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Abstract 

The electrification of transport sector has been named as one of the key measures 

to mitigate the global CO2 emissions. Due to the local energy mix, Iceland has a 

lot of potential to effectively reduce CO2 emissions by further increasing the share 

of electric vehicles (EV) in their fleet. To incentivize the increased rollout, finan-

cial incentives for individual car owners need to be created. The idea is to capitalize 

on the fact that small vehicles are rarely moving more than 30 minutes per day. 

Through vehicle-to-grid (V2G) technology, the storage capacities of the EVs could 

be on the Icelandic balancing market for balancing when the vehicles are not in 

use. 

This research sets out to determine if it is possible for a fleet of EVs to be able to 

compete in the Icelandic balancing market. In order to compete, the vehicles have 

to be pooled and managed as single acting entity through an aggregator. All vehi-

cles pooled by the aggregator are acting as a Virtual Power Plant (VPP). 

To determine the viability of the idea, this research ran an agent based simulation, 

modelling the mobility behavior and balancing market using Icelandic data. The 

results show that a VPP of EV batteries can in fact participate successfully in the 

balancing market. Both participating vehicle owners and the VPP operator can ac-

cumulate profits – to what extent is however highly dependent on inter alia battery 

costs, the electricity retail price, and the minimum bid size for participation in the 

balancing market. 

 

Keywords: Electric Vehicles, Virtual Power Plants, Vehicle-to-Grid, Balancing 

Market, Agent Based Simulation 
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Mat á notkun rafknúinna farartækja sem sýndarorkuver á 

íslenskum raforku markaði 
 

Fritz Steingrube 

 

Júní 2017 

 
Útdráttur 

Rafvæðing farartækja er sögð ein af lykilaðgerðum til þess að draga úr hnattrænum 

útblæstri CO2. Á Íslandi er raforka framleidd með lágu hlutfalli af CO2 sem bíður 

uppá óvenju mikla möguleika í minnkun á útblæstri CO2 samhliða því að auka 

hlutfall rafknúinna farartækja (RF). Til að hvetja til aukinnar notkunar þarf að búa 

til fjárhagslega hvata fyrir einstaklinga. Hugmyndin er að nýta sér þá staðreynd að 

lítil farartæki eru sjaldan á ferð lengur enn 30 mínútur á dag. Með tækni sem tengir 

RF við dreifikerfi er hægt að nýta geymslurýmd RF á raforkumarkaði þegar 

farartækið er ekki í notkun.   

Þessi rannsókn reynir að ákvarða hvort möguleiki sé að floti af RF geti keppt á 

íslenskum raforkumarkaði. Til þess að geta verið þáttakandi á markaði þarf að 

safna og stýra nýtingu farartækjanna sem einu safni. Öll farartæki í safninu yrðu 

nýtt sem sýndarorkuver (SOV).  

Til að meta vænleika hugmyndarinnar var framkvæmd eininga hermun sem hermdi 

notkunarmynstur farartækja og raforkumarkað byggt á íslenskum gögnum. 

Niðurstöður rannsóknarinnar sýna að SOV byggt á rafhlöðum rafknúinna 

farartækja getur í raun verið virkur þáttakandi á raforku markaði. Bæði eigendur 

farartækjana og rekstraraðili SOV geta hagnast – hversu mikill hagnaðurinn er 

veltur þó á rafhlöðu kostnaði, smásölu verði á raforku og lágmarks stærð tilboðs 

inn á markaðinn. 

 

Lykilorð: Rafknúin Farartæki, Sýndarorkuver, Farartæki við Dreifikerfi, Raforku 

markaður, Eininga Hermun 
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Introduction 

 Background 

The year 2015 has been given many different names by the media, among them also 

2015: The year that electric vehicles went mainstream (IEA, 2016a). The International En-

ergy Authority (IEA), an OECD organization, chose the title for their press-release announc-

ing their 2016 Global EV outlook. It is not an unwarranted title – 2015 and 2016 saw an 

unprecedented boom in the electro mobility sector. In 2015, global electric vehicles (EV) 

numbers crossed the one-million-unit threshold (IEA, 2016c, p. 4). Compared to 2014, a stag-

gering 70 percent increase of EV registrations was seen globally in 2015 (IEA, 2016c, p. 10). 

Market shares of EVs in some OECD countries rose more than one percent, and in Norway 

now accumulate to 23 percent and 10 percent in the Netherlands (IEA, 2016c, p. 5). In terms 

of specific vehicle manufacturers, among others, the Nissan Leaf, the entire Tesla line-up, or 

the Chevrolet Bolt have had enormous success. Tesla’s Model S dominated the U.S. luxury 

sedan market in the third quarter of 2016 for example, accounting for almost a third of all 

sold luxury sedans (Randall, 2016a). 

Increased roll-out of vehicles using electric drive technologies has often been named 

as one of a set of recommended measures to achieve an effective reduction of CO2 emissions. 

Many national, regional and local governments have therefore either considered the adoption 

of, or already developed a strategy and subsequent policies on how to facilitate the increased 

deployment of EVs. On an international level for example, the European Union has named 

the decarbonization of the transport sector to be one of many key contributors for achieving 

the CO2 emission reduction targets. The Directive 2014/94/EU of 22 October 2014, is aimed 

at establishing “a common framework of measures for the deployment of alternative fuels 

infrastructure in the Union in order to minimize dependence on oil and to mitigate the envi-

ronmental impact of transport” (European Union, 2014, p. 9). This directive is not exclusively 

addressing EVs, but also includes hydrogen, biofuels and liquefied natural gas among others.  

Norway on the other hand has been a pioneer in promoting EVs, which manifests itself 

in the previously quoted figure showing that almost a quarter of all vehicles in Norway are 

now electric. From 1990 onwards, the Norwegian policy has provided ample incentives for 

purchasing electric vehicles through inter alia tax exemptions, exclusive parking rights, and 

increased focus on charging infrastructure build up (Frydenlund, 2016). On a subnational 

level in the United States, California has been a frontrunner of promoting renewable energies 

and pursuing emission reduction from the transport sector. In 2013, the state government 

released an Action Plan on promotion of zero-emission vehicles, which is largely focused on 

the transformation of fleets, expanding consumer awareness and developing the necessary 

support infrastructure. 1.5 million zero-emission vehicles on Californian roadways has been 

put forth as goal by Governor’s Office (Governor's Interagency Working Group on Zero-
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emission Vehicles, 2013). 

In the summer of 2016, the City of Reykjavik announced their action plan for achiev-

ing carbon neutrality by 2040. The Icelandic capital’s administration states that their ex-

pressed aim is to cooperate with the local utility company on further provision of support for 

electricity powered modes of transport (City of Reykjavik, 2016).  

The benefits of increased electrification of individual road transportation means are 

manifold. Most obvious is the decreased reliance on hydrocarbon based fuels for transporta-

tion. Generally, the perception of EVs being cleaner and quieter than combustion propelled 

vehicles persists, as a survey conducted by Zachary Shahan (2015) found. The vehicles’ 

greater torque and instant acceleration have also been named as positive factors. On the other 

hand, there are a few concerns about the EV technology. Their range, i.e. the maximum travel 

distance without recharging the battery, when compared to an internal combustion engine, 

limited availability of charging points, recharging time and up-front costs have been named 

as main concerns of customers (Shahan, 2015; Sovacool & Hirsh, 2009).  

