. 

They are not suitable to model the load of a small system because they do not capture the 

volatility and randomness of individual consumers’ electricity usage. A system consisting of 

few consumers has a high diversity. This diversity diminishes as more and more consumers are 

included in the overall measurement. We generate stochastic load profiles depending on the 

specific composition of the pixel using the VDEW load profiles. We fit a 12th order 

polynomial to the profile. It shows a good fit and a Gaussian distribution of the residues. We 
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use the variance as the input for our randomization. In pixels with less than 150 households, 

we simulate the load profiles using a stochastic load profiles 𝑅𝑖 instead of 𝐿𝑁𝑠𝑡𝑑 , 𝐿𝐸𝑠𝑡𝑑 and 

𝐶𝑠𝑡𝑑,𝑠. 

Each new stochastic load profile, Ri, is generated by 

𝑅𝑖 = [

𝑝1

⋮
𝑝𝑡

] ∙

[
 
 
 1 + (

𝑣∙𝑔1

𝑝1
)

⋮

1 + (
𝑣∙𝑔𝑠

𝑝𝑡
)]
 
 
 

  ( 7 ) 

where P is the standardized load profile, v is the variance of the load profile, gs is a random 

number between -1 and 1 that follows a normal distribution. The index t is the time step 

dividing the load profile into steps of 15 minutes, i is the index numbering each stochastic load 

profile, s is an index to separate the different random numbers. 

Finally, we aggregate the generated load profiles of all households and sectors to obtain the 

total load profile on the distribution grid in each pixel:  

𝐿𝑗
𝑡𝑜𝑡 = 𝐻𝑗 + ∑ 𝐼𝑗,𝑠 𝑠  

  ( 8 ) 

where 𝐿𝑡𝑜𝑡𝑗 is the total load in pixel j, 𝐻𝑗 is the aggregated household load in pixel j and 

∑ 𝐼𝑗,𝑠 𝑠 is the commercial load in pixel j aggregated over all sectors s. 

The model is written in the statistical programming environment R (R Development Core 

Team, 2012). 

3.2.4 Modelling the load on the distribution grid and constructing proxy 

microgrids 

First, we determine the peak demand in pixel j in the Austrian distribution grid by applying the 

methodology outlined in 2.3. We use modelled and not measured data as there is no such data 

available for the distribution grid. Until now, electricity distribution grids are designed to 

manage peak demands, even only a fraction of the power transfer capacity is used during 

most part of the time (Veldman et al., 2013). Under usual loading conditions, the load does not 

exceed transformer capacity (Grond, 2011). In the Netherlands, for example, grids have been 

designed for peak loads of approximately 1.5 kW per connection although the actual peak load 

amounts to 1 kW per connection on average (Blokhuis et al., 2011). Hence, we assume that the 

transformer capacity must be able to serve the maximum load occurring in the year. The time 

of peak demand is necessary to cluster grid cells according to their peak demand. We convert 

the load at the peak time into kVA by applying a power factor. The power factor is the ratio of 

real power to apparent power = kW/kVA (PowerStudies, n.d.). Consequently, apparent power 

(kVA) determines transformer size, not real power. We apply a power factor of 0.8 as used by 

others (Rousseau and Greyvenstein, 2000, Oparaku, 2003, Waheed et al., 2008). Then, we use a 

heuristic to find the smallest number of transformers to meet the demand in each pixel. The 
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transformers can be of the following five sizes: 1000kVA, 630kVA, 400kVA, 260kVA and 

160kVA. Our aim is to cover the peak demand with the smallest number of transformers. We 

start by covering the peak demand in each pixel with the maximum number of transformers 

with a size of 1000kVA. To fill the remaining uncovered load or to allocate transformers to 

pixels where transformers of 1000kVA are oversized, we add a transformer with the size of 

630kVA to the respective pixel. The procedure is repeated for transformer sizes of 400kVA, 

then 260kVA until we reach the transformer size of 160kVA. The remaining uncovered load is 

described by 𝑦𝑗 .  

𝑦𝑗  = 𝑚𝑎𝑥𝐿𝑡𝑜𝑡𝑗 − 𝑎𝑗  ∙ 1000 − 𝑏𝑗  ∙ 630 − 𝑐𝑗 ∙ 400 − 𝑑𝑗 ∙ 260 − 𝑒𝑗  ∙ 160  ( 9 ) 

where 𝑚𝑎𝑥𝐿𝑡𝑜𝑡𝑗  is the peak demand in pixel j, 𝑎𝑗 … 𝑒𝑗 are integers that denote the number of 

transformers by type and 𝑦𝑗 is the remaining load in pixel j.  

The process is illustrated by the following example:  

Figure 3.3 shows four pixels with a respective peak demand of 2490kVA(a), 550kVA(b), 

930kVA(c) and 420kVA(d).  

a   b   

 2490   550  

      

c   d   

 930   420  

      

Figure 3.3 Peak load in four pixels a, b, c, d 

In pixel a with a peak demand of 2490kVA the heuristic first fits two transformers of the size 

of 1000kVA. 490kVA remain to be covered. The heuristic cannot fit a transformer of the size 

of 630kVA. It then continues to fit the next transformer size of 400kVA. No transformers of 

the size of 260kVA or 160kVA fit. The remaining uncovered load for pixel a is 90kVA. In this 

example for pixels b, c and d the remaining uncovered loads amount to 150kVA, 40kVA and 

20kVA. Figure 3.4 illustrates the outcome of this process by showing the number of 

transformers per size and the remaining load for pixels a, b, c, d.  
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a b 

1000kVA: 2 

630K 

1000kVA: 0 

630K 
630kVA: 0 

 

630kVA: 0 

 
400kVA: 1 400kVA: 1 

260kVA: 0 260kVA: 0 

160kVA: 0 160kVA: 0 

yi= 90 yi= 150 

c d 

1000kVA: 0 

6301 

1000kVA: 0 

630K 
630kVA: 1 

 

630kVA: 0 

 
400kVA: 0 400kVA: 1 

260kVA: 1 260kVA: 0 

160kVA: 0 160kVA: 0 

yi= 40 yi= 20 

Figure 3.4 Result of the heuristic: number of fitting transformers per size and remaining load for each pixel 

In order to cover the remaining load 𝑦𝑗 , we group pixels into clusters supplied by one 

transformer. We minimize the overall number of clusters such that we optimally distribute the 

transformers among the pixels. This is a set partitioning problem, also known as a 

combinatorial optimization problem with a large variety of applications (Rubin, 1973; Stojkovic 

et al., 1998). First, an algorithm enumerates all possible combinations which are spatially 

connected and which have a joint demand smaller than the transformer size (160kVA). The 

algorithm finds all possible subsets within a 7x7 set. Second, it deletes all combinations 

containing pixels which are not spatially connected to each other. This process is visualized in 

Figures 3.5-3.7. In this example, the set contains four pixels S = {a, b, c, d} and each one has a 

unique demand value. This is visualized in Figure 3.5. As said, the aggregated demand value in 

combinations of pixels must not exceed 160. Figure 3.6 shows the eight possible subsets; e.g. 

'a' is part of four subsets: S1= {a}, S5= {a, d} and S6= {a, c, d} and S7= {a, c}. Third, the 

algorithm eliminates subsets which contain pixels that are not connected; in this case S5= {a, 

d} is deleted (Figure 3.7). Hence, seven possible subsets remain.  
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a   b   

 90   150  

      

c   d   

 40   20  

      

Figure 3.5 Visualization of the set containing four pixels  

 

 

S1 S2 S3 S4 S5 S6 S7 S8 

a 1 0 0 0 1 1 1 0 

b 0 1 0 0 0 0 0 0 

c 0 0 1 0 0 1 1 1 

d 0 0 0 1 1 1 0 1 

Figure 3.6 Visualization of the eight subsets which fulfil the condition and the associated pixels 

 

 

S1 S2 S3 S4 S6 S7 S8 

a 1 0 0 0 1 1 0 

b 0 1 0 0 0 0 0 

c 0 0 1 0 1 1 1 

d 0 0 0 1 1 0 1 

Figure 3.7 Visualization of the seven subsets which fulfil the condition and are spatially connected  
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Finally, we minimize the number of subsets needed to include all pixels in one subset. The 

objective function of the model is to minimize the number of pixel combination sj. The 

number of pixels in the set is defined by i and the possible pixel combinations fulfilling the 

restriction by j. The constraint ensures that the pixel is in precisely one combination: 

𝑚𝑖𝑛 ∑ 𝑠𝑗𝑗   ( 10 ) 

𝑠. 𝑡. ∑ 𝑡𝑖𝑗 ∙ 𝑠𝑗𝑗 = 1, ∀ 𝑖  ( 11 ) 

where 𝑡𝑖𝑗 equals one if 𝑖is part of 𝑗.  

The model is implemented in the General Algebraic Modelling System (GAMS) (GAMS 

Development Corporation, 2009) using the solver CPLEX. 

 

 

S2 S6 

a 0 1 

b 1 0 

c 0 1 

d 0 1 

Figure 3.8 Remaining subsets from the optimization model 

In our example, the following subsets remain from the optimization model (Figure 3.8): S2= 

{b} and S6= {a, c, d}. We then aggregate the load in the subset and allocate the transformers 

using equation 9 to each subset.  

3.3 Validation 

3.3.1 Validation of load profiles on regional and country level 

Measured load profiles are not available at 1km pixel resolution. We therefore validate the 

methodology using the load profile for Austria by applying the following methodology: we use 

data and methodology as described in section 2 and sum the load profiles of all pixels in 

Austria. We also include economic sectors which are excluded from the analysis on distribution 

grid levels, i.e. sectors A to D, as their consumption is also included in the aggregated Austrian 

load curve.  

Figure 3.9 shows the nine different simulated load profiles in the distribution grid for an 

average summer, winter, and interim period day. In all three seasons, the average consumption 
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is highest during weekdays. The distributions show three different peaks: one between the 

morning and noon, the second one in the early evening and the third one in winter at 22:30. 

An average winter weekday shows the highest overall load.  

 

Figure 3.9 Modelled average loads in the distribution grid for Saturday, Sunday and weekday as well as winter, summer, 

and interim periods 

Figure 3.10 shows both the modelled and measured data (e-control) (e- control, 2010). Figure 

3.10(a) shows the sum of data for all days of a year in Austria. Comparing the modelled and 

measured data, it can be seen that the peak occurs for the modelled load profile at 12:15 and 

for the e-control data at 11:30. The second peak can be seen at 19:30 for the modelled data and 

at 18:30 for the e-control data, and the third one occurs for both load profiles at 22:00. We 

have performed a linear regression analysis with intercept resulting in a R2 of 0.91 meaning that 

91% of the variance of the modelled data can be explained by the variance of the e-control 

data. 
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Figure 3.10 Modelled and measured (e-control) aggregated daily load (2010) for (a) Austria, (b) Austria - the interim 

period, (c) Austria - Summer Weekday, and (d) Vorarlberg  

Next, we compare the three different seasons: summer, winter and interim periods. The R2
 

result obtained was 0.94, 0.84 and 0.92, respectively. Figure 3.10(b) shows the modelled and 

measured aggregated load for one day over the interim period. The peaks occur at the same 

times; however the modelled load profile shows a slightly higher peak. The R2 for a summer 

Sunday is 0.91, for a summer Saturday 0.81, and a summer weekday 0.93. Figure 3.10(c) 

illustrates the modelled and measured aggregated load for one day over weekdays in summer. 

The grid operator in Vorarlberg also provided an aggregate load curve that we use for the 

validation. As Figure 3.10(d) shows, the peaks in the modelled load curve are time delayed. The 

first and second peak occurs at 12:30 and 19:15 in the modelled data, whereas in the e-control 

data it can already be observed at 11:00 and 17:34. The R2 amounts to 0.82. The t-test shows 
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no significant statistical difference between the means of the measured and the modelled data 

(p> 0.01).  

We explain the time shift of the curves by the use of standardized load profiles. Better data 

such as measured load profiles for households and businesses would likely improve the 

predictive accuracy of the model. This could replace stochastic simulations of load profiles. 

Data on the percentage of companies which fall under a certain load shape per OENACE 

criteria would be beneficial as well as measured load profiles per OENACE criteria and 

measured data on the Austrian distribution grid load profile.  

3.3.2 Validation of proxy microgrids for Upper Austria 

We apply the model to allocate transformers in the pixels of the federal state of Upper Austria. 

In 2011, Upper Austria had 1,415,020 inhabitants. The federal state has a size of 11,982 km² 

(Statistik Austria, n.d.). For parts of Upper Austria, we have data on the exact location of 

distribution transformers. This permits validating the heuristic that generates microgrids in 

terms of the chosen locations for the transformers. We exclude pixels with less than 10 

households and regions for which we do not have sufficient information on the number and 

location of transformers. This includes cities such as Linz, Steyr and Wels, because the 

transformer information in these cities is not sufficiently detailed. The data on transformers 

includes power plants, transformer stations, substations, control units and control stations. We 

exclude the data on power plants, substations, control units and control stations, because we 

are only modelling transformers. Figure 3.11 shows the geographic area for modelling the 

transformers and the location of transformers.  
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Figure 3.11 The geographic area for modelling and the location of transformers 

For Upper Austria, we simulate demand in the distribution grid in each pixel (Figure 3.12). The 

transformer simulated demand correlates with the population and employee density. The 

demand is highest on a winter weekday and peaks at 19:45. Therefore, we have used the 

demand at this time for the sizing of the transformers. 
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Figure 3.12 Simulated peak demand in the distribution grid at 1km pixel resolution  

We are able to replicate 78% of the transformer locations. This is far above what a purely 

random allocation of transformers could achieve8.  

3.4. Conclusions and Outlook 

Electricity planning requires information on the evolution of demand including the spatial and 

temporal variation. This is especially important when studying a large-scale integration of 

renewable energy sources. In contrast to conventional systems, supply cannot be turned on 

and off in order to match demand. Measured input data on the distribution grid level is often 

                                                           

8 There are n over k possible combinations of n=6400 grid cells and k =2800 transformers. If k_min indicates the 

number of correctly allocated transformers, i.e. k_min=2800*0.78=2184, the probability of randomly choosing a 

transformer allocation where at least 78% of the transformers are allocated correctly is 𝑝(𝑙_𝑡𝑟𝑎𝑛𝑠 ≥

𝑘_𝑚𝑖𝑛)
∑ (𝑘_𝑚𝑖𝑛

𝑘 )𝑘_𝑚𝑖𝑛
𝑖=1

(𝑘
𝑛)

, where l_trans is the number of transformers correctly allocated in the solution. This number is 

extremely low; for a value of 𝑘_𝑚𝑖𝑛 =2184, it cannot be easily numerically calculated due to the high number of 

possible combinations implied by (𝑘
𝑛). As an example: the number is 1.50453E-12 for 64 pixels, 28 transformers and 

𝑘𝑚𝑖𝑛 = 21. This shows that our methodology outperforms a random allocation of transformers. 
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unavailable at regional to country scale. We have developed a bottom-up model to compute 

spatially and temporally resolved load curves. The model can be applied to other regions, 

where input data from statistical offices is available i.e. spatially explicit information on the 

number of households and employees from different sectors in combination with standardized 

load profiles. The model also allows simulating distribution grid transformer locations as well 

as representative grid segments. It can help to determine the costs of infrastructure upgrading 

and extension. A disadvantage of the model is the lack of detailed flow calculations, because 

technical details are not sufficiently considered.  

The model is useful in analysing research questions where a spatially differentiated demand 

gives more accurate results than an aggregated one. The model can be easily extended to study 

the effects of changes in the demand load profiles on the energy system of dispersed 

generators e.g. the effects of a large-scale implementation of rooftop photovoltaic systems and 

their effects on the distribution grid. Localising the photovoltaic production and matching to 

spatial demand load profiles allows studying the net load profiles, reverse load flows and 

subsequently technical potentials for deploying photovoltaic production in the distribution 

grid. Another research field of using spatially explicit demand load profiles is to analyse the 

effects of electric vehicles charging on load profiles. 

Areas of modelling improvements would be the use of a pool of measured household load 

profiles instead of simulating the random component from standardized load profiles. 

Furthermore, it would be more accurate to use the specific peak demand of each spatial unit 

for the sizing of the transformer. Having information on demand load profiles on a higher 

spatial resolution as well as knowing the capacity of transformers would allow for a more 

accurate validation of the methodology. 
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 Solar buildings in Austria: Methodology to 

assess the potential for optimal PV deployment9 

Abstract 

A high integration rate of distributed photovoltaic systems (PV) can cause system problems. 

We propose a methodology to spatially and temporally analyse the reverse load for Austria. 

First, we use measured load profiles for households and simulate stochastic load profiles for 

commercial consumers. We combine the generated load profiles with data on PV output to 

determine the net demand load profiles per km2. Thirdly, we study the effects of a large scale 

implementation of rooftop PV on the energy system using the JRC_EU-TIMES model. We 

find that (excluding night hours) on average in 0.5% of the hours supply exceeds demand, 

differing between 0% and 35% depending on the grid cell. When only including household 

load profiles it increases to 16% on average. The energy systems model shows that a large scale 

deployment of distributed PV leads to reduced imported electricity. 

Keywords: Geographic Information Systems, Load Modelling, Photovoltaic systems, Distributed power 

generation 

 

  

                                                           

9 This chapter combines two publications: 

Zeyringer, M., 2013. Assessment of the Photovoltaic Energy Potential in Distribution Grids. Proceedings of the 2nd 

International PhD Day of the Austrian Association for Energy Economics, March 21st- March 23rd 2013 

Zeyringer, M., Simoes, S., Mayr, D., Schmid, E., Schmidt, J., Lind, J., Worrell, E., 2013. Solar buildings in Austria: 

Methodology to assess the potential for optimal PV deployment. IEEE, pp. 1–5. doi:10.1109/EEM.2013.6607405 

 

Contributions: I designed the study, developed the methodology, analysed the results and wrote the manuscript. T. 

Huld generated the PV time series. All authors helped improve the study and revised the manuscript. 
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4.1 Introduction 

The European Commission through the implementation of the Renewable Energy Directive 

(European Commission, 2009) set the target to increase the share of renewable energy in the 

gross final energy consumption from 8.5% in 2005 to 20% in 2020. Austria has to increase its 

share of renewable energy generation from 24.4% to 34% by 2020 (European Commission, 

2009). Assuming low expansion potential for hydropower in Austria implies an increase in 

distributed, variable generation. Electricity demand varies spatially and temporally and resource 

supply and demand can be located far apart from each other. One possibility to bring supply 

closer to demand and to use the local renewable energy potential is to install rooftop 

photovoltaic systems (PV). However, a high integration rate of distributed photovoltaic 

systems can cause frequency, voltage and power quality problems (Abu-Sharkh et al., 2006). 

This article proposes a methodology to illustrate the spatial and temporal distribution of 

overproduction. Due to data availability we apply the proposed methodology to the case of 

Austria. For each km2 we prepare hourly solar output time series and bootstrap depending on 

its building composition from a pool of measured household load profiles. For businesses we 

simulate stochastic load profiles using standardized load profiles and construct the residuals 

from the measured households load profiles. We combine the generated load profiles with 

hourly data on solar irradiation to find the number of hours of reverse load in each grid cell. 

We then use the results as an input into the JRC-EU-TIMES model to study the effects of a 

large scale PV deployment on Austria’s energy system. 

This article contributes to recent scientific literature on analysing a large scale implementation 

of distributed PV as done by (Fekete et al., 2012; Paatero and Lund, 2007; Widén et al., 2010). 

Other authors evaluate measure to allow a high integration such as grid reinforcements, storage 

facilities and meters enabling load control (Abu-Sharkh et al., 2006; Komiyama et al., 2013; 

Mulder et al., 2010; Quiggin et al., 2012; Schroeder, 2011). This paper contributes to recent 

literature by analysing spatially and temporally net load profiles and the resulting reverse flows, 

which cause problems concerning voltage rise. Differently, to other studies we use spatially 

explicit data on the consumers for an entire country and measured household load profiles. 

Different to most other studies, we also model the load profiles of commercial consumers.  

The paper is structured as follows: In the next section, we describe the data used. In the third 

part we explain the methodology to generate the household and commercial load profiles, the 

PV generation load and the energy system model. Section four provides the results and in the 

last section we present a discussion and further outlook.  
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4.2 Data and Methodology 

4.2.1 Data 

We use the MGI Lambert Raster R1000 to allocate the data to grid cells of 1km2. We take the 

number of households from the Austrian statistical office’s buildings- and dwellings census 

(Statistik Austria, 2012). This dataset includes the buildings per house type. For the calculation 

of the PV production potential we use the information on the households living in 1 or 2 

apartment buildings, for the demand load profiles we use all house types.  

The Austrian statistical office issued a workplace assessment in 2001, that provides 

information on all companies located within Austria such as the number of employees and the 

type of sector according to OENACE199510 by square kilometre (Statistik Austria, 2001b). 

For the load profiles the data source differs between the household and the commercial load 

profiles. For households we are using 800 measured household load profiles (Energieinstitut 

Linz et al., 2012). These were measured between April 2010 and April 2011 with a time 

resolution of 15 minutes. The measurements were conducted in 33 municipalities in Upper 

Austria ranging from 524 to 191,107 households. In order to represent the single loads we use 

the standardized load profile for commerce general provided by VDEW (Verband der 

Elektrizitätswirtschaft, now BDEW- Bundesverband der Energie- und Wasserwirtschaft e.V.) 

(Bundesverband der Energie- und Wasserwirtschaft e.V, 2000). The load profiles are 

normalized for annual electricity consumption of 1000 kWh and are used for consumer groups 

with less than 100.000 kWh of annual electricity consumption or a power rating smaller than 

50 kW (Wirtschaftskammer Österreich, n.d.). They have been built for three day types, i.e. 

weekday Saturday and Sunday and three different seasons i.e. summer from May 15 until 

September 14, the interim periods from March 21 until May 14 and from September 15 until 

October 31, and winter from November 1 until March 10 (Bundesverband der Energie- und 

Wasserwirtschaft e.V, 2000).. The load profiles are normalized for an annual electricity 

consumption of 1000 kWh. Thus we use the yearly consumption per sector from the National 

Energy Accounts (Statistik Austria, 2008c). 

For the PV output per hour we are using data from April 2010 to March 2010 with a time 

resolution of one hour and a spatial resolution of 1'30''. In the underlying calculations it is 

assumed that PV modules with crystalline silicon cells are used and that they are mounted on 

free-standing racks. In the calculation behind the data it is assumed that the buildings face 

south at the local optimum angle. The algorithm underlying the calculations can be found in 

Šúri and Hofierka, (2004), with the calculation of the optimum angle given in Šúri et al., (2005). 

The hourly solar radiation data is from the Climate Monitoring Satellite Application Facility 

                                                           

10 The OENACE categories are based on the NACE (Statistical Classification of Economic Activities in the European 

Community), a system set up by the European Commission to classify economic sectors (Statistik Austria, 1995). 
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(Mueller et al., 2009) and temperature data are from the ECMWF ERA-interim reanalysis. 

Huld et al., (2011) model the effects of temperature and irradiance on the PV performance. We 

use their results, the hourly PV output from the system described in this paragraph.  

4.2.2 Methodology 

The solar data is available from 5am to 7pm. Thus, we exclude the data between 8pm and 4am 

from the demand load profiles as PV can not contribute to this demand. The standardized load 

profiles exist for three different days in three seasons. We copy the days so as to reproduce one 

year. As the PV output data is in hourly time steps we convert the 15 minutes resolution of the 

demand load profiles to hours.  

With our model we calculate aggregated load profiles for household and small- scale 

commercial consumers by using real data to recreate a realistic scenario. For households we 

look at the household data per grid cell. If the number is higher than 150 households a mean 

load profile gives a good approximation of reality. 

𝑋𝑖 = 𝑃𝑖 ∗ < 𝐿 > ( 1 ) 

where 𝑋 is the aggregated load for grid 𝑖, 𝑃 is the number of inhabitants in grid 𝑖 and < 𝐿 > is 

the mean load of the measured load profiles.  

If the number of inhabitants is lower than 150 people we want to capture some of the 

individual volatility in electricity usage. For this we pick randomly as many load profiles as 

there are inhabitants from the pool of measured household load profiles 𝑋1, 𝑋2,..., 𝑋𝑛 (with n 

= 800). We are using the bootstrapping method which was introduced by Efron, (1979). 

Secondly, we add them up for the aggregated load. 

𝑋𝑖 = ∑ 𝐿𝑟
𝑃𝑖
𝑛=1 𝑛

 ( 2 ) 

where 𝑋 is the load for grid 𝑖, 𝑃 is the number of inhabitants in grid 𝑖, 𝐿 is a randomly chosen 

load profile from our pool of load profiles, 𝑟 is a random index of the load profile chosen. 

For commercial consumers the situation different. We do not have measured load profiles; we 

create the dynamics of a variable electricity consumption via residuals. First, we exclude all 

consumers in the grid cells belonging to sections A to D of the OENACE criteria11 assuming 

they are not connected to the low voltage distribution grid but to the medium voltage or high 

voltage grid. We also exclude sections D (construction) and section G (transport and 

communication) as they are mobile energy consumers or not connected to the low voltage 

                                                           

11 OENACE Criteria: Section A: mining and quarrying, Section B: manufacturing ,Section C: energy and water supply, 

Section D: construction, Section E: wholesale and retail trade, Section F: accommodation and food service 

activities ,Section G: transport and communication, Section H: financial and insurance activities, Section I: real estate 

activities, Section J: public administration and social security 
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distribution grid. The workplace assessment dataset does not give us the number of 

companies, only the number of employees. Thus, we use the average number of employees per 

enterprise in every section to arrive at the number of load profiles simulated in every grid cell. 

For grid cells where the number of employees is below the average number we simulate a 

single load profile. First we assume that the residuals of the small commercial units behave 

similar to the measured household load profiles. We calculate the residuals matrix, which is the 

distance for each time step of the measured load profile to the mean of that load profile. This 

is calculated by 

𝑅𝑖 = 𝐶𝑖− < 𝐶 > ( 3 ) 

where 𝑅 is the residuals matrix, 𝐶 is the matrix of load profiles, and < 𝐶 > is the mean load 

profile.  

This generates a residuals matrix that keeps the difference for each data point. We then have to 

multiply the standardized load profile which is normalized for a consumption of 1000 kWh 

with the consumption in that grid cell. The commercial consumption is calculated by 

multiplying the average consumption per employee in that sector with the number of 

employees in the grid cell. Our model then looks at the number of employees in each grid cell, 

picks that number of standardized load profiles but randomizes them by adding a randomly 

chosen residual load profile from our set. 

𝑌𝑖 = 𝐸𝑖 ∗ 𝑆+∑ 𝑅𝑟
𝐸𝑖
𝑛=1 𝑛

 ( 4 ) 

where 𝑌 is the commercial load profile matrix, 𝐸 is the number of employees in the grid, 𝑆 is 

the standardized load profile, 𝑅 is a randomly chosen residual profile, 𝑟 is a random index. 

The matrices X and Y, containing the entire aggregated load profile data per grid and time step 

gets added up for the total aggregated load. 

We assume that each household living in a building with one or two flats installs 1 kWp on the 

roof. Thus, we multiply the PV output for each grid cell with the number of building of the 

type having one or two flats. 

We add the aggregated load profiles to the PV output time series to get as a result the net load 

profile from April 2010 to April 2011. 

In a last step we use the results in terms of total installed capacity and electricity produced 

from distributed PV as an input into the JRC TIMES European technology optimization 

energy system model. In a second scenario we input the current average installed rooftop PV 

capacity of a 5 kWp system on each one or two family building as a comparison. This allows us 

to study the impact of a large scale implementation of rooftop PV on the Austrian and 

neighbouring countries energy system. A more detailed description on the JRC EU Times 

model can be found in Simoes et al., (2013b).  
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4.3 Results 

For the following results we exclude night hours (8pm until 4am) and analyse only hours from 

5am to 7pm. For all grid cells on average in 0.5% of the hours supply exceeds demand; varying 

between 0% and 34.7%. If we only take the load of the households on average in 16.1% of the 

hours the supply is higher than demand. The difference when including commercial load 

profiles in the aggregated load is large. This shows that when only modelling demand 

household profiles, the amount of decentralized PV which can be integrated without causing 

problems on the system may be underestimated. However, if we also model commercial and 

industrial rooftops available the net load will increase. As previously stated, the average the net 

load profile is small. Yet, for areas with a low number of commercial consumers it increases 

until 35%. For that reason, it is of importance to study the specific local conditions. Figure 4.1 

shows the spatial distribution of the percentage of hours where PV supply exceeds demand in 

the West of Austria when only including household load profiles. Comparing Figure 4.1 with 

Figure 4.2 shows that the overproduction is not highest in the most densely populated areas 

(e.g. Innsbruck) but in the more rural areas with a high proportion of single family houses. 
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Figure 4.1 Percentage of hours where PV supply exceeds demand in Western Austria  
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Figure 4.2 Population distribution 

Over the year, there are large differences in the percentage of hours where the production 

exceeds the demand. In July, the month with the highest irradiation on average in 1.4% of the 

hours demand exceeds supply. In December, the month with the lowest PV production in 

0.21% of the hours demand exceeds PV supply. When excluding the commercial load, in July, 

in 27% of the hours demand is higher than supply; compared to 4% of the grid cells in 

December. 

We assume that the energy system is not carbon constraint and no renewable energy targets are 

in place. The total installed capacity of distributed PV systems amounts to 2100 MWp and 

results in a yearly production of 1.2 TWh. Using this as an input into the JRC-EU-TIMES 

model shows that from 2020 onwards the electricity imports from Italy, Switzerland and 

Germany are decreasing and exports mainly increase to Germany. Looking at an average PV 

installation of 5 kWp shows similar effects; however, they are stronger. A further effect on the 

energy system is that from 2050 onwards the production from coal would be lower compared 

to the baseline scenario.  

4.4 Conclusions and Further Research 

The methodology allows modelling the spatial and temporal distribution of reverse flows by 

taking into consideration the unique consumer composition of the area. It shows that under 

the assumption that each building with one or two flats installs solar PV in the size of 1KWp, 

the reverse load flows are significant for areas with a low share of commercial consumers. In 
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grid cells which contain less single houses and more commercial units, the commercial 

consumption absorbs the photovoltaic electricity. It may therefore be advantageous to support 

and give priority to decentralized PV development in those areas. Currently, the average 

installation is around four times higher. This study suggests that in distribution grid sections 

with a high number of single family houses and a low number of commercial units forward 

planning seems necessary. Our methodology is easily replicable to other regions and can serve 

as input data into other models studying the potential of distributed photovoltaic energy either 

in energy systems or distribution grid models. Further, we were able to show that a large scale 

integration of rooftop PV shows effects on the energy systems. The research can be improved 

by calculating the photovoltaic output based on the available rooftop area. Further, the pool of 

household load profiles can be divided into different subsets. This would allow bootstrapping 

depending on the composition of the grid cell. For commercial units the research can be 

expanded by using different standardized load profiles depending on the sector the employees 

are working in the respective cell. Lastly, the effects on the energy system through the JRC-

EU-TIMES model can be studied in more detail including policy scenarios such as renewable 

energy targets. 
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 Analysing grid extension and stand-alone 

photovoltaic systems for the cost- effective 

electrification of Kenya12  

Abstract 

The declaration of the decade 2014‑2024 as the Decade of Sustainable Energy for All has 

catalysed actions towards achieving a universal electricity access goal. Currently, the 

electrification gap is still very large in countries like Kenya where over 80% of the population 

has no access to electricity. The high costs of building electric infrastructure are a major 

impediment to improved access, making stand-alone photovoltaic systems an attractive 

solution in remote areas. Here, we analyse the cost-effective electrification solution for Kenya 

comparing grid extension with stand-alone photovoltaic systems. We use micro-data from a 

national household survey to estimate electricity demand for households that are within reach 

of electricity infrastructure and to predict latent demand in unconnected households. These 

regional demands are used in a spatially explicit supply model to seek for a least-cost 

electrification solution. Our results suggest that decentralized off-grid photovoltaic (PV) 

systems can make an important contribution to cheaper and faster electricity access in those 

parts of Kenya, where electricity demand remains low and connection costs are high. We find 

that up to 22% of the population can be reached cost-effectively by off-grid PV systems till 

2020. 

Keywords: Electrification, Sub-Saharan Africa, Optimization model, Exponential model, Tobit model, 

geographically explicit 
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5.1 Introduction 

The achievement of the United Nations Millennium Development goals is strongly associated 

with access to electricity. This is also reflected in a recent declaration by the United Nations 

General Assembly of the decade 2014‑2024 as the Decade of Sustainable Energy for All 

(United Nations General Assembly, 2011). In 2011, 45% of the urban and 82% of the rural 

population did not have access to electricity in Sub-Saharan Africa. The rate of electrification 

in Kenya is currently below the average of Sub-Saharan Africa. 81% of the households (42% in 

urban and 93% in rural areas) have no access to electricity in their dwellings (Organisation for 

Economic Co-operation and Development and International Energy Agency, 2013). 

Consequently a large majority of the population still relies on firewood for cooking and 

paraffin for lighting (Kenya National Bureau of Statistics, 2005). Change is slow, since 

incentives to invest in rural areas are low due to high connection costs, low latent electricity 

demand and low incomes. 

This article identifies least-cost options for electrification of households in Kenya. Many 

households cannot access electricity due to non-availability of electric infrastructure and thus 

their demand is unknown. For cost-effective planning of electricity infrastructure, which in 

many developing countries involves a choice between grid extension and the implementation 

of stand-alone systems, it is crucial to estimate electricity demand. We use detailed micro-data 

from the Kenyan Integrated Household Budget Survey KIHBS) of 2005/2006 to estimate 

latent demand for electricity in Kenyan households (Kenya National Bureau of Statistics, 

2005). In a second step, we use the demand model to predict electricity demand for all districts 

of Kenya in the year 2020. The data generated serves as an input into an electricity supply 

optimization model determining whether electric grid extension or the implementation of off-

grid photovoltaic systems is the cost-effective solution for each grid cell.  

This article contributes to recent scientific literature on electricity planning for countries with 

low electrification rates. In particular, we are interested in determining household electricity 

demand in areas where electricity supply is currently not available and in assessing if grid based 

supply or a combination of photovoltaic panels and batteries are more cost-effective in 

covering demand.  

There exists a significant body of literature on electricity demand estimation in developing 

countries. However, the literature on residential electricity demand in developing countries is 

more limited. Some examples of literature at the household level describing factors 

determining fuel choice are the following: Davis (1998) analyses a households survey in South 

Africa to identify the effects of access to electricity of rural households on fuel choice. Masera 

et al. (2000) use data from a case study in a Mexican town and from a large-scale survey from 

four states of Mexico to find a model describing the transition from traditional to modern 

fuels. They show that a multiple fuel model or in other words the accumulation of energy 

options describes this move better than the standard energy ladder model. Tatiétsé et al. (2002) 

evaluate households’ actual electricity energy needs in three Cameroonian cities. Their aim is to 

improve distribution grid planning in order to prevent frequent network interruptions and 
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non-profitable investments. They form three classes based on criteria such as socio–

professional category, income level and dwelling type. They carry out a survey collecting data 

on several characteristics affecting electricity consumption. From data on household appliances 

they calculate load profiles. Filippini and Pachauri (2004) estimate price and income elasticities 

of urban households’ electricity demand using disaggregate household level survey data for 

India. The motivation of their research is to get an understanding of the key factors that 

influence electricity demand at the household level. Pachauri (2004) performs an econometric 

analysis using household survey data from India and finds that household socio-economic, 

demographic, geographic, family and dwelling attributes influence the total household energy 

demand. Ekholm et al. (2010) use a choice model to analyse the determinants of fuel 

consumption choices for heterogeneous household groups in India incorporating factors such 

as preferences. Louw et al. (2008) use sampled household data to assess the parameters 

affecting the electricity usage in electrified households for South Africa.   

Previous studies develop methodologies to explain energy consumption in developing 

countries, but they are very limited for Sub-Saharan Africa. Moreover, none of the papers 

estimate currently uncovered electricity demand due to non-availability of supply. On research 

for electricity planning for countries with low electrification rates, until recently, there have 

been only a few isolated studies comparing grid connected versus stand-alone systems 

(Kaundinya et al., 2009; Narula et al., 2012). Studies for Sub-Saharan African countries are still 

very limited. Zvoleff et al. (2009) determine costs of rural electrification through settlement 

patterns for several of the African Millennium Villages sites. Kocaman et al. (2012) propose an 

algorithm to minimize overall electricity infrastructure costs based on spatial distributions of 

demand points studying nine sites in Sub-Saharan Africa. Szabó et al. (2011) compare 

electrification costs of distributed solar and diesel generation with grid extension for Africa 

through means of a cash flowmodel and geographic information systems. Levin and Thomas 

(2012) determine the percentage of population for which decentralised systems would be the 

cost-effective solution for 150 countries. They compare the costs of centralised generation 

calculated via a minimum spanning tree to decentralised generation. Fuso Nerini et al. (2014) 

undertake a techno- economic analysis to determine the best electrification solutions for the 

Amazon region in Brazil. They then evaluate those electrification options in a multi criteria- 

analysis based on weights obtained from an interview process. Rosnes and Vennemo (2012) 

build an optimization model to determine the least-cost supply options covering demand in 43 

Sub-Saharan countries. Deichmann et al. (2011) and (Parshall et al., 2009a) propose a 

geographically explicit methodology in order to decide between stand-alone systems and grid 

electrification based on cost minimization in Kenya. Kemausuor et al. (2014) uses a similar 

approach for Ghana. These models are strong on the engineering side, but lack a detailed 

analysis and modelling of the demand side: Fuso Nerini et al. (2014) use one average 

consumption of a 'standard household’. For new connections Rosnes and Vennemo (2012) use 

two average annual consumption categories, one for rural households and one for urban 

households. Levin and Thomas (2012) assume that newly electrified regions will consume 

electricity at the same rate as the currently electrified population. Deichmann et al. (2011) 

assume a fixed quantity of electricity demanded for two categories of households: rural and 
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urban, whereas (Parshall et al., 2009a) propose four different exogenous electricity demand 

values depending on income and population distribution. Kemausuor et al. (2014) also use four 

average demand categories.  

The literature review shows that there is no study combining thorough demand estimations 

with a supply side electrification model. Furthermore, from the literature and to our knowledge 

our approach of estimating latent electricity demand due to non-availability of electricity supply 

is novel. With this research we are attempting to close the gap of predicting electricity demand 

at a district level and using it in a supply-side optimization model deciding between grid 

extension and stand-alone PV systems. 

The article is structured as follows. The next section provides data and methodology for the 

demand regression model and the supply optimization model. In section three, we present the 

results of both models. The concluding section provides policy conclusions as well as an 

outlook on future research.  

5.2 Data and Methodology 

Kenya with a geographical area of 569,250 km2 is located in Eastern Africa on the equator. The 

country is divided into eight provinces and 46 districts. The Kenyan Bureau of Statistics states 

a provisional number of 40.7 million inhabitants for 2012 (Kenyan Bureau of Statistics, 2013). 