These concerns result in a widespread predominantly negative public perception of 

electric vehicles and thus currently pose a considerable barrier to the success of electric ve-

hicles in the market. To achieve the policy goals and more broadly, significantly decrease the 

carbon-footprint of road transport, more effort in promotion of electromobility ought to be 

made. The conversation about perceived disadvantages of electric vehicles over convention-

ally powered ones is predominantly centered around the consumers’ relatively narrow per-

spective. In a wider context, electric vehicles have several advantages that are yet to be fully 

utilized.  

Most prevalent probably is the enormous potential of the decarbonization of the 

transport sector. It is important to note, that the actual impact of EVs on the carbon emissions 

largely depends on the local energy mix (EEA, 2016a, 2016b). Since batteries are charged 

using electricity, the fuel used for the electricity generation becomes pivotal to the associated 

CO2 savings. Migrating the CO2 emission from the transport sector into the energy sector by 

supplying the additional load through for example coal fired power generation may even have 

overall detrimental effects on the overall CO2 balance. Could the electricity be supplied using 

renewable energies on the other hand, the opposite can be expected.  

However, since in the energy sector, the transition from hydrocarbons-fuel based tech-

nologies to cleaner, more sustainable energy technologies is in full swing. In October 2016, 

it was reported that new renewable energy capacity installed in 2015 has accounted for more 

than half of the total installed capacity globally, while costs of the technologies dropped sig-

nificantly (Vaughn, 2016). This trend is expected to continue for the future (IEA, 2016c), 

which is of vital importance in order to achieve the overarching target of limiting the global 

temperature increase (Brown, 2015). Especially solar and wind technologies have experi-

enced significant growth in the past (Brown, 2015; IEA, 2016c; Whiteman, Esparrago, Rinke, 

& Arkhipova, 2016). 

A challenge that is posed by large scale implementation of technologies such as wind 

and solar power is the increased uncertainty due to intermittency of generation. Decentralized 

intermittent generation fed into the grid increases the need for more active grid management 
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by the transmission system operators (TSO). Through the decreased predictability of electric-

ity generation, the complexity of matching generation and consumption to maintain a stable 

frequency has increased. Mitigation of this can occur through the development of more flex-

ible grids and technologies capable of real time communication to provide data on the state 

of generation or grid congestion for example. With this information, the existing infrastruc-

ture can be more efficiently managed.  

Along the need for further increasing the flexibility of the transmission grid comes the 

need for more storage capabilities to provide additional support – or act as flexible capacity 

themselves. Pumping water into reservoirs in times of excess production or low electricity 

prices and releasing through a turbine in times of higher demand or higher prices for example 

is one of the current storage methods. Another method that is slowly reaching technological 

maturity is the utilization of large battery packs to store the electricity in key locations on the 

grid. Household sized solutions are already sold on the consumer electronics market. Promi-

nent examples being the Tesla Powerwall (Randall, 2016b) or the sonnenBatterie by German 

start-up Sonnen GmbH (Parkin, 2016). These batteries provide household sized storage solu-

tions and are designed to work in synergy with roof-top solar installations. On a larger scale, 

relying on their Powerwall technology Tesla is exploring building battery storage facilities 

(Randall, 2016b). 

Decentralizing storage is an option that is getting more traction. The layout of many 

distribution grids predates the days of large shares of decentralized generation. Therefore, 

supporting them not with one centralized storage but rather many small distributed sources, 

is appealing and may alleviate additional stresses on grids. An example is using smaller bat-

teries which are incorporated throughout the distribution grids (Barsali, Ceraolo, Giglioli, & 

Poli, 2015). With the increased emphasis on roll-out of electric vehicles, more potential stor-

age capacity is connected to the grid. Considering the amount of time that the average vehicle 

is used, even during peak travelling times during evening rush-hours, 80 percent of the fleets 

are found to be inactive (Pearre, Kempton, Guensler, & Elango, 2011, p. 12)  the possibility 

of utilizing the connected storage capacities of batteries becomes attractive. Ensuring the 

availability of a certain capacity from vehicles connected to the grid, technical feasibility and 

possible vehicle owner remuneration, as well as governance of such storage in spinning re-

serves, are all questions that are currently being researched further (IEA, 2016c; Kempton & 

Letendre, 1997). 

 Thesis scope 

With increasing market penetration of EVs, the need for coordination of charging of 

vehicles and management of charging behavior arises: Uncoordinated charging of large num-

bers of EVs is widely regarded as one of the biggest obstacles to increased EV roll-out from 

a system stability point of view. Many vehicles reconnecting to the distribution grid at the 

same time, when the owners return home, may cause large spikes in demand at times when 

the demand is usually already peaking. To mitigate this, coordination of charging will be 

needed (Hu, You, Lind, & Østergaard, 2014; Schuller, Dietz, Flath, & Weinhardt, 2014; You 

et al., 2012).  
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At the same, imposing centralized control of vehicle charging without offering an in-

centive for joining, may render EVs less attractive to the consumers due to the forfeiture of 

the charging sovereignty. To not inhibit the roll out of EVs, offering economic incentive 

ought to be provided for joining such an aggregator. How an aggregator accumulates the 

funds to remunerate the participants’ forfeiture of complete independence over managing 

their vehicles is an interesting question. Available options for example include the provision 

of ancillary services to the TSO using the battery capacities. In many countries ancillary ser-

vices, in form of reserve capacities, are traded on reserve or balancing markets. To utilize the 

available battery capacities of the EVs, participation in such a market may be an interesting 

opportunity. 

Therefore, this research studies whether that an EV fleet’s batteries could be used as 

frequency restoring reserves in Iceland. Managed by a central aggregator, the vehicles then 

would compete as a virtual power plant (VPP) on the balancing market. A virtual power plant 

is a concept that combines multiple different energy sources into one single-acting unit and 

then participates in the electricity market (Pandžić, Morales, Conejo, & Kuzle, 2013, p. 283). 

The concept of an electric vehicle virtual power plant is rooted in the assumption that vehi-

cles, when they are not driving, are left connected to the grid, through a charger. The batteries 

of the connected vehicles can then be dispatched from a central point, allocating their capac-

ities as ancillary service to the grid operators.  

Previous research has found that competing in the balancing market is the only viable 

option for vehicle fleets of participating in the electricity markets. Due to the limited available 

capacity and relatively high costs of providing electricity over a long term, the ideal market 

for an EV-VPP provides short durations of activation and high returns. These conditions are 

usually found in balancing settings and not in the regular spot markets (Tomić & Kempton, 

2007). 

This thesis project aims to study the economic benefit of individual vehicle owners 

and the fleet operator that such a construct could bring in an Icelandic setting. Since there has 

been no research conducted, assessing feasibility of an electric vehicle virtual power plant in 

Iceland this research tries to fill that gap. Therefore, this study addresses a wide array of 

questions covering aspects of mobility behavior, i.e. when are vehicles connected to the grid, 

when are they driving and how do they discharge whilst doing so, or the functionality and set 

up of virtual power plant structures and bidding behavior. Factors such as seasonal variation, 

long term battery performance or the Icelandic balancing market conditions had to be consid-

ered. Unfortunately, in some cases, no or insufficient data was available to model the con-

founding factors to high resolutions, therefore reasonable assumptions had to be made on 

these occasions.  

This research followed the aim to prove the viability of such an EV-VPP in Iceland 

from a proof-of-concept perspective with a focus on the economic incentivization of partici-

pation. To do so, it was examined how competitive the EV-VPP would be in an Icelandic 

balancing market setting. And resulting from this, how the different actors, namely the VPP 

operator and the participants, profit financially from joining forces. 
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  Research Questions 

The main research question addressed in this thesis is: 

 

To what extent is a Virtual Power Plant using electric vehicles’ batteries as an ancil-

lary service economically viable in Iceland? 

 

The associated sub-questions split the main research question into three smaller blocks 

that will be answered separately:  

 

SQ1: To what extent can the VPP compete on the current Icelandic balancing market?  

 

SQ2: What composition of the VPP has the potential to accumulate profits for both 

VPP operator and individual vehicle participant? 

 

SQ3: How do changes in characteristics such as fleet size, battery pack costs or 

charging limitations affect the VPPs performance on the balancing market? 

 

The answers to all three questions combined should then provide a comprehensive 

answer for the main research question. Sub-question one is intended to determine the com-

petitiveness of an EV-virtual power plant with special regard to elements such as bid pricing, 

bid size, or mobility behavior. Sub-question two aims at determining an ideal composition of 

the VPP to determine what is the most theoretically feasible example. The third sub-question 

is intended as sensitivity analysis for the VPP characteristics to understand how the results 

change. 

 Approach 

To answer these questions, a model was created using stochastic methods and a series 

of sequential Monte Carlo simulations programmed in R. Overall, it follows an agent based 

modelling approach, where the agents are the individual vehicle owners. The respective 

agent’s mobility behavior is simulated using semi-Markov chains and sojourn times to deter-

mine their state at the modelled time intervals. The batteries of the vehicles are modelled in 

accordance with the mobility behavior, following strategies adapted from similar research. 

The Icelandic balancing market is modelled in a simplified version on the basis of real data 

provided by the Icelandic transmission system operator Landsnet. This simulation produces 

the data that are used for further analysis.  

Based on selected indicators, e.g. the activation the frequency of the VPP, individual 

agents’ accumulated revenues and avoided costs of charging, the performance of the VPP in 

the Icelandic balancing market is analyzed. To test the robustness of the model itself and 

determine possible key variables for improving the performance, a sensitivity analysis is car-

ried out. Expected key indicators for the success of the construct are the individual agents’ 

and VPP operator’s revenues as well as the activation frequency in the balancing market. 
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These key indicators are compared utilizing ANOVA to determine significance of the varia-

tion, also enabling further discussion in the light of both the previous findings of similar re-

search and the specific Icelandic conditions.  

 Motivation 

The author was motivated to study the economic feasibility of an electric vehicle vir-

tual power plant in Iceland for several reasons. The first and broadest reason is that the author 

recognizes the general need for decarbonizing the transport sector. In autumn 2016 in the 

United States CO2 emissions from electricity generation were for the first time lower than 

CO2 emissions from transport (Marcy & Sanchez, 2017). In Iceland, road transport accounted 

for 42 percent of the total Icelandic CO2 emissions arising from fuel combustion in 2014 

(IEA, 2016b). Therefore, increased electrification of personal transport offers enormous po-

tential in this field, especially when considering Iceland’s energy mix. The Icelandic energy 

portfolio is almost completely CO2 neutral, therefore the savings from reducing CO2 emis-

sions in transport are considerably greater than in countries with more CO2 emissions from 

the energy sector (IEA, 2016b). 

The environmental and economic benefits of transforming the Icelandic vehicle fleet 

into an EV fleet have been shown great potential in several studies (see e.g. Shafiei, 

Davidsdottir, Leaver, Stefansson, and Asgeirsson (2014, 2015); Shafiei et al. (2012)). Con-

sidering alternative technologies to reducing the carbon intensity of the Icelandic transport 

sector, electrification showed the most promising fuel demand reductions, CO2 emission mit-

igation costs and fuel supply economics (Shafiei et al., 2015, p. 626). 

Secondly, building upon the first reason, the author believes that this concept of par-

ticipation of EV-VPPs in the balancing market and related research may be useful for further 

promoting electric vehicles. Customers could receive additional financial incentives in case 

this idea proves feasible in Iceland. Should that be the case, the concept can be viewed as 

promoting the roll-out of electric vehicles, by making it less expensive to own an electric 

vehicle (Kempton & Tomić, 2005a). There certainly is an interest in this from the political 

and administrative spheres in Iceland, as is manifested in the Climate Neutrality Strategy 

published by Reykjavik’s city administration, for example.  

Third, there is an interest in increased diversification of the sources for balancing re-

quirements and generally a demand for more competition in the Icelandic balancing market 

(Birgisson, 2016). The vehicles’ batteries bring the advantage of allowing bi-directional uti-

lization – i.e. electricity can be both drawn from and fed into batteries depending on what is 

currently needed, thus could be used both in up and down regulation.  

Fourth, the vehicle-to-grid technology already exists and is expected to soon reach 

maturity. First tests have yielded very positive results, especially with regard to increased 

flexibility of the grid (Andersen et al., 2014). Searching for possible future applications and 

business models relying on these new technologies thus can offer valuable contributions to 

their rapid adoption. In general, the new possibilities offered by ever smarter electrical infra-

structure are incredibly exciting. Finally, such research has not yet been conducted for Ice-

land, therefore this thesis project can potentially be part of a newly emerging area of academic 
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research in virtual power plants and V2G applications in Iceland, further promoting electric 

vehicles. 

 Outline of this thesis 

This thesis will be structured as follows: The first section contains a comprehensive 

literature review on key concepts of this research. Therein previous academic research and 

other relevant literature on virtual power plants, vehicle-to-grid technology and the feasibility 

of electric vehicles providing ancillary services are presented. Further does the second section 

introduce the Icelandic setting, provide a more detailed overview of batteries and their be-

havior in cold climates as well as over time and discuss the technical feasibility of an EV-

VPP. The third section of this paper delivers the core model, data sources and methods used 

to answer the research questions. Following the method section, the analysis is performed 

based on the results of the simulation and key findings are presented. These findings are then 

discussed in the context of the research question. Finally, the main conclusions are presented, 

followed by the model critique and recommendations for future research are given based on 

the results of the research.  
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2Literature review 

Ample research has been conducted on several issues connected to this research pro-

ject. Therefore, this section provides an overview of the existing body of literature. It is the 

expressed aim of the author to provide the reader with an overview of what applications of 

EVs and their batteries are considered possible and feasible. This literature review will serve 

as basis for the theoretical framework that will be developed in the subsequent segments. First 

the main concepts, such as VPPs and V2G are explored, before an overview of the challenges 

of EVs integration into grids is given and more specific examples are provided. The Icelandic 

setting is introduced, with a focus on the balancing market. Effects of cold climate on battery 

technology and aging over time as well as the general technical feasibility of an EV-VPP is 

also addressed. 

 Virtual Power Plants 

Virtual power plants have been receiving a lot of attention both in scientific discourse 

and in the energy industry. Their many advantages are often quoted when the necessary flex-

ibility of the electrical transmission grid is debated. The concept itself is very simple in its 

essence: A virtual power plant describes a cluster of distributed generation units, controllable 

loads or storages systems, pooled together and acting as one entity (Pandžić et al., 2013; 

Saboori, Mohammadi, & Taghe, 2011; Thavlov & Bindner, 2015). Generally, the resources 

that are pooled by VPPs are also called distributed energy resources (DER) and can include 

both generation and load. There is no limitation as to what type of resource are pooled to-

gether nor any distance between the different resources, as long as they can be accessed in 

the same power system. Essentially a VPP focusses on the notion that there is strength in 

numbers: It allows the creation of BRPs with entities that would otherwise be too small for 

attaining such a status individually. 