According to the KIHBS, the average population density varies depending on the district 

between 2.5 inhabitants per km2 and 4500 inhabitants per km2. One out of five Kenyans lives 

in urban areas (Kenya National Bureau of Statistics, 2007). Responsible for transmission, 

distribution and retail of electricity is the Kenyan Power and Lighting Company (KPLC), a 

public company. 80% of national electricity is generated by the state owned Kenyan Electricity 

Generating Company (KenGen) (Kenya Electricity Generating Company, n.d.). KenGen sells 

the electricity to the Kenyan Power and Lighting Company (KPLC) (Kenya Electricity 

Generating Company, n.d.). KPLC and operates most of the electricity transmission and 

distribution system in the country and sells electricity to its customers (Kenya Power and 

Lighting Company, n.d.). The total installed power generation capacity amounts to 770 MW of 

hydropower, 610 MW of thermal energy, 200 MW of geothermal energy and 26 MW of 

cogeneration (provisional numbers for 2012) (Kenya National Bureau of Statistics, 2014). In 

the Rural Electrification Master Plan (REM), the government aims at an electrification of 33% 

until 2018 and 40% until 2020 (Ministry of Energy et al., 2009).  

Figure 5.1 gives an overview of the data and methodology that are described in more detail in 

subsections 2.1 and 2.2. We use an exponential regression model in order to predict electricity 

demand for households without access to electricity. The predicted electricity demand in every 

grid cell (2000 km2) serves as an input parameter in a supply-side optimization model, which 

determines the extension of the electricity grid and the introduction of stand-alone PV by 

minimizing costs in every grid cell.  



Analysing grid extension and stand-alone photovoltaic systems for the electrification of Kenya 

93 

 

 

Figure 5.1 Flowchart of the input data and methodology 

5.2.1 Electricity demand estimation of Kenyan households 

We use the KIHBS data (Kenya National Bureau of Statistics, 2005) as used by Lay et al. 

(2013), which we manually correct for outliers, to study the current patterns of household 

electricity demand. The survey is the most recent and largest survey undertaken by the Kenyan 

Central Bureau of Statistics. This stratified sample consists of 13,340 households surveyed 

between 2005 and 2006 and contains the sampling selection probabilities for each household. 

One of the 21 modules of the questionnaire is designed to give information on household 

energy use. For our descriptive analysis, we divide households into rural and urban expenditure 

quintiles and assess differences in electricity access and demand among these groups. 

Early studies on electricity demand estimation in western countries primarily focused on 

estimating electricity from equipment stocks (Berndt, 1991). The situation in developing 

countries differs, because many households are not connected to the grid and consequently do 

not own electric appliances. Several approaches are possible to estimate latent electricity 

demand of households which may get connected to the grid. From a statistical point of view, a 

randomized experiment or matching would be the most desirable. However, this requires data 
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before and after the introduction of electricity supply (Rosenbaum, 2010). From an economic 

point of view, a full household model including labour and goods market is also appealing 

(Bardhan and Udry, 1999). However, data limitations and underidentification of such a system 

of equations often require strong assumptions, which are hard to justify (Angrist and Pischke, 

2010). We take a microeconometric approach, for estimating demand, which is suited for cases 

where a large share of households has zero demand (Wooldridge, 2010). 

The Kenyan household survey data contains information that allows us to distinguish areas 

where the electricity grid is available within 100 meters of a household to other areas where 

electricity infrastructure is missing. We estimate electricity demand in households with access 

to electricity or which are located within 100 meters of an electricity grid. We use this data to 

predict demand for households without electricity. For households located within 100 meters 

of a grid, we assume that access is technically feasible. Such households may choose 

deliberately not to get connected, if they cannot afford a connection, in which case we assume 

their current demand is zero. We exclude the main cities Nairobi and Mombasa. These being 

the two major Kenyan cities, with higher electricity supply, we assume that households located 

in these two cities are structurally too different to be used to predict electricity demand for 

households outside of them: They are the only two districts of Kenya which are entirely urban 

and thus compared to the rest of the country have very low rates of people employed in 

agriculture (1.3% and 1.1% of households in Mombasa and Nairobi compared to 68.8% of all 

households in Kenya). The industrial and commercial activities are higher (Kenya National 

Bureau of Statistics, 2007; Knight Frank, 2014): The main economic sector in these cities is 

wholesale/ retail/ trade. Education is more accessible proven by the high percentage of 

population being able to read and write as well as the number of children attending school and 

the low distance to the nearest public primary school (Kenya National Bureau of Statistics, 

2007). Nairobi and Mombasa attract a high proportion of national and international, wealthy, 

high- income inhabitants and tourism is strong (Kenya’s Ministry of East African Affairs, 

Commerce and Tourism, Department of Tourism, 2010). House prices are much higher and in 

the high segment comparable to other global cities (Knight Frank, 2014). Nairobi and 

Mombasa, differently to the rest of the country have a much higher proportion of the 

households renting, thus spending a large amount of their non- food expenditures on rent 

(Kenya National Bureau of Statistics, 2007). Infrastructure such as pipes for drinking water 

provision, sanitation and flush toilets, electricity, roads, public transport (buses, railway), 

healthcare is much better developed (Kenya National Bureau of Statistics, 2007; The World 

Bank, 2014).  

Electricity demand of connected households mainly depends on, according to microeconomic 

theory, income, prices, and preferences of the household, (Louw et al., 2008). Household’s 

preferences for electricity differ depending on location (urban or rural) and the number and 

structure of household members (e.g. family member size, age, education). Income is 

notoriously difficult to measure in developing countries and expenditure is often preferred 

(Deaton, 1995). We use non-food expenditures and the number of domestic servants 

employed in the household as a proxy for income. Non-food expenditures are transformed 

applying an inverse hyperbolic sine (ihs) transformation (ihs(yi) = log(yi + (yi
2+1)0.5), instead of 
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a simple logarithmic transformation since log(0) = -inf. We exclude food expenditures as some 

households grow their own food. The existence of a flush toilet can serve as indication of 

income and infrastructure availability and is therefore included in the model. Energy prices are 

not included in the model as they do not vary across regions (for electricity). We also exclude 

prices of substitutes and complements of electricity as no region specific data are available. In 

describing household preferences, we include age and education of the household head, the 

number of people living in the household, and whether the household lives in an urban or 

rural area (representing all characteristic being typical for rural households but can not be 

measured). We do not include regional dummies, because we have only a dozen observations 

in some of the provinces.  

Generally, households have a non- negative electricity demand. Since a standard ordinary least 

square model can result in negative fitted values, Tobit models are frequently used in situations 

with limited outcomes (Tobin, 1958). In the Tobit model, under the assumption of normally 

distributed and homogeneous errors, censoring at zero demand is accounted for. To model 

multiple step household decisions, the standard Tobit model has been extended to a class of 

multi hurdle models (Wooldridge, 2010). Cragg’s model (Cragg, 1971) is the most basic one 

which separates the consumption decision in two steps. The two estimation steps can be 

correlated in more recent variants (Blundell and Meghir, 1987). While these models are 

theoretically appealing, they rest on assumptions of normal and homogenous errors. Multi 

hurdle models consist of several, possibly correlated equations such that non-convergence of 

the objective function is a frequent problem. The censored least absolute deviation method by 

Powell (1984) is used to avoid the strict distributional assumption of hurdle models. However, 

they often suffer from non-convergence in case of a large share of censored observations. A 

more direct approach is the prior transformation of the variables to fulfill the assumption of 

non-negative outcomes. Wooldridge (2010) suggests an exponential model of the type yi = 

exp(bXi) + ui. This exponential model can be estimated with a non-linear regression routine 

which results in strictly positive expected values. We estimate both an exponential and a Tobit 

model to allow for a comparison of the results. 

The estimated equation for the Tobit model can formally be expressed as 

𝐸𝑑𝑖 = {
𝐸𝑑𝑖

∗ if 𝐸𝑑𝑖
∗ > 0 

0 if 𝐸𝑑𝑖
∗ ≤ 0

 

where 

𝐸𝑑𝑖
∗ = 𝑏0  +  𝑏1𝐸𝑥𝑖  +  𝑏2𝑆𝑖 + 𝑏3𝐹𝑖  + 𝑏4𝐴𝑖 + 𝑏5𝐸𝑖 + 𝑏6𝑁𝑖 + 𝑏7𝑅𝑖 + 𝑢𝑖  . ( 1 ) 

The estimated equation for the exponential model can formally be expressed as 

𝐸𝑑𝑖 =  𝑒𝑥𝑝 (𝑏0  +  𝑏1𝐸𝑥𝑖  +  𝑏2𝑆𝑖 + 𝑏3𝐹𝑖  + 𝑏4𝐴𝑖  + 𝑏5𝐸𝑖 + 𝑏6𝑁𝑖 + 𝑏7𝑅𝑖) + 𝑢𝑖 . ( 2 ) 

The variable abbreviations in both models represent:  

𝐸𝑑𝑖
∗= Latent monthly electricity demand per household in kWh 
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𝐸𝑑𝑖= Monthly electricity demand per household in kWh 

𝐸𝑥𝑖= Non-food expenditures per household in KSh per month 

𝑆𝑖= Number of servants employed in the household 

𝐹𝑖  = Flush toilet as main toilet facility 

𝐴𝑖  = Age of household head in years 

𝐸𝑖= Formal education of the household head in years 

𝑁𝑖= Number of people living in the household 

𝑅𝑖= Dummy equal 1 if household is in a rural area of household i 

𝑏0. . 𝑏7 =Regression coefficients 

After estimation of the coefficients, we use the exponential equation to predict future demand. 

The survey data are from 2005/06, but investment decisions have to be based on future 

demand. We therefore predict demand in 2020, which serves as our projection horizon. We 

inform our estimation of future demands in 2020 by employing GDP (rural, urban), 

population (rural, urban), and share of educated population (over 15 years of age) projections 

from the International Institute for Applied Systems Analysis (IIASA) (K.C. et al., 2010; Riahi 

et al., 2012). While similar projections are available from other sources, such as the World 

Bank and United Nations, projections for all the variables of interest are not available from a 

single source, in a consistent manner. The data projected for the year 2020 can be found in 

Table 5.1. We base the predictions for 2020 on non-food expenditures from 2005/06 

multiplied by the change in GDP (differentiated between urban and rural) and the education 

level of 2005/06 multiplied by the change in education. We then predict demand based on 

these variables and multiply the predictions by the population growth (differentiated between 

urban and rural).  

Table 5.1 Data for 2005 and projections for 2020 

 

 

 

 

 

 

 

 

 

 Unit 2005 2020 

GDP  Billion USD 18.769 32.324 

GDP urban  Billion USD 12.361 22.607 

GDP rural  Billion USD 6.408 9.717 

Education level of the 

population older than 15 years 

Years 7.76 9.43 

Population  Million 35.817 52.034 

Population urban Million 7.429 13.826 

Population rural  Million 28.387 38.208 



Analysing grid extension and stand-alone photovoltaic systems for the electrification of Kenya 

97 

The exponential model is estimated with the function “nls” from the “stats” package (version 

2.14.2) and the Tobit model with the function “mhurdle” (Carlevaro et al., 2011) of the 

statistical programming environment R (R Development Core Team, 2012). Weighted means 

are calculated with the R package “weights”, version 0.70 (Pasek, 2011). 

5.2.2 Electricity supply optimization model 

In the optimization model we find the cost optimal electrification solution for every grid cell of 

2000 km2. To illustrate the assumed and prevailing conditions, Figure 5.2 shows a map of 

Kenya including the grid cells, the current electricity grid and administrative boundaries. The 

key data for the model are costs of the technologies and data on variables which influence 

costs per kWh such as population distribution, solar irradiation and PV efficiency. 

 

Figure 5.2 Map of Kenya showing the grid cells, the districts, and the existing electricity grid 
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Table 5.2 shows the input parameters together with their values and sources. A more detailed 

description can be found in the Appendix. 

Indices: 

𝑖 = supply cells 

𝑗 = demand cells 

alias: 𝑗 = 𝑗1= 𝑗2  

Table 5.2 Parameters of the optimization model: values and sources 

Model parameters Value Source 

𝑑𝑖,𝑗= distance between 

cells i and cells j 

(meters) 

Depending on the 

cells  

Own calculations using ArcGIS 

𝑝𝑗= maximum solar 

panel area in cells j 

(m2) 

2000km2 Own source 

𝑏𝑗= demand of 

electricity in cells j 

(kWh per year) 

Per household on 

average 

Own Model using micro- data of the KIHBS 

Kenya National Bureau of Statistics, 2005 

𝑐𝑡=costs of building of 

power transmission 

lines (USD per meter) 

USD 157,470 km-1 

on average 

Kenyan Power and Lighting Company, 2010 

𝑐𝑗 = distribution 

charge in cells j (USD 

per kWh) 

Reference costs: 

USD 0.1027kWh-1 

Distribution charge: 

1% increase in 

population density 

leads to 0.6% 

decrease in 

distribution costs 

Reference costs: Ministry of Energy et al., 2009 

Distribution charge: Filippini et al. 2004 

𝑔 = grid capacity (kW) 733 GWh Own calculation based on 5* maximum demand 

of grid cells 

𝑎𝑖 = supply of 

conventional electricity 

in cells i (kWh) 

9,999 GWh 

 

Own assumption 

𝑐𝑒 = energy generation 

costs (USD per kWh) 

USD 0.13 kWh-1 Ministry of Energy et al. 2009 
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𝑐𝑠= solar power 

installation costs in 

cells i (USD per m2) 

USD 250 m-2 of 

modules 

USD 250 for a 60 

Watt battery 

USD 100 for 

additional equipment 

Wholesale Solar n.d. ; Sollatek Electronics Kenya 

Limited n.d. ; Center for Alternative 

Technologies n.d. ; Solarlink n.d.  

𝑖𝑗= solar irradiation in 

cells j (kWh/m2/a) 

Depending on the 

cell, 2,007 kWh m-² 

and year on average 

Rigollier et al. 2004 

𝑐𝑓= solar efficiency 

(%) 

12.8% Own calculation based on 

Eelectric
13=Hsolar

14*finclination
15*Fsolarcells

16*lcell
17*PR18 

 

Population Density- 

Determines total 

demand in the grid cell 

65 per km-² on 

average 

Center for International Earth Science 

Information Network (CIESIN), Columbia 

University et al. 2004 

PV prices are expected to stay stable in the future (Bazilian et al., 2013). We thus take prices 

from the IEA- ETSAP technology brief of 2013 (IEA-ETSAP and IRENA, 2013) for the 2020 

scenario. Module prices fell to USD 950 per kW (IEA-ETSAP and IRENA, 2013). This results 

in costs of USD 119/ per m2 assuming that 1 kWp requires 8m2 of rooftop area. Cost 

projections for batteries are scarce or unavailable (IEA-ETSAP and IRENA, 2012). We thus 

use the same costs from the baseline scenario for 2020. According to the Kenyan Ministry of 

Energy future energy generation costs will stabilize at around 0.17USD/ kWh in 2018 

(Ministry of Energy et al., 2009).  

The following paragraphs describe the optimization model in more detail:  

Positive variables:  

𝑥𝑖𝑗  = amount of grid electricity transported from 𝑖 to 𝑗, 

 where 𝑥𝑖𝑗≥ 0 for all 𝑖, 𝑗 (kWh per year) 

𝑠𝑗  = size of solar panel area 

                                                           

13 produced energy per year in kWh/year 

14 mean sum of the yearly radiation energy in kWh/year 

15 inclination factor 

16 area of the solar cells 

17 module efficiency 

18 performance ratio 
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 where sj ≥ 0 for all 𝑗 (m2) 

𝑢𝑗= grid electricity used in grid cell 

 where 𝑢𝑗≥ 0 for all 𝑗 (kWh per year) 

Binary variable:  

𝑤𝑖,𝑗= investment in power transmission line from 𝑖 to 𝑗 

 where 𝑤𝑖,𝑗= 0, 1 

The optimization model minimizes the following objective function: 

𝑀𝑖𝑛 ∑ (𝑐𝑒  +  𝑐𝑗)𝑗  ∗  𝑢𝑗 + ∑ 𝑐𝑡
𝑖,𝑗  ∗ 𝑑𝑖,𝑗 ∗  𝑤𝑖,𝑗  +  ∑ 𝑐𝑠 ∗ 𝑠𝑗  ( 3 ) 

Total costs are composed of (i) the sum of the grid electricity price 𝑐𝑒and the distribution 

charge 𝑐𝑗 multiplied with the amount of grid electricity 𝑢𝑗 consumed in a certain grid cell j, (ii) 

the costs for building the transmission grid between different cells which are determined by 

grid construction costs per kilometre 𝑐𝑡 , the distance between grid cells 𝑑𝑖,𝑗 and the binary 

variable 𝑤𝑖,𝑗  indicating if a certain grid connection is built, and (iii) the costs of a solar panel 

𝑐𝑠 multiplied by the solar panel area 𝑠𝑗 . Total costs are thus composed of electricity grid 

distribution costs, electricity grid transportation costs and solar panel costs. 

The following constraints have to been defined in the model:  

Demand for electricity has to be fulfilled in all grid cells which is ensured by    

∑ 𝑢𝑗𝑖 + 𝑐𝑓 ∗ 𝑖𝑗  ∗  𝑠𝑗  ≥  𝑏𝑗 , ∀ 𝑗  ( 4 ) 

requiring that the amount of grid electricity 𝑢𝑖and the amount of locally available PV electricity 

𝑐𝑓 * 𝑖𝑗 * 𝑠𝑗 is greater than demand 𝑏𝑗 .  

The grid electricity used in a grid cell 𝑢𝑖  and the grid electricity transferred to other grid cells 

∑ 𝑥𝑖,𝑗𝑖  has to be lower than the amount of grid electricity produced in the grid cell 𝑎𝑖  and the 

amount of grid electricity transferred to the grid cell from other cells ∑ 𝑥ℎ,𝑖ℎ . PV electricity 

cannot be transferred to other grid cells. 

 𝑢𝑖 + ∑ 𝑥𝑖,𝑗𝑖  ≤ + 𝑎𝑖 + ∑ 𝑥ℎ,𝑖ℎ , ∀ 𝑖  ( 5 ) 

The following equation ensures that a transmission line 𝑤𝑖,𝑗  of capacity 𝑔 is in place if 

electricity is transferred from one grid cell to another: 

𝑥𝑖,𝑗  ≤  𝑤𝑖,𝑗 ∗  𝑔 ∀ i, j  ( 6 ) 

Finally, the size of the solar panel area that may be deployed is constrained by the maximum 

solar panel area: 

𝑠𝑗  ≤  𝑝𝑗   ( 7 ) 
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The model is implemented in the General Algebraic Modelling System (GAMS) (GAMS 

Development Corporation, 2009) using the solver CPLEX. 

5.3 Results 

5.3.1 Electricity demand estimation 

5.3.1.1 Patterns of household electricity use 

We briefly describe consumption patterns from the Kenyan Integrated Household Budget 

Survey (KIHBS). From the survey it is evident that there are households which are connected 

to an electric grid but do not consume any electricity. According to the KIHBS, 17.7% of the 

total households have access to electricity in their household; 43.8% in urban and 3.5% in rural 

areas. Only 7.2% of households report consumption greater than zero, 21.7% in urban areas 

and 2.3% in rural areas. Furthermore, 35% of households are reported to live within 100 

meters of an electricity grid. Contrary to these figures, in 2005/2006 the Kenyan Power and 

Lighting Company (KPLC) had 660,200 household costumers, or 9% of households were 

connected to the electricity grid. In the KIHBS, 10% of the households do not name KPLC as 

their main supplier of electricity but other systems such as community generators, solar panels, 

own generators or a car/motorcycle battery. This explains only a small part of the divergence 

in access estimates between the KPLC and KIHBS. The rest of these households might be 

unofficially connected through their neighbours to the national grid. The fact that the 

consumed amount of electricity stated by KPLC is higher than the consumed amount 

estimated from people having a positive electricity bill, as derived from the KIHBS, 

strengthens this argument: According to KPLC, total sales to domestic customers in 

2005/2006 amounted to 1028 GWh. Extrapolation of the KIHBS data (2005/2006) results in 

an electricity demand estimate of 806 GWh for all of Kenya. This means that according to the 

KIHBS estimate household electricity demand for Kenya is 222 GWh lower than the official 

numbers given by the KPLC. When excluding Nairobi (422 GWh), the difference in 

household electricity demand between the KIHBS and the KPLC is lower; the KIHBS shows a 

demand which is 22 GWh higher than the numbers given by the KPLC (as KPLC does not 

report Mombasa separately, we deviate from other parts of the paper and only excluded 

Nairobi). Figure 5.3 illustrates the estimated number of households with access to electricity 

for each income quintile using KIHBS data. The figure also shows the difference between the 

percentage of households that state they have an electricity connection in the household and 

the percentage of households with electricity consumption (meaning electricity use greater than 

zero). The difference can be explained by households having a connection but not being able 

to afford to consume during the previous month, power outages or households which use 

electricity but are not billed as they are not officially connected. In the richest quintile, nearly 

half of all households are connected to electricity, compared to close to 0% in poor 

households. The percentage of connected households largely exceeds the percentage of 

households consuming. Further, the rate of electrification in all quintiles is much higher in 

urban areas. Only about 50% of the electrified households also consume electricity.  
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Figure 5.3 Percentage of electrified households and households consuming electricity  

5.3.1.2 Regression model 

The mean value of electricity demand amounts to 9.63kwH per month, non- food 

expenditures to KSh4037, the number of servants employed in the household to 0.12, 10% of 

the households have a flush toilet, the mean age of the household head is 44.5 years, the mean 

years of education of the household head is 6.6 years, the average number of the people living 

in a household is 5.1 members and the share of households living in rural areas is 75%. Table 

5.3 shows the difference in the sample-weighted (according to KIHBS weights) mean for the 

regression variables between households located within and outside 100 metres of an electricity 

supply. The differences in the means across the two population sub-groups are significant for 

the variables included in the model. 

Table 5.3 Weighted mean regression variables for households within and beyond 100 meters of an electricity supply  
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Table 5.4 Results of the exponential and the Tobit regression 

Explained 

variable:  

Electricity 

demand 

(KWh per 

month) 

Estim

ated 

Coeffi

cient 

Stand

ard 

Error  

Level of 

signific

ance 

Estimat

ed 

Coeffici

ent 

 

Stand

ard 

Error  

Level of 

signific

ance  

Mean 

marginal 

effects 

 Exponential Model Tobit Model  

Intercept -3.21 0.24 *** -884.97 47.18 *** -189.40 

Inverse 

hyperbolic 

sine non-

food 

expenditures 

per person 

in KSh per 

month 

0.57 0.02 *** 58.63 5.20 *** 12.68 

 

Number of 

servants 

employed in 

the 

household 

0.45 0.025 *** 35.28 8.79 *** 7.08 

 

Flush toilet 

as main 

toilet facility 

0.39 0.06 *** 123.85 10.81 *** 27.47 

 

Number of servants employed in 

the household 0.13 0.07 ** 

Flush toilet as main toilet facility 

in % 14.83 0.67 ** 

Age of household head in years 42.18 47.66 ** 

Formal education of household 

head in years 8.48 5.43 ** 

Number of people living in the 

household 4.33 5.61 ** 

Households in rural area in % 58.17 96.44 ** 

Note: ** indicates difference in means significant on a 5% level 
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Age of 

household 

head in years 

0.021 0.00 *** 2.36 0.37 *** 0.54 

 

Formal 

education of 

household 

head in years 

0.03 0.01 *** 8.46 1.20 *** 1.78 

 

Number of 

people living 

in the 

household 

0.10 0.01 *** 14.77 1.96 *** 3.06 

 

Household 

in rural area 

(yes=1) 

-0.63 0.09 *** -69.39 12.31 *** -11.32 

 

Sigma NA NA  190.46 5.08 ***  

Observation

s 

4084   4084    

Pseudo R2     0.55    

Note: *,**, and*** indicate significance on a 10, 5, and 1% significance level 

Table 5.4 shows the results from the weighted exponential and Tobit regression. Out of the 

4084 observations, 152 have been deleted due to missing explanatory variables. Common 

goodness of fit measures are not applicable for non-linear regressions models. For the Tobit 

model the pseudo (or McFadden) R2 is 0.55. In both models, all household characteristics used 

to explain electricity demand are significant at the 1% level.  

The coefficient of an exponential model can be interpreted as the relative change in mean 

electricity demand when the explanatory variable changes by one unit. The coefficient of the 

inverse hyperbolic sine transformed variable can be interpreted as elasticity. The elasticity of 

non-food expenditures is 0.57, i.e. households with 1% higher expenditures for non-food 

goods have 0.57% higher expenditures for electricity. The second proxy for income, the 

number of servants, is positive and attributes a 44% higher electricity demand to households 

with a servant. Similarly, households with a flushing toilet have 39% higher electricity demand. 

The characteristics of the household head influences the electricity demand: if the head is one 

year older, electricity demand is on average 2% higher and per additional year of formal 

education demand increases by 3%. An additional member in the household increases 

electricity demand by 10%. The mean electricity demand in rural households is estimated to be 

63% lower than the electricity demand of urban households. The coefficients of the Tobit 

model indicate the marginal effects of the latent variable. The marginal effect can be calculated 

either for connected or for all households. In this context, we report the marginal effect of the 

actual electricity demand, i.e. the electricity demand of connected households (Long, 1997). 
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Households with 1% higher expenditures for non-food goods have on average 0.12 kWh 

higher electricity demand. Households which employ an additional servant have an electricity 

demand 7.1 kWh higher and those which possess a flushing toilet 27.5 kWh higher, on average. 

Our income proxies thus substantially influence electricity demand. The characteristics of the 

household’s head also influences the electricity demand: an additional year of age is correlated 

with an increased demand of on average 0.5 kWh and an additional year of formal education 

by 1.8 kWh. Finally, an additional household member increases demand by 3.06 kWh. The 

mean marginal effect of the dummy variable for rural households implies that rural households 

have a 11.3 kWh lower electricity demand than urban households on average. 

Figure 5.4 shows the predicted mean household demand from the regression, the observed 

weighted mean demand for all electrified households as well as all households from the 

KIHBS. The observed mean electricity demand from KIHBS data is distributed among the 

districts, ranging between 0.1 kWh and 65 kWh per household and month. The observed mean 

demand for electrified households ranges between 17 kWh and 342 kWh. The predicted mean 

demand calculated from the regression model ranges between 14 kWh and 156 kWh per 

household and month. The difference between the predicted and observed electricity demand 

can be explained by the difference in household characteristics of the newly electrified 

households.  
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Figure 5.4 Predicted mean household electricity demand, observed mean household electricity demand for electrified household 

and observed mean household electricity demand for all households for each district 

Figure 5.5 shows the predicted mean electricity demand of the districts on a map. We grouped 

districts by quintile of electricity demand ranging from lowest to highest. Predicted electricity 
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demand is highest in Central -South and South-Western Kenya. The lowest predicted mean 

electricity demand per household is in the North of Kenya.  

 
Figure 5.5 Mean yearly household electricity demand per demand quintile  

Table 5.5 shows the mean values for the dependent and the independent regression variables 

using the same demand quintiles as in Figure 5.5. Quintile 1 has the lowest value for the 

following variables: current electricity demand per household, non- food expenditures, 

percentage of households with a flush toilet and the educational level of the household head. It 
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has the largest mean household size and the highest percentage of households located in rural 

areas. Quintile 5 shows the highest mean values for the following variables: current electricity 

demand per household, non- food expenditures, number of servants and percentage of 

households with a flush toilet. Quintile 5 has the lowest percentage of households living in a 

rural area.  

Table 5.5 Mean values for the regression variables per demand quintile 

Quintile Edi Exi Si Fi in % Ai Ei Ni Ri in 

% 

1 3.37 5.38 0.07 0.01 44.38 4.38 5.61 0.75 

2 6.83 6.52 0.06 0.05 45.17 8.08 4.75 0.69 

3 6.95 6.48 0.12 0.05 45.83 7.11 4.84 0.73 

4 5.86 6.43 0.08 0.08 45.38 6.58 5.39 0.69 

5 7.28 6.83 0.13 0.14 43.35 6.92 5.02 0.59 

Table 5.6 shows the household electricity demand in 2005/2006 according to KPLC and 

KIHBS (a more detailed description can be found under 3.1.1) and the predicted values for 

2020.  

Table 5.6 Real and predicted household electricity demand in 2005/2006 and in 2020 in GWh 

 Total household 

electricity demand 

in Kenya  

Household electricity demand excluding 

Nairobi  

 2005/2006 2005/2006 2020 

KPLC 1,028 362  

KIHBS 806 384  

Predicted exponential  673 1483 

Predicted Tobit  615 1432 

The predicted annual demand in the exponential model amounts to 673 GWh and to 615 

GWh in the Tobit model. The assumptions of normal and homogenous errors are not fulfilled 

in the Tobit model. Therefore, we use the predictions of the exponential model as an input 

into the optimization model. 

Electricity demand from the KIHBS is 289 GWh lower than the predicted demand resulting 

from the exponential model. In other words, if all Kenyan residents were located within 100 

meters of an electricity grid the demand would amount to 673 GWh according to the 

prediction of our model. The difference of 289 GWh represents latent electricity demand. By 

2020, annual demand would approximately double from 673 GWh in the exponential model 
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and 615 GWh in the Tobit model to 1483 GWh in the exponential and 1432 GWh in the 

Tobit model, assuming growth in population, income, and education levels as outlined in 

section 2.1.  

5.3.2 Electricity supply side optimization model 

Results of the optimization model show that for most grid cells PV electricity is the most cost-

efficient electrification option for the year 2005/2006 (illustrated in Figure 5.6). The demand 

covered with electricity produced by stand-alone PV amounts to only 15% of the total 

electricity consumption, 22% of the households but 80% of the grid cells.  

 

Figure 5.6 Result of the optimization model 
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For the 2020 scenario the changes in parameters (increase in demand, decrease in PV costs and 

increase in electricity generation costs) cancel each other. However, if we only increase 

electricity demand to 2020 values and keep all other parameters the same, six more grid cells 

are supplied with grid electricity compared to the scenario for the year 2006. In that case 

demand covered with electricity produced by stand-alone PV amounts to only 11% of the total 

electricity consumption, 17% of the households but 78% of the grid cells.  

5.3.2.1 Differences between PV and grid electricity cells 

Cells supplied with PV electricity have larger distances from the grid and lower demand than 

cells for which grid electricity is chosen as an optimal solution. Table 5.7 illustrates that the 

mean number of households, the mean monthly electricity demand per household, and the 

mean total demand per cell is lower for districts supplied with PV electricity than without PV 

electricity. The cells supplied with PV electricity show a slightly higher mean solar irradiation. 

Table 5.7 Mean values in cells supplied with grid and PV electricity 

 Cells with grid 

electricity 

Cells with PV 

electricity 

Mean number of households per grid cell 72,110 4,152 

Mean number of members per household 5.1 5.7 

Mean monthly electricity demand per 

household (kWh) 

73 47 

Mean total demand per grid cell (kWh) 4,334,594 240,780 

Mean solar irradiation (Wh m-2 d-1 ) 1,341  1,407 

5.3.2.2 Costs 

In the optimal solution of the baseline scenario transmission costs amount to USD 6.65 

million and distribution cost to USD 82.78 million per year. Together they account for 77% of 

the total system costs. Total PV costs are USD 25.98 per year. In the optimal solution of the 

baseline scenario, costs for PV electricity amount to USD 0.243 per kWh and USD 0.143 per 

kWh for grid electricity. 

5.3.2.3 Sensitivity analysis 

In a sensitivity analysis for the baseline scenario (illustrated in Figure 5.7) we analyse how a 

change in input parameters affects the share of PV in total electricity consumption. We vary 

the parameters within a range of 50%. The model shows that increasing electricity demand, 

solar panel costs and decreasing PV efficiency, electricity price and grid extension costs results 

in more districts selecting PV electricity as the cost optimal solution. Ceteris paribus, a 50% 

lower electricity demand increases the demand covered with electricity from PV from 15% to 

21%. An increase in electricity demand by 50%, leads to 13% of the total demand then being 
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supplied by PV electricity. A 50% change in PV efficiency leads to 7% (less efficient PV) and 

27% (more efficient) of the demand being supplied by PV electricity. A change in solar panel 

costs has the largest effect. The share of PV electricity increases to over 45% from a cost drop 

of more than 50%. Solar panel cost increases have a smaller impact: an increase of costs by 

50% reduces PV supply to 9% of total electricity demand. A variation in energy price by 50% 

leads to 23% or 11% of the electricity supplied by PV, depending on a rise or fall. A 

bidirectional change in grid extension cost by 50% results in 18% for higher and 11% for lower 

electricity grid costs of electricity demand covered with PV electricity.  

 

Figure 5.7 Change in parameter values and effect on the share of PV electricity on total electricity consumption in the 

baseline scenario 

5.4 Discussion and Conclusions 

Major efforts and investments into its electricity infrastructure are essential in order to meet 

the Millennium Development Goals in Kenya. Two alternatives are available to meet this basic 

demand, either through the extension of the national grid or through supply with stand-alone 

systems. The latter option is particularly important for rural households, but might also only 

serve as an interim solution for certain areas where grid extension will be the more cost 

effective solution in the future. The model results serve as a guideline for which regions of the 

country grid extension is more economic and where it is likely to be more beneficial to 

concentrate on the implementation of the stand-alone PV option. We find that under current 

circumstances the implementation of stand-alone PV systems is the more cost-effective 

solution for a majority of the rural area with low population density. This finding is in line with 

(Ondraczek, 2014b) who comes to the conclusion that PV is already a viable energy option for 

off-grid applications in Kenya. Today, and even in the near future, grid electricity is an option 

mainly for districts located around the existing electricity grid with high per household demand 

and population density. This is mainly due to low demand and low population density in a 

large part of the country. It may be favourable in the short-term to focus on off-grid solutions 

to provide people with basic electricity to meet lighting demands and power small appliances. 
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Depending on future cost developments, only in the longer term is grid electricity likely to 

serve as an affordable solution for remote areas. Our results highlight the importance of 

accounting for region specific features in electrification planning. Results show that it can be 

advantageous for regulation to take into consideration and to adapt to technological 

developments. For instance, the sensitivity analysis suggests that improvements in PV 

efficiency and panel price reductions have a large effect on the optimal solution. Further 

development of the PV market in Kenya could be accompanied by a lowering of costs and 

improvements in design, performance and capacities of such systems. 

Our conclusions are quite contrary to those of (Parshall et al., 2009a). They show that grid 

extension is the cheaper option for most areas of Kenya and the choice is mainly depending on 

geographic features. Deichmann et al. (2011) conclude that first stand-alone renewable energy 

technologies represent the cheapest option for a significant minority in rural and remote areas 

but not in densely populated areas. This comes closer to our results. The difference in results 

can be explained by the use of different values: (Parshall et al., 2009a) use four different 

demand categories, from between 30 kWh per household and month for the sparsely 

populated/ poor to 150 kWh for the densely populated/ rich. Deichmann et al. (2011) use a 

fixed demand of 120 kWh per household and month. These values are higher than our 

demand values, thus this could explain differences in results. The comparison is strongly 

influenced by the assumed costs. The costs used by Deichmann et al. (2011) are comparable to 

ours: USD 90,000 for the 132 kV lines and USD 192,000 for 220 kV lines, production costs of 

USD 0.107 per kWh, USD 700 for a 50 W PV set (USD 12,000 per kW capital costs and USD 

1,956 per kW O&M costs). The costs for grid extension in (Parshall et al., 2009a) are lower. 

They amount to USD 14,098 per km for a 132 kV line and USD 90,000 for a 220 kV line of 

demand node connection costs and USD 10,611 per km of household connection cost. In 

(Parshall et al., 2009a) and (Deichmann et al., 2011c) PV system costs amount to USD 600 for 

a 50 W PV system assuming lifetimes for the panel of 20 years, 3 years for the battery, and 10 

years for the balance.  

The contribution of our study lies in employing the combination of a regression model to 

estimate household electricity demand and an electricity supply optimization model to identify 

least-cost electrification options. When using the average demand of electrified households 

instead of a model estimation, which accounts for heterogeneity in household characteristics, 

the demand might not represent differences between districts. The differences in demand have 

been shown to be a crucial variable in the sensitivity analysis. In its current version, the 

demand model does not consider prices of electricity and its substitutes. With changes in 

demand, one can expect changes in prices. Prices at the regional level are currently not 

available and elasticities could not be calculated. In the short run and for internationally traded 

goods such as paraffin and oil, prices are likely not to be affected by demand in Kenya.  

A few caveats of our study need to be highlighted: (i) the spatial resolution may be too low to 

draw definite conclusions at the cell level. One needs to be cautious when taking 

recommendations of this model and applying them to individual towns or households. It might 

be advantageous to electrify the cell in general through grid electrification, but this change may 



Analysing grid extension and stand-alone photovoltaic systems for the electrification of Kenya 

113 

not hold for particular towns or households within the cell. (ii) Currently, we assume that grid 

electrification is always done by extension of the existing grid. It may, however, be useful to 

build a new electricity grid in cells which are relatively densely populated but far away from the 

existing grid. (iii) Besides PV, there are other off-grid solutions for electrifying rural areas such 

as diesel or biomass generators or small hydro-power plants. We did not assess those options 

in detail – if they are considered, they may shift the results so that more of the cells use off-grid 

electrification options. 

Future research that builds on our analysis and accounts for additional technological supply 

options, including renewable energy technologies and decentralized mini-grids, limits in 

transmission and generation capacities, as well as additional demand sectors, could provide 

more nuanced insights for future electrification planning in Kenya. 
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 Impact of different levels of geographical 

disaggregation of wind and PV electricity 

generation in large energy system models: a case 

study for Austria19 

Abstract 

This paper assesses how different levels of geographical disaggregation of wind and 

photovoltaic energy resources could affect the outcomes of an energy system model by 2020 

and 2050. Energy system models used for policy making typically have high technology detail 

but little spatial detail. However, the generation potential and integration costs of variable 

renewable energy sources and their time profile of production depend on geographic 

characteristics and infrastructure in place. For a case study for Austria we generate spatially 

highly resolved synthetic time series for potential production locations of wind power and PV. 

There are regional differences in the costs for wind turbines but not for PV. However, they are 

smaller than the cost reductions induced by technological learning from one modelled decade 

to the other. The wind availability shows significant regional differences where mainly the 

differences for summer days and winter nights are important. The solar availability for PV 

installations is more homogenous. We introduce these wind and PV data into the energy 

system model JRC-EU-TIMES with different levels of regional disaggregation. Results show 

that up to the point that the maximum potential is reached disaggregating wind regions 

significantly affects results causing lower electricity generation from wind and PV.  

Keywords: photovoltaic energy, wind energy, optimization energy system model, spatially explicit 
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6.1 Introduction 

The generation potential and integration cost of variable renewable energy sources (RES) and 

their time profile of production depend on geographic characteristics (Komiyama and Fujii, 

2014; J. Schmidt et al., 2013a; Suomalainen et al., 2013) and the time profile of demand 

(Zeyringer et al., 2015a). The integration of variable RES into the energy system is therefore 

complex especially when this integration is constrained by currently installed infrastructure 

(Rombauts et al., 2011; Zeyringer et al., 2013). Consequently, modelling expansion pathways of 

renewable energy technologies can be made more accurate by considering these geospatial 

aspects (Zeyringer et al., 2015b).  