In many cases VPPs are acting as a single entity in electricity markets, as it strengthens 

the positon of the individual member significantly by joining. One constraint should be ap-

plied, as in most cases VPPs depend on remote activation and metering, thus requiring a cer-

tain level of telecommunication, regulation and metering equipment (Kumagai, 2012; 

Lombardi, Powalko, & Rudion, 2009; Saboori et al., 2011; Salmani, Tafreshi, & Bagherian, 

2010). This entails that VPPs require a certain degree of digitization of the electricity grid. At 

the same time, VPPs also assume a catalyst’s role in the further development of smart grids 

(Etherden, Vyatkin, & Bollen, 2016; Rahimi & Ipakchi, 2010). 

Due to the flexibility of the concept, a very wide array of set ups is possible. A VPP 

can for example assume a mere demand-side role, where several consumers are connected to 

a central operation center who can adjust the electricity demand of the consumers, and then 

market this on the electricity markets (Dromey, 2014). Another VPP could pool several small 
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wind turbine arrays at different locations into one centrally dispatched group, reducing un-

certainty of production (e2m, 2016). Or they could combine several solar panels, wind tur-

bines, gas power plants, and Heating, Ventilation, and Air Conditioning (HVAC) systems, 

into one body and participate in electricity market. A small distinction can be made between 

technical and commercial VPPs, depending on where the focus lies. That is to say, when a 

VPP is aiming at integrating distributed resources into the grid as efficiently as possible, it 

should be considered a technical VPP, whereas if it is aimed at reducing uncertainty for elec-

tricity bids in electricity markets, it should be considered commercial. Confining a VPP to 

one of these types would be false however. There will often be an overlap between the tech-

nical and commercial side of aggregation of DER through for example providing a valuable 

flexibility option to the grid by participating in the electricity market (Pudjianto, Ramsay, & 

Strbac, 2007; Rahimi & Ipakchi, 2010) 

This very broad definition and very flexible nature of the concept allows for a large 

degree of freedom when it is being applied in practice. Three vastly different real-world ex-

amples of such constructs can be found in Germany, Ireland and Denmark, showcasing the 

versatile nature of this concepts application. Leipzig based energy-company Energy2Market 

considers itself a virtual power plant operator. They bring together over 3,500 independent 

power plants from all around Europe, combining small wind parks, photovoltaic installations, 

bio-gas and liquid natural gas plants, to a potential total marketed capacity of 3.2 GW (e2m, 

2016; Geißler, 2016). What the company provides to the different participants is an aggrega-

tion service, where the different participants are marketed in pooled form as is deemed ap-

propriate by the operator. Recently the company added a 1.6 MW biomass plant in north-

western Poland (Richter, 2016a, 2016b) to their portfolio. The plant is integrated into the 

company’s electricity marketing mechanism, participating in the Polish spot and balancing 

markets. 

The Irish virtual power plant takes a slightly different approach. The company Elec-

tricity Exchange provides a service to businesses, that can essentially be classified as demand-

side management. Businesses can join the company’s service, specifying how much capacity 

they could add or reduce their demand by at what times of the day. The businesses then re-

ceive reimbursement for equipping their hardware with the device enabling regulation of 

them through Electricity Exchange’s centralized control. The aggregator then offers these 

capacities to the Irish electricity markets (Dromey, 2014; Kirwan, 2016). Today the company 

controls about 50MW of capacity (Finn, 2017).  

A third example can be found in Denmark, more precisely on the Island of Bornholm 

in the Baltic Sea. 2000 households on the island are connected to an island spanning smart 

network along with a 36 MW wind array, a 16 MW biomass plant and several electric vehi-

cle’s batteries (Kumagai, 2012). This connected capacity itself is integrated in such a way 

that enables the consumer to shift his demand into times of low electricity prices and during 

times of higher prices sell electricity back to the grid. Distributed energy resources receive a 

price signal from the central managing body and react accordingly. In fact this third example 

almost exceed the scope a mere virtual power plant and can be considered an entire smart 

grid set-up (P. Lund et al., 2016; Pedersen, Østergaard, Poulsen, & Gantenbein, 2014). The 
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project was funded by the EU’s seventh framework, and set out to demonstrate how to inte-

grate renewables into a power system and showcase the potential of demand response. The 

project found a significant increase in system efficiency increase with automation of system 

services and demand adjustments (P. Lund et al., 2016).  

Besides these real-world examples, academic discourse has been analyzing the poten-

tial of different VPPs from various perspectives. For example Thavlov and Bindner (2015) 

showed that a VPP combining office building HVAC systems, coordinating their operations 

can reduce the stress on low-voltage distributions grids and yield individual cost savings. 

Pudjianto et al. (2007) have found that VPPs can provide cost-efficient integration of DER 

into the grid. Pandžić et al. (2013) highlight the potential of VPP set-ups to maximize short-

term profits for the different members. The case study conducted by Zwaenepoel, Vandoorn, 

Eetvelde, and Vandevelde (2014) highlights the potential of VPPs to alleviate grid conges-

tion, also incorporating the potential to act as a frequency restoring reserve, albeit only in a 

limited capacity. Similar conclusions are drawn by Giuntoli and Poli (2013) who add the 

notion that besides the grid congestion alleviation, VPPs can still accumulate significant eco-

nomic benefits for members, even in complex tariffs systems. Further do they highlight that 

especially smaller producers receive relatively more utility by joining a VPP as compared to 

bigger ones.  

 Vehicle to Grid 

 The V2G-concept 

The idea of offering the batteries of electric vehicles for storage capacities to the grid 

first emerged in the mid-1990s. Willett Kempton and Steven E. Letendre (1997) made the 

argument that EVs should not be viewed as load. Rather they can offer significant benefits, 

when viewing their potential to provide power to grid as well. They conclude that incorpo-

rating EVs in the electrical grid as storage could offer substantial economic benefits. From 

there on out the V2G concept evolved. Kempton, Tomic, Letendre, Brooks, and Lipman 

(2001) showed that then-current charging systems could easily and cheaply be designed to 

accommodate bi-directional flow of electricity, that is to say, from the grid to the vehicle’s 

battery but also from the vehicle’s battery to the grid.  

Kempton and Tomić (2005a) specify three crucial elements vehicles need to be 

equipped with: “Each vehicle must have three required elements: “(1) a connection to the grid 

for electrical energy flow, (2) control or logical connection necessary for communication with 

the grid operator, and (3) controls and metering on-board the vehicle” (p. 269). Figure 1 il-

lustrates their proposal of how electricity would have to flow in a smart grid infrastructure 

equipped incorporating V2G technology. 
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Figure 1. Schematic of proposed power flows in a smart power system with V2G. 

Source: Kempton and Tomić (2005a, p. 269) 

 

Electricity flows one way from generators to the high voltage transmission grid. From 

there it flows to distribution grids to the customers, who in turn have EVs connected to the 

grid. Central to this proposed V2G implementation, the transmission system operator (here 

labelled as ISO), can send signals to vehicles directly or via a centralized dispatch point to 

activate them for reverse electricity flows, feeding the electricity stored in their batteries back 

into the grid. Essentially, this approach extends traditional demand-side management tech-

niques by enabling the consumer to turn into a producer, sometimes also referred to as 

“prosumer” (Albersmann et al., 2012; Behnke, 2014).  