Although large (national, regional or global) energy system models integrate the several 

components of the system from resource extraction, conversion into energy carriers till end-

use consumption in the various economic sectors, they often have a simplified temporal 

resolution (e.g. an average year is divided in a low number of representative time-slices) along 

with a simplified geographical resolution (e.g. countries are represented as one aggregated 

region) (Capros et al., 2014; E3MLab, 2010; Labriet et al., 2012; Russ et al., 2009; Simoes et al., 

2013b; Simões et al., 2008). Due to difficulties in obtaining the necessary data for all modelled 

regions, combined with increased computational complexity, regional differences are typically 

not taken into account in European Union (EU) wide energy system models used for policy 

support, as the POLES and PRIMES model (used for EU in the Energy 2050 Roadmap 

(European Commission, 2011), the EU Energy Climate Policy Package (European 

Commission, 2008) and the more recent 2030 climate and energy policy framework (European 

Commission, 2014). 

Therefore, due to the low temporal and spatial resolution, the representation of renewable 

energy resources in energy systems models is usually highly stylized (Ludig et al., 2011a). 

According to Haller et al., (2012b), combining long-term planning with an adequate 

representation of the spatial and temporal characteristics of RES is necessary to provide 

sufficient insights into the transition to a low carbon infrastructure. Increasing attention is 

given in the literature to detailed modelling of RES, especially focusing on temporal resolution. 

Many authors developed power sector models with higher temporal resolution, such as the 

electricity model for Japan with 10 minutes interval time-slices developed by Komiyama and 

Fujii, (2014) to assess maximum PV integration, or the one for EU with hourly data to assess 

the effects of North-African electricity imports on the European power system (Brancucci 

Martínez-Anido et al., 2013a). Kannan and Turton, (2013) introduce dispatch elements into the 

Swiss TIMES model. They implement 4 seasonal, 3 daily and 24 hourly time-slices. They 

conclude that introducing a higher temporal resolution allows more insights into the 

generation schedule but that the approach cannot replace a dispatch model. Ludig et al., 

(2011a) introduce a higher temporal resolution (modelled around electricity demand) into the 

LIMES model for Germany in order to represent fluctuating renewables better. They find an 

increase in the amount of flexible natural gas technologies. Kannan, (2011) increased the time-

slices resolution from 12 to 20 in the MARKAL model for the UK. Lind et al., (2013) 
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increased the temporal resolution to 260 time-slices and introduced 6 regions in a TIMES 

model for Norway to study impacts of the RES target on the energy system. Other authors 

developed hybrid modelling approaches using soft-linking of aggregated energy system models 

with detailed temporal simulation models as done with TIMES Portugal and EnergyPLAN 

(Pina et al., 2013b). The authors assess the increased penetration of RES in the electricity mix 

to achieve significant CO2 reductions. Other examples are Deane et al., (2012) and Zeyringer et 

al., (2015b), which present a coupling of a TIMES model with a dispatch model to assess the 

generation electricity plant portfolio results from TIMES. Complementarily to the systems 

modelling approach, the estimation of levelized costs of electricity (LCOE) is frequently used 

to compare different electricity generation options, across different technologies or sites 

(Gómez et al., 2015; Orioli and Di Gangi, 2015; Voormolen et al., 2016). However, LCOE has 

been criticized by some authors, as Joskow, (2011), particularly regarding intermittent RES. 

From our literature review it is evident that most studies focus on an improvement of the 

temporal resolution in energy system models but they disregard the spatial resolution. As 

intermittent renewable energy sources vary with time and with their geographical locations, it is 

important to consider both characteristics. With this paper we fill the research gap of analysing 

the effects of spatial disaggregation on energy system model outcomes. We focus on 

quantifying the extent to which large energy system model results are affected by more detailed 

representations of RES. We model a set of scenarios with varying disaggregation of regional 

wind and photovoltaic resources. We use the region of Austria in a large energy system model 

for the 28 EU member countries (JRC-TIMES-EU) as our case study and propose an 

approach to address the following questions: Does spatial disaggregation lead to differences in 

generated electricity of variable RES? Are these differences relevant enough to affect the rest 

of the Austrian and European energy system? We designed our analysis as a step towards 

investigating the benefits of disaggregating large energy system models. For this reason we 

have included for now only a relatively small country as Austria. If for such a small country 

there are significant differences due to disaggregation that are relevant for the whole EU 

energy system, this then serves to prove the point that spatial disaggregation matters and 

should be considered even more for larger regions – in particular as meteorological conditions 

vary to a much larger extent if considering larger geographical extensions. 

In the following section we discuss the theoretical considerations underlying our analysis. In 

section three we present in detail our method and assumptions used. In the last section we 

analyse the main results and present our conclusions. 

6.2 Theoretical implications of space and time aggregation in 

energy systems modelling 

We discuss in this section the impact of treating RES differently depending on the aggregation 

of geographical data on RES resource availability and electricity transmission infrastructure. 

Note that we do not discuss the stochastic nature of the renewable sources within the smallest 

timeframe or the smallest geographical resolution since energy system models use average cost 
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and availability. Renewable energy sources and electricity demand vary with time and 

geographical location and the energy system is constrained by the location of the current 

infrastructure in place. The marginal value of a technology is therefore affected by the time 

profile of production (Capros et al., 2003), which is location dependent, and by the location of 

current infrastructure (Capros et al., 2003). Measuring costs of RES using the LCOE approach 

only is a shortcoming, as their total energy system value depends on their time profile of 

production (Hirth, 2013).  

For RES such as wind and solar electricity generation, geographical averaging can lead to 

'obscuring' the more extreme locations and time-slices both favourably and unfavourably 

(Suomalainen et al., 2013). By aggregating regions with different geographical characteristics in 

energy system models, an average value of various technology characteristics (e.g. investment 

costs, availability) is included as an input, whereas markets and energy planning have to 

consider the marginal parameters. For example, the annual average availability of the wind 

resources in the total technically possible potential sites for the whole of Austria is roughly 

2480 hours (J. Schmidt et al., 2013a). However, the wind availability across these sites varies 

significantly for the same period. For example, during the peak demand time-slice for 

electricity in spring sites have a maximum production of generated wind electricity ranging 

from 754 to 2943 hours depending on the location. If the average aggregated availability factor 

allows a profitable operation of wind, with all other conditions being equal, in a cost 

minimization model the wind technology will be deployed to its maximum technical potential 

as long as there is demand for it. If the model alternatively considers differentiated availabilities 

of wind for different regions, then when estimating the optimal technology deployment, a 

supply cost-curve will be considered. Consequently, only regions with high enough 

availabilities will be considered for the solution. Economically speaking this is the equivalent of 

using long-term marginal costs instead of average costs.  

Moreover, by considering the different regional availabilities of the resources, it is consequently 

possible to include the different temporal resource distributions across these regions. This 

allows assessing the relative cost-effectiveness of solutions that, although they might have 

overall higher annual availability, have higher annual/seasonal/daily fluctuations of the 

resource or correlate less with demand. These fluctuations (when deviating from total demand 

and the demand profile) could create extra costs in terms of the need for balancing capacities 

and grid expansion. This is a trade-off between technical detail and model simplification 

(Calvert et al., 2013; Kannan, 2011) which sacrifices detailed modelling of grid and dispatch 

(e.g. assessing safety margin needs for ancillary services and emergencies) in order to gain long-

term insights for the whole energy system (Lind et al., 2013). However, the increase in 

deployment of intermittent non-dispatchable RES technologies might alter the balance of the 

mentioned trade-off.  
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Figure 6.1 Effects of the spatial resolution on the ordering of a long-term supply curve in an energy system model: (a) model 

with one wind region, (b) model with fours wind regions 

Figure 6.1 shows the effects of different spatial resolutions on the supply curve built into any 

energy system model. It illustrates the difference between using one average wind region 

represented by a single technology (a) and representing the locational differences by 

introducing several wind technologies (b). In Figure 6.1 (a) averaging the wind regions costs 

leads to wind power being too costly to be included into the part of the supply curve which 

meets demand, while in Figure 6.1 (b) three wind locations are part of the technologies 

satisfying demand.  
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Figure 6.2 Different temporal availability of RES  

Figure 6.2 shows the effect of spatial disaggregation on the temporal availability of resources. 

We assume that there are two different locations with a different time profile of renewable 

power production, i.e. location 1 produces at full capacity in the first time-slice while it does 

not produce at all in the second one, while the opposite is assumed for location 2. When 

averaging the availability factor it seems as if the renewable source would be available at a 

capacity factor of 0.50 for both time-slices. However, the energy system may need a lot of 

capacity in the first time-slice due to, e.g. higher demand or lower availability of other 

resources such as hydro power. If we assume that there is no demand for the renewable source 

in the second time-slice, choosing this source would decrease the capacity factor to 0.25, as the 

source would be curtailed completely in the second time-slice. It is therefore unlikely that the 

source is chosen by the model in an aggregated model, while, with disaggregated locations, 

location 1 could be operated at a capacity factor of 0.50 and it may therefore be chosen by the 

model. 

6.3 Methods 

The Renewable Energy Directive (European Communities, 2009) of the European Union aims 

at increasing the share of renewable energy in the gross final energy consumption from 8.5% in 

2005 to 20% in 2020. Consequently, the share of renewable energy generation has to be 

increased from 24.4% to 34% in Austria by 2020. According to the Austrian energy strategy, 

the share of renewable electricity in the total electricity production has to increase from 75% in 

2005 to 80% in 2020 (Bmwfw Federal Ministry of Science Research and Economy, 2010). The 

low expansion potential for hydropower in Austria implies an increase in distributed, variable 

generation (Stanzer et al., 2010). This makes Austria a very good case study. 

Figure 6.3 illustrates our methodology. We model in detail the wind and PV output for 79 

wind and 5 PV regions. In order to represent the regions in the JRC-EU-TIMES model we 

introduce location specific technologies which differ in their availability factors (AFs), overall 

potential and connection costs (for wind). We then model 6 scenarios (2 regionally aggregated 
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and 4 disaggregated) in order to determine the effects of considering different regions in a 

large energy systems model. The methodology will be described in more detail in the 

subsequent sections.  

6.3.1 Overview of the JRC-EU-TIMES model 

The JRC-EU-TIMES model is a linear optimization bottom-up technology model generated 

with the TIMES model generator from ETSAP of the International Energy Agency. More 

information on TIMES can be found in (Loulou et al., 2005a, 2005b). The JRC-EU-TIMES 

model represents the energy system of the 28 EU member countries plus Switzerland, Iceland 

and Norway (hereafter named as EU28+) from 2005 to 2050, where each country is one 

region. More information on the model can be found in Simoes et al., (2013b) and in 

Appendix A. The most relevant model outputs are the annual stock and activity of energy 

supply and demand technologies for each region and period, with associated energy and 

material flows including emissions to air and fuel consumption for each energy carrier. Besides 

these, the model computes operation and maintenance costs, investment costs, energy and 

materials commodities prices. Each year is divided into 12 time-slices that represent an average 

of day, night and peak demand for each of the four seasons of the year. The modelling periods 

are the years of 2010, 2020, 2030 and 2050. 

Regarding the RES potentials for wind, solar, geothermal, marine and hydro we use a number 

of assumptions as in Table 6.1. The potentials for electricity from RES up to 2020 are based 

on maximum yearly electricity production provided by RES2020 (RES2020 Project 

Consortium, 2009) and updated during the REALISEGRID (Lavagno and Auer, 2009) project 

(for details see Simoes et al., (2013b)). We consider country specific capacity factors for wind 

and solar availability from Brancucci Martínez-Anido et al., (2013a), except for Austria, where 

data is modelled in detail. 
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Figure 6.3 Overview of the methodology 
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Table 6.1 Overview of the technical RES potential for Europe considered in JRC-EU-TIMES 

RES Methods 
Main data 

sources 

Assumed 

maximum 

possible 

technical 

potential 

capacity / 

activity for 

EU28 

Assumed 

maximum 

possible 

technical 

potential 

capacity / 

activity for 

Austria 

Wind 

onshore 

Maximum activity and 

capacity restrictions 

disaggregated for 

different types of wind 

onshore technologies, 

considering different 

wind speed categories 

(RES2020 Project 

Consortium, 2009) 

until 2020 

followed by JRC-

IET own 

assumptions, for 

Austria see 0 

205 GW in 2020 

and 283 GW in 

2050 

5.6GW in 2020 

and 8.3 GW in 

2050, 

corresponding to 

9.1 TWh in 2020 

and 15.9 TWh in 

2050 

Wind 

offshore 

Maximum activity and 

capacity restrictions 

disaggregated for 

different types of wind 

offshore technologies, 

considering different 

wind speed categories 

(RES2020 Project 

Consortium, 2009) 

until 2020 

followed by JRC-

IET own 

assumptions 

52 GW in 2020 

and 158 GW in 

2050 

Not applicable 

PV and 

CSP 

Maximum activity and 

capacity restrictions 

disaggregated for 

different types of PV 

and for CSP 

Adaptation from 

JRC-IET on 

(RES2020 Project 

Consortium, 

2009), for Austria 

see 0 

115 GW and 

1970 TWh in 

2020 and 1288 

GW in 2050 for 

PV; 9 GW in 

2020 and 10 GW 

in 2050 for CSP 

For PV 13.4 GW 

in 2020 and 26.1 

GW in 2050, 

corresponding to 

12.9 TWh in 

2020 and 25.6 

TWh in 2050; no 

CSP 

Geothermal 

electricity 

Maximum capacity 

restriction in GW, 

aggregated for both 

EGS and hydrothermal 

with flash power plants 

(RES2020 Project 

Consortium, 2009) 

until 2020 

followed by JRC-

IET own 

assumptions 

1.6 GW in 2020 

and 2.9 GW in 

2050 for hot dry 

rock; 1.5 GW in 

2020 and 1.9 GW 

in 2050 for dry 

steam &flash 

plants. 301 TWh 

generated in 2020 

and 447 TWh in 

2050 

Not applicable  
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RES Methods 
Main data 

sources 

Assumed 

maximum 

possible 

technical 

potential 

capacity / 

activity for 

EU28 

Assumed 

maximum 

possible 

technical 

potential 

capacity / 

activity for 

Austria 

Ocean Maximum activity 

restriction in TWh, 

aggregated for both 

tidal and wave 

(RES2020 Project 

Consortium, 2009) 

until 2020 

followed by JRC-

IET own 

assumptions 

117TWh in 2020 

and 170 TWh in 

2050 

Not applicable 

Hydro Maximum capacity 

restriction in GW, 

disaggregated for run-

of-river and lake plants 

(EURELECTRIC, 

2011) 

22 GW in 2020 

and 40 GW in 

2050 for run-of-

river. 197 GW in 

2020 and 2050 

for lake. 449 

TWh generated in 

2020 and 462 

TWh in 2050 

No additional 

capacity 

The JRC-EU-TIMES model is calibrated for 2005 and validated for 2010 and 2015 (2015 at 

the time of writing was in fact an average of the 2011-2012 period). The model results are 

checked for consistency and bugs with the PRIMES model results used to support the 

European Commission’s Energy policies. Moreover, the JRC-EU-TIMES model was subject 

to an in-depth peer-review by nine external experts during the autumn of 2013. This validation 

procedure is presented in detail in (Simoes et al., 2013b). 

6.3.1.1 Solar data for Austria 

In order to determine PV potentials in Austria we use hourly PV output data in Wh per 1 kWp 

installed capacity. The spatial resolution is 1km2. The calculation of PV energy output for a 

given location is made for fixed-mounted PV systems using crystalline silicon modules, facing 

south at the locally optimal angle, based on the algorithms described in Šúri and Hofierka, 

(2004), with the calculation of the optimum angle given in Šúri et al., (2005). The solar 

radiation data are hourly values taken from the Climate Monitoring Satellite Application 

Facility (www.cmsaf.eu) (Mueller et al., 2009). Temperature data are from the ECMWF ERA-

interim reanalysis (www.ecmwf.int). The effects of temperature and irradiance on the PV 

performance is calculated according to the model in Huld et al., (2011). 

The model distinguishes between rooftop and plant size PV systems. Since PV modules allow 

high flexibility concerning installation, policy makers mostly prefer building integrated/roof-

http://www.cmsaf.eu/
http://www.ecmwf.int/
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top PV systems. The Austrian Energy Strategy states that the largest potential of PV 

deployment lies in building integration (Bmwfw Federal Ministry of Science Research and 

Economy, 2010). However, only rough estimations of available roof areas exist (Fechner et al., 

2007; IEA, 2002). We perform a more detailed spatial estimation based on a regression analysis 

of a detailed solar potential cadastre for Austria’s federal state of Vorarlberg (LaserData, 2009). 

Regression results are used to predict roof areas for the whole of Austria (see Appendix B), 

resulting in a total roof area available for PV of 902km². Based on previous analysis of 

Vorarlberg in Mayr et al., (2012) the share of roof area where the installation of PV modules is 

technically feasible amounts to 26.69% on average. By applying this share, Austria’s roof area 

effectively usable for PV production is 241km². We assume that 8m2 are needed to install 1 

kWp. We thus divide the total rooftop area by 8 and multiply it with the hourly solar PV 

output time series. This gives us the hourly PV output per 1km². We aggregate the grid cells of 

1km² into 5 regions (see Figure 6.4) with distinct climatic conditions based on the “Digital Map 

of European Ecological Regions DMEER”. For plant size PV data we use the potential that 

was estimated in the of RES2020 project (RES2020 Project Consortium, 2009) and allocate 

capacities across regions proportionally to their size.  

 

Figure 6.4 The 5 PV regions 

6.3.1.2 Wind data 

The Austrian wind atlas (Energiewerkstatt et al., 2010) provides the scale and shape parameters 

of the Weibull distribution of wind on a 100m*100m grid for Austria which we complement 

with hourly wind data from 265 meteorological stations to generate simulated time series of 

wind power production. The pre-processing of the wind atlas data includes the definition of 

feasible locations for placing wind turbines by using a geographic information system (GIS). 

The complete modelling steps are outlined in (J. Schmidt et al., 2013a) and involve the 

exclusion of areas such as forests, transportation networks, settlements, and bodies of water. 

The remaining locations are reduced further by filtering locations which are economically 

infeasible by calculating LCOE for all locations and excluding the ones with LCOE above 
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current feed-in tariff levels. We do so to reduce the number of feasible locations and therefore 

computational requirements within TIMES.  

To generate time series of wind power production, randomly drawn wind speeds from the 

Weibull distributions are reordered to correlate with historical measured time series of wind 

speeds at the respective meteorological station using the Iman-Conover method (Iman and 

Conover, 1982), described in detail in (Schmidt et al., 2013a). 

The methodology results in 79 time series of wind power production at potential locations in 

Austria, shown in Figure 6.5. To test the difference in JRC-EU-TIMES’ results with respect to 

different geographical aggregations, we aggregated the single 79 locations by generating two 

equally sized regions for Austria. The locations of the 79 and 2 regions are illustrated in Figure 

6.5.  

 

Figure 6.5 Wind regions in Austria considered in the JRC-EU-TIMES model. Note: The numbers correspond to the 

number of the regions in the 79 region case. Boxes and circles indicate to which aggregation region the corresponding location 

belongs in the 2 region case.  

6.3.2 Modelling of wind and PV electricity generation technologies in 

JRC-EU-TIMES 

With respect to the modelling of the wind and solar (PV) climatic aspects in JRC-EU-TIMES, 

we have adopted a simplified modelling approach. We introduce changes in the model for 

Austria only. The generic wind and PV electricity generation technologies (not disaggregated) 

are presented in Appendix C. We created specific wind and PV electricity generation 

technologies for each of the regions in Austria for which the wind and solar resources 

availability were identified to be different. The assumptions on investment costs, availability 

factor (AF) per time-slice and total generation potential can be found for each region in 

Appendix D and E. All other technology characteristics are kept identical to the country 

generic technologies. The AF is a TIMES model input that indicates the maximum percentage 
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of a time-slice in which the technology can operate (i.e. without maintenance stops and/or 

stops due to low availability of variable RES), and thus is a function of the availability of wind 

and sun. In JRC-EU-TIMES the AF differs for each technology in each of the 12 time-slices 

considered in the model. The AF data for PV represents an average year and for wind the 

average of 6 years. We did not test extreme RES availability nor the impact of inter-annual 

variability, i.e. variations between different years. Regarding investment costs for each 

disaggregated technology across the 79 wind regions, we considered a cost difference reflecting 

the different costs for connecting to the grid based on the distance to the closest grid 

connection point. As a proxy for available grid connection points, we used locations of existing 

power plants (thermal, hydro, existing wind) and locations of settlements. The distances 

calculated are in the interval of 440 meters and 9000 meters. We assumed installation costs of 

50,000€ per km transportation line (CONSENTEC et al., 2003) and that each wind turbine is 

individually connected to the grid. The cost estimate is therefore conservative, as in reality 

wind turbines which are close by can use the same transportation line. We assumed no 

difference in costs across solar regions. PV usually feeds into the distribution grid and the 

differences in grid upgrades are locally specific and can thus not be taken into account in a 

countrywide study. 

Table 6.2 Scenarios modelled in JRC-EU-TIMES 

Scenario 

name 

Long term CO2 cap in 2050 compared to 

1990 emission levelsa 

Number of wind 

regions 

Number of solar 

regions 

 40% less  80% lessb   

r1 X   1 1 

r1c  X 1 1 

r2 X  2 5 

r2c  X 2 5 

r79 X  79 5 

r79c  X 79 5 

a We include the national RES targets, biofuel targets and the EU ETS target till 2020. After 2020 we include the recent 

policy framework for climate and energy in the period from 2020 to 2030 (European Commission, 2014), with the EU 

wide RES target of 27% in 2030, the EU-ETS trajectory from -43% in 2030 and -87% in 2050, and the EU-wide energy 

related CO2 cap of -43% emissions than in 1990 in 2030, kept constant till 2050. bThe long-term CO2 cap is applied for 

the whole of the EU with less 43% energy related CO2 emissions in 2030 than in 1990, gradually reduced till less 80% 

in 2050. 

Using JRC-EU-TIMES, we model a total of six scenarios from 2005 to 2050 with the 

following variations in the level of aggregation of wind and solar climatic data (Table 6.2): 

i) Aggregated scenarios: Wind and PV RES technologies aggregated to one region in two 

scenarios for the whole of Austria with a 40% or 80% gradual EU-wide CO2 cap up to 2050; 
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ii) Regional scenarios: Spatially differentiated wind and PV RES technologies across Austria in 

four scenarios considering 2 and 79 wind regions and always 5 PV regions with a 40% or 80% 

gradual EU-wide CO2 cap up to 2050.  

For all scenarios we consider the national RES target of Austria which is 34% of RES in the 

final energy consumption as outlined in the EU RES Directive (European Communities, 

2009). All scenarios have in common the following assumptions: i) No consideration of 

specific RES policy incentives (e.g. feed-in tariffs, green certificates) as the objective is to assess 

deployment based solely on cost-effectiveness; ii) a maximum of 50% electricity can be 

generated from solar and wind and wind and solar PV cannot operate during the winter peak 

time-slice to account for concerns related to system adequacy and variable RES (see (Simoes et 

al., 2013b) (Nijs et al., 2014) for details and motivation); iii) Countries without nuclear power 

plants (NPPs) will not install any in the future (Austria, Portugal, Greece, Cyprus, Malta, Italy, 

Denmark and Croatia). NPPs in Germany are not operating after 2020 and Belgium NPPs are 

not operating after 2025. Until 2025 the only new NPPs to be deployed in EU28 are the ones 

being built in Finland and France and under discussion in Bulgaria, Czech Republic, Slovakia, 

Romania and United Kingdom. After 2025 all plants under discussion can be deployed but no 

additional projects are considered. 

For each scenario we have run the model for the whole of EU28 in order to assess the 

interactions between Austria and neighbouring countries.  

6.4 Results and Discussion 

In this section we assess the results of disaggregating wind and solar climatic regions 

considering geographical differences for RES in terms of electricity generation and energy 

system costs. Except when otherwise mentioned, the results presented here refer solely to 

Austria. To understand the results, we start by the considered model assumptions regarding 

technology costs and availability. We then analyse the effects on the electricity sector by using 

JRC-EU-TIMES: general impacts, specific impacts with a 40% and 80% CO2 cap as well as the 

implications of geographical disaggregation on costs. We additionally performed a sensitivity 

analysis varying the wind investment costs by 20%, presented in the end of this section. 

6.4.1 Regional differences in cost and availability for wind and solar PV 

installations 

In this section we explain the results of generating regionally disaggregated JRC-EU-TIMES 

input data for wind and PV technologies. We analyse the regional differences for wind, both in 

terms of costs and availability (Appendix D). The costs across the 79 regions are different. 

However, the differences are smaller than the cost reductions induced by wind technology 

learning from one decade to the other (Appendix C). The wind capacity factors show 

significant regional differences for summer days and winter nights. The highest variation (not 

including the peak time-slices that only represent a small fraction of the year) is where the 
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capacity factor is 48% lower and 75% higher than the aggregated single value for Austria. The 

effects in terms of estimated LCOE for wind power for the year 2020 are shown in Figure 6.6 

using the median of LCOE values estimated for each region in each level of aggregation. The 

LCOE values are indicative for the economic value and include regional information such as 

capacity factor and connection costs. With the exception of the spring day time-slice, the 

LCOE estimated for wind power in 2020 for the single region is lower than the median LCOE 

of the 2 and 79 regions. Indeed, the LCOE data is skewed because many regions have a LCOE 

that is lower than the average for all regions. The differences in terms of wind LCOE for one 

region and the median of the 79 regions are between less 5% (spring day) and more 147% 

(summer peak) depending on the time-slice. 

 

Figure 6.6 Values of LCOE for wind electricity for the different levels of spatial aggregation estimated for the year 2020 

per time-slice considering an 8% discount rate and 20 years technology lifetime. We have considered the median values of 

LCOE for the 2 and 79 regions. 

Regarding solar input data for the five solar regions (Appendix E), there are no differences in 

costs across sites and there are smaller differences in availability across regions compared to 

wind. The difference between solar availability of the aggregated single value for Austria and 

the five regions varies between -13% and +13% depending on the time-slice. The differences 

in terms of solar LCOE in 2020 for one single region and the median of the five regions are 

between -21% and +4% depending on the time-slice. 

6.4.2 Effects of the spatial disaggregation in JRC-EU-TIMES 

In the previous section we found that the regional variation of availability and costs for wind 

can be considerable. Without considering the other factors affecting the cost-effectiveness of 

wind in Austria (e.g. size of the regions, competing electricity technologies, shadow costs of 

CO2, demand profile and trade with other countries), one would expect that the detailed spatial 
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distribution would impact the energy system results for wind. However, it appears that in the 

case of solar in Austria the differences are seemingly not large enough to have a substantial 

impact on the JRC-EU-TIMES model results.  

6.4.2.1 General effects on the electricity sector 

Table 6.3 gives an overview of the impact of considering different levels of spatial aggregation 

for solar (1 and 5) and wind (1, 2, and 79) regions. The total electricity generated in Austria in 

the scenario with a 40% CO2 cap shows small variations when disaggregating solar and wind 

climatic regions: 95.73 TWh in 2020, 100.92 TWh in 2030 and 101.92 TWh in 2050 for the one 

region scenario, r1, with differences of 1% or lower for the disaggregated scenarios. When 

including the stricter -80% CO2 cap in 2050, because increased electrification is a mitigation 

strategy, the total generated electricity increases slightly to 96.17 TWh in r1c compared to 

95.73 TWh in r1. This becomes more evident as the cap becomes more stringent in time. The 

differences in total generated electricity between the -80% cap disaggregated scenarios and r1c 

are of 2-8% in 2020 and 1% or lower in 2035 and 2050.  

Table 6.3 Generated electricity from PV and wind in Austria for the different spatial aggregation scenarios, considering 

both new and existing plants for both the 40% and 80% caps 

Scenario 

Total (TWh) Wind (TWh) PV (TWh) 

2020 2035 2050 2020 2035 2050 2020 2035 2050 

r1 95.73 100.92 101.52 9.09 15.94 15.94 0.47 4.13 10.17 

r2 94.35 100.33 101.77 7.82 15.94 15.94 0.34 1.08 10.42 

r79 93.94 100.34 101.77 7.40 15.94 15.94 0.34 1.08 10.42 

r1c 96.17 99.74 119.04 9.09 15.94 15.94 0.47 4.13 25.09 

r2c 94.61 99.29 118.68 7.82 15.94 15.94 0.34 5.59 24.76 

r79c 88.65 99.28 118.68 1.85 15.94 15.94 0.34 5.59 24.76 

a For solar only 5 regions of climatic data were considered (common to r2 and r79 scenarios) versus one region (r1). The 

results for PV electricity for r79 scenarios are identical to r2. The results for years before 2020 are identical and were not 

included. 

Figure 6.7 shows PV and wind electricity production in Austria from 2005 till 2050 relative to 

the r1 and r1c aggregation as well as the share of RES and variable RES (PV and wind) in total 

electricity production. Both the cumulative share of PV plus wind generated electricity and the 

share of total RES electricity do not vary with the level of spatial aggregation (2-26% of total 

electricity from 2010 to 2050 in -40% CO2 cap scenarios and 2-34% in the -80% cap 

scenarios). However, there are variations in the relative contribution of PV and of wind, 

showing that these technologies are competing with each other. Note that in the 80% cap 

scenarios in 2050 the total share of RES electricity in Austria is smaller than in 2035. This is 

because with this stringent CO2 cap, the maximum RES potential is already deployed (for 
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wind, solar and hydro) and biomass is required as biofuel in transport. Thus, it becomes cost-

effective to install 1.44 GW CHP gas plants.  

The results for wind and solar generated electricity are affected by the increasing stringency of 

the considered EU wide CO2 caps. As the stringency in the caps increases towards 2050, the 

differences due to spatial disaggregation become less pronounced. This can be explained by the 

fact that more RES electricity is necessary to ensure the mitigation targets. Therefore, it then 

becomes cost-effective to deploy all technically possible RES power plants, regardless of 

location. Moreover, although in this paper we focus on Austria, the EU wide CO2 caps also 

affect the configuration of the neighbouring countries' energy system, and thus their electricity 

trade with Austria.  

 

Figure 6.7 PV and wind electricity production in Austria from 2005 till 2050 relative to the r1 and r1c aggregation 

(TWh, left scale); share of RES and variable RES (PV and wind) in total electricity production (%, right scale). 

6.4.2.2 Effects on the electricity sector considering a 40% CO2 cap 

Wind 2020 

In 2020 considering spatially explicit wind climatic data (e.g. non uniform average investment 

costs and capacity factors) lowers the wind plants' cost-effectiveness. This leads to a decrease 

of wind generation in the disaggregated scenarios of 1.27 TWh to 1.69 TWh compared to the 

one region scenarios (i.e. a decrease of 14-19% wind generation) for the scenarios with the 

40% cap. We explain this effect for r1 and r2 scenarios as a combination of both the capacity 

factor and investment costs across regions. When considering only one average wind region 

for the whole of Austria, the average investment cost for new plants in 2020 is of 1602 

euros2010/kW which can be deployed in 2020 up to a maximum potential of 7.97 TWh. When 

disaggregating in r2 for two wind regions, region 1 has an investment cost of 1633 
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euros2010/kW and region 2 of 1596 euros2010/kW. In addition, r2 has a higher capacity factor 

during the time-slices winter day, winter night and fall night, when the demand is higher. Thus, 

new wind power plants are deployed in region 2 up to its maximum potential, equivalent to 

6.70 TWh in 2020, but not in region 1. Note that we include electricity generated from new 

and existing plants. The latter are not subject to model optimisation and generate in 2020 1.12 

TWh in all scenarios. Besides the difference in costs, the different capacity factors play an 

important role. The regions with annual wind availability profiles that, either individually, or as 

a group, or in combination with PV availability, follow the electricity demand, are preferred. 

Wind 2035 and 2050 

With the assumed technology cost decrease and increased stringency of CO2 caps, in 2035 and 

2050 wind onshore in Austria is so cost-effective that it is deployed up to its maximum 

technical potential (8.30 GW corresponding to 15.94 TWh). With these assumptions and for 

these periods, the level of spatial disaggregation does not add value in model results, as there 

are no differences in wind deployment across scenarios.  

Solar 2020 and 2035 

In the case of electricity generated from PV, considering 5 solar regions (scenarios r2 and r79) 

instead of one (r1) leads to differences mostly in 2035 and less in 2050. For simplification here 

we compare only r1 and r2, i.e. the scenarios with a CO2 cap of 40%. In 2020 and 2035, 

considering more regions leads to a loss in cost-effectiveness of PV (a decrease of 0.12 TWh 

and 3.06 TWh in r2 compared to r1 in 2020 and 2035, i.e. a decrease of 27% and 74% of PV 

electricity).  

Solar 2050 

In 2050 PV generated electricity from r2 is 2% higher than from r1. This is because in 2050 the 

assumed decrease in PV costs and increase in CO2 cap stringency makes PV cost-effective 

enough to become less sensitive to regional disaggregation, similarly to what happens to wind 

in 2035 and 2050. In other words, under the 40% CO2 cap even solar regions with a lower 

capacity factor become cost-effective enough to be deployed, although not up to the maximum 

capacity.  

Also in 2050, roof sized PV reaches the maximum potential in r2 only in two out of the five in 

regions 2 and 3 (6.25 TWh), where the annual profile of the capacity factor follows more 

closely the demand profile. It is worth mentioning that region 3 has higher overall solar 

availability and correspondingly is the first to be deployed. Region 2 is preferred over the other 

regions as it has a higher capacity factor during the winter day time-slice. Thus, similarly to 

wind plants, these intra-annual variations are relevant in defining the cost-effectiveness of a 

certain region as considered by the JRC-EU-TIMES model. 
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6.4.2.3 Effects on the electricity sector considering an 80% CO2 cap 

We discuss here the effects on the electricity sector considering an 80% cap as they are 

stronger compared to the 40% case. Both CO2 targets show a similar effect of decreased cost-

effectiveness of wind power plants with an increase in the spatial resolution.  

Wind 2020 

In 2020, the differences in wind power plants between r1c and the other disaggregated 

scenarios increase in magnitude when compared to the -40% CO2 cap scenarios. With 

disaggregation a decrease of 1.27-7.24 TWh of wind power is observed in 2020 (i.e. a decrease 

of 14-80% compared to r1c). For the 80% cap scenarios, the differences between 

disaggregating into 2 or more regions are more relevant than with the 40% cap. In r1c and r2c 

it is cost-effective to deploy additional new wind plants in 2020 up to the maximum potential 

in r1 (7.97 TWh) and of only region 2 in r2c (6.70 TWh), similarly to what happened for r1 and 

r2. In r79c, only 7 regions with the higher wind availability are selected for deploying new wind 

power plants (1.85 TWh). 

This is because the sensitivity of the model results to spatial disaggregation depends on the 

relative cost-effectiveness of the wind power plants within the Austrian and the EU28 energy 

system. The combined effect of lower cost-effectiveness of wind in Austria and the EU-wide 

80% CO2 cap also affects the energy system of the neighbouring countries. This makes it more 

cost-effective to use gas power plants in Germany than deploying wind power plants in 

Austria. In r79c 7.08 TWh of gas electricity are generated in Germany in 2020, which is not the 

case when wind is more cost effective (as in all the 40% scenarios and in r1c and r2c). It is 

more cost-effective to deploy less new wind power plants in r79c in Austria and reduce 

electricity exports from Austria to Germany.  

Solar 2020 and 2035 

Regarding PV generated electricity with the 80% CO2 cap, spatial disaggregation leads to 

similar results as in the 40% cap up to 2020 (i.e. lower cost-effectiveness). However, for 2035 

there is an opposite behaviour with disaggregation resulting in increased cost-effectiveness (in 

2035 1.46 TWh or an increase of 35% of electricity generation from PV in r2c than in r1c). 

This is due to the more stringent CO2 cap that makes PV plants more cost-effective than for 

the 40% cap as more electricity is needed regardless of spatial disaggregation. In the 40% 

scenarios in 2050 101.52-101.77 TWh are generated in total in Austria, whereas in the 80% 

scenarios this value is of 118.68-119.04 TWh.  

In 2050 the differences in results due to disaggregation in terms of generated electricity from 

PV are marginal (as for the 40% cap). 

6.4.2.4 Cost implications 

We analyse the system costs for the different scenarios. System costs are costs incurred to 

satisfy the demand for energy services for all 28 countries throughout the whole modelled 

period (from 2005 till 2050). For the analysis we need to consider that the spatial 
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disaggregation performed only directly affects Austria, a relatively small country in the whole 

of EU. The disaggregation of the wind regions in Austria leads to an increase in total European 

energy system costs of approximately 2.09 to 3.16 billion euros2010 (0.003% higher for r2c to 

0.005% higher for r79 than in the one region scenario).. This corresponds to approximately 

0.01% of the 2050 EU28 GDP as considered in our exogenous macroeconomic scenarios 

underlying this exercise or to 0.7-1.0% of the 2013 Austrian GDP.  

Choosing a single region (r1 scenario) leads to an overestimation of the wind and solar power 

plants' cost-effectiveness in 2020 and consequently to between 148 Meuros2010 and 669 

Meuros2010 higher annual investments into the Austrian power sector compared to the 

regionally differentiated scenarios (r2c and r79 scenario). In 2050, the differences in electricity 

sector investments between the one region and more disaggregated scenarios vary from a 

decrease of 49 Meuros2010 with a 40% CO2 cap to an increase of 104 Meuros2010 with an 80% 

CO2 cap.  

6.4.3 Sensitivity of results to wind investment costs 

We have performed an +/-20% variation in the investment and operation & maintenance 

costs of the wind technologies, for which we had considered region specific costs to assess 

their sensitivity to spatial disaggregation. We have made this analysis for the 40% cap scenarios 

only for 1, 2 and 79 regions and the results are summarised in Table 6.4. 

Table 6.4 Sensitivity of generated electricity from wind to spatial disaggregation when considering costs 20% higher or 20% 

lower wind costs. Results as % difference from baseline case 

 Wind generated electricity (% ) 

Scenario 2005 2010 2020 2035 2050 

r1 low cost 0% 0% 0% 0% 0% 

r2 low cost 0% 0% 16% 0% 0% 

r79 low cost 0% 0% 23% 0% 0% 

r1c high cost 0% 0% -88% 0% 0% 

r2c high cost 0% 0% -86% -14% 0% 

r79c high cost 0% 0% -40% -19% 0% 

When decreasing 20% the costs of wind power plants the tendency of the baseline of achieving 

the maximum potential in 2035 is anticipated to 2020. With 20% more expensive wind plants, 

wind is less cost-effective than in the baseline case and the effects previously described for 

2020 now become also evident for 2035. In 2020, for the 80% cap scenarios in the baseline 

there were only new wind plants deployed in r2c and r79c. With more expensive plants, there 

are no longer new plants in 2020 for any of the levels of spatial disaggregation. Besides this 
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shift in the periods for which the results are visible, there are no significant changes in the 

results and effects of spatial disaggregation previously described. 

6.5 Conclusions 

In this paper we propose an approach to assess the relevance of spatial level of detail for 

modelling wind and PV within an energy system model for EU28, the JRC-EU-TIMES. We 

have used Austria as a case study for the period 2005 till 2050 considering scenarios with 

different solar and wind climatic regions. We studied effects of spatial aggregation on the 

electricity generated from wind and PV in Austria, both for a climate policy scenario aligned 

with the 2030 climate and energy framework extended to 2050 and a stricter 80% cap on 2050 

energy related CO2 emissions below 1990 emissions.  

Results show that in the long term for a model with limited temporal disaggregation like the 

JRC-EU-TIMES model and only small regional climatic differences as in our case study, the 

effect of regional disaggregation on model results is small especially for the whole energy 

system of Austria and the entire European Union. Total energy system cost differ but the main 

effects can be seen in the power sector for Austria: Results show that more accurate modelling 

of wind and PV location and availability lead to significant differences in the generated 

electricity for both wind and solar in Austria in the medium-term. This is because the relevance 

of the effects of spatial disaggregation depends on the cost-effectiveness of wind and PV 

within the studied energy system prior to disaggregation. In the Austrian case-study wind 

power is so cost-effective that it is deployed to its maximum capacity by 2035 and in this case, 

spatial disaggregation does not translate into different model results. However, in the periods 

or policy scenarios in which the cost-effectiveness of wind and PV is close to the threshold, 

spatial disaggregation leads to differences in generated electricity up to 80% less of wind 

generation or 35% more PV generation. This indicates that, depending on the energy system, 

on the available resources and on the policy objectives, it is relevant to further address spatial 

disaggregation in large energy system models. 

We conclude that Levelized Costs of Electricity (LCOE) approaches cannot capture the 

temporal variability and complex interactions with other energy system processes, such as the 

relevance of generating electricity in the peak time-slices, or the cheaper possibilities for 

electricity generated in neighbouring countries. Nonetheless, LCOE should still be used in a 

complementary format with a large system model when considering its disaggregation. We 

have found that with an energy system model it is not possible to establish a direct relationship 

between the level of disaggregation and an increase or decrease in the deployment of 

intermittent renewables, since several complementary mechanisms determine the cost-

effectiveness of the regional power plants: the differences and distribution of the region 

specific costs when compared to the nationally aggregated average, the suitability of the 

regional wind and solar profile to fit with the demand profile, as well as the distance between 

the electricity generation and demand locations. Moreover, because wind and PV interact with 

the remaining energy technologies, the consideration of a less favourable regional distribution 
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of the resources can lead to abandoning those resources in favour of higher electricity trade 

with neighbouring countries. Because of this, we believe that the effects of spatial 

disaggregation can differ depending on the uniformity of the climatic data across the modelled 

territory. Therefore, we propose to analyse a priori the need for further disaggregation in an 

energy system model using LCOE. In simplified terms this could be done as follows: when 

facing the trade-off between improved RES representation and increased energy system model 

complexity, we suggest performing an initial analysis of the regional disaggregated data such as 

using an LCOE approach. This should be accompanied by an analysis, within the considered 

energy system model, of the level of cost-effectiveness of the RES technologies in the 

aggregated format. If the technologies are either very close to the maximum technical potential 

or if they are very far from entering the optimal solution, regional disaggregation might not 

bring much added value. 

Moving to a system with a high share of variable RES makes it important to find the 

appropriate spatiotemporal representation of RES in long-term energy system models. The 

approach proposed can be extended to the whole EU. Looking at a spatially disaggregated 

representation of renewables may have larger effects for countries where difference in 

renewable production between locations are more pronounced. This would allow a more 

realistic and accurate modelling of EU’s energy system and the transition towards a low carbon 

future. Further work should be done in assessing the effects of temporal variation, and in 

deriving extreme values of power production from the time series (i.e. times of very high or 

very low production) and their probabilities. 
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 Designing variable renewable focused 

power systems that are robust to the spatiotemporal 

and inter-annual variability of weather20 

Abstract 

The design of cost effective, technically feasible and robust power systems with high shares of 

variable renewable energy technologies (VREs) requires a modelling approach that 

simultaneously represents the whole energy system and the spatiotemporal variability of VREs. 

Here we couple a long-term energy system model, that explores new energy systems 

configurations from years to decades, with a high spatial and temporal resolution power system 

model that captures VRE variability from hours to years. Applying this methodology to the 

UK we find that using many years of VRE supply data is critical when designing robust VRE 

focused power systems due to the inter-annual variability of weather. We show that spatially 

diversifying VRE deployment by reinforcing the high voltage transmission network 

consistently reduces total system cost across all weather years analysed here. However, when 

socio-political factors hinder such large transmission infrastructure projects, we find that 

placing VRE in system-optimal locations has the opposite effect. 

  

                                                           

20 This chapter has been submitted to: Nature Energy (December 2016) 

Zeyringer, M., Price, J., Fais, B., Sharp, E. 
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7.1 Introduction 

The UNFCCC Paris agreement sets out the goal of limiting global average surface temperature 

rise to well below 2°C and to pursue efforts to limit it to 1.5°C above pre-industrial 

levels(United Nations Framework Convention on Climate Change, 2015). Consequently, the 

world is looking to clean, renewable energy solutions (Jacobson, 2016): transforming the 

energy system (IPCC, 2011) from being carbon intensive and inefficient (Huberty and Zysman, 

2010) to deeply decarbonised (Mitchell, 2016), highly efficient (Huberty and Zysman, 2010) 

and to a large extent renewable (Mitchell, 2016). The power sector is leading the 

decarbonisation charge (OECD, 2015) and by 2050 low or zero carbon electricity could 

expand to become the dominant form of energy supply (Williams et al., 2012). However, due 

to the spatial and temporal variability of variable renewable energy technologies (VREs), high 

penetration levels could lead to increasingly large disparities between electricity supply and 

demand requiring integration measures such as electricity storage and flexible generation. 

Critics of VRE focused energy systems therefore often point to the potentially high integration 

costs (Jacobson, 2016). Hence, there is a need to design VRE based systems which are 

simultaneously cost effective, flexible and robust to the variability of weather over many years.  

To provide detailed insights into the transition to a power system with VREs we need to 

combine long-term planning with a representation of the spatial and temporal variability, 

including inter-annual characteristics, of VRE production. Energy system models (ESMs) have 

been used since the 1970s(Hall and Buckley, 2016) to inform policy makers. They usually trade 

off spatial and temporal resolution, e.g. by using representative time-slices, to provide long-

term pathways for the entire energy system. Defining such representative time-slices when 

modelling VREs is difficult due to the temporal and spatial diversity in output and their 

interaction with other technologies.  

There are different approaches in the literature to answer questions which require modelling of 

long-term pathways with VREs: firstly increasing the number of time-slices in ESMs (Kannan 

and Turton, 2012; Ludig et al., 2011c), secondly soft-linking ESMs with temporally detailed 

power system models (Deane et al., 2012a; Pina et al., 2013a) and thirdly parameterising the 

temporal variability of VREs in ESMs or integrated assessment models (Johnson et al., n.d.; 

Merrick, 2016; Ueckerdt et al., n.d.; Welsch et al., 2015). However, these studies lack the spatial 

resolution necessary to account for differences in total output and timing of production and to 

model the choice between VRE integration options including grid extension. Recently, 

temporally and spatially explicit studies have been developed (Braff et al., 2016; Davidson et 

al., 2016; Frew et al., 2016; MacDonald et al., 2016; Mills and Wiser, 2015; Nelson et al., 2012; 

Pfenninger and Keirstead, 2015; Schmidt et al., 2016). However, by averaging multiple years or 

using a single weather year nearly all studies neglect the inter-annual variability of weather. 

Other important aspects missing are the combination of the following: i) spatial and temporal 

detail of supply and demand, ii) modelling of the trade-offs and interaction of different VREs 

as well as integration options, iii) consideration of the electrification of other sectors and iv) 

technical, environmental and societal constraints on the locations of VRE deployment. To 
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address these issues, we firstly use many years of weather data to capture and explore the full 

variability of weather conditions. Secondly, we combine a long-term energy systems model 

which sets the power system boundaries, together with a high spatial and temporal resolution 

electricity system model including a detailed spatial assessment on exclusion zones from VRE 

deployment. This allows us to design power systems with high shares of VRE that are cost-

effective, flexible and robust to the inter-annual variability of weather.  

7.2 Modelling national electricity systems with high shares of 

VREs 

Modelling the conventional fossil fuel based energy system is different from low carbon energy 

systems with high shares of VREs in terms of the necessary spatial and temporal resolution 

required. Thermal electricity systems are usually organized in centralized large-scale generation 

units whose location is flexible due to the relatively low transportation (Edinger and Kaul, 

2000) and storage costs of fossil fuels (Edinger and Kaul, 2000; Elliott, 2016). In conventional 

systems, generators are either baseload plants running constantly or dispatchable plants, 

ramping up and down to match demand as needed (Pfenninger et al., 2014b). Renewable 

energy systems are characterised by the spatial and temporal variability of supply. Important 

methods to manage renewable intermittency are to integrate different renewable technologies 

into the system (technological diversity) and to take advantage of the fact that 

contemporaneous weather conditions can differ from one location to the next by spreading 

VRE deployment over a large geographical area (spatial diversity). By combining VRE 

production from different sources at different locations the variance in their output can be 

significantly reduced (Freris and Infield, 2008; Fusco et al., 2010). To facilitate such a system, 

the existing high voltage transmission network has to be reinforced or expanded. However, 

there is often a lack of social acceptance of new transmission infrastructure (Bertsch et al., 

2016; Lienert et al., 2015) and so it is important to maximise transmission utilisation by, for 

instance, co-locating VRE deployment with storage (Denholm and Sioshansi, 2009). Indeed, 

electricity storage, either centralised or distributed, may be a key tool to smooth the variability 

of VRE supply in future (Braff et al., 2016; Elliott, 2016). Another option to manage 

intermittency is to deploy flexible generation which can be used to ramp up quickly when 

renewable production is low and/or demand is high (Elliott, 2016). Finally, there is also a 

basket of demand side options (Lund et al., 2015) which may have significant potential to aid 

VRE integration but whose large scale implementation is currently uncertain (Lund et al., 2015) 

due to the inherent challenges around behaviour change and as a result studies are 

limited(Zerrahn and Schill, 2015).  

To capture the spatial and temporal variability of VRE production and simultaneously model 

its interaction with storage, the transmission system and conventional generation at large scales 

(i.e. at the national or continental level), time series data with sufficiently high spatial and 

temporal detail and coverage are needed (see SI 1.3.2). Like a number of recent studies (Becker 

et al., 2014; Frew et al., 2016; Olauson et al., 2016; Pfenninger and Keirstead, 2015; Pfenninger 
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and Staffell, 2016; Schmidt et al., 2016; Staffell and Pfenninger, 2016), we opt to use state of 

the art global climate reanalysis and satellite based data, both of which provide a suitable 

balance between temporal and spatial resolution while simultaneously maintaining broad, 

homogenous temporal and spatial coverage. Using these time series, we are then able to 

simulate multiple years of VRE output on a regular grid (see Methods and SI 1.3.2) and as such 

better capture the temporal and spatial variability of VRE generation over many years and its 

interaction with the rest of the power system. 

We apply our modelling approach to the UK, a country with limited interconnection (7% of 

peak demand) and where national energy security is a high public and political priority (Cox, 

2016). We use the long time horizon model – UKTM (Daly et al., 2015; B. Fais et al., 2016; 

Birgit Fais et al., 2016) - to develop internally consistent, whole energy system scenarios that 

both meet the UK’s Climate Change Act 2008 (Parliament of the United Kingdom, 2008), i.e. a 

reduction of greenhouse gas emissions of 80% relative to 1990 levels by 2050, and have a high 

penetration of VREs. A key strength of UKTM is that it represents the whole UK energy 

system under a given decarbonisation objective, which means that trade-offs between 

mitigation efforts in one sector versus another can be explored. We couple UKTM to the high 

spatial and temporal resolution electricity system model - highRES - which minimises power 

system costs to meet hourly demand subject to a number of technical constraints (for a 

detailed description see SI 1).  

The core focus of highRES is a detailed representation of VREs. This includes a GIS 

assessment to exclude areas from VRE development for technical, environmental and social 

reasons (Bertsch et al., 2016; Bidwell, 2016; Zeyringer et al., 2016b) (SI 1.3.1). For VRE 

production we use hourly gridded capacity factors for on and offshore wind and solar PV for 

2001-2010 with a spatial resolution of 35km x 50km (0.5° x 0.5°; see Methods and SI 1.3.2). 

Renewable generation is modelled at the grid cell level and aggregated to the system’s supply-

demand balancing zones which are connected by a simplified representation of the UK’s high 

voltage transmission grid (see Figure 7.5).  

UKTM sets the electricity system boundaries for 2050: We use total electricity demand, fuel 

prices and generation capacities from UKTM as input into highRES. HighRES finds the 

optimal location for generation capacities as well as the optimal capacities and locations of 

VRE integration options. These are transmission grid extension, flexible generation (modelled 

as an open cycle gas turbine) and electricity storage.  

A few caveats of our study need to be highlighted: Our study focuses on the supply side. 

Demand side measures are not modelled but would be of value to investigate with a model 

similar to highRES in future. Costs do not include all technical features of the power plants 

and energy system such as start- up costs and distribution line upgrades.  
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7.3 Planning robust electricity systems with high shares of 

VREs- whatever the weather 

In our scenario UKTM designs a 2050 power system with capacities and demand, which 

includes the partial electrification of heating and transport, as shown in Table 7.1. 

Table 7.1 Power capacities 2015 (Department for Business, Energy & Industrial Strategy, 2016b, 2016c, 2016d)) and 

2050 (from UKTM), electricity demand 2015 (Department for Business, Energy & Industrial Strategy, 2016e)) and 

2050 (from UKTM) 

Parameter 2015  2050  

Gas 32 GW decided by highRES 

Coal Capacity 21 GW 0 GW 

Nuclear Capacity 9 GW 34 GW 

Solar PV Capacity 9 GW 44 GW 

Onshore Wind Capacity 9 GW 32 GW 

Offshore Wind Capacity 5 GW 39 GW 

Biomass Capacity 5 GW 7 GW 

Interconnection Capacity 5 GW 6 GW 

Storage Capacity 3 GW21 decided by highRES 

Hydropower Capacity 2 GW 2 GW 

Other Capacity 1 GW 0.5 GW 

 

Electricity demand 358,363 GWh 516,882 GWh 

We study two different cases for the year 2050: i) highRES optimises all three flexibility 

options (allflex); ii) highRES optimizes flexible generation and storage only and we fix the 

transmission network to its 2015 capacities (flex+store). We differ between these two scenarios 

as, on the one hand, transmission line extension can take decades from conception to 

completion, with the planning system being a fundamental barrier(House of Commons, 2010), 

yet on the other hand it can unlock the benefits of spatial diversification. We allow the model 

to make investment and operational decisions based on one year of weather data at a time and 

10 years simultaneously, i.e. system capacities and dispatch are planned over snapshots of 8760 

hours (8784 hours for leap years) in the former and 87,648 hours in the latter. This allows us to 

                                                           

21 All pumped storage 
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analyse the difference in optimal system configurations when planning for a single weather year 

and when considering the full variability of 10 years.  

The boxplots in Figure 7.1 labelled flex+store and allflex represent the individual years (one 

year at a time). For flex+store10 and allflex10, the boxplots represent the individual years 

within the runs that consider all 10 years simultaneously. To reiterate, in these cases the model 

is presented with the full 10-year long time series of VRE production and demand and designs 

a system which has fixed capacities and locations (capital costs) over this period. We see that 

the allflex scenario has a consistently lower levelised cost of electricity (LCOE) than the 

flex+store scenario. Here spatial diversification allows sites with higher output and/or a 

favourable timing of production to be chosen, therefore leading to lower overall costs. 

Weather year also determines annual grid CO2 intensity because installed flexible generation is 

utilised differently from one year to the next. When running the model with all 10 weather 

years simultaneously (flex+store10, allflex10), the LCOE and grid intensity (both displayed as 

red symbols) is above the mean and median of the single year solutions. This is because the 

LCOE for any given year within the full 10-year run is higher than the LCOE obtained if the 

model plans the system based only on that specific year’s weather data (i.e. the solution is 

suboptimal for that specific year). The LCOE and grid intensity of the decadal runs are the 

mean of the years within the runs22. 

                                                           

22 For comparison in 2015, the estimated CO2 emissions from electricity supplied amounted to 332 grams of CO2 per 

kWh (Department for Business, Energy & Industrial Strategy, 2016d). 
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Figure 7.1 Boxplots for the ten different weather years showing the difference in LCOE and CO2 emissions. Blue shows the 

flex+store and green the allflex runs. Dark blue and dark green show the 10 individual years (flex+store, allflex, system 

planning based on one weather year at a time) and light blue and light green show the 10 individual years in the 10-year run 

(flex+store10, allflex10, system planning based on all 10 years at once). Black symbols display the mean. For the 

flex+store10 and allflex10 the model results are shown as red symbols (note that for these scenarios the model result is 

identical to the mean of the individual years within those runs)  
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Figure 7.2 Location and capacities of VRE in both scenarios. Above: solar, middle: onshore wind, below: offshore wind. 

The red squares represent the capacities resulting from the 10-year simultaneous run. For comparison we also plot the 

average annual capacity factors per zone over the 10 years (crosses). Zone 1_1 is the North of Scotland and zone 17 is the 

South West of England. Refer to Figure 7.5 for the location of the zones. 

From Figure 7.2 we find that solar energy is mainly deployed in the South where the highest 

capacity factors are. Onshore wind energy is consistently located in Scotland, although without 

additional transmission capacity it is not deployed on Shetland or the Outer Hebrides, and the 

South-West. Offshore wind energy is placed around the North-Sea, the South-East and South-

West and in the allflex scenario it is additionally located in Scotland. In both scenarios, wind is 

spread around the country in sites that balance high average capacity factors with a system 

beneficial timing of production. However, in the flex+store case the model is constrained by 

the current transmission line capacity and thus chooses locations closer to demand. 

While consistent deployment patterns emerge, the precise amount of capacity located in each 

zone is highly sensitive to the inter-annual variability of the weather data. Furthermore, for PV 

and, to a lesser extent wind, capacity deployment outliers are observed in some years. In the 

case of solar, this occurs because the transmission system is consistently reinforced to move 
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wind generated electricity down from Scotland and Northern England (see Figure 7.4) to 

demand centres in the South. Given this large transmission capacity and the relatively small 

annual capacity factor differences between the Southern England (~0.11-0.12) and Scotland 

(~0.09-0.1), for some years it becomes optimal to build solar further North than would be 

expected. Hence the lack of solar outliers in the flex+store results. 

When running all ten years at once, both scenarios follow similar deployment patterns to their 

respective individual year runs albeit without choosing any outlier locations. The key point here 

is that the deployment variability in the individual year runs is seen to capture the locations and 

capacities chosen by the 10-year case for both scenarios. However, we note that the capacities 

deployed in the full decadal runs rarely matches the median levels from the box plots shown in 

Figure 7.2.  

 

Figure 7.3 Capacities of integration options for the allflex scenario for each weather year and the 10-year simultaneous run, 

(note the changing y-axis scale when comparing one plot to the next) 

Figure 7.3 shows that the total national installed capacity of storage and high voltage 

transmission are generally robust to the chosen weather year, varying by less than +/- 20%. 

However, flexible generation is seen to be highly sensitive, with installed capacities ranging 

from 4 GW to 22 GW. This is due to the meteorological specifics of the year (e.g. 

2010(Department for Business, Energy & Industrial Strategy, 2016c) was a poor wind year). In 

the 10-year run the installed capacities of all integration options are above the median of the 10 

individual years. While the optimal amount of storage is only slightly above the median the 

model installs more flexible generation than in any of the 10 individual years.  
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Figure 7.4 Capacities and location (per zone) of integration options in the allflex scenario. Refer to Figure 7.5 for the 

location of the zones.  

From Figure 7.4 we see that the model places storage mainly around demand centres and not 

close to installed VRE capacity (compare Figure 7.2 and Figure 7.4) in the North (although see 

zone 17) but the exact location is dependent on the weather year. As one would expect flexible 

generation is installed close to demand. The transmission network undergoes a consistent, 

sizable reinforcement to bring electricity from the North to the South and the South and 

South-West to London where demand is located.  

We then test how planning the system for one weather year would affect the technical 

feasibility and costs for other years. We fix the location of generation capacities as well as the 

integration options’ capacities and locations from the year 2008 (lowest flexible generation and 

highest wind capacity factor23) and run the model for the other 9 years. Choosing 2008 as the 

planning year would mean that the maximum unmet demand in a single hour can reach up to 

37 GW (see Figure 8.3.10 for the distribution of unmet demand as % of the 9 years).  

In summary, our results show that basing investment decisions on single weather years could 

lead to biased solutions which may be technically flawed. That is, it is critical to capture the 

inter-annual variability of weather when modelling high levels of renewable penetration. 

Finally, we demonstrated the benefits of spatial diversification. However, due to a lack of 

social, environmental and political support the construction of transmission line infrastructure 

                                                           

23 Our observation is confirmed by the UK Department for Business, Energy & Industrial Strategy (Department for 

Business, Energy & Industrial Strategy, 2016c): 2008 the highest positive (+0.4%) deviation from the 10-year mean 
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can take much longer than the deployment of VREs as has been seen for example in Germany 

(Bertsch et al., 2016). To assess the impact of this, we use the power system design (locations 

and capacities) from the allflex 10 -year scenario and run highRES with transmission line 

capacity fixed to current levels for 10 years. We find that the LCOE is 19% higher 

(109£/MWh vs. 88£/MWh) compared to the 10-year flex+store scenario. Thus we see that if 

the system is planned in a way that neglects the real world restrictions on the expansion of 

transmission line infrastructure, which may mean that it is constructed at a much later stage or 

not at all, it can have costly implications. For such a system it would be more cost-effective to 

study results which only consider current transmission capacities or only those transmission 

projects which can be realistically achieved within the same timeframe. 

7.4 Discussion and policy implications 

Our spatially and temporally explicit modelling approach designs cost-effective, flexible power 

systems with high shares of VRE which are robust to the variability of weather. We show that 

using different weather years is central for deciding on the optimal locations of VREs, the 

locations and capacities of integration options and ultimately the design of stable VRE focused 

power systems. This observation is likely to be similar with different system configurations and 

even more so with higher shares of VRE. Studies which neglect these factors may give 

misleading results. We find that the capacity of flexible generation is very sensitive to the inter-

annual variability of weather, while optimal transmission line and storage capacities are 

considerably more consistent across weather years. Good VRE resources are often found in 

locations at great distance from demand centres and in order to benefit from the spatial 

diversity of the weather a greatly interconnected system is required. The optimal enhancement 

of the transmission grid compared to using today’s grid capacities decreases costs by 12% on 

average. The current renewable support system in the UK offers little incentive for spatial 

diversification. Reaching similar LCOE and carbon reductions levels under the current policy 

design, which encourages developers to build where total generation is highest, is unlikely. 

Novel policy instruments and market designs are needed which take locational aspects into 

account and encourage building VRE in system optimal locations while at the same time 

incentivising the system optimal deployment of integration measures (e.g. premium based feed-

in tariffs (J. Schmidt et al., 2013a)). In Europe (e.g. Germany) we observe that the building of 

VREs is progressing faster than the expansion of the transmission network due to easier 

planning. In our modelling, the cost-optimal solution would require tripling the capacity of the 

transmission system. When political and public support for the large scale deployment of 

transmission infrastructure is unlikely, placing VRE in system-optimal locations that require 

significant network expansion would prove to be a costly mistake. In that case, planning for a 

more localised approach including flexible generation and storage would be more cost-

effective.  
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7.5 Methods 

7.5.1 highRES (high spatial and temporal Resolution Electricity System 

model) 

HighRES optimizes the dispatch and locations of power plants as well as the investment and 

locations of VRE integration options. Other outputs from highRES are total annuitized power 

system costs, hourly electricity prices, power plants usage rates, emissions and renewable 

curtailment. Integration options are flexible generation, electricity storage and high voltage 

transmission grid reinforcement. Constraints are that supply must match demand in every hour 

and technical constraints describing the ramping of power plants, storage operation, the flow 

of electricity via the transmission grid and safety margins. The strong point of highRES is the 

good representation of VREs. This consists of two parts: a resource assessment and hourly 

modelling of generation. First, we perform a literature review helping us to define technical, 

social and environmental exclusion zones. For solar energy we differ between rooftop and 

ground mounted plants. Using data on the building area we calculate the rooftop area in each 

grid cell. For ground mounted PV we exclude nationally protected areas, good agricultural 

land, built up areas and areas with a slope greater than 15 degrees. For onshore wind we 

exclude nationally protected areas, areas with a slope greater than 15 degrees, cities and a 

buffer distance around cities of 800 metres, 150 meters around highways and 5 kilometres 

around airports. For offshore wind energy we include areas up to a water depth of 70 metres. 

To derive hourly capacity factors for onshore and offshore wind we use data from NCEP 

Climate Forecast System Reanalysis (CSFR)(Saha et al., 2010). Data is available both on and 

offshore on a uniform grid at 0.5°x0.5° (35km x 50km) resolution. We adopt this as our 

reference grid for the model (see Figure 7.5). For rooftop and ground mounted PV we use data 

from the Satellite Application Facility on Climate Monitoring (CMSAF) (Schulz et al., 2009). 

We convert the data from 2001-2010 into hourly capacity factor. For this study, renewable 

capacity factors have been aggregated to the zonal level prior to model execution. As such, 

highRES decides how much capacity is built in a given zone and that capacity is multiplied by 

the hourly average zonal capacity factor to get generation. Demand also varies in time and 

space. We scale the hourly electricity demand profile from National Grid for 2010 and 2008 

(leap years) using the total electricity demand from UKTM for 2050 and disaggregate them 

down to the 20 Seven Year Statement zones (see Figure 7.5) used by the National Grid based 

on shares taken from the National Grid’s 2005 GB Seven Year Statement. HighRES matches 

demand and supply at the zonal level. The zones are connected by a simplified representation 

of the high voltage transmission grid. A more detailed description on the data, assumption and 

the model can be found in the Supplementary Information.  
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Figure 7.5 Grid cells (left) and zones (right) used in the highRES model 

7.5.2 UKTM (UK TIMES model) 

UKTM is a linear, bottom-up, technology-rich cost optimising model instantiated within the 

TIMES framework (Daly et al., 2015; B. Fais et al., 2016; Birgit Fais et al., 2016). It minimizes 

total energy system costs required to satisfy the exogenously set energy service demands 

subject to a number of additional constraints (Loulou and Labriet, 2008). UKTM contains 16 

time-slices: 4 seasons and 4 intraday (day, evening, late evening, night) and one region (UK). 

The model comprises a time period from 2010 (the base year) to 2050 with one model period 

covering 5 years (represented by one representative year). UKTM represents the entire UK 

energy system from imports and domestic production of fuel resources, through fuel 

processing and supply, explicit representation of infrastructure, conversion to secondary energy 

carriers (including electricity, heat and hydrogen), end-use technologies and energy service 

demands. Generally, it minimizes the total welfare costs (under perfect foresight) to meet the 

exogenously given, but price elastic, sectoral energy demands under a range of input 

assumptions and additional constraints, thereby delivering a cost optimal, system-wide solution 

for the energy transition for the coming decades. A key strength of UKTM is that it represents 

the whole UK energy system under a given decarbonisation objective, which means that trade-

offs between mitigation efforts in one sector versus another can be explored. The model is 

divided into three supply side sectors (resources & trade, processing & infrastructure and 

electricity generation) and five demand sectors (residential, services, industry, transport and 

agriculture). All sectors are calibrated to the base year 2010, for which the existing stock of 

energy technologies and their characteristics are known and taken into account. A large variety 

of future supply and demand technologies are represented by techno-economic parameters 

such as the capacity factor, energy efficiency, lifetime, capital costs, operation & maintenance 

costs. Moreover, assumptions are also exogenously provided for attributes not directly 
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connected to individual technologies, such as fuel import prices, resource availability and the 

potentials of renewable energy sources. UKTM tracks all energy flows as well as CO2, CH4, 

N2O and HFC emissions. In addition to its academic use, UKTM is the central long-term 

energy system pathway model used for policy analysis at the Department of Energy and 

Climate Change (DECC) and the Committee on Climate Change (CCC).  

7.5.3 Study setup 

For this study we run UKTM with an 80% GHG emission reduction target relative to 1990 

levels by 2050 and assume that CCS is not available. We make this assumption for two reasons. 

Firstly, to ensure UKTM designs a power system, and therefore energy system, with high 

shares of VRE. Secondly, because of the sizable uncertainty around whether CCS will ever 

feature at scale, particularly in light of the UK government recently cancelling its £1bn CCS 

competition. We use this scenario as an internally consistent exemplar of a power system with 

high shares of VREs for our analysis. While we acknowledge that varying VRE shares would 

be of interest, we leave a more exhaustive scenario analysis with UKTM for future work.  

Within UKTM there is a parametrisation of flexible generation. However, here we discard the 

capacities of flexible generation suggested by UKTM and let highRES decide. Further we use 

electricity price and annual electricity demand for 2050 which are another output from UKTM. 

We use historic load profiles provided by National Grid from 2001-2010 and scale them to 

represent 2050 demand. We perform 22 different model runs: using the weather data from 

2001-2010 each year at a time and for the whole 10 years at once for two different scenarios 

(see Figure 7.6). In the allflex scenario highRES can invest into all three integration options, in 

the flex+storage scenario we fix transmission lines to their current capacities and only allow 

the model to invest into electricity storage and flexible generation. In all runs highRES is 

restricted from installing any nuclear, biomass or OCGT capacity in Z14 (London). Nuclear is 

also prevented from being deployed in Northern Scotland. 

 

Figure 7.6 Scenarios, temporal coverage and number of model runs 
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8.1 Appendix of chapter 5  

8.1.1 Input parameters of the optimization model 

8.1.1.1 Grid extension costs and capacity 

The costs for the building of electricity infrastructure consist of generation costs, transmission 

costs and distribution costs. Average per kilometre costs for grid extensions were calculated 

based on realised projects and cost estimates of future projects by the Kenyan Power and 

Lighting Company (KPLC). The projects comprise 132 kV single circuit, 132 kV double 

circuit; 220 kV single circuit, 220Kv double circuit and 400 kV double circuit lines (Kenyan 

Power and Lighting Company, 2010). On average, grid extension costs amount to 157,460 

USD/km. The lifetime of the transmission grid is assumed to be 40 years and the interest rate 

is fixed at 6%. The reference costs for the distribution grid amount to 1027 USD/kWh 

(Ministry of Energy et al., 2009). The population density of the reference value amounts to 45 

inhabitants per km2 (Kenya National Bureau of Statistics, 2005). These costs will be added as a 

distribution charge in the model as it done by (Filippini et al., 2004): A 1% increase in 

population density leads to 0.6% decrease in distribution costs. The capacity of the electricity 

grid is assumed to cover the total electricity demand. 

8.1.1.2 Energy generation costs 

We extract costs for conventional energy generation from the Rural Electrification Master 

Plan. In 2010 according to the reference scenario, costs of energy generation amount to 12 

USD/kWh (Ministry of Energy et al., 2009). 

8.1.1.3 Photovoltaic panel costs 

The costs for PV panels are calculated according to the price provided by different producers: 

(Center for Alternative Technologies, n.d.; Hülsmann, n.d.; Solarlink, n.d.; Sollatek Electronics 

Kenya Limited, n.d., n.d.). Solar modules with a capacity of approximately 60 Watt cost around 

USD 250, a battery approximately USD 250 and additional equipment is about USD 100. The 

battery of this system is a 12 V lead-acid battery of an approximate capacity of 60 to 120Ah. 

Lifetime of the PV module, the battery and the extra equipment is assumed to be 20, 10 and 5 

years and the interest rate 6%.  

8.1.1.4 Solar irradiation data 

The data for solar irradiation determines the output of energy to be harvested with the 

photovoltaic technology and consequential costs per kWh. We use solar irradiation data from 

the JRC Institute for Environment and Sustainability and Ecole des Mines de Paris (Rigollier et 

al., 2004). The data is available from 1985 to 2004 with a spatial resolution of 30 km2. Solar 

irradiation is given in Wh per square meter per day. Seasonal variations in solar irradiation have 



Appendices of the chapters 

153 

an important effect on the suitability of stand-alone systems. In order to determine if seasonal 

differences in irradiation values are significant, we calculate weakly mean irradiation levels.  

8.1.1.5 Solar energy output 

The following formula is used to calculate the energy produced from the photovoltaic system:  

𝐸𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 = 𝐻𝑆𝑜𝑙𝑎𝑟 ∗ 𝑓𝑖𝑛𝑐𝑙𝑖𝑛𝑎𝑡𝑖𝑜𝑛 ∗ 𝐹𝑠𝑜𝑙𝑎𝑟𝑐𝑒𝑙𝑙𝑠 ∗ 𝑙𝑐𝑒𝑙𝑙 ∗ 𝑃𝑅 ( 1 ) 

where 

𝐸𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐  is produced energy per year in kWh/year 

𝐻𝑆𝑜𝑙𝑎𝑟  is mean sum of the yearly radiation energy in kWh/year 

𝑓𝑖𝑛𝑐𝑙𝑖𝑛𝑎𝑡𝑖𝑜𝑛  is inclination factor (considers the orientation of the solar cells to the direction of 

the insolation, between 0.5 und 1), dimensionless  

𝐹𝑠𝑜𝑙𝑎𝑟𝑐𝑒𝑙𝑙𝑠 is Area of the solarcells in m² 

𝑙𝑐𝑒𝑙𝑙  is module efficiency (between 0.07 and 0,28; benchmark 0.15), dimensionless 

𝑃𝑅 is Performance Ratio, correction factor for construction and maintenance of the solar 

system (between 0.5 - poor equipment and 0.85 - ideal construction and perfect maintenance), 

dimensionless 

We take the mean sum of the annual radiation energy in kWh/a as the mean irradiation value 

for every district as described earlier in this chapter. Results from the KIHBS show that 74% 

of the house roofs are constructed using corrugated iron sheets and 15% grass (Kenya 

National Bureau of Statistics, 2005). We assume that most roofs in Kenya are flat or panels are 

installed on the ground. Therefore, we take a value of 0.95 for the optimal inclination of 

modules in Kenya as it amounts to zero degrees. This makes it relatively easy to orient the 

modules to the direction of the irradiation. The area of the solar cell amounts to one m2. For 

the module efficiency we assume a value of 0.175 and for the performance a ratio of 0.77. We 

assume that the modules chosen feature a good efficiency but are not perfectly installed and 

maintained because particularly in remote areas high quality levels for installation as well as 

maintenance of PV may not be achievable. The result for the kind of systems used in this 

model is a photovoltaic efficiency of 12.8%. We assume that the maximum area for deploying 

PV in each grid cell amounts to the size of every cell (around 2000km2). However, deployment 

of PV in the scenarios stays far below this level.  

8.1.1.6 Solar irradiation 

We explain the results of the PV irradiation analysis in this part as they serve as an input 

parameter into the supply side optimization model and explain the model structure chosen. 

Figure 8.1.1 shows that the mean irradiation value of all districts is lowest around June and 

July. The lowest mean value with 6,133Wh/m2 can be found in week 24, whereas the highest 

mean value of 6,598Wh/m2 can be found in week five. The lowest value of the curve featuring 
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the lowest mean values is in week 30, amounting to 3,226WhWh/m2. Its highest value is in 

week 8 amounting to 5,580Wh/m2. For the high curve the highest level of irradiation amounts 

to7,285 Wh/m2, the lowest is in week 24 adding up to 6,133Wh/m2 (see Figure 8.1.1). The 

discrepancy for high values lies within 1,000 Wh/m2 ranges from 6,000Wh000 Wh/m2 to 

7,000Wh/m2. Relevant for the supply side model input are the mean irradiation value for every 

district. The district of Samburu with 6,447Wh/m2 features the highest mean irradiation level 

and Mandera with 4,870Wh/m2 the lowest level. This is a difference of more than 

1,550Wh/m2. Differences in irradiation are highest for the low values ranging from 

3,000Wh/m2 to 5,500Wh/m2. The used battery allows storing around 720Wh or several days 

depending on the households’ consumption. Figure 8.1.1 illustrates that the inter-seasonal 

variation in solar irradiation is low; consequently inter-seasonal storage is not necessary.  

 

Figure 8.1.1 Seasonal change in irradiation as a mean of all districts in Wh/m2 

Figure 8.1.2 shows that there is a strong difference in irradiation between Eastern- and 

Western Kenya when looking at the long-term average of solar irradiation. Central, North-

Western and South-Western Kenya feature the highest values of solar irradiation. These 

regions reach mean values of to up to 6,500 Wh/m2/d. In Eastern-Kenya and especially in the 

North-East values of as low as 4,600 Wh/m2/d are measured.  
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Figure 8.1.2 Long-term (1985-2004) average of solar irradiation in Wh/m2/day 

8.1.1.7 Population distribution 

Population distribution determines the energy demand per grid cell. The source for the 

population data for Kenya is the “Global Rural-Urban Mapping Project”, version 3 (globalv3) 

for the year 2005, which had been produced by the Center for International Earth Science 

Information Network (CIESIN) of the Earth Institute at Columbia University (Center for 

International Earth Science Information Network (CIESIN), Columbia University et al., 2004). 

It gives the distribution of the global population with a spatial resolution of 2.5 arc-minute grid 

cells (see Figure 8.1.3). We first convert the raster data to polygons and secondly join them 

with the shape files containing the 2000km2 grid cells by using ArcGIS 10.0.  
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Figure 8.1.3 Population density per 1 km2 

8.2 Appendices of chapter 6 

8.2.1 Appendix A – Overview of major JRC-EU-TIMES model inputs 

The equilibrium of JRC-EU-TIMES is driven by the maximization (via linear programming) of 

the discounted present value of total surplus, representing the sum of surplus of producers and 

consumers, which acts as a proxy for welfare in each region of the model. The maximization is 

subject to constraints such as supply bounds for the primary resources, technical constraints 

governing the deployment of each technology, balance constraints for all energy forms and 

emissions, timing of investment payments and other cash flows, and the satisfaction of a set of 

demands for energy services in all sectors of the economy. The model includes the following 

sectors: primary energy supply; electricity generation; industry; residential; commercial; 

agriculture; and transport. 
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The model is supported by a detailed database, with the following main exogenous inputs: (1) 

end-use energy services and materials demand; (2) characteristics of the existing and future 

energy related technologies, such as efficiency, stock, availability, investment costs, operation 

and maintenance costs, and discount rate; (3) present and future sources of primary energy 

supply and their potentials; and (4) policy constraints and assumptions. Here we present a 

condensed version of the detailed model inputs further described in (Simoes et al., 2013b). 

The materials and energy demand projections for each country are differentiated by economic 

sector and end-use energy service, using as a start point historical 2005 data and 

macroeconomic projections from the GEM-E3 model (Russ et al., 2009) as detailed in (Simoes 

et al., 2013b). These projections have as an underlying assumption an overall average annual 

EU28 GDP growth of 1.5 to 2% till 2050 and a population evolution following the values 

considered in the EU Energy Roadmap 2050 reference scenario (European Commission, 

2011). From 2005 till 2050 the exogenous useful energy services demand grows 32% for 

agriculture, 56% for commercial buildings, 28% for other industry, 24% for passenger mobility 

and almost doubles (97%) for freight mobility. On the other hand, the exogenous useful 

energy services demand for residential buildings is assumed to be 12% lower in 2050 than in 

2005 due to the assumptions on improving building stock (see (Simoes et al., 2013b) for 

details). 