There are tremendous benefits associated with V2G technologies, according to the 

literature, in particular by providing ancillary services to the grid operator. Vehicles could for 

example be used for storage purposes along the distribution grid. A hypothetical EV fleet the 

size of a quarter of the entire US light vehicle fleet could offer a total storage capacity ex-

ceeding the size of the US electrical system (Kempton & Tomić, 2005b). 

 Electric Vehicles providing ancillary services 

The utility of EVs for the grid operator has been studied quite extensively in the past 

decade. Technological advances in the field of V2G technologies have sparked a big interest 

in the scientific community. As argued before there are ample benefits of V2G implementa-

tion into smart grids, ranging from eased RES integration over more efficient congestion 

management to enabling new business models and providing additional economic incentive 

to EV ownership.  

V2G enables a wide array of ancillary services that can be provided by EVs or EV 

fleets. A small number of vehicles can already provide the necessary capacity for most fre-

quency regulation scenarios (Andersson et al., 2010). Main advantage of V2G fleets in fre-

quency regulation is their low activation cost, distributed nature and very quick responsive-

ness to signals (Andersson et al., 2010; Tomić & Kempton, 2007). Dallinger, Krampe, and 
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Wietschel (2011) show that in a German setting, V2G carries significant potential for RES 

integration by creating synergies between the different technologies. Further it provides val-

uable congestion management strategies by increasing the demand side-management capa-

bilities of grid operators. This is in line with the findings by Sandels, Franke, Ingvar, 

Nordström, and Hamrén (2010). 

The integration of intermittent resources can be supported by using EV’s batteries as 

storage during peak hours. “EVs with night charging, and more so with increasing intelli-

gence including V2G, will improve the efficiency of the electric power system, lower CO2 

emissions and improve the ability to integrate wind power” (H. Lund & Kempton, 2008, p. 

3586). This is supported by the findings from another Danish research project on Bornholm 

focused on the integration of EVs into a smart grid showing that EVs can substantially support 

the integration of intermittent energy resources (Pedersen et al., 2014). 

From the consumer’s perspective, the advantage of V2G lies in the fact that new mon-

etization opportunities for them arise. When the vehicles are not used, owners potentially 

could provide their vehicle’s battery for regulation services and receive reimbursement for 

this. Andersson et al. (2010, p. 2760) found that individual Plug-in Hybrid Electric Vehicles 

can earn 75€ per month by providing downward regulation services in Germany under certain 

conditions. This is supported by Dallinger et al. (2011), and Kempton et al. (2001). The latter 

determine the economic potential for individual vehicles to be much greater, stating that bat-

tery powered vehicles can earn roughly $ 3,100 per year in the Californian balancing market. 

Provision of frequency regulation services is by far the most profitable option, as it is char-

acterized by short duration and high prices. Other markets are less attractive due to the quickly 

increasing marginal costs of providing electricity to the grid over an extended period of time. 

EVs in a regular spot market could not compete (Kempton & Tomić, 2005a).  

Another study found that EV fleets, containing between 100 and 250 vehicles, could 

successfully provide regulation services from their batteries, accumulating annual total net 

profits ranging from $ 135,000 to $450,000 (Tomić & Kempton, 2007). A conclusion from 

this evaluation suggests that the success of a fleet as regulation service is dictated by the 

available individual battery capacity and cumulative total capacity. Appropriate reimburse-

ment is listed as key for the consumer’s maximization of profit from regulation service pro-

vision. 

However it has to be mentioned, that there are also certain limitations to V2G deploy-

ment. Kempton and Tomić (2005a) identified three important factors that determine the max-

imum power that can be provided from EVs: “(1) the current-carrying capacity of the wires 

and other circuitry connecting the vehicle through the building to the grid, (2) the stored en-

ergy in the vehicle, divided by the time it is used, and (3) the rated maximum power of the 

vehicle’s power electronic” (pp. 271-272). Moreover, V2G does require a certain minimum 

power rating of chargers. According to the literature, the minimum threshold for V2G to be 

viable has been specified as 15-20kW for direct current chargers (Kempton & Tomić, 2005b, 

p. 291). 

It is vital for the acceptance from consumers that V2G services do not hinder the con-

sumer’s usage of the vehicle in any way (Münster-Swedsen, 2010; Parsons, Hidrue, Kempton, 



2.2 VEHICLE TO GRID  13  

  

& Gardner, 2014). At the same time, the system services need to be able to rely on the avail-

ability of a certain capacity at certain times, thus individual vehicles acting alone bring a 

tremendous amount of uncertainty. This may render the gained flexibility on the grid opera-

tor’s side practically useless due to the high risk of disconnecting unexpectedly. Aggregation 

of vehicles is recommended to ease the relative impact on the individual, as well as to reduce 

the uncertainty associated with the variation in usage patterns (Dallinger et al., 2011; Parsons 

et al., 2014; Sovacool & Hirsh, 2009).  

 EV fleet aggregation and management 

Galus, Vayá, Krause, and Andersson (2013) provide an overview of existing literature 

on the impact of electrification of transport on power systems. They present several key dis-

tinctions of applications and management of EVs for the existing body of literature. Central-

ized and direct, decentralized and indirect control of the EV fleet as well as an operational 

objective distinction are made by the authors. While the direct management method com-

monly entails the presence of an aggregator, indirect control does not. Much rather does the 

vehicle as single entity carry out all operations it is designated to do. Aggregators, when pre-

sent, are considered the central fleet management entity, coordinating charging, exchanging 

and processing information from all other sides and possibly also carry out all necessary mar-

ket activities. The actual portfolio of tasks carried out by an aggregator are manifold and 

largely depending on the operational objective of the EV fleet. Figure 2 shows an illustration 

of such a centralized EV Aggregator in the context of a smart energy system. Decentralized 

approaches primarily are focused around minimizing cost of charging and strain on the dis-

tribution grid, i.e. alleviate or avoid grid congestion, by optimizing exogenous price signals 

and load information for each vehicle individually.  

 

Figure 2. Direct control aggregator model integrated into a generic smart electrical system.  

Source: Galus et al. (2013, p. 386)  

 



14   LITERATURE REVIEW 

   

The operational objective distinction made by Galus et al. (2013) in more detail entails 

either viewing EVs as inflexible or flexible loads. That is to say, they can either be considered 

to immediately draw power from the grid or can schedule their charging and demand tempo-

rarily and spatially. (p. 389) The inflexible load poses significant problems to system opera-

tors in large scale electrification of transport scenarios as this constitutes uncontrolled charg-

ing, which carries the potential to overload distribution systems by significantly increasing 

peaks in demand for example. Overload through inflexible loads and uncoordinated charging 

can also be caused by improper distribution grid management or insufficient preparation of 

key distribution grid nodes according to the authors. Flexible loads offer the advantage that 

they can respond to outside signals and schedule charging accordingly. When EV fleets are 

acting as flexible loads, their potential applications can be significantly expanded quite easily, 

as it is assumed that they are equipped with some degree of smart technologies.  

 Mobility behavior and Electric Vehicles 

Named as one of the most important factors in the literature surrounding EVs and their 

integration into the grid is the mobility behavior of the vehicle owners. Albeit, understanding 

mobility behavior in general is important for successful congestion management, for electric 

vehicles’ success it is a crucial factor. An improper expectation of when the Electric vehicles 

are returning to the grid, likely adding additional load by aiming to recharge their depleted 

batteries, can pose significant risk for the grids stability (Božič & Pantoš, 2015; Yang et al., 

2016). Assuming no charging coordination takes place, most drivers will likely return home 

during peak-travel hours in the later afternoon / early evening and seek to recharge their ve-

hicle upon return, adding substantial additional load to the grid. It is therefore important to 

understand when these peaks will occur (Barsali et al., 2015; Hu, You, Lind, & Østergaard, 

2014; Rolink & Rehtanz, 2013; Singh, Kumar, & Kar, 2013). 

This understanding of how the vehicles are used, how they’re connecting and discon-

necting from the grid, how much they’ll likely be driving and consequently discharge and 

subsequently need to recharge afterwards is very valuable information for anyone handling a 

large vehicle fleet. It gains more significance once the notion of a secondary function of the 

vehicle fleet is introduced. When the fleet, or vehicles of the fleet act as storage on the grid, 

or provide grid support for example, understanding the availability of these additional capac-

ities becomes vital to the endeavors success (Andersen & Clemmensen, 2015; Dittwald et al., 

2014; Kasten, Bracker, Haller, & Purwanto, 2016; Schuller, Dietz, Flath, & Weinhardt, 2014; 

Tomić & Kempton, 2007).  

Studying the impact of mobility behavior on the possibilities of providing regulation 

services through V2G in Germany, Dallinger et al. (2011) find that there is significant varia-

tion throughout the day, but conclude it ultimately feasible and largely dependent on the 

available vehicles at any given time. This is confirmed by Rolink and Rehtanz (2013), adding 

that the mobility behavior of the fleet is the most important factor for the effective integration 

of EVs as storage. 

Given the current limited range of electric vehicles in comparison to their gasoline 

competitors paired with the currently insufficiently developed infrastructure and the range-
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anxiety phenomenon, EVs are less frequently used for longer car journeys. The fear of not 

having enough charge left to reach the destination or next charging station and consequently 

run out of battery is referred to as range anxiety (Kley, Lerch, & Dallinger, 2011; Pearre et 

al., 2011; Shafiei, Stefansson, Asgeirsson, Davidsdottir, & Raberto, 2013). This fear appears 

irrational, considering that a large portion of regular trips taken by car in the US for example 

could be undertaken in an EV. (Pearre et al., 2011) Yet, it still affects the usage of EVs. 

Drivers are more likely to return from journeys earlier, partly due to a certain lack of trust in 

their vehicle’s battery information. Kempton and Tomić (2005a) state that it is reasonable to 

expect drivers to reconnect faster than they would in a gasoline car, once the state of charge 

is reported as below 20 percent. This is confirmed by a Rolim, Gonçalves, Farias, and 

Rodrigues (2012) who found that people tend to drive less after purchasing an electric vehicle. 

Francfort et al. (2015) suggest, that vehicle usage can decrease by up to 30 percent after 

switching to an EV. 

 The Icelandic Electricity Market 

The current Icelandic electricity market system has been established in accordance 

with European Union requirements in 2003 through the Electricity Act of 2003 (Islandsbanki, 

2012). Since 2005 the Icelandic transmission grid operator Landsnet operates the Icelandic 

electricity market. Interestingly, Iceland does not have a spot market for electricity, but only 

a balancing market. Electricity wholesale is handled via bilateral agreements between power 

companies and big consumers and load-serving entities (LSE). All producers, load serving 

entities and large consumers are balancing responsible parties, which entails they are obli-

gated to always aim to match their production and sales of electricity with their consumption 

purchases. The retail electricity share in Iceland is quite small - over 80 percent of the entire 

system tied up in power purchase agreements between producers and large consumers and 

LSEs (Christensen, 2016; Drevdal, Langset, & Espegren, 2011).  

 The Icelandic Balancing Market 

The Icelandic Balancing Market is set up to balance the prediction error in the forecast 

of all market participants’ production and consumption schedules. Landsnet is obligated to 

secure at least 40 MW in total balancing capacity available (ECON, 2005), therefore is in-

centivizing submission of bids by paying a so-called option-payment to all parties that have 

submitted bids for that hour. These option payments vary throughout a year. There is a dif-

ference between upward and downward regulation, with upward regulation bids receiving the 

larger amount, as upward regulation is considered more valuable than downward regulation. 

Option payments for downward regulation roughly amount to 350 ISK per bid MW, upward 

regulation bid receive roughly 530 ISK per bid MW. A limitation imposed by Landsnet is the 

specification of a minimum bid-size: Bidders have to submit at least one MW of capacity. 

There is no rule, i.e. it is not explicitly forbidden in the grid-code, as to whether bid capacities 

have to be submitted in integer values or whether they can contain fractions, in practice this 

is however unusual (Birgisson, 2016).  
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Balancing responsible parties can submit bids to the balancing market in the form of 

a balancing schedule. These schedules have to be submitted by Friday, at 14:00 in the after-

noon to Landsnet, specifying hourly bids of capacities and price per MW. There is a minimum 

threshold of one MW bid size that needs to be cleared, as well as an upward price-cap for the 

first 40 MW of bid regulation capacity, set at 17,000 ISK per MW. The schedules have to 

cover the upcoming week of balancing activities broken into hourly blocks of expected bal-

ancing needs beginning the Saturday following the Friday where the schedule was submitted 

at midnight, until the next Friday, 23:59:59. Submitted bids can be changed until two hours 

prior to the beginning of the respective hour block (Birgisson, 2016; Landsnet, 2009). 

There are multiple options available to procure the required capacity for bids submit-

ted to the balancing market. Figure 3 illustrates the different options available to bidders for 

providing the allocating capacities. Since upward regulation scenarios suggest the total load 

exceeding the production, the options available for balancing bids are increasing production, 

decreasing consumption, or selling electricity to the grid from storage. The reverse applies to 

downward bids: In these possibilities include the decrease of production, the increase in con-

sumption or the purchasing of excess supply from the grid operator. Options explored in this 

thesis research focus on the latter of the respective options: In the different balancing scenar-

ios, the VPP will either sell electricity from the car battery or purchase electricity from 

Landsnet. 

 

Figure 3. Options for submitted balancing bids. Adapted from Fingrid (2017) 

 

The payment process and overall market clearing price setting follows a pay-as-

cleared model. This entails that highest accepted bid of one balancing period sets the clearing 

for the entire hour, all accepted bids receive the same price as payment for their offered ca-

pacity (Landsnet, 2017). In the Landsnet Grid Codes it is described as follows: 

“In general, the regulating power in a given bid must be used for at least 10 minutes 

before becoming a basis for determining the balancing energy price. If none of the bids is 

used for over 10 minutes within that particular hour, the balancing energy price shall be set 

based on the bid which was used closest to 10 minutes. If no regulating power was used, the 

balancing energy price shall be set as the lowest price obtained for up-regulation power during 

the respective hour.” (Landsnet, 2009, p. 5) 
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Accepted bids’ and their respective capacities for balancing are then made available 

to Landsnet to use at their discretion to balancing the electrical system in real time. They 

remain active for the entire hour and cannot be accessed by the bidder during that period 

(Landsnet, 2009). Bids in the upward direction receive payment of the market clearing price 

from Landsnet, downward direction bids pay their offered amount to Landsnet. 