Table 8.2.1 Exogenous useful energy services and materials demand input into JRC-EU-TIMES for EU28 

Year 

Agric. 

(PJ) 

H&C 

Comm. 

(PJ) 

Other 

Comm. 

(PJ) 

H&C 

Resid. 

(PJ) 

Other 

Resid. 

(PJ) 

Al 

(Mt) 

NH3 

(Mt) 

Cl. 

(Mt) 

Other 

Industry 

(PJ) 

2005 1302 3567 3496 8591 2593 6 12 2006 6959 

2010 1353 3784 3777 8434 2834 6 12 2091 6886 

2015 1376 3973 4027 8282 3180 7 13 2215 7375 

2020 1435 4155 4284 7998 3317 7 14 2483 7984 

2025 1492 4292 4511 7660 3449 7 15 2613 8188 

2030 1540 4476 4790 7368 3554 7 16 2683 8340 

2035 1601 4669 5048 7075 3571 8 16 2670 8321 

2040 1618 4861 5304 6790 3602 7 17 2820 8503 

2045 1639 5007 5518 6482 3597 7 18 2912 8504 

2050 1724 5230 5803 6273 3622 7 20 3117 8924 
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Year 

Cement 

(Mt) 

Cu 

(Mt) 

Glass 

(Mt) 

Iron 

& 

Steel 

(Mt) 

Paper 

(Mt) 

Passenger 

mobility a 

(Bpkm) 

Freight mobility 
a (Btkm) 

2005 236 2 31 196 100 6577 2132426 

2010 251 2 33 185 101 6815 2264363 

2015 269 2 36 195 104 7128 2547882 

2020 298 2 41 197 111 7361 2844396 

2025 340 2 47 194 125 7558 3062411 

2030 363 2 52 186 134 7748 3316167 

2035 389 2 57 186 142 7898 3570264 

2040 417 2 62 187 153 8012 3780567 

2045 437 2 68 183 160 8078 3965027 

2050 475 2 75 173 170 8176 4191499 

Note: H&C stands for heating and cooling including space heating and cooling plus sanitary water 

heating. Al stands for aluminium production; NH3for ammonia production, Cl for chlorine production 

and Cu for copper production. a Passenger and freight mobility in this table does not include aviation and 

navigation as these are represented in the model in PJ not in pkm or tkm.  

The energy supply and demand technologies for the base-year are characterized considering 

the energy consumption data from Eurostat to set sector specific energy balances to which the 

technologies profiles must comply. The new energy supply and demand technologies are 

compiled in an extensive database with detailed technical and economic characteristics. The 

most relevant source of this database for electricity generation technologies is (Tzimas, 2011) 

as summarised in Appendix B. We model both technology-specific discount rates using the 

values considered in the PRIMES model as in (European Commission, 2011), and a discount 

rate of 5% for social discounting. For centralised electricity generation, we consider a discount 

rate of 8%, for CHP and energy-intensive industry 12%; 14% for other industry and 

commercial sector; 11% for freight transport, busses and trains; 17% for the residential sector, 

and 18% for passenger cars.  

The current and future sources (potentials and costs) of primary energy and their constraints 

for each country in the model are detailed in (Simoes et al., 2013b). In this paper we 

considered the reference fossil primary energy import prices into EU as in the Energy 2050 

Roadmap (European Commission, 2011) (Table 8.2.2). 

Table 8.2.2 Primary energy import prices into EU considered in JRC-EU-TIMES in USD2008/boe 

Fuel 2010 2020 2030 2040 2050 
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Oil 84.6 88.4 105.9 116.2 126.8 

Gas 53.5 62.1 76.6 86.8 98.4 

Coal 22.6 28.7 32.6 32.6 33.5 

Besides energy import, JRC-EU-TIMES also models extraction of primary energy resources 

(RES and fossil) and conversion into final energy carriers within the EU28+. These 

commodities' prices are endogenous and depend on the country specific resource extraction 

and conversion costs. The model considers crude oil, natural gas, hard coal, and lignite. More 

details are presented in (Simoes et al., 2013b). A similar approach is used for bioenergy which 

considers different types of energy carriers as from agricultural and forestry products and 

residues to several waste streams. 

8.2.2 Appendix B – Details on the estimation of PV data 

A high-resolution (1 m2) solar potential cadastre of Austria’s federal state of Vorarlberg allows 

the identification of the roof-area potentially available for the installation of PV in Vorarlberg. 

In order to estimate Austria’s total roof area available for PV installations, building stock data 

(with a 1km² resolution) of the Austrian statistical office (Statistik Austria, 2013)  has been 

used. This provides us with the number of employees, the effective useful building area and 

the total number of buildings per 1km². By geo-referencing and overlaying these two data sets, 

the region of Vorarlberg can be used to predict the distribution of available roof area of the 

entire Austrian territory. In a first step this is done by developing a simple regression model in 

order to find determinants influencing the spatial distribution of roof areas in Vorarlberg: 

𝑟𝑜𝑜𝑓𝑎𝑟𝑒𝑎 = 𝛽0 + 𝛽1𝑜𝑐𝑐𝑢𝑝 + 𝛽2𝑢𝑠𝑒𝑎𝑟𝑒𝑎 + 𝛽3𝑁𝑟𝑏𝑢𝑖𝑙𝑑 + 𝜀 ( 1 ) 

Where 

𝑟𝑜𝑜𝑓𝑎𝑟𝑒𝑎 = roof area available for PV production as provided by the solar cadastre aggregated 

to 1km2 cells 

𝑜𝑐𝑐𝑢𝑝 = number of employees per 1km2 

𝑢𝑠𝑒𝑎𝑟𝑒𝑎 = effective useful building area per 1km2 

𝑁𝑟𝑏𝑢𝑖𝑙𝑑  = total number of buildings per 1km2 

𝛽0. . 𝛽3 = Regression coefficients 

In a second step, this linear regression model is applied to predict the spatial distribution of 

roof area for all 1km2 grid cells in the Austrian territory.  
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8.2.3. Appendix C - Assumptions on techno-economic characteristics for 

electricity generation technologies considered in JRC-EU-TIMES 

(excludes CHP)  

To be found in original published article.  

8.2.4 Appendix D – Assumptions on wind technologies for the different 

considered spatial resolution levels 

To be found in original published article. 

8.2.5 Appendix E – Assumptions on PV technologies for the different 

considered spatial resolution levels 

To be found in original published article. 
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8.3 Appendix of chapter 7 

8.3.1 highRES  

8.3.1.1 Model overview 

The high spatial and temporal resolution electricity system model (highRES) minimises power 

system costs to meet hourly demand subject to a number of technical constraints. The core 

focus of highRES is a detailed representation of variable renewable energy technologies 

(VREs). We model VRE generation at a grid cell level of 0.5°x0.5° (about 50km x35 km). The 

VRE component of highRES can be run in two modes: either at the grid cell level (Figure 

8.3.1) or with the cells aggregated to the zones, which are based on those used in the National 

Grid’s Seven Year Statements (Nationalgrid, 2011) (NG SYS, see Figure 8.3.2, prior to 

execution. In both cases supply-demand balancing occurs at the zonal level via the 

transmission grid but in the former case the model is able to deploy VRE capacity in 

whichever cells within a zone are optimal. In the latter case, an hourly zonal average capacity 

factor for each technology is computed from all cells in that zone before running the model. 

Only cells with annual capacity factors above a certain threshold are included in this average. 

In this study we exclusively run the model in its aggregated VRE mode. HighRES finds the 

optimal location for generation capacities as well as the optimal capacities and locations of 

VRE integration options. These are transmission grid extension, flexible generation (modelled 

based on an open cycle gas turbine) and electricity storage.  

The model is implemented in the General Algebraic Modeling System (GAMS) (Bisschop and 

Meeraus, 1982) using the solver CPLEX. 
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Figure 8.3.1 Grid cells modelled in highRES 
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Figure 8.3.2 Zones modelled in highRES based on those used in the National Grid’s Seven Year Statements. Following 

refs(Miranda and Dunn, 2007; Pfenninger and Keirstead, 2015) we split Z1 into four zones (Z1_1, Z1_2, Z1_3 and 

Z1_4). 

8.3.1.2 Mathematical description 

Indices 

ℎ = ℎ𝑜𝑢𝑟𝑠 

𝑧 = 𝑧𝑜𝑛𝑒𝑠 

𝑔 = 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟  

𝑔𝑛 = 𝑛𝑜𝑛_𝑣𝑟𝑒 = 𝑛𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 
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𝑔𝑣 = 𝑣𝑟𝑒 = 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 

𝑎𝑙𝑖𝑎𝑠: 𝑧 =  𝑧1 = 𝑧2 

𝑡 = 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑙𝑖𝑛𝑘𝑠 

𝑠 = 𝑠𝑡𝑜𝑟𝑎𝑔𝑒 

Variables 

𝑣𝑎𝑟𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝

 VRE capacity per technology (MW) 

𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑣𝑟𝑒_𝑔𝑒𝑛

 VRE generation by zone, hour and technology (MWh) 

𝑣𝑎𝑟𝑔𝑣
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝

 non VRE capacity by technology (MW)  

𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

 non VRE capacity by technology and zone (MW)  

𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 non VRE generation by zone, hour and technology (MWh) 

𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑐𝑢𝑟𝑡𝑎𝑖𝑙  Power curtailed by zone, hour and VRE technology (MWh) 

𝑣𝑎𝑟
𝑧1,ℎ,𝑧2
𝑡_𝑓𝑙𝑜𝑤

 Flow of electricity from zone to zone by hour (MWh) 

𝑣
𝑧1,𝑧2
𝑡_𝑐𝑎𝑝

 Capacity of zone to zone transmission links (MW) 

𝑣𝑎𝑟𝑧,ℎ
𝑝_𝑔𝑒𝑛

 Penalty generation in hour h (MWh) 

𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑙𝑒𝑣𝑒𝑙  Amount of electricity currently stored by hour, technology and zone (MWh) 

𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑠𝑡𝑜𝑟𝑒 Electricity into storage by hour, technology and zone (MWh) 

𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑔𝑒𝑛

 Electricity generated from storage by hour, technology and zone (MWh) 

𝑣𝑎𝑟𝑧,𝑠
𝑠_𝑐𝑎𝑝_𝑧

 Capacity of storage generator by zone (MW) 

𝑣𝑎𝑟𝑠
𝑠_𝑐𝑎𝑝

 Capacity of storage generator deployed nationally (MW) 

Parameters 

𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑔𝑣,𝑧 capacity by technology and zone (MW) 

𝑑𝑧,ℎ demand per zone and hour (MWh) 

𝑣𝑟𝑒_𝑔𝑒𝑛𝑔𝑣,𝑧,ℎ variable renewable generation by zone, hour and technology (cap factor) 

max_𝑟𝑎𝑚𝑝𝑔𝑛  maximum ramp rate per non VRE technology (% install capacity per hour) 

𝑡_𝑑𝑖𝑠𝑡𝑧1,𝑧2 transmission line distance between zones (km) 

𝑔_𝑐𝑎𝑝𝑒𝑥𝑔 annuitized capital costs per generator (£k/MW) 
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𝑔_𝑣𝑎𝑟𝑜𝑚𝑔 variable operation and maintenance costs per generator, including fuel costs where 

appropriate (£k/MWh) 

𝑡_𝑐𝑎𝑝𝑒𝑥 annuitized capital cost of high voltage transmission (£k/MVA/km) 

𝑠_𝑔𝑒𝑛_𝑐𝑎𝑝𝑒𝑥𝑠 annuitized capital costs for the storage generator (£k/MW) 

𝑠_𝑐𝑎𝑝_𝑐𝑎𝑝𝑒𝑥𝑠 annuitized capital cost for the storage system (£k/MWh) 

𝑙𝑜𝑠𝑠𝑠 storage losses (endured going in either direction) 

𝑙𝑜𝑠𝑠_ℎ𝑠 storage losses over time (% of currently stored electricity lost per hour) 

𝑠_𝑔𝑒𝑛_𝑡𝑜_𝑐𝑎𝑝𝑠 sizing of storage generator in relation to the storage system 

 𝑎𝑓𝑔𝑛  non VRE technology availability factors 

 𝑎𝑓 𝑠 storage technology availability factors 

mingen
𝑔𝑛  minimum generation (MW) 

Objective function 

The objective function is to minimize the sum of total variable costs (variable costs * generated 

electricity) and total annuitized capital costs (capital costs * installed capacity). Variable costs 

are composed of non VRE costs 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

∗ 𝑔𝑣𝑎𝑟𝑜𝑚𝑔𝑛 , VRE costs 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣,𝑟
𝑣𝑟𝑒_𝑔𝑒𝑛

∗

𝑔_𝑣𝑎𝑟𝑜𝑚𝑔𝑣  and storage costs 𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑔𝑒𝑛

∗  𝑠𝑣𝑎𝑟𝑜𝑚𝑠
. Capital costs are composed of non VRE 

𝑣𝑎𝑟𝑔𝑣
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝

∗  𝑔_𝑐𝑎𝑝𝑒𝑥𝑔𝑛 , VRE 𝑣𝑎𝑟𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝

∗  𝑔_𝑐𝑎𝑝𝑒𝑥𝑔𝑣 , transmission 𝑣𝑎𝑟
𝑧1,𝑧2
𝑡_𝑐𝑎𝑝

∗ 𝑡𝑐𝑎𝑝𝑒𝑥  

and storage capital costs 𝑣𝑎𝑟𝑠
𝑠_𝑐𝑎𝑝

∗ 𝑠_𝑔𝑒𝑛_𝑐𝑎𝑝𝑒𝑥𝑠 + 𝑣𝑎𝑟𝑠
𝑠_𝑐𝑎𝑝

∗ 𝑠_𝑔𝑒𝑛_𝑡𝑜_𝑐𝑎𝑝𝑠 ∗

𝑠_𝑐𝑎𝑝_𝑐𝑎𝑝𝑒𝑥𝑠 plus costs for penalty generation 𝑣𝑧,ℎ
𝑝_𝑔𝑒𝑛

∗  𝑝𝑒𝑛𝑎𝑙𝑡𝑦. The penalty generation 

ensures that the model solves even if the balancing equation is not met.  

𝑀𝑖𝑛 ∑ (𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

∗ 𝑔_𝑣𝑎𝑟𝑜𝑚𝑔𝑛)

𝑧,𝑔𝑛 ,ℎ

+ ∑ (𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑣𝑟𝑒_𝑔𝑒𝑛

∗ 

𝑧,𝑔𝑣,ℎ

𝑔_𝑣𝑎𝑟𝑜𝑚𝑔𝑣) + ∑(𝑣𝑧,ℎ,𝑠
𝑠_𝑔𝑒𝑛

𝑧,𝑠,ℎ

∗  𝑠_𝑣𝑎𝑟𝑜𝑚𝑠) + ∑(𝑣𝑎𝑟𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝

𝑔𝑛 

∗  𝑔_𝑐𝑎𝑝𝑒𝑥𝑔𝑛) + ∑(𝑣𝑎𝑟𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝

𝑔𝑣

∗  𝑔_𝑐𝑎𝑝𝑒𝑥𝑔𝑣)  + ∑ (𝑣𝑎𝑟
𝑧1,𝑧2
𝑡_𝑐𝑎𝑝

𝑧1,𝑧2

∗  𝑡_𝑑𝑖𝑠𝑡𝑧1,𝑧2  ∗ 𝑡_𝑐𝑎𝑝𝑒𝑥) + ∑(𝑣𝑠
𝑠_𝑐𝑎𝑝

𝑠

∗ 𝑠_𝑔𝑒𝑛_𝑐𝑎𝑝𝑒𝑥𝑠 + 𝑣𝑠
𝑠_𝑐𝑎𝑝

∗ 𝑠_𝑔𝑒𝑛_𝑡𝑜_𝑐𝑎𝑝𝑠 ∗ 𝑠_𝑐𝑎𝑝_𝑐𝑎𝑝𝑒𝑥𝑠)

+ ∑(𝑣𝑧,ℎ
𝑝_𝑔𝑒𝑛

𝑧,ℎ

∗  𝑝𝑒𝑛𝑎𝑙𝑡𝑦) 

Balancing equation 

The balancing equations ensures that demand is equal to supply in each hour and zone. 

Demand 𝑑𝑧,ℎ must equal the generation from non VRE 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 plus the generation from 
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VRE 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑣𝑟𝑒_𝑔𝑒𝑛

 minus curtailment from VRE 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑐𝑢𝑟𝑡𝑎𝑖𝑙 , minus electricity exported to 

another zone 𝑣𝑎𝑟
𝑧1,ℎ,𝑧2
𝑡_𝑓𝑙𝑜𝑤

, plus electricity imported into the zone reduced by losses which are 

dependent on the distances 𝑣𝑎𝑟
𝑧1,ℎ,𝑧2
𝑡_𝑓𝑙𝑜𝑤

∗ (1 − (𝑡_𝑑𝑖𝑠𝑡𝑧1,𝑧2 ∗ 𝑡𝑙𝑜𝑠𝑠)) minus electricity which is 

stored 𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑠𝑡𝑜𝑟𝑒  plus electricity which is generated from storage 𝑣𝑎𝑟𝑧,ℎ,𝑠

𝑠_𝑔𝑒𝑛
 plus the penalty 

generation 𝑝_𝑔𝑒𝑛𝑧,ℎ.  

𝑑𝑧,ℎ = ∑(𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

𝑔𝑛

) + ∑(𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑣𝑟𝑒_𝑔𝑒𝑛

)

𝑔𝑣

− ∑(𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑐𝑢𝑟𝑡𝑎𝑖𝑙

𝑔𝑣

) − ∑(𝑣𝑎𝑟
𝑧2,ℎ,𝑧1
𝑡_𝑓𝑙𝑜𝑤

𝑧2

)

+ ∑(𝑣𝑎𝑟
𝑧1,ℎ,𝑧2
𝑡_𝑓𝑙𝑜𝑤

∗ (1 − (

𝑧2

𝑡_𝑑𝑖𝑠𝑡𝑧1,𝑧2 ∗ 𝑡_𝑙𝑜𝑠𝑠)))

− ∑(𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑠𝑡𝑜𝑟𝑒) +

𝑠

∑(𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑔𝑒𝑛

)

𝑠

+ 𝑝_𝑔𝑒𝑛𝑧,ℎ 

VRE equations  

The generation curtailed 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑐𝑢𝑟𝑡𝑎𝑖𝑙 per zone and hour has to be less than or equal to the 

generation from VRE 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑣𝑟𝑒_𝑔𝑒𝑛

.  

𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑐𝑢𝑟𝑡𝑎𝑖𝑙 ≤ 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣

𝑣𝑟𝑒_𝑔𝑒𝑛
 

The electricity generated from VRE needs to equal the installed capacity 𝑣𝑎𝑟𝑧,𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

 times 

the capacity factor 𝑣𝑟𝑒_𝑔𝑒𝑛𝑔𝑣,𝑧,ℎ. 

𝑣𝑎𝑟𝑧,ℎ,𝑔𝑣
𝑣𝑟𝑒_𝑔𝑒𝑛

= 𝑣𝑎𝑟𝑧,𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

∗ 𝑣𝑟𝑒_𝑔𝑒𝑛𝑔𝑣,𝑧,ℎ 

The VRE capacity across all zones 𝑣𝑎𝑟𝑧,𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

 must sum to be equal to the total installed 

VRE capacity 𝑣𝑎𝑟𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝

. 

∑ 𝑣𝑎𝑟𝑧,𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

= 𝑣𝑎𝑟𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝

𝑧

 

The VRE capacity in each zone 𝑣𝑎𝑟𝑧,𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

must be less than or equal to the maximum 

feasible capacity 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑔𝑣,𝑧. 

𝑣𝑎𝑟𝑧,𝑔𝑣
𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

 ≤  𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑔𝑣,𝑧 

Non VRE equations 

Non VRE capacities across the zones 𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

must be equal to the total national non 

VRE capacity 𝑣𝑎𝑟𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝

.  



Appendices of the chapters 

167 

𝑣𝑎𝑟𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝

= ∑𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

𝑧

 

The capacity of non VRE 𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

 multiplied by the availability factor 𝑎𝑓𝑔𝑛 has to be 

greater or equal to the generation from VRE 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

. 

𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

∗ 𝑎𝑓𝑔𝑛 ≥ 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 

The generation from non VRE 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 has to be greater or equal to the 

capacity 𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

 multiplied by the minimum generation of the technology mingen𝑔𝑛 .  

𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

≥  𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

∗ 𝑚𝑖𝑛𝑔𝑒𝑛𝑔𝑛  

The ramp up equation ensures that a power plant does not ramp up more than it is technically 

feasible: Generation from non VRE 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 in an hour has to be less or equal to the 

generation in the previous hour 𝑣𝑎𝑟𝑧,ℎ−1,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 plus the maximum ramp rate max𝑟𝑎𝑚𝑝𝑔𝑛 

multiplied by the capacity 𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

.  

𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

≤  𝑣𝑎𝑟𝑧,ℎ−1,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

+ max𝑟𝑎𝑚𝑝𝑔𝑛 ∗  𝑣𝑎𝑟𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

 

The ramp down equation ensures that a power plant does not ramp down more than is 

technically feasible. The generation from non VRE in an hour 𝑣𝑎𝑟𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 has to be greater or 

equal to the generation in the previous hour 𝑣𝑎𝑟𝑧,ℎ−1,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

 minus the maximum ramp rate 

max𝑟𝑎𝑚𝑝𝑔𝑛  multiplied by the capacity 𝑣𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧

.  

𝑣𝑧,ℎ,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

≥ 𝑣𝑧,ℎ−1,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑔𝑒𝑛

− 𝑚𝑎𝑥𝑟𝑎𝑚𝑝𝑔𝑛 ∗  𝑣𝑧,𝑔𝑛
𝑛𝑣𝑟𝑒_𝑐𝑎𝑝_𝑧 

Transmission system equations 

The transmitted electricity 𝑣𝑎𝑟
𝑧1,ℎ,𝑧2
𝑡_𝑓𝑙𝑜𝑤

 between zones must be smaller or equal to the 

transmission capacity 𝑣𝑎𝑟
𝑧1,𝑧2
𝑡_𝑐𝑎𝑝

 between those zone.  

𝑣𝑎𝑟
𝑧1,ℎ,𝑧2
𝑡_𝑓𝑙𝑜𝑤

≤ 𝑣𝑎𝑟
𝑧1,𝑧2
𝑡_𝑐𝑎𝑝 

The bidirectionality equation is needed when investments into reinforcing existing lines can be 

made. 

𝑣𝑎𝑟
𝑧1,𝑧2
𝑡_𝑐𝑎𝑝

= 𝑣𝑎𝑟
𝑧2,𝑧1
𝑡_𝑐𝑎𝑝

 

Storage equations 
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The storage level (amount of electricity stored) in a given hour 𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑙𝑒𝑣𝑒𝑙  has to be equal to 

the storage level in the previous hour reduced by self-discharge 𝑣𝑎𝑟𝑧,ℎ−1,𝑠
𝑠_𝑙𝑒𝑣𝑒𝑙  * (1 − 𝑙𝑜𝑠𝑠ℎ𝑠

) plus 

electricity stored reduced by storage losses 𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑠𝑡𝑜𝑟𝑒 ∗ (1 − 𝑙𝑜𝑠𝑠𝑠) minus electricity 

generated from the storage reduced by storage losses 
𝑣𝑎𝑟𝑧,ℎ,𝑠

𝑠_𝑔𝑒𝑛

(1−𝑙𝑜𝑠𝑠𝑠)
.  

𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑙𝑒𝑣𝑒𝑙 = 𝑣𝑎𝑟𝑧,ℎ−1,𝑠

𝑠_𝑙𝑒𝑣𝑒𝑙 ∗ (1 − 𝑙𝑜𝑠𝑠ℎ𝑠
) + 𝑣𝑎𝑟𝑧,ℎ,𝑠

𝑠_𝑠𝑡𝑜𝑟𝑒 ∗ (1 − 𝑙𝑜𝑠𝑠𝑠) −
𝑣𝑎𝑟𝑧,ℎ,𝑠

𝑠_𝑔𝑒𝑛

(1 − 𝑙𝑜𝑠𝑠𝑠)
 

The storage level 𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑙𝑒𝑣𝑒𝑙 has to be smaller or equal to the capacity of the generator 

𝑣𝑎𝑟𝑧,𝑠
𝑠_𝑐𝑎𝑝_𝑧

 multiplied with 𝑠_𝑔𝑒𝑛_𝑡𝑜_𝑐𝑎𝑝𝑠 which defines the ratio between the capacity of the 

storage generator and that of the storage system.  

𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑙𝑒𝑣𝑒𝑙 ≤ 𝑣𝑎𝑟𝑧,𝑠

𝑠_𝑐𝑎𝑝_𝑧
∗  𝑠_𝑔𝑒𝑛_𝑡𝑜_𝑐𝑎𝑝𝑠  

The electricity generated from storage 𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑔𝑒𝑛

 has to be smaller or equal to the storage 

generator capacity 𝑣𝑎𝑟𝑧,𝑠
𝑠_𝑐𝑎𝑝_𝑧

 multiplied by the storage availability factor  𝑎𝑓 𝑠.  

𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑔𝑒𝑛

≤ 𝑣𝑎𝑟𝑧,𝑠
𝑠_𝑐𝑎𝑝_𝑧

∗  𝑎𝑓 𝑠 

The electricity which is going into storage 𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑠𝑡𝑜𝑟𝑒 has to be equal or less to the capacity of 

the storage generator multiplied by the storage availability factor.  

𝑣𝑎𝑟𝑧,ℎ,𝑠
𝑠_𝑠𝑡𝑜𝑟𝑒 ≤ 𝑣𝑎𝑟𝑧,𝑠

𝑠_𝑐𝑎𝑝_𝑧
∗  𝑎𝑓 𝑠 

8.3.1.3 Variable renewable energy generation 

8.3.1.3.1 Constraints on resource potential 

Photovoltaic energy 

For PV we differ between rooftop and ground mounted installations.  

Rooftop PV 

We use the CORINE land cover map (European Environment Agency, 2012) and assume that 

rooftop PV can be deployed in the following areas: "continuous urban fabric", "discontinuous 

urban fabric" and "industrial and commercial units". These three categories give us the total 

building area. We derive the usable PV rooftop area using the same assumptions as in a study 

for London (Greater London Authority, 2011): Proportions of buildings facing approximately 

South, East, West and North are equally distributed.. 20% of domestic and 80% of non- 

domestic roofs are flat. For pitched roofs we assume a ratio of footprint area to roof area of 

1.2 and for flat roofs of 1 (Greater London Authority, 2011). We assume that PV is only 

installed in South facing roofs.  
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Ground mounted PV 

The UK Department for Communities & Local Government (Department for Communities & 

Local Government, 2014) states that for greenfield developments preference should be given 

to poorer quality agricultural land. Using GIS datasets on agricultural land classification for 

England (Ministry of Agriculture, Fisheries and Food, 1988), Scotland (Soil Survey of Scotland 

Staff, 1981) and Wales (Welsh Government, 1977) we exclude grade 1-3 for England and 

Wales and grades 1-5 for Scotland as they are of good agricultural quality. We use the OS 

Terrain 50 DTM (Ordnance Survey, Great Britain, n.d.) dataset to calculate the slope and for 

technical exclude all areas steeper than 15 degrees (Perpiña Castillo et al., 2016). We use the 

World Database on Protected Areas (IUCN and UNEP-WCMC, 2016) to exclude all protected 

areas. Figure 8.3.3 shows all areas exclude from ground mounted PV development.  
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Figure 8.3.3 Areas (in grey) excluded from ground- mounted PV development, from left to right: slope greater than 

15degrees, good agricultural land, environmentally protected areas 

Wind energy 

For wind energy we differ between onshore and offshore wind power.  

Onshore wind 
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For Great Britain, there is no minimum distance to settlements or other rules set by the 

government defining where wind energy can be deployed. Wind farms under 50MW are 

decided on by the relevant local planning authority (Smith, 2015). Some authorities have 

implemented minimum distances between residential housing and wind turbines (e.g. 800 

metres by Allerdale Borough Council Local Plan) (Smith, 2015). Other scientific studies use 

distances between 500 – 1500 metres (Gass et al., 2013a; Latinopoulos and Kechagia, 2015; 

Samsatli et al., 2016; Siyal et al., 2015). We apply a buffer of 800 metres around all buildings 

(residential, commercial and industrial). Similar to other studies we exclude areas which are 

steeper than 15% (Gass et al., 2013a; Samsatli et al., 2016; Siyal et al., 2015) using the OS 

Terrain 50 DTM dataset (Ordnance Survey, Great Britain, n.d.) and nature protected areas 

(Gass et al., 2013a; Latinopoulos and Kechagia, 2015; Samsatli et al., 2016; Siyal et al., 2015) 

using the World Database on Protected Areas (IUCN and UNEP-WCMC, 2016). We apply a 

buffer of 150 metres around highways according to the Highways Agency (Department for 

Transport, 2013) and 150 metres around the railway network using the Meridian 2 dataset 

(Ordnance Survey, Great Britain, 2016a). Other studies use a distance between 150- 200 metres 

(Gass et al., 2013a; Latinopoulos and Kechagia, 2015; Siyal et al., 2015). We implement a buffer 

of 5 kilometres around airports (DECC, 2010) using the Strategi Dataset (Ordnance Survey, 

Great Britain, 2016b). Other studies use 2500-5000 metres (Latinopoulos and Kechagia, 2015; 

Samsatli et al., 2016; Siyal et al., 2015). Figure 8.3.4 shows all areas excluded from onshore 

wind development.  
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Figure 8.3.4 Areas (in grey) excluded from onshore wind development, from left to right: slope greater than 15degrees, 

environmentally protected areas, buildings infrastructure (train, airports, highways) 

Offshore wind 

We attribute each of the offshore grid cells to the closest onshore zone using the centre of 

each grid cell.  
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Figure 8.3.5 Allocation of offshore grid cells to closest zones 

The crown estate has rights for leasing renewable energy projects within UK waters. We use 

their GIS data (Crown Estate, 2016) to determine the location of constructed and planned 

wind turbines (Crown Estate, 2016) in each of the grid cells. Using gridded bathymetric data 

with a spatial resolution of 30 arc-seconds (British Oceanographic Data Centre, 2014) we 

determine the maximum depth of all wind projects in each of the grid cells. The project with 

the highest water depths are the Hywind demonstration project (project status: currently 

awaiting consent) with a maximum depth of 118 metres, Firth of Forth (status: area of search) 



Chapter 8 

174 

at 85 metres and Hornsea at 70 metres depth. The final investment decision on Hornsea was 

recently taken by Dong Energy so we conclude that a depth of 70 metres is technically feasible. 

We thus include all areas within the boundary of the UK continental shelf and with a 

maximum depth of 70 metres as well as the areas covered by Hywind and Firth of Forth. 

Figure 8.3.6 shows all areas excluded from offshore wind deployment.  

 

Figure 8.3.6 Areas (in grey) excluded from offshore wind development: areas deeper than 70 metres with the exception of the 

Hywind and Firth of Forth projects 

8.3.1.3.2 Time series 

To capture the spatial and temporal variability of VRE production and simultaneously model 

its interaction with storage, the transmission system and conventional generation at large scales 

(i.e. at the national or continental level), time series data with sufficiently high spatial and 

temporal detail and coverage are needed. “Sufficient” means trading off a number of important 

factors. On the one hand the data should have as high a resolution as possible to approximate 

the minute by minute and kilometre by kilometre spatiotemporal variability of weather, and 
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hence VRE production, and the resultant impacts on the short term operational dynamics of 

the power system. On the other hand such time series should cover the entire geographical 

area of the region being modelled, in a uniform and homogenous manner, over a period of 

time that is long enough to capture the inter-annual variability of weather and assess system 

stability. Furthermore, both of these features are constrained by what data there is currently 

available and computational restrictions. For this purpose, existing renewable power 

production time series are of limited use because they are often too short, unavailable for 

locations without current installations and technology specific. Similarly, weather station data 

often have non-uniform spatial coverage combined with data quality issues. Here, like a 

number of recent studies (Becker et al., 2014; Pfenninger and Keirstead, 2015; Schmidt et al., 

2016), we opt to use state of the art global climate reanalysis and satellite based data, both of 

which provide a suitable balance between temporal and spatial resolution while simultaneously 

maintaining broad, homogenous temporal and spatial coverage. Using these time series we are 

then able to simulate multiple years of output from various renewable technologies on a 

regular grid and as such better capture the temporal and spatial variability of VRE generation 

over many years and its interaction with the rest of the power system. 

Photovoltaic energy 

Input weather observations for our solar PV time series are taken from the Satellite 

Application Facility on Climate Monitoring’s (CMSAF) Surface Solar Radiation Data Set – 

Heliosat (SARAH) (Müller et al., 2015). This dataset is based on observations taken by the 

Meteosat First and Second Generation satellites between 1983-2013. CMSAF process this data 

and provide hourly, 0.05°x0.05° gridded surface incoming solar (SIS) radiation, which is the 

irradiance reaching a horizontal plane at the Earth’s surface and thus is taken here to be global 

horizontal irradiance (GHI), and direct normal irradiance (DNI), which is the irradiance at the 

surface on a plane normal to the direction of the sun. They also validate these time series 

against ground based measurements (see SARAH validation report (Müller et al., 2015)).  

We extracted data for 2001-2010 from the CMSAF database and re-gridded it to match the 

resolution of our wind data. Occasional hourly and daily gaps (which we define as days with 

greater than 5 missing hours) in the time series were filled using simple linear interpolation in 

the former case and randomly selecting substitute days from the same month and year in the 

latter case. Such gaps are limited to the years 2006-2010. Of those years, all have > 95.2% of 

hours (the missing hours include those when the sun is down) and > 95% of days (again, 

including days which contain 6 or more missing hours some of which may be at night) before 

data gaps are filled. 

Next we use the Python module PV_LIB (Stein et al., 2016) to compute on module irradiance 

at each grid point assuming a south facing array at 45° tilt. To obtain PV panel output from the 

irradiance data we use the model of Huld et al., (2010) and assume a Crystalline Silicon module 

with 15% efficiency. Their model takes into account the impact of module temperature on 

panel performance. We use hourly 2m air temperature from CFSR as input to the model which 

in turn converts these to an estimate of module temperature. The PV generation data is 

presented to highRES as hourly capacity factors. 
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Wind energy 

NCEP CFSR (National Centre for Climate Prediction Climate Forecast System Reanalysis) 

(Saha et al., 2010) provides a global time series for a range of climate variables, on a gridded 

basis, at a number of different altitudes. Like all of the latest generation of climate reanalyses, 

this utilises a core of conventional data, including wind speed, temperature, moisture and air 

pressure, as well as other data including precipitation. Data sources change, due to new 

technologies being introduced; current platforms include, but are not limited to, radiosonde, 

satellite, buoys, aircraft and ship reports(Dee et al., 2014). Data are run through a Global 

Circulation Model (GCM) in hindsight. The convention is to produce an analysis of the GCM 

every 6 hours; NCEP CFSR provide forecasts from these 6-hourly analyses at an hourly 

resolution. This study uses NCEP – CFSR v1, which provides data from 1979 – 2010 at a 

resolution of 0.5o x 0.5o (data are provided as grid point values in the centre of each grid 

square).  

Wind speed at hub height was converted to power using manufacturer wind turbine curves, 

assuming that the capacity within each grid square experiences the conditions represented by 

the grid point value. Onshore the Nordex N80 2.5MW turbine is assumed to be representative 

of capacity 80 m, offshore the Siemens SWT 107 3.6MW. CFSR wind speed data are provided 

at 10 m above the surface, whereas turbine curves represent the relationship at hub height 

(onshore assumed to be 80 m, offshore 100 m). The wind profile law was used to interpolate 

wind speed, which follows a power law and is sometimes referred to as the Hellman equation. 

This law encapsulates the atmospheric and surface factors which affect wind into a single 

exponent. Here value of 1/7 (~ 0.142) is used onshore, to represent neutral stability 

conditions, which results in reasonable conversion over large areas (Peterson and Hennessey, 

1978) and 1/9 (0.1’) offshore (Hsu et al., 1994) These values can lead to conservative estimates 

of wind speed (Gipe and Gipe, 2003), particularly at higher altitudes (Kubik et al., 2013; 

Schallenberg-Rodriguez, 2013). Other methods exist which may improve the accuracy of the 

method, particularly where other atmospheric data are available, however in this case the 

method was deemed to be suitable given the uncertainty surrounding how wind speed changes 

across each grid square. The wind generation data is presented to highRES as hourly capacity 

factors. 

8.3.1.4 Demand 

In highRES we model the Great Britain electricity system. UKTM models the whole energy 

system of the UK. North-Ireland's share of electricity demand amounted to 2.6% of total UK 

demand in 2011 (UK government, 2012). We deduct 2.6% from the UKTM annual electricity 

demand for 2050 (516,882 GWh). This gives us a total GB electricity demand for 2050 of 

503,443 GWh. We distribute this demand across the 20 GB NG SYS zones according to 

Miranda and Dunn, (2007) but adjust this for zones Z1_1 and zone Z1_2 based on more up to 

date data. The demand shares per zones which we use can be seen in Table 8.3.1.  
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Table 8.3.1 Demand shares per zone 

Zone Demand share 

Z1_1 0.1 

Z1_2 0.06 

Z1_3 0.1 

Z1_4 0.7 

Z2 0.84 

Z3 0.91 

Z4 0.11 

Z5 2.09 

Z6 5.66 

Z7 4.79 

Z8 9.2 

Z9 12.25 

Z10 0.69 

Z11 11.79 

Z12 9.12 

Z13 8.95 

Z14 16.22 

Z15 4.64 

Z16 7.08 

Z17 4.7 

Historical, measured half-hourly demand data from the National Grid are available from 2005-

2016. We scale the hourly demand load profile from the National Grid (Nationalgrid, 2016a) 

for 2010 and 2008 using 503443 GWh as total annual demand. We use 2008 demand when 

running the weather years 2004 and 2008 as they are leap years. This gives us an estimate of 

hourly electricity demand for 2050.  
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8.3.1.5 Transmission grid  

 

Figure 8.3.7 Aggregated transmission line capacities between zones in MW (summer rating) 

As discussed previously, we use the zones based on the National Grid Seven Year Statement 

(Nationalgrid, 2011) with a minor adjustment, Z1 is split into 4 sub zones (Z1_1 to Z1_4) as 

used by Pfenninger and Keirstead, (2015). We aggregate the high voltage transmission system 

into a more simplified version connecting NG SYS zones. To do so we use the line capacities 
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from the system technical data which is an appendix to the 10 year grid statement 

(Nationalgrid, 2016b). The system technical data specifies line capacities for each season. 

Summer has the lowest line capacity (20% lower compared to the winter rating). We aggregate 

all lines crossing a zonal boarder using line capacities for 2015 and assume lines connect to the 

centroid of each zone. In the UK the security standard requires the electricity transmission 

network to withstand a loss of two circuits (n-2 rule) without causing overloads of any other 

circuit and such outages must not threaten the integrity of system operation (Moreno Vieyra, 

2012). In the SWISSMOD (Schlecht and Weight, n.d.) and ELMOD (Leuthold, 2010) model a 

security margin of 25% and 30% line capacity unused in each line is assumed, i.e. calibrating 

lines to 75% and 80% of line capacity respectively. This is not an exact parametrisation of the 

security standard but serves to better represent real system operation in the model (Schlecht 

and Weight, n.d.). Figure 8.3.7 shows the aggregated line capacity for the summer rating 

reduced by 75% to represent the security standard. Both of the links Z1_1 and Z1_2 to Z1_4 

are set according to Pfenninger and Keirstead, (2015) but we applied the n-2 security 

constraint. Belivanis and Bell, (2011) uses the winter rating in their representative GB network 

model which is less restrictive. Other studies (Frew et al., 2016; Gass et al., 2013a; MacDonald 

et al., 2016; Pfenninger and Keirstead, 2015) do not represent grid security standards.  

Further, we assume 1% transmission losses per 100km (MacDonald et al., 2016). Table 8.3.2 

shows capacities (75% of summer rating) and distances between the centroid of each zone as 

used in the model (Pfenninger and Keirstead, 2015) 

Table 8.3.2 Transmission capacities and distances between zones 

Zone Zone  Capacity (MW) Distance(km) 

Z1_1 Z1_4 37.5 300 

Z1_2 Z1_4 37.5 160 

Z1_3 Z1_4 420.75 110 

Z1_4 Z2 1119.75 100 

Z2 Z3 1665 100 

Z3 Z5 2826.75 75 

Z3 Z4 118.5 100 

Z5 Z6 5084.25 60 

Z6 Z7 7367.25 100 

Z7 Z8 5306.25 100 

Z7 Z9 3713.25 100 

Z8 Z10 4674 50 

Z8 Z9 3339 150 
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Z9 Z11 5755.5 100 

Z10 Z11 8611.5 100 

Z10 Z12 3820.5 125 

Z11 Z13 2359.5 125 

Z11 Z12 4815 150 

Z12 Z13 3330 300 

Z12 Z15 3330 150 

Z12 Z14 6917.25 50 

Z13 Z17 2407.5 200 

Z13 Z16 4695 200 

Z14 Z16 2634.75 50 

Z14 Z15 7054.5 50 

Z15 Z16 5892.75 100 

Z16 Z17 3330 300 

8.3.1.6 Technology parameters 

We use the following formula to calculate annuities of the investment costs:  

𝐴𝑛𝑛𝑢𝑖𝑡𝑦 =
𝐶𝑎𝑝 ∗ (1 + 𝑖)(𝑦∗𝑖)

(1 + 𝑖)(𝑦−1)
+ 𝐹𝑖𝑥 

where  

Cap = Capital costs 

Fix = fixed operation and maintenance costs 

y = lifetime 

i = interest rate of 4% 

Table 8.3.3 shows costs and lifetimes of the generation technologies.  
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Table 8.3.3 Costs and lifetime of the generation technologies 

Gener

ator 

 

 

Capit

al 

costs 

(2010

£/kW

) 

Capital 

costs 

Source 

Fixed 

O&M 

costs 

2010£/

kW/yr 

Fixed 

O&M 

costs 

Source 

Varia

ble 

Costs 

(2010

£/k

Wh) 

Variable 

Costs 

Source 

fuel 

Costs 

(£/k

Wh) 

fuel 

Costs 

Source 

Nuclea

r 

3972.9

79 

UKTM 

input 

data 80.22 

UKTM 

input 

data 0.004 

UKTM 

input 

data 0.006 

UKTM 

output  

Nat

ural 

Gas 

OC

GT 

286.42

4 

UKTM 

input 

data 13.726 

UKTM 

input 

data 0 

UKTM 

input 

data 1.11 

UKTM 

output  

Bioma

ss 

2275.4

05 

UKTM 

input 

data 109.448 

UKTM 

input 

data 0.004 

UKTM 

input 

data 0.268 

UKTM 

output  

Hydro 

3400.8

95 

UKTM 

input 

data 41.661 

UKTM 

input 

data 0.005 

UKTM 

input 

data 0 

UKTM 

output  

Geoth

ermal 

3872.6

98 

UKTM 

input 

data 104.728 

UKTM 

input 

data 0.01 

UKTM 

input 

data 0 

UKTM 

output  

Solar 

1189.7

51 

UKTM 

input 

data 23.432 

UKTM 

input 

data 0 

UKTM 

input 

data 0 

UKTM 

output  

Wind 

onsho

re 

1398.0

7 

UKTM 

input 

data 42.769 

UKTM 

input 

data 0.005 

UKTM 

input 

data 0 

UKTM 

output  

Wind 

offsho

re 

2281.8

58 

UKTM 

input 

data 131.534 

UKTM 

input 

data 0.002 

UKTM 

input 

data 0 

UKTM 

output  

Interc

onnect

or 

Cont. 

Europ

e  0 

UKTM 

input 

data 0 

UKTM 

input 

data 0 

UKTM 

input 

data 0.64 

UKTM 

output  



Chapter 8 

182 

Interc

onnect

or 

Irelan

d 0 

UKTM 

input 

data 0 

UKTM 

input 

data 0 

UKTM 

input 

data 0.571 

UKTM 

output  

Table 8.3.4 gives the technology characteristics for the generation technologies.  

Table 8.3.4 Generation technology characteristics 

Generat

or 

Ramp 

rates 

(per 

hour) 

Ramp 

rates 

Sourc

e 

Minimu

m 

generati

on 

Minimu

m 

generati

on 

Sources 

Emiss

ion 

factor 

(t/CO

2/MW

h) 

Emission 

factor 

source 

Avail

abilit

y 

factor 

Availa

bility 

factor 

source 

Nuclear 0.5 

IEA-

RETD 

and 

Mott 

MacD

onald, 

(2015) 0.8 

IEA-

RETD 

and 

Mott 

MacDon

ald, 

(2015) 0 

UKTM 

input data 0.911 

UKTM 

input 

data 

Natural 

Gas 

OCGT 1 

IEA-

RETD 

and 

Mott 

MacD

onald, 

(2015) 0 

IEA-

RETD 

and 

Mott 

MacDon

ald, 

(2015) 0.528 

UKTM 

input data 0.947 

UKTM 

input 

data 

Biomass 0.5 

IEA-

RETD 

and 

Mott 

MacD

onald, 

(2015) 0 

IEA-

RETD 

and 

Mott 

MacDon

ald, 

(2015) 0 

UKTM 

input data 0.9 

UKTM 

input 

data 

Hydro 1 

IEA-

RETD 

and 

Mott 

MacD

onald, 

(2015) 0 

IEA-

RETD 

and 

Mott 

MacDon

ald, 

(2015) 0 

UKTM 

input data 0.982 

UKTM 

input 

data 
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Geother

mal 1 

IEA-

RETD 

and 

Mott 

MacD

onald, 

(2015) 0   0 

UKTM 

input data 0.912 

UKTM 

input 

data 

Solar -   0   0 

UKTM 

input data     

Wind 

onshore -   0   0 

UKTM 

input data     

Wind 

offshore -   0   0 

UKTM 

input data     

Intercon

nector 

Contine

ntal 

Europe  1   0   0 

UKTM 

input data 1 

UKTM 

input 

data 

Intercon

nector 

Ireland 1   0   0 

UKTM 

input data 1 

UKTM 

input 

data 

Table 8.3.5 lists the data used to describe transmission grid in the model.  

Table 8.3.5 Transmission characteristics 

Transmission characteristics Value Source 

Capital cost (£/MVA/km) (Overground 

75 km 400kV AC) 247 

Parsons Brinckerhoff and 

Associates, (2012) 

Lifetime (years) 40 

 Parsons Brinckerhoff and 

Associates, (2012) 

Losses per 100 km (%) 1 MacDonald et al., (2016) 

As storage costs are highly uncertain for 2050 we use one generic storage technology: a NaS 

(sodium-sulfur) battery. The characteristics of the storage technology used in highRES are 

shown Table 8.3.6. 

 

 

 

 



Chapter 8 

184 

Table 8.3.6 Storage characteristics of NaS (sodium-sulfur) battery 

Storage characteristics  Value Source 

Loss per hour 0.001 Komiyama, (2013) 

Roundtrip efficiency 0.8 Zakeri and Syri, (2015) 

Availability factor 0.9 Zakeri and Syri, (2015) 

Lifetime 16 Zakeri and Syri, (2015) 

Generator to capacity 6 NKG Insulators, (n.d.) 

Storage system (£/kWh) 228 Zakeri and Syri, (2015) 

Conversion system (£/kW) 289 Zakeri and Syri, (2015) 

Fixed O&M costs 2010£/kW/yr 2.2064 Zakeri and Syri, (2015) 

As the capacity in Northern Ireland (2011) was 3% of UK capacity(Department for Business, 

Energy & Industrial Strategy, 2016f) we reduce the UKTM capacities by 3% as shown in Table 

8.3.7 

Table 8.3.7 Generation capacities 

Generation Capacity (GW)  Source  

Gas decided by highRES  

Nuclear  33 GW UKTM (reduced by 3%) 

Solar PV 43 GW UKTM (reduced by 3%) 

Onshore Wind  31 GW UKTM (reduced by 3%) 

Offshore Wind  38 GW UKTM (reduced by 3%) 

Biomass  7 GW UKTM (reduced by 3%) 

Interconnection  6 GW UKTM (reduced by 3%) 

Storage  decided by highRES  

Hydropower  2 GW UKTM (reduced by 3%) 

Other 0.5 GW UKTM (reduced by 3%) 

8.3.2 UKTM  

UKTM has been developed at the UCL Energy Institute over the last two years as a successor 

to the UK MARKAL model (Kannan and Turton, 2012). It is based on the model generator 

TIMES (The Integrated MARKAL-EFOM System), which is developed and maintained by the 



Appendices of the chapters 

185 

Energy Technology Systems Analysis Programme (ETSAP) of the International Energy 

Agency (IEA) (Loulou, 2008).  

UKTM is a technology-oriented, dynamic, linear programming optimisation model 

representing the entire UK energy system from imports and domestic production of fuel 

resources, through fuel processing and supply, explicit representation of infrastructures, 

conversion to secondary energy carriers (including electricity, heat and hydrogen), end-use 

technologies and energy service demands. Generally, it minimizes the total welfare costs (under 

perfect foresight) to meet the exogenously given sectoral energy demands under a range of 

input assumptions and additional constraints, thereby delivering a cost optimal, system-wide 

solution for the energy transition for the coming decades.  

A key strength of UKTM is that it represents the whole UK energy system under a given 

decarbonisation objective, which means that trade-offs between mitigation efforts in one 

sector versus another can be explored. The model is divided into three supply side sectors 

(resources & trade, processing & infrastructure and electricity generation) and five demand 

sectors (residential, services, industry, transport and agriculture). All sectors are calibrated to 

the base year 2010, for which the existing stock of energy technologies and their characteristics 

are known and taken into account. A large variety of future supply and demand technologies 

are represented by techno-economic parameters such as the capacity factor, energy efficiency, 

lifetime, capital costs, O&M costs etc. Moreover, assumptions are also laid down for attributes 

not directly connected to individual technologies, such as energy prices, resource availability 

and the potentials of renewable energy sources. UKTM has a time resolution of 16 time-slices 

(four seasons and four intra-day times-slices). In addition to all energy flows, UKTM tracks 

CO2, CH4 (Methane), N2O (Nitrous oxide) and HFC (Hydrofluorocarbons) emissions. For 

more information on UKTM see Daly et al., (2015); B. Fais et al., (2016). 

In addition to its academic use, UKTM is the central long-term energy system pathway model 

used for policy analysis at the Department of Energy and Climate Change (DECC) and the 

Committee on Climate Change (CCC). 

8.3.3 Model linkage  

Figure 8.3.8 shows how we link the models. We use the long time horizon model UKTM to 

develop internally consistent, whole energy system scenarios that both meet the UK’s Climate 

Change Act 2008, i.e. a reduction of greenhouse gas emissions of 80% relative to 1990 levels 

by 2050, and have a high penetration of VRE. We take power generation capacities from 

UKTM as input into highRES. We use marginal commodity prices for 2050 from UKTM (i.e. 

the shadow price) as fuel costs in highRES. As UKTM is a whole energy system model it sets 

the boundaries on the electricity system (i.e. determines which sectors get electrified). We 

combine total annual electricity demand for 2050 from UKTM with historical from National 

Grid hourly load profiles. We perform a detailed GIS assessment to exclude areas from VRE 

development for technical, environmental and social reasons. We use hourly gridded capacity 

factors for wind and solar energy with a spatial resolution of 35km x 50km (0.5° x 0.5°) from 
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2001-2010. In this study we run the model for 10 weather years both individually and 

simultaneously (see Figure 8.3.9). This gives us amongst other results the location of 

generation capacities, the location and capacities of integration options, total system costs and 

CO2 emissions for 22 different runs in total.  

 

Figure 8.3.8 Flowchart of the model linkage 

 

 

Figure 8.3.9 Scenarios, temporal coverage and number of model runs 
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8.3.4 Additional results 

 

Figure 8.3.10 Amount of unmet demand in % of hours for years 2001-2007 and 2009-2010 when planning is based on 

the weather year 2008
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9.1 Research context 

Two major global challenges climate change mitigation and universal electricity access, can be 

addressed by large scale deployment of renewable energy sources (Alstone et al., 2015). 

Around 60% of greenhouse gas emissions originate from energy generation and 90% of CO2 

emissions are caused by fossil fuel combustion (PBL Netherlands Environmental Assessment 

Agency et al., 2015). Eliminating 80% of fossil fuel emissions would stop the rise in CO2 in the 

atmosphere but atmospheric concentrations would only decrease slowly with even further 

reductions (NOAA, 2015). Energy use patterns among the world's poor have remained 

virtually unchanged over the last century (Pachauri et al., 2013) and by 2012 still more than 1.1 

billion people (one in five of the world’s population) lacked access to electricity and 40% of the 

world’s population relied on solid fuels for cooking (Sustainable Energy for All, 2015). 

Reaching similar levels of demand as “super-developed” countries without deploying low 

carbon energy sources globally would pose substantial global-scale climate risks (Diffenbaugh, 

2013). 

The Paris Agreement (United Nations Framework Convention on Climate Change, 2015) aims 

at “holding the increase in the global average temperature to well below 2°C above pre-

industrial levels and pursuing efforts to limit the temperature increase to 1.5°C above pre-

industrial level, recognizing that this would significantly reduce the risks and impacts of climate 

change” and in order to do so “reach global peaking of greenhouse gas emissions as soon as 

possible…and to undertake rapid reductions thereafter … so as to achieve a balance between 

anthropogenic emissions by sources and removals by sinks of greenhouse gases in the second 

half of this century, on the basis of equity, and in the context of sustainable development and 

efforts to eradicate poverty”. The UN Sustainable Development Goal number seven of the 

2030 Agenda for Sustainable Development aims to “ensure access to affordable, reliable, 

sustainable and modern energy for all” (United Nations, n.d.). This is linked to the 

“Sustainable Energy for All” Initiative (Sustainable Energy for All, 2016) which entails 

challenges both for industrialized and developing countries: Its goal is to reach universal access 

to modern energy services, double the share of renewable energy in the global energy mix and 

double the global rate of improvement in energy efficiency by 2030. The former UN- Secretary 

General Ban Ki-Moon stated at Rio+20 that (United Nations, 2012) “achieving sustainable 

energy for all is not only possible, but necessary – it is the golden thread that connects 

development, social inclusion and environmental protection”.  

9.2 Aim and research questions 

The literature review shows that current research lacks in:  

(1) Providing methods to assess the spatial and temporal distribution of demand and 

supply on a national level to answer questions around the integration of variable 

renewable energy sources.  
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(2) Combining thorough demand estimations with a supply side electrification model 

for cost- effective electrification planning.  

(3) Assessing spatial disaggregation in energy systems models to better represent the 

variability of variable renewable energy sources.  

(4) Representing the inter-annual variability of weather in future energy systems while 

at the same time i) featuring adequate representations of spatial and temporal detail 

of supply and demand, ii) modelling of the trade-offs and interaction of different 

VREs as well as integration options, iii) considering the electrification of other 

sectors and iv) modelling technical, environmental and societal constraints on the 

locations of VRE deployment. 

Addressing climate change mitigation and universal electricity access by closing the gaps in 

literature requires studying the integration of VREs at different spatial scales and timeframes.  

In this dissertation I chose different studies in order to cover (i) the pressing topics introduced 

under 1.1 and 1.2 (climate change mitigation and electricity access through the large scale 

integration of renewable energy sources) (ii) different model types (sub-sectoral, electricity 

system and energy system models) (iii) different time frames and (iv) different spatial coverage.   

Such a comprehensive assessment allows answering the following research questions from 

different perspectives and as a result provide insights to modellers being challenged with the 

large diversity of modelling scales space and timeframe wise.  

The overarching research question is: How to model future power systems with variable renewable 

energy sources and what are the resulting insights to address climate change mitigation and universal electricity 

access? 

The following sub-questions are addressed by the different studies and aim in combination to 

answer the overarching research question:  

Research question 1: Why and when do we need to account for spatial and temporal detail in energy 

modelling? 

Research question 2: How to model spatial and/or temporal characteristics of demand? 

Research question 3: How to model spatial and/or temporal characteristic of VRE supply? 

Research question 4: How to model long-term energy pathways with VREs? 

Research question 5: How to integrate VREs into the power system? 

Table 9.1 Overview of the chapters and the research questions they address 

Chapter Research questions 

RQ1 RQ2 RQ3 RQ4 RQ5 

2 Spatially and temporally explicit modelling of 

electricity, heat and transport in support of the 

transformation to a low carbon energy system 

X     
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3 Simulation of disaggregated load profiles and 

development 

of a proxy microgrid for modelling purposes 

 X    

4 Solar buildings in Austria: Methodology to assess the 

potential for optimal PV deployment 

X X X  X 

5 Analysing grid extension and stand-alone 

photovoltaic systems for the cost-effective 

electrification of Kenya 

X X X   

6 Impact of different levels of geographical 

disaggregation of wind and PV electricity generation in 

large energy system models: a case study for Austria 

X  X X  

7 The impact of the variability of weather on the design 

of power systems with high shares of variable 

renewable energy sources 

X X X X X 

9.3 Key results 

9.3.1 Spatially and temporally explicit modelling of electricity, heat and 

transport in support of the transformation to a low carbon energy system 

In chapter 2 I conducted a literature review summarizing the most important spatial and 

temporal characteristics of a low carbon energy system. I differentiated between energy 

demand, distribution infrastructure and renewable energy sources. In the analysis I discussed 

for each part of the energy system the spatiotemporal detail required for energy system 

modelling following a set of questions. The analysis showed that there are differences in the 

need for a high spatial and temporal resolution between sectors and technologies: Heat and hot 

water demand require an intermediate spatial and temporal resolution. When modelling 

electricity and transport demand, a high spatial and temporal disaggregation is recommended. 

For all elements of the distribution infrastructure, I identified the necessity of a high spatial 

resolution but the temporal resolution differs. The spatiotemporal detail for modelling energy 

supply technologies is technology specific; e.g. a low temporal and spatial resolution for low 

temperature geothermal energy and a high spatial and temporal resolution for solar, wind, wave 

and pump storage hydro power generation. 

Further, for each part of the energy system, I described an exemplary research question 

requiring high spatial and temporal detail:  

(1) Energy demand: What is the reduction in electricity system costs due to demand side 

response for systems with high shares of variable renewable energy technologies (VRE)? 

Demand side response can be regarded as an option to integrate large shares of VRE. 

It allows shifting demand from times with high demand and/ or low VRE production 
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to times with low demand and/ or high VRE production. Thus, it reduces the need for 

distribution/ transmission grid upgrades, flexible generation and storage. The 

possibilities to shift demand depend on the location specific demand profiles including 

the electrification of heat and transport, the preferences of the consumers and the 

generation load profiles of VRE. This requires high spatial and temporal resolution of 

demand and supply. 

(2) Distribution infrastructure: What is the maximum capacity of rooftop PV which can be 

installed without upgrades to the distribution system? A high integration of rooftop PV 

can lead to reverse load flows from the distribution to higher grid levels. These can cause 

frequency, voltage and power quality problems and require infrastructure upgrades. The 

need for distribution grid upgrades depends on the local infrastructure in place and the 

interaction between demand load profiles and the electricity production profiles of the 

installed PV systems. This analysis requires spatial information on the distribution grid, 

a high temporal and spatial resolution of load covering all consumers in a particular 

distribution grid section, including demand from electric vehicles and electric heating 

and production from PV. 

(3) Renewable energy generation: What are the cost effective, technically robust and 

spatially optimal deployment strategies of variable renewable energy sources (VREs) in 

combination with flexibility options? To answer this question we need a power system 

model with sufficient spatial and temporal detail to model the variability of renewable 

energy technologies, demand and flexibility options. When choosing a low spatial and 

temporal resolution, the locations and capacities chosen by the model may not be cost- 

optimal and may only be sufficient to cover demand under average conditions. Further, 

using a low spatial resolution to answer these questions, would lead to averaging spatially 

dependent parameters such as resource availability, costs for building the technologies, 

grid connection and maintenance 

9.3.2 Simulation of disaggregated load profiles and development of a 

proxy microgrid for modelling purposes  

The deployment of small-scale renewable energy technologies such as distributed PV can have 

negative effects on the local distribution grid. These effects depend on the local resource 

potential as well as on the regional composition of consumers. Spatially disaggregated load 

profiles of consumers and information on transformers and distribution grid segments are 

usually not available to modellers. These data are, however, necessary to better account for the 

particularities of electricity systems with high levels of distributed renewable production. In 

chapter 3 I developed a bottom-up model to compute spatially and temporally resolved load 

curves and proxy microgrids.  

The methodology developed in this chapter consisted of three parts: (1) modelling of spatially 

explicit demand load profiles (2) modelling of transformers and proxy microgrids and (3) 

validation of (1) and (2).  
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(1) Modelling of spatially explicit demand load profiles: I used spatially explicit data (1km2 

resolution) on the number of households and employees per sector for the whole of 

Austria. In terms of temporally explicit data I used standardized load profiles which exist 

for households and different commercial sectors. Using National Statistics, I calculated 

the total annual electricity demand per household and employee for each sector. I scaled 

the standardized load profiles with the electricity consumption per household and 

employee per sector and the number of household and employees per sector in each 

km2. Standardized load profiles are not suitable to model the load of a small system 

because they do not capture the volatility and randomness of individual consumers’ 

electricity usage. Thus, for grid cells with fewer than 150 households I generated 

stochastic load profiles. Aggregating the load profiles gave me the total load profile per 

km2. 

(2) Modelling of transformers and proxy microgrids: Today, electricity distribution grids 

have been designed to manage peak demands. I defined a heuristic to find the smallest 

number of transformers to meet the peak demand in each km2. The household and 

commercial consumers belonging to one transformer defined the distribution grid 

segment.  

(3) Validation of the load profiles and proxy microgrids: I validated the load profiles on a 

national and on a regional level using load profiles. The validation results showed that 

about 80–91% of the variance of the modelled demand data can be explained by the 

variance of the measured data. For parts of the federal district of Upper Austria, I had 

data on the exact location of distribution transformers. I used the model to generate the 

transformer location for Upper Austria and was able to replicate 78% of the transformer 

locations. 

9.3.3 Solar buildings in Austria: Methodology to assess the potential for 

optimal PV deployment 

In chapter 4 I proposed a methodology to spatially and temporally analyse the potential 

reverse load in the distribution grid of Austria. A large scale distribution of distributed energy 

sources such as PV can lead to reverse load flows causing voltage, frequency and power quality 

problems and making upgrades to the infrastructure necessary. The aim of this work was to 

determine where to locate rooftop PV in order to avoid additional investments into 

distribution grid enforcements. I assumed that distribution grid investments may be required 

when supply in a single hour exceeds demand leading to reverse load flows. I used data on the 

number of households per type and number of employees per sector for each grid cell of 1 

km2. Different to the previous study I did not use standardized household load profiles but 

used a pool of 800 measured load profiles. These were available on an hourly level from April 

2010- March 2011. If the household number in a grid cell of1 km2 exceeded 150, taking a mean 

load profile was a good representation of reality. If the number of households in a grid cell was 

lower than 150, I applied the bootstrapping method to randomly generate the total load profile 

taking also the household composition of the specific grid cell into consideration. For 



Main findings and conclusions 

195 

commercial consumers I did not have measured load profiles and created the dynamics via 

residuals: I assumed that the residuals of the small commercial units behave similar to the 

measured household load profiles. The commercial consumption is calculated by multiplying 

the average consumption per employee in that sector with the number of employees of the 

grid cell. The model then uses the number of employees in each grid cell as proxy for the 

number of standardized load profiles to be picked but randomizes them by adding a randomly 

chosen residual load profile from our set. To generate PV production per grid cell, I used data 

on the hourly output per kWp installed with a spatial resolution of 1'30". I found that 

(excluding night hours) on average in 9% of the hours supply exceeds demand, differing 

between 0% and 60% of the hours depending on the grid cell. When only including household 

load profiles, surplus production increased to surplus production in 23% of the hours. These 

findings demonstrated that (1) when only studying household demand as most other studies 

the reverse load flows will be overestimated and (2) there are benefits of prioritising 

decentralized PV development in areas with a higher share of commercial consumers.  

9.3.4 Analysing grid extension and stand-alone photovoltaic systems for 

the cost-effective electrification of Kenya 

In chapter 5 I developed a methodology to find least-cost options for electrification in 

countries with low electrification rates and applied it to Kenya. In Kenya 81% of the 

households (42% in urban and 93% in rural areas) have no access to electricity in their 

dwellings (International Energy Agency, 2013). Two alternatives are available for 

electrification: either through the extension of the national grid or through supply with stand-

alone systems. The aim of this study was to find the cost- effective electrification option for 

every grid cell of 2000km2. Many households cannot access electricity due to the non-

availability of electric infrastructure and thus their demand is unknown. For cost-effective 

planning of electricity infrastructure however, it is crucial to estimate electricity demand. There 

is no study combining thorough demand estimations with a supply side electrification model. 

Furthermore, from the literature and to our knowledge our approach of estimating latent 

electricity demand due to non-availability of electricity supply is novel. In this study we used 

detailed micro-data from the Kenyan Integrated Household Budget Survey (KIHBS) of 

2005/2006 to estimate latent demand for electricity in Kenyan households (Kenyan National 

Bureau of Statistics, 2005) using an exponential model. We explained monthly electricity 

demand per household by the following variables: non- food expenditures, number of 

servants, flush toilet, age of household head, formal education of the household head, number 

of household members, household location (rural or urban). After estimating the coefficients, 

we used the exponential equation to predict future demand. The survey data were from 

2005/06, but investment decisions have to be based on future demand. As the data gave us the 

location of each household per district we were able to predict mean demand in 2020 for all 

districts of Kenya. We informed our estimation of future demands in 2020 by employing GDP 

(rural, urban), population (rural, urban), and share of educated population (over 15 years of 

age) projections. Knowing in which district a grid cell was located, and multiplying the number 
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of households in each grid cell with the mean demand allowed us to estimate the total 

electricity demand in each grid cell. The data on electricity demand per grid cell served as an 

input into an electricity supply optimization model which finds the cost optimal electrification 

solution deciding between stand-alone PV and grid extension for every grid cell. The key data 

going into the optimization model were costs of the technologies and data on variables which 

influence costs per kWh such as population distribution, solar irradiation and PV efficiency. 

The model minimized total costs which are composed of electricity grid distribution costs, 

electricity grid transportation costs and solar panel costs. The most important constraint was 

that demand for electricity has to be satisfied in all grid cells.  

The contribution of our study lied in employing the combination of a regression model to 

estimate household electricity demand and an electricity supply optimization model to identify 

least-cost electrification options. The demand covered with electricity produced by stand-alone 

PV amounts to only 15% of the total electricity consumption, 22% of the households but 80% 

of the grid cells. Our results highlighted the importance of accounting for region specific 

features in electrification planning and suggest that decentralized PV systems can make an 

important contribution in areas, with low demand and high connection costs. Grid electricity is 

a choice mainly for districts located around the existing electricity grid with high per household 

demand and population density. Our results differed from some other studies which did not 

account for the heterogeneity in household characteristics and instead use an average demand.  

9.3.5 Impact of different levels of geographical disaggregation of wind 

and PV electricity generation in large energy system models: a case 

study for Austria 

In chapter 6 we assessed how different levels of geographical disaggregation of wind and 

photovoltaic energy resources could affect the outcomes of an energy system model.  

Energy system models have been used since the 1970s (Hall and Buckley, 2016) to inform 

policy makers. They have high technological but little spatial and temporal detail. With an 

increasing share of VREs in our power system, this may lead to misleading results and it is thus 

important to find the appropriate spatiotemporal representation of VREs in long-term energy 

system models. Several modelling teams have developed different approaches to better 

represent the temporal variability and operational requirements of the power sector in energy 

system models. As intermittent renewable energy sources vary with time and with their 

geographical locations, it is important to also consider spatial characteristics. With this paper 

we filled the research gap by analysing the effects of spatial disaggregation on energy system 

model outcomes. We used Austria as a case study in a large energy system model for the 28 

EU member countries (JRC-TIMES-EU) and proposed an approach to address the question if 

spatial disaggregation leads to differences in generated electricity of variable RES. We used 

hourly time series for wind and solar to derive 5 PV and 79 wind regions. We implemented 

those regional differences in the energy system model by introducing regionally specific wind 

and PV electricity generation technologies. These technologies differed in investment costs 
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(for wind only), availability factor per time-slice and total generation potential. We modelled a 

set of scenarios with varying disaggregation of regional wind and photovoltaic resources. 

Results showed that in the long term for a model with limited temporal disaggregation like the 

JRC-EU-TIMES model and only small regional climatic differences as in our case study, the 

effect of regional disaggregation on model results were small especially for the whole energy 

system of Austria and the entire European Union. Total energy system costs differed but the 

main effects could be seen in the power sector for Austria: We found that depending on the 

scenario and up to the point that the maximum potential was reached, spatial disaggregation 

led to differences in generated electricity of up to 80% less wind generation and 35% more PV 

generation. Results are likely to be more pronounced especially for the whole energy system 

when studying a country with larger spatial differences in renewable production.  

9.3.6 The impact of the variability of weather on the design of power 

systems with high shares of variable renewable energy sources 

In chapter 7 we developed a methodology to design cost- effective, technically feasible and 

robust power systems with high shares of variable renewable energy technologies. To provide 

detailed insights into the transition to a power system with VREs we need to combine long-

term planning with a representation of the spatial and temporal variability, including inter-

annual characteristics, of VRE production. Here we coupled a long-term energy system model 

(UKTM), that explores new energy systems configurations from years to decades, with a high 

spatial and temporal resolution power system model (highRES) that captures VRE variability 

from hours to years. UKTM set the electricity system boundaries for 2050: We used total 

electricity demand, fuel prices and generation capacities from UKTM as input into highRES. 

The core focus of highRES is a detailed representation of VREs. Firstly, I performed a GIS 

assessment to exclude areas from VRE development for technical, environmental, and social 

reasons. For VRE production we used hourly gridded capacity factors for on and offshore 

wind and solar PV for 2001-2010 with a spatial resolution of 35km x 50km, derived from 

reanalysis data. HighRES finds the optimal location for generation capacities as well as the 

optimal capacities and locations of VRE integration options. These are transmission grid 

extensions, flexible generation and electricity storage. We studied two different cases for the 

year 2050: i) highRES optimises all three flexibility options; ii) highRES optimizes flexible 

generation and storage only and we fixed the transmission network to its 2015 capacities. We 

differed between these two scenarios as, on the one hand, transmission line extension can take 

decades from conception to completion, with the planning system being a fundamental barrier, 

yet on the other hand it can demonstrate the benefits of spatial diversification. We allowed the 

model to make investment and operational decisions based on one year of weather data at a 

time and 10 years simultaneously, i.e. system capacities and dispatch are planned over 

snapshots of 8760 hours (8784 hours for leap years) in the former and 87,648 hours in the 

latter. This allowed us to analyse the difference in optimal system configurations when 

planning for a single weather year and when considering the full variability of 10 years.  
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Results showed that when allowing the model to invest into transmission line extension costs 

are consistently lower (12% on average) than when allowing investments into flexible 

generation and storage only. Here spatial diversification allowed sites with higher output 

and/or a favourable timing of production to be chosen, therefore leading to lower overall 

costs. While consistent deployment patterns emerged, the precise amount of capacity located 

in each zone was highly sensitive to the inter-annual variability of the weather data. In both 

scenarios, wind was spread around the country in sites that balance high average capacity 

factors with a timing of production that is beneficial to the system. However, in the case where 

we allowed the model to invest in storage and flexible generation only, it is constrained by the 

current transmission line capacity and thus chooses locations closer to demand. Furthermore, 

for PV and, to a lesser extent wind, in some years the model chooses outlier locations (e.g. the 

model locates some of the PV capacity in the North). When running all ten years at once, both 

scenarios followed similar deployment patterns to their respective individual year runs. 

However, in the full decadal run the model did not chose to place any capacity in outlier 

locations of the individual year runs and we noted that the capacities deployed rarely matched 

the median levels. The key result was that the deployment variability in the individual year runs 

captured the locations and capacities chosen by the 10-year case for both scenarios. Total 

national installed capacity of storage and high voltage transmission were generally robust to the 

chosen weather year but flexible generation was seen to be highly sensitive. The model was 

placing storage mainly around demand centres and not close to installed VRE capacity. The 

transmission network was reinforced to bring electricity from the North to the South and the 

South and South-West to London where demand was located. We then tested how the system 

would respond when planning decisions are based on one weather year (here 2008). Choosing 

2008 as the planning year and running the model with 2008 system configuration in the nine 

other years would mean that the maximum unmet demand in a single hour reached up to 37 

GW.  

In summary, our results showed that basing investment decisions on single weather years could 

lead to technically unsound solutions. It is critical to capture the inter-annual variability of 

weather when modelling high levels of renewable penetration. 

9.4 Main findings and conclusions (per research question) 

9.4.1 Research question 1: Why and when do we need to account for 

spatial and temporal detail in energy modelling?  

Modelling electricity systems with high shares of VREs is different to conventional electricity 

systems in terms of the spatial and temporal scaling details (chapter 7). Thermal based 

electricity systems can ramp up and down following demand and the choice of location is 

flexible as transportation and storage of fuels is relatively easy and cheap. Contrary, variable 

renewable energy systems are characterised by the spatial and temporal variability of supply 

and moving to systems with high shares of VREs requires accounting for them.  



Main findings and conclusions 

199 

Chapter 2 gives reasoning why different elements of the energy system require a specific 

spatial and temporal resolution. High spatial and temporal detail are in general advisable when 

modelling wind, PV and wave energy as the output and timing of production is location 

specific. The output from hydropower is highly location specific. Further, pumped storage and 

reservoirs can produce electricity when required at times when demand is high and/ or other 

generation is low. A model would need to either cover those extreme cases when storage 

output is required or have a high temporal resolution. Electricity demand requires high spatial 

and temporal resolution as it is highly variable in time and space and storing electricity is 

expensive. Further, modelling of VRE integration options (e.g. grid extension, flexible 

generation, electricity storage, demand side measures) requires high spatial and temporal 

resolution: The spatial extension of the transmission system allows connecting regions of good 

VRE supply with demand centres as well as taking advantage of the fact that simultaneous 

weather conditions can differ from one location to the next by spreading VRE deployment 

over a large geographical area. This effect can be enhanced by integrating a variety of VREs 

which can complement each other due to different spatiotemporal production profiles. 

Electricity storage allows moving supply from times of high supply/ low demand to times of 

low supply/ high demand. Flexible generation can quickly be ramped up when VRE supply is 

low and/ or demand high. Demand side flexibility options such as load shifting or shedding 

represent another VRE integration option and the potential is location dependent (e.g. 

different demand profiles of industry compared to households). The spatiotemporal detail 

required not only depends on the element modelled but also on the specific research question. 

In chapter 2 I discussed exemplary research questions requiring high spatial and temporal 

detail: What is the reduction in electricity system costs due to demand side response for 

systems with high shares of variable renewable energy technologies (VRE)? What is the 

maximum capacity of rooftop PV which can be installed without upgrades to the distribution 

system? What are the cost effective, technically robust and spatially optimal deployment 

strategies of variable renewable energy sources (VREs) in combination with flexibility options? 

As explained in chapter 3 for countries featuring low electrification rates, the high costs of 

building electric infrastructure are a major impediment to improved access, making stand-alone 

systems or micro-grids an attractive solution in remote areas. The locally available VRE 

resource potential, latent electricity demand and population density make a specific 

electrification option feasible and cost- optimal. Determining the most cost- effective and 

affordable supply option deciding between grid extension and stand-alone system requires 

spatially explicit models. 

9.4.2 Research question 2: How to model spatial and/or temporal 

characteristics of demand?  

The choice of method depends on the type of demand analysed, research question and data 

availability. In chapter 2 I concluded that in general the modelling of heat, cooling and hot 

water demand requires an intermediate temporal and high spatial resolution, whereas the 
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modelling of e-mobility and electricity demand requires a high spatial and temporal resolution. 

In this dissertation I have been focusing on modelling of electricity systems.  

Spatially and temporally explicit electricity demand is often unavailable or not accessible to 

researchers. Thus, we need to develop models to simulate electricity demand. When modelling 

electricity demand the spatiotemporal data availability limits the model choice. This dissertation 

suggests three methods based on different data sources to ultimately study the integration of 

VREs and one method to be used in electricity access modelling:  

(i) For many countries standardized electricity load profiles per sector exist. In chapter 3 I 

simulated spatially explicit electricity demand load profiles combining spatial information on 

the number of households and employees per sector with standardized load profiles for 

households and commercial consumers per sector. Standardized load profiles are not suitable 

to model the load of a small system because they do not capture the volatility and randomness 

of individual consumers’ electricity usage. Thus, for grid cells with fewer than 150 households I 

generated stochastic load profiles. Validation showed that the model allows reproducing the 

historically measured load profiles with reasonable accuracy. (ii) Alternatively if available, 

instead of using standardized load profiles it is advantageous to use a pool of measured load 

profiles from which one can bootstrap depending on the composition of the grid cell (chapter 

4). (iii) When spatially explicit information on the number of households, commercial/ 

industrial units is missing we can use past hourly electricity demand time series as usually 

provided by grid operators and scale them down using metrics such as population density or 

information on the allocation of total demand as done in chapter 7. This method however, 

does not account for spatial differences in the composition of demand (e.g. industrial vs. 

residential areas).  

In countries with low electrification rates households cannot access electricity due to non-

availability of electric infrastructure and thus their latent demand which is spatially 

heterogeneous is unknown. In chapter 5 we used detailed micro-data from a household 

budget survey and developed an exponential model to estimate latent demand for electricity in 

Kenyan households. Since a standard ordinary least square model can result in negatively fitted 

values we chose to use an exponential model instead which can be estimated with a non-linear 

regression routine which results in strictly positive expected values. We explain monthly 

electricity demand per household by the following variables: non- food expenditures, number 

of servants, flush toilet, age of household head, formal education of the household head, 

number of people, household location (rural or urban). The survey data are from 2005/06, but 

investment decisions have to be based on future demand. After estimation of the coefficients, 

we used the exponential equation to predict future demand. We informed our estimation of 

future demands in 2020 by employing GDP (rural, urban), population (rural, urban), and share 

of educated population (over 15 years of age) projections. As the survey provides the location 

of each household at the district level, the projections resulted in mean demand per district. 