The current balancing market is dominated by a single participant, whom submit the 

largest share of all bids (ECON, 2005; Næss-Schmidt, Hansen, & Below, 2017). In the long 

term, making a profit from bidding in the balancing market is considered hard, but not im-

possible. The argument can be made, that in cases where all participants bid their marginal 

costs, the error in forecasts aggregate and come out to zero for all participants, due to the 

relatively stable whole sale electricity trading (Birgisson, 2016). Considering the pay-as-

cleared mechanism however, if one can reliably provide low-cost upregulation and avoid 

providing high cost down regulation services, the clearing mechanism may in the long term 

yield a surplus.  

 Battery behavior 

When analyzing the utilization of electric vehicles, the battery technology found in 

these vehicles ought to be part of the discussion. Depending on the technology and surround-

ing conditions, different behavior of the battery can be found, therefore this section sets out 

to discuss the relevant factors within the scope of this thesis research.  

First however, the different types of electric vehicles will quickly be presented. A 

distinction is made between Hybrid Electric Vehicles (HEV), Plug-in Hybrid Electric Vehi-

cles (PHEV) and Full Electric Vehicles (FEV, also referred to as BEV – Battery electric ve-

hicles). While the former two also feature a conventional internal combustion engine that can 

be used for powering the vehicle, the latter solely relies on electricity stored in the on-battery 

pack. The charging of the battery in HEVs is carried out exclusively through electricity gen-

erated from the internal combustion engine of the vehicle, thus, HEVs do not have an external 

charging connection (Poullikkas, 2015). This research however, requires the connection of 

the vehicle to the grid through a charger, thus HEVs are not considered a viable option for 

this research. Throughout this thesis, PHEVs and FEVs will be both be referred to as EVs 

whenever a distinction is not necessary.  

Most batteries today are using electrochemical processes to store electricity and re-

lease it when needed. These processes rely on the electrons released by chemical reactions 

inside the battery cells between two reactants – also called anode and cathode. Battery tech-

nologies are distinguished by their cathode material, since most batteries rely on graphite as 

anode. Most commonly found in EVs are so-called Lithium-ion batteries (LIB), which means 

the cathode contains lithium – usually reacted with other elements. The most frequently found 

chemical compositions of the cathodes are lithium-nickel cobalt aluminum, lithium oxide co-

balt , lithium-nickel-manganese-cobalt, lithium-manganese spinel, or lithium iron phosphate 

(Cherry, 2016, p. 5). Since these LIB exhibit approximately similar behavior under the rele-

vant conditions, throughout this thesis, no distinction is made between the different specific 

types.  
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When batteries are discharged, a specific chemical reaction takes place which also 

releases electrons as byproduct that are then used to induce an electrical current. To charge 

the battery, electrons are fed into the battery cell, effectively reversing the previous reaction. 

Both these reactions take place inside a fluid, called the electrolyte. This charging process for 

LIB does not take place linearly. That is to say, over time, the charging speed decreases. 

Moreover, current and voltage applied to the cell not are not applied linearly throughout nor 

constantly. Figure 4 shows how the applied current, voltage and with it the applied power 

relate to the state of charge1 of a common LIB with increased time.  

 

Figure 4. A typical charge curve of a lithium-ion battery. Source: Galus et al. (2013, p. 388) 

 

What is shown, suggests that at low SoCs the applied voltage increases, while the 

current is constant, until the battery reaches approximately 80 percent SoCs (Galus et al., 

2013). Then the voltage remains constant while the current decreases until the cell has been 

fully charged. Also shown is that the final 10 to 20 percent of the battery take almost as much 

time as the previous 80 percent (Münster-Swedsen, 2010; Sandels et al., 2010). 

The chemical reactions used to release stored energy are never 100 percent efficient 

that means the reactants slowly deplete over time, reducing the amount of energy that they 

can store. Therefore, it is expected that overtime the batteries storage capacity decreases with 

increased number of charge cycles. The next section of this chapter addresses battery aging 

in more detail. 

 Battery lifetime and cell aging 

The aging of battery cells is a big part of the discussion surrounding electromobility. 

                                                      
1 State of Charge (SoC) describes the relation between the current stored energy and the maximum storage ca-

pacity. 



2.5 BATTERY BEHAVIOR  19  

  

Concerns are often expressed with regard to the longevity of battery cells when charged fre-

quently, as is the case for EVs. This concern is primarily addressing the cycle life of a battery 

cell, that means how many charging cycles, i.e. chemical reaction and reversal of the same, a 

battery can sustain without incurring significant storage capacity reductions (Cherry, 2016).  

A lot of research on the cycle life of batteries has been conducted. The cycle life of a 

battery appears to be linked primarily to the (dis-)charging behavior of vehicles. How much 

batteries are both discharged and charged in every cycle, affects the longevity of the cell. 

Repeated deep discharging i.e. a low State of Charge or a high Depth of Discharge, lead to 

faster battery decay (Lacey, Jiang, Putrus, & Kotter, 2013; Semanjski & Gautama, 2016).  

Zhou, Qian, Allan, and Zhou (2011, p. 1046) state that “the cycle life of a battery goes 

up exponentially with decreasing DoD”. Cherry (2016) suggest that the maximum allowed 

DoD of a battery plays a crucial role. The difference in observed growth of capacity fade 

when discharging a battery to 94 percent repeatedly instead of 80 percent, is estimated to be 

eight percent. Similarly, constant charging to the maximum of cell capacity has similar de-

grading effects on expected lifetime. Suggested limits to battery charging and discharging are 

stated to be set at 80 percent DoD and SoC respectively.  

In terms of absolute charge cycles that vehicles can sustain, Peterson, Apt, and 

Whitacre (2010) find that a PHEV battery repeatedly discharged to 95 percent DoD degraded 

to 80 percent of the original capacity after 5300 cycles. This is confirmed by Cherry (2016), 

who finds that PHEV batteries can sustain specific high performance / stress tests at least for 

5000+ cycles, while FEV batteries survive more than 1000 cycles without major damage. 

FEV batteries, experiencing fairly shallow discharging repeatedly can sustain at least 2000 to 

3000 cycles without incurring major decay (Peterson et al., 2010). The number of 3000 cycles 

as expected cycle life of a LIB is found quite often in the literature surrounding EV-VPPs 

(Schuller & Rieger, 2013). 

Naturally, these results are all dependent on various factors and may vary a lot for 

various EV models. For example, Tesla has often been praised for their tremendous battery 

lifetime. A recent Model S that has been driven for over 200,000 miles and always been 

discharged more than the recommended limit, has only experienced a six percent battery de-

cay (Hall-Geisler, 2016). There however is little recent scientific research on the durability 

of new larger LIB to support this. Moreover, few vehicles specific tests have been conducted 

thus, the conservative 3000 lifecycles have been used as basis for the analysis for all FEV 

models, while PHEVs are considered to survive 5000 cycles. 

As a second factor higher charging speeds, i.e. applied voltage and current when 

charging the battery, have been identified to also affect the overall cycle life negatively. Lacey 

et al. (2013) showed that using fast chargers frequently significantly reduces the lifetime of 

the battery. Their results suggest that using a 23 kW fast charger four times per month along-

side regular home charging using 3 or 7 kW, reduces the time until the battery’s storage ca-

pacity is reduced to 80 percent of the original by 8 and 9 years respectively. The effect of 

using a 50 kW fast charger has been stated to amount to 0.086 percent of capacity loss per 

charge cycle (p. 4).  