Knowing in which district each grid cell was located, and multiplying the number of 

households in each grid cell with the mean demand allowed us to estimate the total electricity 

demand in each grid cell. Results differed from other studies which do not model demand but 
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use average consumption categories either depending on household location (e.g. rural, urban) 

or on income. 

9.4.3 Research question 3: How to model spatial and/or temporal 

characteristic of VRE supply?  

Modelling the spatial and temporal characteristics of VRE supply consists of two parts: Firstly, 

we need to determine spatially the capacity potential, i.e. how much land is available for the 

deployment of a given technology. Secondly, we need to model spatially and temporally the 

generation potential, i.e. for each unit of technology deployed how much output can we 

generate per time step in a specific location? 

(1) Determining the capacity potential requires spatial resolution: Ground- mounted PV and 

wind energy competes with other forms of land use. In order to determine the capacity 

potential we need to perform a literature review so as to decide on the areas to be excluded 

from VRE deployment. The restrictions depend on national legislation, other uses of land and 

socio-political acceptance of VRE development. Using geoformation systems the restrictions 

can then be used to deduct the total land area available for the deployment of the respective 

VRE technology. Rooftop PV does not compete with other forms of land uses. Usually, the 

rooftop area usable for PV deployment is not available on a spatially explicit level. There are 

different possibilities for approximations: (i) We can use spatially explicit data on the building 

type in combination with the average rooftop capacity per type (chapter4). (ii) A land cover 

map contains building area for domestic and commercial/industrial buildings. This can be 

combined with parameters from literature to determine the proportions of buildings facing 

each direction, the proportion of roofs which are flat and a ratio of footprint area to rooftop 

area (chapter 7). (iii) If spatial information such as the effective useful building area and the 

total number of buildings is available for the area of interest (e.g. region, country) but spatial 

information on rooftop area usable for PV exists only for a sub- area we can use a linear 

regression to predict the distribution of available roof area for the entire area (chapter 6).  

(2) Determining the generation potential requires spatial and temporal resolution: There are 

different data sources for VRE generation: Chapter 7 states that existing renewable power 

production time series are of limited use because they are often too short and unavailable for 

locations without current installations. Weather station data often have non-uniform spatial 

coverage combined with data quality issues. State of the art global climate reanalysis and 

satellite based data provide a suitable balance between temporal and spatial resolution while 

simultaneously maintaining broad, homogenous temporal and spatial coverage.  
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For solar irradiation the of use satellite data is advisable. These are available over several years 

with high spatial and temporal resolution (chapters 4, 5, 6,7)24. The use of a physical model is 

required to derive the electricity output from solar irradiation.  

For the generation of wind output one can use a wind atlas which provides the scale and shape 

parameters of the Weibull distribution complemented with hourly wind data from 

meteorological stations to generate simulated time series of wind power production (used in 

chapter 6). Another option is the use of Reanalysis data which provides modelled data at high 

spatial and temporal resolution for a range of climate variables, on a gridded basis, at a number 

of different altitudes and for several years (chapter 7). We require models to convert the 

climate variables (e.g. wind speed) to power output.  

Satellite and Reanalysis data are available over several decades on a uniform grid but require 

models to convert solar irradiation and wind speeds to power output. Depending on the 

timeframe, skillset and research interest, energy modellers may prefer using other data such as 

from meteorological stations (chapter 6). It is important that the data used has been validated 

to actual production and covers the area modelled well enough (e.g. the usage of past wind 

production profiles is not appropriate if new developments could be placed in areas with 

different wind patterns). Using several weather years allows designing systems which are robust 

to the diversity of the weather. Alternatively, one can define weather years which represent the 

most extreme conditions, however when there is interaction of different technologies 

determining them can be very difficult. 

9.4.4 Research question 4: How to model long-term energy pathways 

with VREs?  

Energy modellers should be aware of the spatial and temporal variability of the system they 

model. To keep energy system models computationally tractable they usually have low 

temporal, spatial and operational detail. In chapter 6 we give an overview on the theoretical 

implication of space and time aggregation in long-term energy systems models. There are 

different approaches in the literature to model long-term pathways with VREs: firstly 

increasing the number of time-slices in energy system models (Kannan and Turton, 2012; 

Ludig et al., 2011c), secondly soft-linking energy system models with temporally and/ or 

operational detailed power system models (J. P. Deane et al., 2012a; Pina et al., 2013a) and 

                                                           

24 In chapters 3 and 4 we used one year of hourly irradiation data with a resolution of 1 km2 in the model. In chapter 

7 we use 10 years of solar and wind data with a spatial resolution of around 35x50km. In chapter 5 we used the total 

yearly solar output for each grid cell of 2000km2 in the model which is the long-term (1985-2004) average of solar 

irradiation. In chapter 6 we introduced location dependent VRE profiles into an energy system model. As discussed 

previously, energy system models usually have several representative time-slices and one region and as a result lack the 

spatial and temporal detail required to model VREs. We model each region (5 solar and 79 wind regions) as a separate 

technology in the energy system with different technology availability factors per time-slice. 
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thirdly parameterising operational constraints in energy system models or integrated 

assessment models (Johnson et al., n.d.; Merrick, 2016; Ueckerdt et al., n.d.; Welsch et al., 

2015). However, these studies lack the spatial resolution necessary to account for differences in 

total output and timing of production and to model the choice between VRE integration 

options including grid extension. In this dissertation two studies improved the modelling of 

long-term energy pathways with high shares of VREs: 

In chapter 6 we improved the spatial resolution of the energy system model JRC-EU-TIMES 

by introducing the difference in regional VRE output as 79 separate wind and 5 PV 

technologies for the country of Austria. These new technologies differed in their availability 

factor25 for each of the 12 time-slices for wind and PV as well as grid connection costs for 

wind energy. Results showed that more accurate modelling of wind and PV location and 

availability leads to significant differences in the generated electricity (up to 80% less wind and 

35% more PV) in the medium-term. This demonstrated that an improved spatial 

representation in long-term energy systems models via the introduction of regionally specific 

technologies leads to different results compared to using average availability factors. This 

insight is especially important for systems which show large spatial variability in VRE 

production. In chapter 6 we did not capture the temporal variability of VREs and their 

interaction with demand. With increasing shares of VREs and different VRE technologies it is 

more difficult to stylize the spatial and temporal variability and operational constraints due to 

the spatial and temporal interaction of VRE production. It then becomes advantageous to use 

an electricity system model with adequate spatial and temporal detail to model VREs. Further, 

the design of power systems which are robust to the diversity of the weather requires using 

several years of weather data which is even more difficult to implement in a large energy 

systems model. However, the advantage of ESOMs is that they model the entire energy system 

and as a result determine the electrification of other sectors (e.g. heat, transport, industry) 

under a given decarbonisation target. As energy system models can set the boundary of the 

electricity sector using total electricity demand from a long running energy system model as 

one of the inputs into a spatial and temporal electricity model allows combining the benefits of 

two modelling frameworks. Thus, in chapter 7 we coupled the energy system model UKTM 

(UK TIMES model) to the high spatial and temporal resolution electricity system model — 

highRES — which minimises power system costs to meet hourly demand subject to a number 

of technical constraints. The core focus of highRES is a detailed representation of VREs. This 

included a GIS assessment to exclude areas from VRE development for technical, 

environmental and social reasons. For VRE production we used hourly gridded capacity 

factors for on- and offshore wind and solar PV for 2001-2010 with a spatial resolution of 

35km x 50km. UKTM set the electricity system boundaries for 2050: We used total electricity 

demand, fuel prices, and generation capacities from UKTM as input into highRES. HighRES 

finds the optimal location for generation capacities as well as the optimal capacities and 

                                                           

25 The AF is a TIMES model input that indicates the maximum percentage of a time-slice in which the technology can 
operate (i.e. without maintenance stops and/or stops due to low availability of variable RES), and thus is a function of 
the availability of wind and sun. 
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locations of VRE integration options. These are transmission grid extension, flexible 

generation and electricity storage. Usually studies average over time-slices or use one (average) 

weather year. We found that using several weather years driving VRE supply is critical when 

designing technically feasible and cost- effective VRE focused power systems due to the inter-

annual variability of weather.  

9.4.5 Research question 5: How to integrate VREs into the power 

system?  

In chapter 7 using a high spatial and temporal resolution electricity system model highRES 

and 10 years of wind and solar data we demonstrated the importance of spatial diversification 

of renewable energy sources in a case study for Great Britain. Spreading VRE deployment over 

a large geographical allows taking advantage that simultaneous weather conditions can differ 

from one location to the next. The optimal enhancement of the transmission grid compared to 

using today’s grid capacities decreased costs by 12% on average over the weather years. Solar 

energy was mainly deployed in the South where the highest capacity factors occur. Wind 

energy was spread around the country in sites that balance high average capacity factors with a 

system beneficial timing of production.  

Electricity storage, transmission grid extension and flexible generation are all important 

measures in integrating high shares of VREs. The total installed capacities of storage and high 

voltage transmission grid extension were generally robust to the chosen weather year but 

flexible generation was seen to be highly sensitive. The model placed flexible generation and 

storage mainly around demand centres and not close to installed VRE capacity but the exact 

location was dependent on the weather year.  

For a cost-effective and technically feasible deployment of VREs and their integration options 

studying the system using many weather years is paramount. Not only does the precise amount 

per location depend on the weather year but also some years show strong outliers (e.g. solar 

energy placed in the North). We could also see that basing the planning on certain years would 

lead to high unmet demand in other years.  

Further, the successful integration of VREs into the electricity system does not only depend on 

technical feasibilities but also on social acceptance of VRE and integration options. This 

dissertation showed that when socio-political factors hinder large transmission infrastructure 

projects, placing VRE in system-optimal locations increases costs.  

This dissertation also studied the integration of distributed energy into the distribution grid. 

Locating distributed energy sources where production profiles fit best with demand profiles 

allows avoiding costly distribution system upgrades. In chapter 4 I demonstrated the benefits 

of deploying rooftop PV in distribution grid sections with a high share of commercial 

consumers. Commercial consumers usually demand at the same time when PV production is 

high leading to fewer occasions of reverse load flows and as a result cause less costs due to 

distribution system upgrades.  
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Studying Kenya as a case study this dissertation demonstrated that for electrification it is 

advantageous to integrate stand-alone PV systems in rural areas with low population density 

and low per household demand.  

9.5 How to model future power systems with variable 

renewable energy sources and what are the resulting insights 

to address climate change mitigation and universal electricity 

access? – General conclusions and policy reflections 

9.5.1 General conclusions 

Energy models developed for the study of thermal based power systems usually have low 

temporal and spatial resolution. The chapters of this dissertation have demonstrated the 

importance of appropriate spatial and temporal resolution when modelling the integration of 

variable renewable energy sources into the electricity system as well as when finding cost- 

effective electrification options. The models developed and data used in this dissertation are 

diverse in the VRE resources covered, the country focus and modelling type as can be seen in 

Table 9.2. They have in common being all spatially and temporally explicit to the resolution 

required to answer the specific research question. For each study I chose the method most 

suitable to answer the problem: I developed simulation, optimization, statistical, and 

econometric models. These were developed for the three case studies Kenya, Austria and the 

United Kingdom but can be implemented for other countries.  

Table 9.2 Characteristics of the thesis chapters 

Chapter Characteristics of the chapters 

PV Wind Demand Country Modelling 

type 

Methodology 

3 Simulation of disaggregated 

load profiles and development 

of a proxy microgrid for 

modelling purposes 

  X Austria Sub- 

sectoral  

Simulation, 

Optimization  

4 Solar buildings in Austria: 

Methodology to assess the 

potential for optimal PV 

deployment 

 X X Austria Sub- 

sectoral 

Simulation, 

Statistical 

Modelling 
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5 Analysing grid extension and 

stand-alone photovoltaic 

systems for the cost-effective 

electrification of Kenya 

X  X Kenya Sub- 

sectoral/ 

Electricity 

system 

model 

Statistical, 

Econometric, 

Optimization 

6 Impact of different levels of 

geographical disaggregation of 

wind and PV electricity 

generation in large energy 

system models: a case study for 

Austria 

X X X Austria Energy 

systems 

model 

Optimization 

7 The impact of the variability 

of weather on the design of 

power systems with high shares 

of variable renewable energy 

sources 

X X X Great 

Britain 

Electricity 

system 

model/ 

Energy 

system 

model 

Optimization 

In order to model demand depending on the data availability different options have been 

proposed in the dissertation: (i) The use of a household (budget) survey allows estimating 

household electricity demand and to predict latent demand in unconnected households. (ii) 

Another option is the simulation of demand using standardized load profiles in combination 

with spatially explicit information on consumers. (iii) As measured load profiles are becoming 

increasingly available we can use them to replace standardized load profile and use the 

bootstrapping method to randomly draw from a pool of measured load profiles depending on 

the local composition of consumers. (iv) When developing national models standardized or 

measured load profiles or information on the spatial composition of consumers are not always 

available especially load profiles for commerce and industry are rare. In that case, the use of 

national past electricity demand data from grid operators is advisable. It is possible to 

distribute the demand spatially using population density for residential demand and 

information of employees per sector for commercial and industrial demand as a proxy or 

demand shares published by the grid operator.  

For the supply side this dissertation suggests to use satellite data for PV and Reanalysis data for 

wind energy combined with physical models to calculate the electricity output. The advantage 

of satellite and Reanalysis data is that they are freely available globally on a regular grid for 

several decades.  

Models for electrification planning usually use an engineering approach spatially connecting 

supply with demand featuring a highly simplified approach to represent electricity demand. 

The high costs of building electric infrastructure are a major impediment to improved access. 

When developing models for electrification planning, it is thus imperative to develop models 

which can account for the heterogeneity of supply as well as latent demand This allows finding 

electrification solutions which are affordable to the local population. In this dissertation, I 
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developed a spatially explicit cost optimization model which decides between stand-alone 

systems and grid extension to cover demand for those households that currently cannot access 

electricity due to non-availability of electric infrastructure.  

We showed that for Kenya stand-alone PV systems can make an important contribution to 

electrification especially in remote areas where demand and population density is low. Today, 

and even in the near future, grid electricity is a choice mainly for districts located around the 

existing electricity grid with high per household demand and population density. The results 

highlight the importance of accounting for region specific features in electrification planning. 

Integrating distributed energy forms such as rooftop PV requires understanding the location 

specific load profiles. This helps in prioritizing large scale PV development in areas where 

distribution grid upgrades are minimized. These could be areas with a high share of 

commercial consumers which consume electricity at the same time when PV production is 

high and as a result feature high self- consumption. As a consequence, this helps avoiding 

reverse load flows which cause frequency, voltage and power quality problems and make 

distribution system upgrades necessary.  

Energy systems models usually lack the spatial and temporal detail required to model VREs. 

Recent studies have improved the temporal resolution and operational representation. This 

dissertation showed that when disaggregating technologies in energy system models to 

represent locational differences in output as a result the amount of electricity generated is 

different. Spatially disaggregating technologies in energy system models is thus beneficial to 

provide more accurate results, even more so for (larger) countries with higher spatial 

differences in wind and solar generation than Austria.  

Defining representative time-slices used in energy system models when modelling VREs is 

difficult due to the temporal and spatial diversity in output and their interaction with other 

technologies. Further, improving the number of time-slices and operational representation 

makes large long-term energy systems models computationally intractable. Thus, to provide 

detailed insights into the transition to a power system with high shares of VREs we need to 

combine long-term planning with a representation of the spatial and temporal variability, 

including inter-annual characteristics of VRE production. This can be done by soft-linking an 

energy systems model providing total electricity demand to a high spatial and temporally 

resolved power system model which is driven by several years of weather data. 

Transmission grid extension, electricity storage and flexible generation are all important for 

VRE integration as was illustrated in the case study for Great Britain. This dissertation shows 

that the deployment of transmission grid extension and storage is most consistent among the 

weather years and that the capacity of flexible generation chosen by the model is very 

dependent on the specific weather year. The extension of the transmission grid consistently 

reduces costs allowing to access sites with higher capacity factors and system optimal timing of 

production. However, when political and social support for large scale grid extension projects 

is weak placing VREs in the system optimal places causes higher costs. In that case it is 

advisable to locate VRE close to demand centres. The model located storage and flexible 
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generation both close to the demand centres. Lastly, it is important to also consider the inter-

annual variability of the weather when designing stable and cost- effective systems with high 

shares of VRE. The dissertation shows that basing decisions on single weather years can lead 

to placing VREs in outlier locations as well as high unmet demand in other weather years.  

Summarizing, this dissertation demonstrated the importance of spatial and temporal modelling 

for a wide variety of modelling approaches, problems, timescales and spatial resolutions when 

integrating VREs. As a result, this dissertation can provide insights to modellers being 

challenged with the large diversity of modelling scales space and timeframe wise as well 

methodologies on the appropriate detail and approaches to answer a wide range of questions 

around the integration of VREs into the energy system. 

9.5.2 Policy reflections 

Two of the most important global, political challenges are the mitigation of climate change and 

universal electricity access. Both can be addressed by a large scale deployment of renewable 

energy sources. Often policy makers rely on insights gained from models which have been 

prominently used for a long time but may not be appropriate for the system or question at 

hand. This dissertation demonstrated the importance of spatial and temporal modelling when 

studying the integration of VREs into the energy systems. When planning future electricity 

systems with high shares of variable, renewable energy sources it is important to not only 

consider the spatial, temporal but also inter-annual variability of the weather in order to avoid 

costly or technically infeasible solutions. It is paramount for policy makers to ensure that they 

use conclusions from models which are the most suitable to answer the specific question. This 

may require funding the adaption of existing models or the development of new 

methodologies or models.  

The Kenyan case study indicates that understanding the spatial homogeneity in latent electricity 

demand is paramount when deciding on affordable electrification strategies. Modelling the 

spatial distribution of demand is equally important for policy makers when incentivizing the 

deployment of small scale renewable energy sources such as PV. The Austrian example shows 

that it is beneficial to incentivize the deployment of small scale renewable energy sources in 

areas where distribution system upgrades are minimized (e.g. on commercial or industrial 

buildings).  

Due to the spatial and temporal characterisation of weather spatial diversification of VREs 

through the optimal enhancement of the transmission system consistently reduces costs as was 

shown for Great Britain. The current policy system however offers little incentive for spatial 

diversification. Novel policy instruments and market designs are needed which take locational 

aspects into account and encourage building VRE in system optimal locations while at the 

same time incentivising the system optimal deployment of integration measures (e.g. premium 

based feed-in tariffs (J. Schmidt et al., 2013b)).  

Electricity storage, transmission grid extensions, and flexible generation are all important 

options for integrating VRE. However, the case study of Great Britain showed that by 2050 
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the deployment of electricity storage and transmission grid extensions is most consistent over 

the different weather years.  

For countries with low electrification rates as demonstrated for Kenya, off-grid decentralized 

supply options can make an important contribution to electrification in areas located far from 

the current electricity grid where demand and population density are low. Grid electricity is a 

choice mainly for districts located around the existing electricity grid with high per household 

demand and population density. 

It is important to not only consider technical but also social feasibilities. From the GB case 

study we see that when social support for a large scale transmission grid extension is weak, it is 

advisable to place VREs not in optimal locations but close to demand centres to reduce costs.  

9.6 Recommendations for further research 

Based on the research undertaken in this dissertation I am reflecting on the caveats and am 

drawing recommendations for further research. I define three areas for further research: 

demand side, supply side as well as on how to better integrate the modelling with the real 

world:  

9.6.1 Demand side 

On the demand side I am basing my research on the shape of today’s load curve. The 

electrification of other sectors such as heating, transport, and industry changes the total 

electricity demand but also the shape of the load profile. Modelling future changes in electricity 

demand spatially explicit would be a large improvement over using current load profile shapes.  

In this dissertation I am studying electricity storage, flexible generation, and transmission grid 

extensions as VRE integration options, but there is also a basket of demand side options. 

Possibilities for peak shaving, demand shedding, shifting and efficiency improvements depend 

on the composition of consumers, i.e. industrial demand shifting is more common as it is 

centralized and less dependent on behaviour of individuals. The uptake of demand side 

response in households is still very uncertain. Studying demand side response as an additional 

integration option in electricity system models such as highRES comparing different VRE 

integration options but also in sectoral models of PV consumption in single households allows 

us to determine their benefit and interaction with other VRE integration options.  

In the demand model for Kenya I only study household demand. Including other sectors such 

as education, health, commerce and industry would lead to more accurate results. Further, the 

approach for modelling latent demand is static. A dynamic assessment would allow modelling 

the influence of electricity access on demand. Once electricity is available, demand may 

increase over time due to additional economic growth. 
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9.6.2 Supply side 

On the supply side in order to better assess the inter-annual variability of supply I use 10 years 

of weather data. Using the full dataset of 30 years would help in designing VRE based power 

system which are even more robust to the variability of the weather.  

In all chapters (with the exception of chapter 6) I model individual countries. Modelling 

neighbouring countries and interconnections as additional flexibility options would allow 

taking advantage of larger balancing areas and thus higher possibilities of spatial and 

technological diversification.  

National power system or energy system models usually do not include a representation of the 

distribution grid. However, a large- scale roll out of distributed energy sources will lead to 

integration challenges in the distribution grid. The methods developed here could be used to 

parameterize the distribution grid in power and energy system models.  

Like other studies this dissertation includes a simplified supply side model for electrification 

planning. Satellite and Reanalysis data for VRE supply is available globally. Using the demand 

model in combination with a state-of the art electricity system model such as highRES used in 

the case study for Great Britain could greatly improve electrification planning.  

9.6.3 Integrating the “real” world into energy modelling 

Recently, several authors have been talking about the necessity of integrating the “real world” 

in energy research. Sovacool, (2014) criticises that little research is taking place in the “real 

world” and most studies are undertaken using computer models and not field research. 

Tollefson, (2015) raises the question whether any of these models accurately reflect technical 

and social challenges. Peters, (2016) talks about an urgent need to develop scenarios which are 

based on more realistic policy assumptions. There is the need to involve social scientists in 

power system studies, so as to conduct research to impact people’s lives and ultimately reach 

universal electricity access and mitigate climate change.  

With this dissertation I demonstrate that spatial and temporal modelling can help in integrating 

VREs into the electricity system. A model like highRES allows exploring social and 

environmental constraints on the deployment of VREs as well as integration options especially 

large scale transmission grid extension. As the model is spatially explicit, it is straight forward 

to exclude areas from development based on criteria of social and environmental acceptance 

(e.g. no wind development within sight of any dwelling, within national parks). These different 

environmental and social restrictions are usually developed by the researchers based on a 

literature review. However, as discussed in Zeyringer et al., (2016a) a model like highRES can 

also be used in a participatory research design. Including stakeholders and the general public in 

an iterative modelling process to decide on exclusion areas for VREs as well as VRE 

integration options would make the assumptions in the model more realistic. It would also 

allow the public to explore under what circumstances they may change their restrictions (e.g. 
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compensation, co- ownership, investment into conservation measures) and can be a useful tool 

for new policy design (see (Höltinger et al., 2016)).  

For electrification planning it is equally advisable to work together with the communities 

affected. Firstly, it would be of great benefit to survey usage patterns of connected households 

and better understand the medium-term development of electricity consumption after 

connection. Secondly, to conduct collaborative research with the communities which are yet to 

be connected and explore electrification options, their preferences as well as envisaged 

electricity use once connected. This would make the results more robust and useful for policy 

makers. 
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 Samenvatting  

Twee grote mondiale uitdagingen, het tegengaan van klimaatverandering en universele toegang 

tot elektriciteit, kunnen worden aangepakt door grootschalige inzet van hernieuwbare 

energiebronnen (Alstone et al., 2015). Ongeveer 60% van de uitstoot van broeikasgassen is een 

resultaat van de energieopwekking en 90% van de CO2-uitstoot wordt veroorzaakt door 

verbranding van fossiele brandstoffen (PBL Netherlands Environmental Assessment Agency 

et al., 2015). Elimineren van 80% van fossiele brandstoffen emissie zou de stijging van CO2 in 

de atmosfeer stoppen, maar atmosferische concentraties zou slechts langzaam afnemen met 

nog verdere reducties (NOAA 2015). Patronen van energiegebruik onder armen in de wereld 

zijn nagenoeg ongewijzigd gebleven in de afgelopen eeuw (Pachauri et al., 2013). In 2012 had 

1,1 miljard mensen (een vijfde van de wereldbevolking) geen toegang tot elektriciteit en 40% 

van de wereldbevolking gebruikt vaste brandstoffen voor het koken (Sustainable Energy for 

All, 2015). Het bereiken van vergelijkbare niveaus van de vraag als “super ontwikkelde” landen 

zonder de inzet van koolstofarme energiebronnen wereldwijd zou aanzienlijke 

klimaatveranderingen met zich meebrengen. (Diffenbaugh, 2013). 

De Overeenkomst van Parijs (United Nations Framework Convention on Climate Change, 

2015) heeft als doel “de stijging van de wereldwijde gemiddelde temperatuur ruim onder 2 °C 

te houden ten opzichte van het pre-industriële niveau en ernaar te blijven streven de stijging 

te beperken tot 1,5 °C, erkennende dat dit de risico's en de gevolgen van klimaatverandering 

aanzienlijk zou beperken” en wil “de piek van de uitstoot van broeikasgassen wereldwijd zo 

snel mogelijk bereiken”...”zodat in de tweede helft van deze eeuw, op basis van billijkheid en in 

de context van duurzame ontwikkeling en inspanningen armoede uit te bannen, een balans 

tussen antropogene emissies per bron en vermindering van broeikasgassen wordt bereikt”. De 

VN Sustainable Development Goal nummer zeven van de agenda 2030 voor duurzame 

ontwikkeling is gericht op het “zorgen voor toegang tot betaalbare, betrouwbare, duurzame en 

moderne energie voor iedereen” (United Nations, n.d.). 

De overkoepelende onderzoeksvraag van dit proefschrift is: 

Hoofdvraag: Hoe kunnen we toekomstige energiesystemen met variabele, hernieuwbare energiebronnen 

modelleren en wat zijn de resulterende inzichten om klimaatverandering tegen te gaan en universele toegang tot 

elektriciteit aan te pakken? 

De volgende deelvragen worden aangepakt door de verschillende studies en streven ernaar in 

combinatie de overkoepelende onderzoeksvraag te beantwoorden: 

Deelvraag 1: Wanneer en waarom moeten we rekening houden met ruimtelijke en temporele details in 

energie-modellen? 

Deelvraag 2: Hoe kunnen we ruimtelijke en/ of tijdelijke kenmerken van de vraag naar energie modelleren? 
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Deelvraag 3: Hoe kunnen we ruimtelijke en/ of tijdelijke kenmerken van variabele, hernieuwbare 

energiebronnen modelleren? 

Deelvraag 4: Hoe kunnen we langdurige energiepaden met variabele hernieuwbare energiebronnen 

modelleren? 

Deelvraag 5: Hoe kunnen we variabele hernieuwbare energiebronnen integreren in het elektriciteitssysteem? 

Deelvraag 1: Wanneer en waarom moeten we rekening houden met ruimtelijke en temporele details in 

energie-modellen? 

Het modelleren van elektriciteitssystemen met variabele hernieuwbare energiebronnen verschilt 

van conventionele elektriciteitssystemen betreffende de ruimtelijke en temporele schaal 

(hoofdstuk 7). Thermisch-gebaseerde elektriciteitssystemen kunnen inschakelen en uitschakelen 

naar behoefte en de locatiekeuze is flexibel, aangezien het transport en de opslag van brandstof 

relatief gemakkelijk en goedkoop is. Variabele hernieuwbare energiesystemen daarentegen 

worden gekenmerkt door de ruimtelijke en temporele variatie van de productie. Hoofdstuk 2 

verklaart waarom de verschillende onderdelen van het energiesysteem van een specifieke 

ruimtelijke en temporele resolutie vereisen. Hoge ruimtelijke en temporele gegevens zijn in het 

algemeen wenselijk bij de modellering van wind, fotovoltaïsche- en golfenergie omdat de totale 

productie en de productietijd afhankelijk zijn van de locatie. Het waterkracht potentieel is site-

specific. Pompcentrales kunnen elektriciteit opwekken wanneer de vraag hoog is en/ of de 

productie van andere energiebronnen laag is. De vraag naar elektriciteit vereist een hoge 

ruimtelijke en temporele resolutie als het varieert in de tijd en de ruimte en de opslag van 

elektriciteit is duur. Het modelleren van integratie opties vereist een hoge ruimtelijke en 

temporele resolutie (bijvoorbeeld uitbreiding van het netwerk, flexibele productie, 

elektriciteitsopslag vraagzijde maatregelen.). De ruimtelijke uitbreiding van het 

transmissiesysteem maakt de aansluiting van gebieden met een goede spreiding van middelen. 

Verder kunnen de weersomstandigheden op de ene locatie verschillen van de andere locatie. 

De toegang tot een groot gebied kan dus productie fluctuaties compenseren. Dit effect kan 

worden versterkt door de integratie van de diverse hernieuwbare technologieën die elkaar 

aanvullen door verschillende tijdruimtelijke productie profielen. Elektriciteitsopslag kan 

verplaatsen de stroom van tijden met hoge productie/ geringe vraag naar tijden med lage 

productie/ hoge vraag. Flexibele productie kan snel worden opgevoerd wanneer de variabele 

productie te laag is en/ of de vraag te groot is. 

Demand-side flexibiliteit opties zijn een andere integratie-optie en het potentieel is een functie 

van de locatie (bijvoorbeeld verschillende vraagprofielen van de industrie ten opzichte van 

huishoudens). 

Niet alleen de verschillende onderdelen van het energiesysteem hebben behoefte aan een 

specifieke ruimtelijke en temporele resolutie, het optimale detail is ook afhankelijk van de 

vraagstelling. In hoofdstuk 2 besprak ik als voorbeeld onderzoeksvragen die hoge ruimtelijke en 

temporele gegevens behoeven: wat is de vermindering van de kosten van het 
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elektriciteitssysteem als gevolg van de vraagzijde integratiemaatregelen voor systemen met een 

hoge percentage van variabele hernieuwbare technologieën? Wat is de maximale capaciteit van 

fotovoltaïsche energie, die kan worden geïntegreerd in het distributienet zonder upgrades? Wat 

zijn de kosteneffectieve, technisch robuust en ruimtelijk optimale implementatiestrategieën van 

hernieuwbare energie? 

De hoge kosten van de bouw van elektrische infrastructuur is een belangrijke belemmering 

voor een betere toegang tot elektriciteit voor landen met lage elektrificatie (hoofdstuk 3). 

Daarom zijn stand-alone systemen of microgrids een aantrekkelijke oplossing voor de 

elektrificatie in afgelegen gebieden. De lokaal beschikbare resource potentieel, de vraag naar 

elektriciteit en de bevolkingsdichtheid maken een specifiek elektrificatie mogelijkheid 

betaalbaar en kosteneffectief voor de lokale bevolking. Het bepalen van de goedkoopste optie, 

uitbreiding van het netwerk of de uitvoering van stand-alone systemen vereist ruimtelijk 

expliciete modellen. 

Deelvraag 2: Hoe kunnen we ruimtelijke en/ of tijdelijke kenmerken van de vraag naar energie modelleren? 

De keuze van de methode is afhankelijk van de aard van de vraag naar energie geanalyseerd, 

onderzoeksvraag en beschikbaarheid van gegevens. In hoofdstuk 2 concludeer ik, dat in het 

algemeen het modelleren van warmte, koeling en warm waterbehoefte een tussenstap 

temporele en hoge ruimtelijke resolutie vereist , terwijl het modelleren van e-mobiliteit en vraag 

naar elektriciteit een hoge ruimtelijke en temporele resolutie vereist. In dit proefschrift richt ik 

me op het modelleren van elektriciteitssystemen. 

Ruimtelijke en temporele gegevens van de vraag naar elektriciteit zijn vaak niet toegankelijk 

voor onderzoekers. Dus moeten we modellen ontwikkelen die de vraag naar elektriciteit 

kunnen simuleren. In de modellering van de vraag naar elektriciteit, beperkt de ruimtelijke en 

temporele beschikbaarheid van gegevens de keuze van het model. Dit proefschrift stelt 

verschillende methoden op basis van verschillende gegevensbronnen: 

Voor veel landen zijn er gestandaardiseerde elektriciteit belastingsprofielen per sector 

beschikbaar. In hoofdstuk 3, simuleer ik een ruimtelijk expliciete ladingsprofiel van de 

elektriciteitsvraag. Ik combineer ruimtelijke informatie over het aantal huishoudens en 

werknemers per sector met gestandaardiseerde belastingsprofielen voor huishoudens en 

commerciële gebruikers per sector. Gestandaardiseerde belastingsprofielen zijn niet geschikt 

voor het modelleren van de vraag naar een klein systeem, omdat ze niet de volatiliteit en de 

willekeur van het stroomverbruik van individuele consumenten vastleggen. Dus genereer ik 

stochastische belastingsprofielen voor deze systemen. Alternatief is, indien beschikbaar, in 

plaats van gestandaardiseerde belastingsprofielen te gebruiken, een verzameling van gemeten 

lastprofielen te gebruiken, wat ook voordeliger is. Hieruit kan men bootstrappen afhankelijk 

van de ruimtelijke compositie (Hoofdstuk 4). Wanneer ruimtelijk informatie over het aantal 

huishoudens, commerciële/ industriële units ontbreken kunnen we historische energiebehoefte 

tijdreeksen gebruiken. Als ruimtelijk informatie over het aantal huishoudens, commerciële/ 

industriële units niet beschikbaar is kunnen we historische elektriciteitsvraag tijdreeksen 
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gebruiken.Dit kunnen we ruimtelijk verdelen op basis van statistieken, zoals 

bevolkingsdichtheid of informatie van transmissienet operator (hoofdstuk 7). In landen met een 

lage elektrificatie kunnen huishoudens geen elektriciteit verbruiken, omdat de elektrische 

infrastructuur niet beschikbaar is. Daarom is de latente vraag die ruimtelijk heterogeen is, 

onbekend. In hoofdstuk 5 hebben we gebruik gemaakt van gedetailleerde micro gegevens uit een 

ruimtelijk enquête onder huishoudens. We ontwikkelden een exponentieel model om de latente 

vraag naar elektriciteit in Keniaanse huishoudens in te schatten. De resultaten verschillen van 

andere studies die niet de vraag modelleren, maar gemiddeld consumptiecategorieën gebruiken. 

Deelvraag 3: Hoe kunnen we ruimtelijke en/ of tijdelijke kenmerken van variabele, hernieuwbare 

energiebronnen modelleren? 

Het modelleren van de ruimtelijke en temporele kenmerken van de variabele hernieuwbare 

energie bestaat uit twee delen. Ten eerste moeten we ruimtelijk het capaciteitspotentiaal 

bepalen. Dat wil zeggen: hoeveel grond is beschikbaar voor het gebruik van een bepaalde 

technologie? Ten tweede moeten we ruimtelijk en temporeel het productiepotentieel 

modelleren. Dat wil zeggen: hoeveel stroom kunnen we op een bepaalde locatie per tijdstap en 

technologie genereren? 

(1) De bepaling van de potentiële capaciteit vereist een ruimtelijke resolutie: de open ruimte 

fotovoltaïsche energie en windenergie concurreren met andere vormen van ruimtegebruik. Om 

het capaciteitspotentiaal te bepalen, moeten we een literatuurstudie uitvoeren om te beslissen 

over uitgesloten gebieden. De beperkingen zijn afhankelijk van de nationale wetgeving, van 

andere vormen van grondgebruik en socio-politieke acceptatie van variabele hernieuwbare 

energietechnologieën. 

Fotovoltaïsche zonne-energie op het dak concurreert niet met andere vormen van 

landgebruik.. Meestal zijn gegevens over bruikbare dakdelen niet ruimtelijk expliciet 

beschikbaar. Er zijn verschillende opties voor benaderingen: (i) We kunnen ruimtelijk 

expliciete gegevens gebruiken van het type gebouw in combinatie met de gemiddelde capaciteit 

per soort dak (hoofdstuk 4). (ii) een ruimtelijke kaart bevat de oppervlakken van huishoudelijke, 

commerciële en industriële gebouwen. Dit kan worden gecombineerd met parameters uit de 

literatuur: de richting en helling van de dakvlakken en een verhouding van oppervlakte van het 

gebouw tot dakvlak (hoofdstuk 7). (iii) Het is mogelijk dat bepaalde ruimtelijke informatie 

beschikbaar is voor het gehele land (bijvoorbeeld vloeroppervlak, het totale aantal van 

gebouw), maar ruimtelijke gegevens voor fotovoltaïsche bruikbare dakvlakken slechts voor 

bepaalde delen van het land. Een regressie kan voor fotovoltaïsche beschikbare dakoppervlak 

van het hele land te voorspellen (hoofdstuk 6). 

(2) De bepaling van het productiepotentieel vereist ruimtelijke en temporele resolutie: 

State of the art mondiale klimaat reanalysis en satellietgegevens zorgen voor een brede, 

homogene ruimtelijke en temporele dekking. Voor de zonnestraling, het gebruik van 

satellietgegevens en voor de windsnelheid zijn reanalyse- data aan te raden. Het gebruik van 
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fysische modellen is nodig om de productie van elektriciteit te berekenen op basis van 

zonnestraling en windsnelheid. 

Het gebruik van meerdere weerjaren maakt het mogelijk systemen te ontwikkelen, die robuust 

voor de verscheidenheid van de weersomstandigheden zijn. 

Deelvraag 4: Hoe kunnen we langdurige energiepaden met variabele hernieuwbare energiebronnen 

modelleren? 

Energiemodelleerders moeten zich bewust zijn van de ruimtelijke en temporele variabiliteit van 

het systeem, dat ze modelleren. Energiesysteemmodellen hebben meestal lage temporele, 

ruimtelijke en operationele details. In hoofdstuk 6 geven we een overzicht van de theoretische 

implicatie van ruimtelijke en temporele aggregatie in energiesysteemmodellen. Er zijn 

verschillende benaderingen in de literatuur om langdurige paden met hernieuwbare 

energiebronnen te modelleren. De studies hebben niet de nodige ruimtelijke resolutie om 

rekening te houden met verschillen in de totale productie, de timing van de productie en de 

mogelijkheid om de keuze tussen integratie opties te modelleren. In dit proefschrift verbeteren 

twee studies de modellering van langdurige energiepaden met variabele hernieuwbare 

energiebronnen. In hoofdstuk 6, hebben we de ruimtelijke resolutie van het energiesysteem 

model JRC-EU TIMES verbeterd. We voerden 79 ruimtelijk verschillende winden en 5 

photovoltaic-technologieën uit voor het land Oostenrijk. De resultaten tonen aan dat een meer 

gedetailleerde ruimtelijke modellering kan leiden tot grote verschillen in de geproduceerde 

elektriciteit (tot 80% minder wind en 35% meer PV). Deze resultaten zijn bijzonder belangrijk 

voor systemen die een grote ruimtelijke variatie in de productie hebben. 

In hoofdstuk 7 koppelen we het energiesysteem model UKTM (UK TIMES model) aan de 

ruimtelijke en temporele elektriciteit model (highRES). De focus van highRES is een 

gedetailleerde afbeelding van variabele hernieuwbare energiebronnen. Dit omvat een GIS 

evaluatie om gebieden uit te sluiten. Dit kan om technische, milieu- of sociale redenen zijn. 

Voor de productie van hernieuwbare energie (on- en offshore windenergie en zonne-energie) 

gebruiken we hourly capaciteitsfactoren voor de periode 2001-2010 met een ruimtelijke 

resolutie van 35 km x 50 km. UKTM is een energie systeemmodel en beslist welke sectoren 

worden geëlektrificeerd (bijvoorbeeld industrie, transport, verwarming). We maken gebruik van 

de totale vraag naar elektriciteit, brandstofprijzen en de productiecapaciteit voor 2050 van 

UKTM als input in highRES. HighRES vindt de optimale locatie van productiecapaciteit en 

optimale capaciteit en locaties van de integratiemogelijkheden (transmissienetwerk extensie, 

flexibel generatie en opslag) voor 2050. 

Deelvraag 5: Hoe kunnen we variabele hernieuwbare energiebronnen integreren in het elektriciteitssysteem? 

In hoofdstuk 7 toonden we het belang van de ruimtelijke verspreiding van hernieuwbare 

energiebronnen aan met behulp van het hoge ruimtelijke en temporele resolutie 

elektriciteitssysteemmodel (highRES) en 10 jaar wind- en zonne-energiegegevens in een case 

study voor Groot-Brittannië voor 2050. Het verspreiden van hernieuwbare energiebronnen 

over een groot geografisch gebied maakt gebruik te maken dat de gelijktijdige 
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weersomstandigheden kunnen verschillen van de ene locatie naar de andere. De optimale 

uitbreiding van het elektriciteitsnet in vergelijking met de huidige capaciteit van het netwerk 

verminderde de kosten gemiddeld over de weerjaren met 12%. Zonne-energie wordt vooral 

gebruikt in het zuiden, waar de hoogste capaciteitfactoren zijn. Windenergie is verspreid in het 

land op plaatsen die een goede balans tussen hoge gemiddelde capaciteitsfactoren en een voor 

het elektriciteitssysteem gunstige timing van de productie. 

Opslag van elektriciteit, de uitbreiding van het transmissienetwerk en flexibele centrales zijn 

belangrijke opties voor de integratie van een groot percentage van hernieuwbare 

energietechnologieën. De totale geïnstalleerde capaciteit van opslag en hoogspanningslijnen 

was vergelijkbaar in de verschillende weerjaren, maar de totale capaciteit van de flexibele 

centrales varieerde sterk afhankelijk van het weerjaar. Het model plaatste flexibele productie en 

opslag rond de vraagcentra en niet dichtbij de geïnstalleerde capaciteit van hernieuwbare 

energietechnologieën, maar de exacte locatie is afhankelijk van het weerjaar. 

Voor een kosteneffectieve en technisch haalbaar inzet van hernieuwbare energietechnologieën 

is het belangrijk om veel weerjaren te gebruiken in de modellen. De precieze capaciteit per 

locatie is afhankelijk van het weerjaar en enkele jaren tonen sterke uitschieters (bijvoorbeeld 

zonne-energie in het noorden). De planning op basis van bepaalde jaren leidt tot een hoge niet 

nagekomen vraag in andere jaren. 

De succesvolle integratie van hernieuwbare technologieën is ook afhankelijk van de sociale 

acceptatie van hernieuwbare energie en integratie-opties. Als sociaal-politieke factorengrote 

transmissie-infrastructuur projecten hinderen, worden de kosten voor de plaatsing van 

duurzame technologieën op voor het systeem optimale locaties hoger. Als sociaal-politieke 

factoren grote transmissie-infrastructuur projecten hinderen, is het goedkoper om 

hernieuwbare technologieën in de buurt van de vraag te plaatsen in plaats van op 

systeemoptimale locaties. 

Dit proefschrift analyseert ook de integratie van gedistribueerde energie (bijvoorbeeld foto-

voltaische zonnecellen op het dak) in het distributienet. De plaatsing van gedistribueerde 

energie technologieën in netwerksegmenten, waar het productieprofiel het beste bij het 

vraagprofiel past, vermijdt dure distributiesysteem upgrades. Ik demonstreer de voordelen van 

de inzet van foto-voltaische zonnecellen op het dak in distributienet afdelingen met een hoog 

aandeel van commerciële consumenten. De studie van Kenia als een case studie voor 

elektrificatie toonde aan dat het voordelig is gedistribueerde PV-systemen te integreren in 

landelijke gebieden met een lage bevolkingsdichtheid en een lage vraag per huishouden. 

Hoofdvraag: Hoe kunnen we toekomstige energiesystemen met variabele, hernieuwbare energiebronnen 

modelleren en wat zijn de resulterende inzichten om het tegengaan van klimaatverandering en universele toegang 

tot elektriciteit aan te pakken?- Algemene Conclusies 

De hoofdstukken van dit proefschrift laten zien hoe belangrijk een geschikte ruimtelijke en 

temporele resolutie bij het modelleren van de integratie van variabele hernieuwbare energie in 
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het elektriciteitssysteem en van elektrificatie opties is. De ontwikkelde modellen en gegevens 

die worden gebruikt in dit proefschrift zijn divers in de technologieën, van de landen en de 

methode. Alle studies beschikken over de nodige ruimtelijke en temporele resolutie, die nodig 

is om de specifieke onderzoeksvraag te beantwoorden. 

Om de vraag naar elektriciteit, afhankelijk van de beschikbaarheid van gegevens te modelleren 

worden verschillende opties in het proefschrift voorgesteld: het gebruik van een enquête onder 

huishoudens maakt de voorspelling van latente vraag in niet-geëlektrificeerde huishoudens 

mogelijk. 

Een andere optie is de simulatie van de vraag met behulp van gestandaardiseerde 

belastingsprofielen of en een pool van gemeten lastprofielen in combinatie met ruimtelijk 

expliciete informatie over de consumenten. Bij de ontwikkeling van nationale modellen zijn 

gestandaardiseerde/ gemeten belastingsprofielen of informatie over de ruimtelijke 

samenstelling van de consumenten niet altijd beschikbaar. In dat geval is het gebruik van de 

nationale historische elektriciteitsvraag van netbeheerders aan te raden. Het is mogelijk om ze 

ruimtelijk te verdelen op basis van gegevens, zoals de bevolkingsdichtheid. 

Voor de modellering van hernieuwbare energieproductie gebruikt dit proefschrift 

satellietgegevens voor fotovoltaïsche zonne-energie en “reanalyse” gegevens voor windenergie 

in combinatie met fysieke modellen om de elektriciteitsproductie te berekenen. Het voordeel 

van satellietgegevens en reanalysegegevens is, dat ze wereldwijd vrij beschikbaar zijn op een 

regelmatige grid voor vele jaren. 

Technische modellen worden meestal gebruikt voor de elektrificatie planning. Deze 

vereenvoudigen de representatie van de vraag naar elektriciteit. In dit proefschrift ontwikkelde 

ik een ruimtelijk expliciete kostenoptimalisatie model dat beslist tussen stand-alone systemen 

en grid-extensie voor huishoudens zonder elektriciteit. In Kenia zijn stand-alone fotovoltaïsche 

zonne-energie systemen belangrijk voor de elektrificatie vooral in afgelegen gebieden, waar de 

vraag en bevolkingsdichtheid laag zijn. De resultaten laten zien dat het belangrijk is, om 

rekening te houden met regio-specifieke kenmerken in de elektrificatie planning. 

De integratie van gedistribueerde energievormen vereist het modelleren van plaatsspecifieke 

belastingsprofielen. Dit zal helpen bij het prioriteren van fotovoltaïsche zonne-energie in 

gebieden waar distributienetwerk upgrades worden geminimaliseerd. Dit zijn bijvoorbeeld 

gebieden met een hoog percentage van de commerciële consumenten. Dit voorkomt reverse 

belastingsstromen en deze maken distributiesysteem upgrades nodig. 

Meestal missen energiesysteem modellen de ruimtelijke en temporele resolutie die nodig is 

voor het modelleren van variabele, hernieuwbare energietechnologieën. Recente studies 

hebben de temporele resolutie en operationele representatie verbeterd. Dit proefschrift laat 

zien, dat de ruimtelijke desaggregatie van hernieuwbare energietechnologieën in energiesysteem 

modellen de resultaten verbetert. Dit is nog voordeliger voor landen met hogere ruimtelijke 

verschillen in wind- en zonne-energie zoals Oostenrijk. 
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De definitie van representatieve tijdstappen (gebruikt in energiesysteem modellen) is moeilijk 

voor de modellering van hernieuwbare energietechnologieën vanwege de tijdelijke en 

ruimtelijke diversiteit van de productie en de interactie met andere technologieën. Dit 

proefschrift toont aan, dat we lange termijn planning moeten combineren met een voorstelling 

van de ruimtelijke, temporele en binnen- jaarlijkse variabiliteit van variabele hernieuwbare 

energiebronnen.
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 Zusammenfassung  

Die zwei großen globalen Herausforderungen Klimaschutz und universeller 

Elektrizitätszugang können durch den großflächigen Einsatz erneuerbarer Energiequellen in 

Angriff genommen werden (Alstone et al., 2015). Rund 60% der Treibhausgasemissionen 

stammen von der Energieerzeugung und 90% der CO2-Emissionen werden durch die 

Verbrennung von fossilen Brennstoffen verursacht (PBL Netherlands Environmental 

Assessment Agency et al., 2015). Die Energieverbrauchsmuster in den ärmsten Ländern 

blieben im Laufe des letzten Jahrhunderts nahezu unverändert (Pachauri et al., 2013). Im Jahr 

2012 hatten 1,1 Milliarden Menschen (ein Fünftel der Weltbevölkerung) noch immer keinen 

Zugang zu Elektrizität (Sustainable Energy for All, 2015). Ohne des Einsatzes von CO2-armen 

Energiequellen würde das Erreichen einer vergleichbare Energienachfrage hochentwickelter 

Länder erhebliche globale Klimarisiken verursachen (Diffenbaugh, 2013).  

Das Pariser Übereinkommen (United Nations Framework Convention on Climate Change, 

2015) „zielt darauf ab... die weltweite Reaktion auf die Bedrohung durch Klimaänderungen im 

Zusammenhang mit nachhaltiger Entwicklung und den Bemühungen zur Beseitigung der 

Armut zu verstärken, indem unter anderem der Anstieg der durchschnittlichen Erdtemperatur 

deutlich unter 2 °C über dem vorindustriellen Niveau gehalten wird und Anstrengungen 

unternommen werden, um den Temperaturanstieg auf 1,5 °C über dem vorindustriellen 

Niveau zu begrenzen, da erkannt wurde, dass dies die Risiken und Auswirkungen der 

Klimaänderungen erheblich verringern würde“. Das Vereinte Nationen Nachhaltige 

Entwicklung Ziel Nummer sieben der 2030 Agenda for Sustainable Development zielt darauf 

ab, "den Zugang zu erschwinglicher, zuverlässiger, nachhaltiger und moderner Energie für alle 

zu gewährleisten" (United Nations, n.d.).  

Der Übergang zu Systemen mit hohen Anteilen an variablen, erneuerbaren Energiequellen 

erfordert das Studium unterschiedlicher räumlicher Maßstäbe und Zeitrahmen: Räumlich 

beinhaltet es wie man erneuerbare Energiequellen in das Verteilungsnetz, landesweite 

Stromsysteme und größere regionale Energiesysteme integriert. In Bezug auf den Zeitrahmen 

müssen wir untersuchen, wie wir variable, erneuerbare Energiequellen in das aktuelle System 

integrieren und wie wir in die mittel- und langfristige Zukunft übergehen können. Diese 

Dissertation hat das Ziel, verschiedene regionale Anwendungen (vom Verteilnetz zur 

nationalen und regionalen Modellierung) und Zeitrahmen (vom aktuellen System bis 2050) 

abzudecken, um die räumliche und zeitliche Auflösung zu untersuchen. Eine solche 

umfassende Einschätzung ermöglicht es, die Forschungsfragen aus unterschiedlichen 

Perspektiven zu beantworten. Die Dissertation kann deshalb Empfehlungen für Modellierer 

geben, die mit der großen Vielfalt der Modellierungsskalen in Bezug auf Raum und Zeitrahmen 

herausgefordert sind. 
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In dieser Dissertation entwickle ich sektorale Modelle, Strommodelle und verbessere die 

Darstellung von variablen, erneuerbaren Energietechnologien in Energiesystemmodellen, um 

die Lücken in der Literatur zu schließen und die folgenden Forschungsfragen zu beantworten: 

Die übergreifende Forschungsfrage dieser Dissertation lautet: Wie können wir zukünftige 

Energiesysteme mit variablen, erneuerbaren Energiequellen modellieren und was sind die daraus resultierenden 

Erkenntnisse um Klimaschutz- und universellen Stromzugang zu adressieren? 

Die folgenden Teilfragen werden in den verschiedenen Kapitel beantwortet und zielen in ihrer 

Kombination auf die übergreifende Forschungsfrage: 

Teilfrage 1: Wann und warum müssen wir räumliche und zeitliche Details in der Energiemodellierung 

berücksichtigen? 

Teilfrage 2: Wie können wir räumliche und/ oder zeitliche Merkmale der Nachfrage modellieren? 

Teilfrage 3: Wie können wir räumliche und/ oder zeitliche Merkmale der erneuerbaren Energieproduktion 

modellieren? 

Teilfrage 4: Wie können wir langfristige Energiepfade mit variablen, erneuerbaren Energietechnologien 

modellieren? 

Teilfrage 5: Wie können wir variable, erneuerbare Energietechnologien in ein Stromsystem integrieren? 

Teilfrage 1: Wann und warum müssen wir räumliche und zeitliche Details in der Energiemodellierung 

berücksichtigen? 

Die Modellierung von Elektrizitätssystemen mit hohen Anteilen an variablen, erneuerbaren 

Technologien (z.B.: Windenergie, Photovoltaik) unterscheidet sich von konventionellen 

Elektrizitätssystemen hinsichtlich der räumlichen und zeitlichen Skalierung (Kapitel 7). In 

thermisch-basierten Elektrizitätssystemen können die Kraftwerke nach Bedarf auf- und 

abfahren und die Standortwahl ist flexibel, da der Transport und die Lagerung von 

Kraftstoffen relativ einfach und günstig ist. Im Gegensatz dazu sind Systeme mit hohen 

Anteilen an variablen, erneuerbaren Technologien durch die räumliche und zeitliche 

Veränderung des Angebots gekennzeichnet. 

Kapitel 2 erklärt warum unterschiedliche Elemente des Energiesystems eine spezifische 

räumliche und zeitliche Auflösung erfordern. Hohe räumliche und zeitliche Details sind bei der 

Modellierung von Wind-, Photovoltaik- und Wellenenergie ratsam, da die Gesamtproduktion 

und der Zeitpunkt der Produktion ortsspezifisch sind. Das Wasserkraftpotential ist 

standortspezifisch. Pumpspeicher und Reservoirs können bei Bedarf Strom erzeugen wenn die 

Nachfrage hoch ist und/ oder die Produktion von anderen Energiequellen niedrig ist. Ein 

Modell müsste entweder diese Extremfälle abdecken oder eine hohe zeitliche Auflösung 

haben.  

Die Stromnachfrage erfordert eine hohe räumliche und zeitliche Auflösung, da es starke 

ortsspezifische und temporale Unterschiede gibt und die Speicherung von Strom teuer ist. 
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Darüber hinaus erfordert die Modellierung von Integrationsoptionen (z. B. Netzausbau, 

flexible Erzeugung, Elektrizitätsspeicherung, nachfrageseitige Maßnahmen) eine hohe 

räumliche und zeitliche Auflösung: Die räumliche Erweiterung des Übertragungssystems 

ermöglicht die Anbindung von Regionen mit einem guten Ressourcenangebot mit den 

Nachfragezentren. Weiters, unterscheiden sich die gleichzeitigen Wetterbedingungen von 

einem Ort zum nächsten. Der Zugang zu einer großen Region kann dadurch 

Produktionsschwankungen ausgleichen. Dieser Effekt kann durch die Integration einer 

Vielzahl von variablen, erneuerbaren Technologien die sich durch unterschiedliche räumlich-

zeitliche Produktionsprofile ergänzen, noch verbessert werden. Stromspeicher ermöglichen die 

Verschiebung der Versorgung von Zeiten mit hohem Angebot/ niedriger Nachfrage zu Zeiten 

der niedrigen Versorgung/ hohen Nachfrage. Flexible Erzeugung kann schnell hochgefahren 

werden, wenn die variable Energieversorgung der erneuerbaren Energieversorgung niedrig ist 

und/ oder die Nachfrage hoch ist. Nachfrageseitige Flexibilitätsoptionen wie Lastverlagerung 

oder Abwurf stellen eine weitere Integrationsoption dar und ihr Potenzial ist ortsabhängig (z. 

B. unterschiedliche Nachfrageprofile der Industrie im Vergleich zu Haushalten). Es brauchen 

nicht nur unterschiedliche Elemente des Energiesystems eine spezifische räumliche und 

zeitliche Auflösung, das optimale Detail hängt auch von der Forschungsfrage ab. In Kapitel 2 

habe ich exemplarische Forschungsfragen erörtert, die hohe räumliche und zeitliche Details 

erfordern: Was ist die Reduzierung der Stromsystemkosten aufgrund von nachfrageseitigen 

Integrationsmaßnahmen für Systeme mit hohen Anteilen an variablen, erneuerbaren 

Technologien? Wie hoch ist die maximale Kapazität von dezentralen Energieformen (z.B.: 

Photovoltaik), die ohne Ausbau des Stromverteilnetzes integriert werden können? Was sind die 

kostengünstigsten, technisch robusten und räumlich optimale Einsatzstrategien variabler 

erneuerbarer Energiequellen in Kombination mit Integrationsoptionen? 

Wie in Kapitel 3 erklärt sind für Länder mit niedrigen Elektrifizierungsraten die hohen Kosten 

für den Bau elektrischer Infrastruktur ein großes Hindernis für einen verbesserten Zugang. 

Deshalb stellen eigenständige Systeme oder Mikronetze eine attraktive Lösung in abgelegenen 

Gebieten dar. Das lokal verfügbare Ressourcenpotential, die Stromnachfrage und 

Bevölkerungsdichte machen eine spezifische Elektrifizierungsmöglichkeit leistbar und am 

kostengünstigen für die lokale Bevölkerung. Die Ermittlung der kostengünstigsten 

Versorgungsmöglichkeit erfordert räumlich explizite Modelle. 

Teilfrage 2: Wie können wir räumliche und/ oder zeitliche Merkmale der Nachfrage modellieren? 

Die Wahl der Methode hängt von der Art der Energienachfrage, der Forschungsfrage und der 

Datenverfügbarkeit ab. In Kapitel 2 kam ich zu dem Schluss, dass die Modellierung von 

Wärme-, Kälte- und Warmwasserbedarf im Allgemeinen eine mittlere zeitliche und hohe 

räumliche Auflösung erfordert, während die Modellierung von Elektromobilität und der 

Stromnachfrage auch eine hohe zeitliche Auflösung erfordert. In dieser Dissertation ist der 

Fokus auf der Modellierung von Elektrizitätssystemen. 

Räumlich und zeitlich explizite Stromnachfragedaten sind oft für Forscher unzugänglich. So 

müssen wir Modelle entwickeln, um die Stromnachfrage zu simulieren. Bei der Modellierung 
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des Strombedarfs begrenzt die räumlich-zeitliche Datenverfügbarkeit die Modellwahl. Diese 

Dissertation schlägt verschiedene Methoden vor, die auf unterschiedlichen Datenquellen 

basieren: (i) Für viele Länder existieren standardisierte Stromlastprofile per Sektor. In Kapitel 3 

simulierte ich räumlich explizite Stromnachfragelastprofile. Ich kombinierte räumliche 

Informationen über die Anzahl der Haushalte und Mitarbeiter pro Sektor mit standardisierten 

Lastprofilen für Haushalte und gewerbliche Verbraucher pro Sektor. Standardisierte 

Lastprofile eignen sich nicht für die Modellierung der Nachfrage eines kleinen Systems, da sie 

nicht die Volatilität und Zufälligkeit des Stromverbrauchs der einzelnen Verbraucher erfassen. 

So erzeugte ich für diese Systeme stochastische Lastprofile. Die Validierung zeigte, dass das 

Modell die Darstellung der historisch gemessenen Lastprofile mit ausreichender Genauigkeit 

ermöglicht. (ii) Alternativ, falls vorhanden, ist es vorteilhaft anstelle der Verwendung von 

standardisierten Lastprofilen, einen Pool von gemessenen Lastprofilen zu verwenden, von 

denen je nach der räumlichen Zusammensetzung gebootstrappt werden kann (Kapitel 4). (iii) 

Wenn räumlich explizite Informationen über die Anzahl der Haushalte, gewerbliche/ 

industrielle Einheiten fehlen, können wir historische Stromnachfragezeitreihen verwenden, wie 

sie üblicherweise von Netzbetreibern bereitgestellt werden. Diese können wir anhand von 

Metriken wie der Bevölkerungsdichte räumlich verteilen (Kapitel 7). Diese Methode 

berücksichtigt jedoch keine räumlichen Unterschiede in der sektoralen 

Nachfragezusammensetzung (z.B.: Industrie- und Wohngebiete). 

In Ländern mit niedrigen Elektrifizierungsraten können die Haushalte aufgrund der 

Nichtverfügbarkeit der elektrischen Infrastruktur nicht auf Elektrizität zugreifen, sodass ihre 

latente Nachfrage, die räumlich heterogen ist, unbekannt ist. In Kapitel 5 nutzten wir detaillierte 

Mikrodaten aus einer Haushaltsbudgetumfrage und entwickelten ein exponentielles Modell zur 

Schätzung des latenten Strombedarfs in kenianischen Haushalten. Da ein normales OLS 

Regressionsmodell zu negativen Werten führen kann, verwendeten wir ein exponentielles 

Modell. Die Umfrage gaben den Standort jedes Haushaltes pro Bezirk an und so führten die 

Projektionen zu einer Bezirksnachfrage. Die Nachfrageergebnisse unterschieden sich von 

anderen Studien, die die Nachfrage nicht (räumlich) modellieren, sondern die 

durchschnittlichen Verbrauchskategorien entweder abhängig vom Haushalt (z. B. ländlich, 

städtisch) oder Einkommen verwendeten. 

Teilfrage 3: Wie können wir räumlich und/ oder zeitlich die erneuerbare Energieproduktion modellieren? 

Die räumliche und zeitliche Modellierung der variablen, erneuerbaren Energieversorgung 

besteht aus zwei Teilen: (1) Erstens müssen wir räumlich das Kapazitätspotential bestimmen, 

d. H. Wie viel Land steht für den Einsatz einer bestimmten Technologie zur Verfügung? (2) 

Zweitens müssen wir räumlich und zeitlich das Erzeugungspotential modellieren, d. H. Wie 

viel Leistung können wir pro Zeitschritt und Technologie an einem bestimmten Ort erzeugen? 

(1) Die Ermittlung des Kapazitätspotentials erfordert eine räumliche Auflösung: Die 

Freiflächenphotovoltaikanlagen und Windenergie konkurrieren mit anderen Formen der 

Landnutzung. Um das Kapazitätspotential zu ermitteln, hilft eine Literaturrecherche um 

Bereiche von der erneuerbaren Energietechnologieimplementierung auszuschließen. Die 
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Beschränkungen hängen von der nationalen Gesetzgebung, anderen Landnutzungen und 

gesellschaftspolitischer Akzeptanz der erneuerbaren Technologien ab.  

Dachphotovoltaik konkurriert nicht mit anderen Formen der Landnutzung. In der Regel sind 

Daten für die für Photovoltaik nutzbaren Dachflächen nicht räumlich explizit verfügbar. Es 

gibt verschiedene Möglichkeiten für Annäherungen: (i) Wir können räumlich explizite Daten 

über den Gebäudetyp in Kombination mit der durchschnittlichen Dachkapazität je Typ (Kapitel 

4) verwenden. (ii) Eine Landnutzungskarte enthält die Gebäudeflächen für Haus-, Gewerbe- 

und Industriebauten. Diese können mit Parametern aus der Literatur kombiniert werden (z.B.: 

Proportionen von Dachflächen je Himmelsrichtung, den Anteil der flachen Dachflächen, 

Verhältnis von Gebäudefußabdruck zu Dachfläche) um die Dachfläche zu berechnen (Kapitel 

7). (iii) Es kann vorkommen, dass für den zu modellierenden Bereich (z. B. Region, ganzes 

Land) räumliche Informationen wie die Gebäudenutzfläche und die Gesamtzahl der Gebäude 

zur Verfügung stehen, aber räumliche Informationen zum für Photovoltaik nutzbaren 

Dachbereich nur für Teilgebiete vorhanden sind. In diesem Fall kann eine lineare Regression 

die Verteilung der verfügbaren Dachflächen für das ganze Land vorhersagen (Kapitel 6).  

(2) Die Ermittlung des Erzeugungspotentials erfordert räumliche und zeitliche Auflösung: Es 

gibt unterschiedliche Datenquellen für die variable, erneuerbare Energieerzeugung: Bestehende 

Zeitreihen für erneuerbare Energien können nur begrenzt genutzt werden können, weil sie oft 

zu kurz und für Standorte ohne aktuelle Installationen nicht verfügbar sind (Kapitel 7). 

Wetterstationsdaten haben meist keine einheitliche räumliche Abdeckung und 

Datenqualitätsproblemen. Neueste globale Klima-Reanalyse und satellitengestützte Daten 

bieten eine angemessene Balance zwischen zeitlicher und räumlicher Auflösung. 

Für die Sonneneinstrahlung ist die Verwendung von Satellitendaten ratsam. Diese sind über 

viele Jahre mit hoher räumlicher und zeitlicher Auflösung (Kapitel 3, 6, 7) verfügbar. Die 

Verwendung eines physikalischen Modells ist erforderlich, um die Stromerzeugung aus der 

Sonneneinstrahlung zu berechnen. Für die Erzeugung von Windproduktion ist es möglich 

Reanalyse-Daten zu verwenden. Diese beinhalten modellierte Daten mit hoher räumlicher und 

zeitlicher Auflösung für eine Reihe von Klimavariablen für viele Jahre (Kapitel 7). Dies macht 

Modelle erforderlich, um die Klimavariablen (z. B. Windgeschwindigkeit) in die 

Windproduktion umzuwandeln.  

Die Verwendung mehrerer Wetterjahre in der Modellierung erlaubt es Systeme zu entwickeln, 

die für die Vielfalt des Wetters robust sind.  

Teilfrage 4: Wie können wir langfristige Energiewege mit variablen, erneuerbare Energietechnologien 

modellieren? 

Energiemodellierer sollten sich der räumlichen und zeitlichen Variabilität des Systems bewusst 

sein, das sie modellieren. Energiesystemmodelle haben meist geringe zeitliche, räumliche und 

operative Details. Kapitel 6 gab einen Überblick über die theoretische Implikation von Raum- 

und Zeitaggregation in langzeitlichen Energiesystemmodellen. Es gibt verschiedene Ansätze in 

der Literatur, um langzeitige Pfade mit variablen, erneuerbaren Energietechnologien zu 

modellieren: Diesen fehlt jedoch die räumliche Auflösung um Unterschiede in der 
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Gesamtproduktion und dem Zeitpunkt der Produktion zu berücksichtigen und die Wahl 

zwischen den Integrationsoptionen insbesondere der Netzerweiterung zu modellieren. In 

dieser Dissertation verbesserten zwei Studien die Modellierung von langfristigen 

Energiepfaden mit hohen Anteilen an variablen, erneuerbaren Energietechnologien: 

In Kapitel 6 verbesserten wir die räumliche Auflösung des Energiesystemmodells JRC-EU-

TIMES. Die Ergebnisse zeigten, dass eine genauere räumliche Modellierung zu erheblichen 

Unterschieden in der erzeugten Strommenge (bis zu 80% weniger Wind und 35% mehr 

Photovoltaik) führen kann. Diese Resultate sind besonders wichtig für Systeme, die eine große 

räumliche Variabilität in der Produktion aufweisen.  

In Kapitel 7 koppelten wir das Energiesystemmodell UKTM (UK TIMES Modell) an das hoch 

räumliche und zeitliche aufgelöste Elektrizitätsmodell (highRES). Der Kernfokus von highRES 

ist eine detaillierte Darstellung von variablen, erneuerbaren Energietechnologien. Zuerst 

schlossen wir aus technischen, ökologischen und sozialen Gründen Bereiche mittels 

Geoinformationssystemen vom Ausbau aus. Für die Energieproduktion verwendeten wir 

stündliche Kapazitätsfaktoren für On- und Offshore-Wind und Photovoltaik für 2001-2010 

mit einer räumlichen Auflösung von 35km x 50km. UKTM als Energiesystemmodel 

entscheidet welche Sektoren elektrifiziert werden und setzt deshalb die Stromsystemgrenzen 

für 2050 fest: Wir verwendeten den gesamten Strombedarf, die Treibstoffpreise und die 

Erzeugungskapazitäten von UKTM als Input in highRES. HighRES fand den optimalen 

Standort für Generationskapazitäten sowie die optimalen Kapazitäten und Standorte der 

Integrationsoptionen (Übertragungsnetzverlängerung, flexible Erzeugung und 

Stromspeicherung) für das Jahr 2050. 

Teilfrage 5: Wie können wir variablen, erneuerbare Energietechnologien in ein Stromsystem integrieren? 

In Kapitel 7 zeigten wir mit dem räumlich und zeitlich aufgelösten Elektrizitätsmodell 

highRES und 10 Jahren Wind- und Solardaten in einer Fallstudie für Großbritannien die 

Bedeutung der räumlichen Diversifizierung für die Integration erneuerbarer Energiequellen. 

Die Verteilung der erneuerbaren Energietechnologien über eine große geografische Fläche 

ermöglicht es, von gleichzeitig unterschiedlichen räumlichen Wetterbedingungen zu 

profitieren. Der optimale Ausbau des Übertragungsnetzes gegenüber der Nutzung der heutigen 

Netzkapazitäten verringerte die Kosten im Durchschnitt über die Wetterjahre um 12%. 

Solarenergie wurde vor allem im Süden eingesetzt, wo die höchsten Kapazitätsfaktoren liegen. 

Windenergie wurde im Land verteilt an Standorten die eine gute Balance zwischen hohen 

durchschnittlichen Kapazitätsfaktoren und für das Stromsystem vorteilhaften 

Produktionsprofilen aufweisen. 

Elektrizitätsspeicher, Übertragungsnetzerweiterung und der Einsatz flexibler Erzeugung sind 

wichtige Maßnahmen bei der Integration hoher Anteile an erneuerbaren Energietechnologien. 

Die installierte Speicherkapazität und Erweiterung des Übertragungsnetzes waren in der Regel 

robust gegenüber dem gewählten Wetterjahr, aber die flexible Generation schwankte stark. Das 

Modell platzierte die flexible Erzeugung und Speicher vor allem um die Nachfragezentren und 

nicht in der Nähe der installierten Kapazität der erneuerbaren Energietechnologien. Die 

genaue Lage der Integrationsoptionen war abhängig vom Wetterjahr. 
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Für einen kostengünstigen und technisch realisierbaren Einsatz von erneuerbaren Energien in 

Kombination mit Integrationsoptionen ist die Systemmodellierung mit vielen Wetterjahren 

wichtig. Nicht nur hängt die genaue installierte Kapazität pro Standort vom Wetterjahr ab, 

sondern es zeigen auch einige Jahre starke Ausreißer. Wir konnten auch sehen, dass die 

Planung basierend auf bestimmten Wetterjahren zu einer hohen ungedeckten Nachfrage in 

anderen Jahren führen würde. 

Darüber hinaus hängt die erfolgreiche Integration von variablen, erneuerbaren 

Energietechnologien in das Elektrizitätssystem nicht nur von technischen Möglichkeiten, 

sondern auch von der sozialen Akzeptanz ab. Diese Dissertation zeigte, dass, wenn 

sozialpolitische Faktoren große Übertragungsinfrastrukturprojekte behindern, die Platzierung 

von erneuerbaren Energietechnologien in systemoptimalen Standorten die Kosten erhöht. Es 

ist dann vorteilhaft die erneuerbaren Energien in der Nähe der Nachfrage zu installieren.  

Diese Dissertation untersuchte auch die Integration von dezentraler Stromversorgung (z.B.: 

Dachphotovoltaik) in das Verteilnetz. Die Verteilung von dezentralen Energietechnologien in 

Netzabschnitten, deren Produktionsprofile am besten mit Nachfrageprofilen übereinstimmen, 

hilft teure Systemverbesserungen zu vermeiden. In Kapitel 4 zeigte ich die Vorteile des Ausbaus 

von Dachflächenphotovoltaik in Abschnitten mit einem hohen Anteil an kommerziellen 

Verbrauchern.  

Das Studium von Kenia als Fallstudie zeigte, dass es für die Elektrifizierung vorteilhaft ist, 

eigenständige Photovoltaikanlagen in ländlichen Gebieten mit geringer Bevölkerungsdichte 

und niedriger per Haushaltnachfrage zu integrieren. 

Übergreifende Forschungsfrage: Wie können wir zukünftige Energiesysteme mit variablen, 

erneuerbaren Energiequellen modellieren und was sind die resultierenden Erkenntnisse um Klimaschutz- und 

universellen Stromzugang zu adressieren? - Allgemeine Schlussfolgerungen  

Die Kapitel dieser Dissertation zeigten die Wichtigkeit einer angemessenen räumlichen und 

zeitlichen Auflösung bei der Modellierung der Integration von variablen, erneuerbaren 

Energiequellen in das Elektrizitätssystem sowie bei der Entscheidung über kostengünstige 

Elektrifizierungsmöglichkeiten. Die in dieser Dissertation entwickelten Modelle und Daten, 

sind vielfältig in den Technologien, dem Länderfokus- und der Methode. Alle Studien haben 

die erforderliche räumliche und zeitliche Auflösung gemeinsam um die spezifische 

Forschungsfrage zu beantworten.  

Um die Stromnachfrage in Abhängigkeit von der Datenverfügbarkeit zu modellieren, wurden 

in der Dissertation verschiedene Optionen vorgeschlagen: (i) Die Verwendung einer 

Haushaltsumfrage ermöglicht die Vorhersage der latenten Nachfrage in nicht elektrifizierten 

Haushalten. (ii) Eine weitere Option ist die Simulation der Nachfrage mit standardisierten 

Lastprofilen in Kombination mit räumlich expliziten Informationen über die Verbraucher. (iii) 

Da gemessene Lastprofile zunehmend verfügbar sind, können wir diese nutzen um 

standardisierte Lastprofile zu ersetzen. Mittels Bootstrapping-Methode ziehen wir zufällig aus 

dem Pool von gemessenen Lastprofilen in Abhängigkeit von der lokalen Zusammensetzung 
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der Verbraucher. (iv) Bei der Entwicklung nationaler Modelle sind standardisierte/ gemessene 

Lastprofile oder Informationen über die räumliche Zusammensetzung der Konsumenten nicht 

immer verfügbar. Vor allem Lastprofile für Handel und Industrie sind selten. In diesem Fall ist 

die Verwendung nationaler Stromnachfragedaten von Netzbetreibern ratsam. Diese können 

räumlich aufgrund von Daten wie der Bevölkerungsdichte verteilt werden.  

Für die Angebotsseite schlägt diese Dissertation vor, Satellitendaten für Solarenergie und 

Reanalyse-Daten für Windenergie in Kombination mit physikalischen Modellen zur 

Berechnung der Stromproduktion zu verwenden. Der Vorteil von Satelliten- und Reanalyse-

Daten liegt darin, dass sie für Jahrzehnte weltweit auf einem regelmäßigen Netz verfügbar sind. 

Modelle für die Elektrifizierungsplanung verwenden in der Regel einen technischen Ansatz, 

der räumlich das Angebot mit der Nachfrage verbindet und die Stromnachfrage stark 

vereinfacht darstellt. Diese Dissertation zeigte, dass es bei der Entwicklung von Modellen zur 

Elektrifizierungsplanung erforderlich ist die Heterogenität der latenten Nachfrage zu 

berücksichtigen. In dieser Dissertation entwickelte ich ein räumlich explizites 

Kostenoptimierungsmodell. Dieses entscheidete zwischen eigenständigen Systemen und 

Netzausweitung zur Elektrifizierung. Für Kenia können eigenständige Photovoltaikanlagen 

einen wichtigen Beitrag zur Elektrifizierung, vor allem in abgelegenen Gebieten, in denen die 

Nachfrage und die Bevölkerungsdichte gering sind leisten. Heute und sogar in naher Zukunft 

ist Netzstrom nur eine Wahl für Regionen, die sich um das bestehende Stromnetz befinden 

und eine hohe pro Haushalt Nachfrage und Bevölkerungsdichte aufweisen. Die Ergebnisse 

zeigten, dass es wichtig ist regionsspezifische Merkmale in der Elektrifizierungsplanung zu 

berücksichtigen.  

Die Integration von dezentralen Energieformen, wie z. B. Dachflächenphotovoltaik, erfordert 

die Modellierung von ortsspezifischen Lastprofilen. Dies hilft bei der Priorisierung von 

Photovoltaik in Gebieten, in denen Verteilnetzverbesserungen minimiert werden. Dies können 

Bereiche mit einem hohen Anteil an betrieblichen Verbrauchern sein. Betriebe verbrauchen 

generell Strom, wenn die Photovoltaikproduktion hoch ist. Das hilft umgekehrte Lastströme 

zu vermeiden, die Frequenz-, Spannungs- und Leistungsqualitätsprobleme verursachen und in 

Folge Verteilsysteminvestitionen erforderlich machen. 

Energiesystemmodellen fehlen in der Regel die räumlichen und zeitlichen Details, die für die 

Modellierung von variablen, erneuerbaren Energietechnologien erforderlich sind. Jüngste 

Studien haben die zeitliche Auflösung und operative Repräsentation in Energiesystemmodellen 

verbessert. Diese Dissertation zeigte, dass die räumliche Disaggregierung von erneuerbaren 

Energietechnologien in Energiesystemmodellen zu einer unterschiedlichen Stromproduktion in 

den Ergebnissen führt. Die räumliche Disaggregierung ist somit vorteilhaft, umso mehr für 

Länder mit höheren räumlichen Unterschieden in der Wind- und Solarproduktion als 

Österreich. 

Die Definition von repräsentativen Zeitschritten, die in Energiesystemmodellen verwendet 

werden, ist für die Modellierung von erneuerbaren Energien aufgrund der zeitlichen und 
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räumlichen Vielfalt der Produktion und ihrer Interaktion mit anderen Technologien schwierig. 

Wir müssen deshalb die langfristige Planung mit einer Darstellung der räumlichen und 

zeitlichen einschließlich der interjährlichen Variabilität kombinieren. In dieser Dissertation 

koppelte ich deshalb ein Energiesystemmodell mit einem hoch räumlich und zeitlich 

aufgelösten Strommodel.
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