When providing ancillary services, batteries are usually experiencing deep discharge 

cycles (Kempton & Tomić, 2005a). Battery aging however does not appear to be affected 
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significantly when EV batteries are acting as frequency restoring reserves (Wang, Coignard, 

Zeng, Zhang, & Saxena, 2016). Some research suggests, that V2G may in fact slow down 

battery degradation (Lacey et al., 2013; Semanjski & Gautama, 2016). 

A third factor that comes into play is the simple calendar life aging of a battery cell. 

This means, that over time, the capacity of a battery cell decreases for multiple reasons. Some 

of the confounding factors for example are that usually it is almost impossible to completely 

prevent the chemical reactions from taking place when the cell is not actually used (Lacey et 

al., 2013).  

The most important factor for calendar life decay is the temperature of the cell 

(Semanjski & Gautama, 2016). With increased cell temperature, induced reactivity increases, 

thus causing simple discharging of the cell, which in turn increases the number of charging 

cycles faster. As a consequence, most modern EV battery packs are equipped with a thermal 

management system to maintain a stable cell temperature (Francfort et al., 2015). 

 Batteries in cold climates 

As stated above, the cell temperature plays an important role for the calendar life of a 

battery. Compared to other battery technologies, LIB experience the least temperature in-

duced reduction in size (Zhou et al., 2011). Due to induced reactivity of the battery, it can be 

expected that the calendar life of the battery decreases.  

The effects of climate on the lifetime of EV batteries shows that especially in hot 

regions, the life time drops significantly, thus confirming the expectation. In colder climates 

on the other hand this effect is expected to be lower or not present at all (Francfort et al., 

2015; Lacey et al., 2013). As is shown by Cherry (2016), EV batteries in Minneapolis, MN, 

live significantly longer than in other climates. Minneapolis’ climate is characterized by cold 

winters and warm summers, while the other considered cities are warm to hot almost year 

round (US ClimateData, 2017).  

Driving in very cold temperatures, below -7°C, the battery capacity of a vehicle can 

be expected to decrease by about 1.4 percent per year, this however can be alleviated by 

preheating of the battery and with use of  thermal management systems (Cherry, 2016, p. 

53).When considering the Icelandic climate however, it is shown that the risk of high ambient 

temperatures causing additional battery decay over time, is negligible. As the climate in Rey-

kjavik is generally milder throughout the year than in Minneapolis, as shown in Figure 5, it 

can be argued that calendar life decay in Reykjavik is going to be approximately similar or 

even less significant due to the lower highs.  
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Figure 5- Monthly mean temperatures, Reykjavik & Minneapolis, 2002 – 2017.  

Sources: Veðurstofa Íslands (2017) & US ClimateData (2017) 

 

The Icelandic climate will become significant, with regards to actual driving effi-

ciency. The research has shown that the effective range of vehicles drops when driving in 

cold or hot temperatures. Although the effect is worse in higher temperatures due to the risk 

of overheating of the battery, low temperatures reduce the reaction speed inside the battery 

thus also reducing the output (Francfort et al., 2015).  

Vehicles driving in temperatures outside this range see drops either due to additional 

electricity due to the heater or air conditioning being used, or drops in cell efficiency due to 

the aforementioned reasons (Yuksel & Michalek, 2015). Extreme negative temperatures, be-

low -18°C, the effective range of a Tesla S Model drops by 19 percent. A Nissan Leaf sees 

the range reduced to 80 percent of the ideal in temperatures around 0°C (Reichmuth, 2016). 

It has been found that EVs operate the most efficient in ambient temperatures between 

15°C and 30°C (Francfort et al., 2015; Hart, 2017). In temperatures below the cell reactivity 

has to be maintained, thus a thermal management system will have to be used and represent 

additional load on the battery. Therefore, it has to be considered a factor in this research 

project, as even the mean high temperature in Reykjavik barely exceeds 15°C in July.  

 Technical feasibility 

In the discussion of the technical feasibility of an EV VPP three challenges have to be 

considered: First, there is the challenge that focusses on the actual required technology to 
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facilitate the feeding of electricity back into the grid, both on the ends of the vehicles and the 

charging infrastructure. Second, there is challenge of determining the effects on the EV and 

third, there is the more general challenge of farther reaching implications of large EV pene-

tration.  

The technological challenge posed to chargers and vehicles themselves is currently 

the subject of many research projects. H. Lund and Kempton (2008) showed that it is possible 

to supply electricity from vehicle battery to the grid. The Danish research project NIKOLA 

successfully provided a proof-of-concept experiment where frequency regulation was pro-

vided from Nissan Leaf models (NIKOLA, 2015). Communication standards for V2G-appli-

cations have been developed and put into place, as listed by Hu, Morais, Sousa, and Lind 

(2016). Other field tests are currently conducted (Francfort et al., 2015). A key question is 

the technical complexity associated with the communication of the correct information, the 

triggering of the appropriate reaction to signals, the maintaining of a predictable power output 

and securing this within an appropriate timeframe (Andersen et al., 2014). 

Alongside this a more practical question is raised: How should the billing and the 

accounting processes behind the V2G application be conducted? Since small amounts of elec-

tricity are traded at different times, tracking those reliably and at low costs becomes a chal-

lenge. A possible solution is currently tested by the German Slock.it with its Blockcharge 

project. This project uses a technology underlying the cryptocurrency bitcoin called block-

chain. The advantage of this technology is its low cost when tracking transactions between 

participants, thus would be ideal for billing purposes in EV charging scenarios. Currently, the 

technology is undergoing field testing (Taul, 2016).  

Challenge number two is focused on the effects of V2G on the vehicles themselves. 

As stated before, repeated charging and discharging affects the life time of the battery. De-

pending on the frequency, depth of discharge and the power, batteries decay at different rates. 

In this analysis, then selected charging rate was set to 50kW, the maximum allowed discharge 

80% DoD and cycles considered to discharge deep. Although the latter has not been con-

firmed completely, it has also not been disproven.  

The third challenge is not limited to V2G but more the large-scale integration of EVs 

in general. In the literature review, Kempton and Tomić (2005b) had been quoted, stating that 

electrifying 25% of the US car fleet would create storage capacities exceeding the size of the 

then current US electrical system. This creates two problems: 1) if the vehicle fleet exceeds 

the size of the power system, how is the additional electricity to be supplied for charging 

without reducing the security of supply in other sectors. 2) What are the implications for the 

transmission and distributions grids – are they capable of handling the additional loads? 

Even though this statement by the authors is merely hypothetical, it raises these two 

questions nonetheless. With the increased rollout of EVs, these questions will arise eventu-

ally. And these questions are not limited to the US, Europe or China, but also may occur in 

Iceland. A recent study by Næss-Schmidt et al. (2017) stated that the security of supply for 

the Icelandic households is diminishing. Due to growing demand in electricity but lack of 

growth in generation, there will be a supply shortage in the medium to long term. Adding 

additional loads through EVs may further widen that gap (Kester, Noel, Rubens, Lin, & 

Sovacool, 2016).  
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Secondly, the question of how capable the local grid is of handling the additional load 

arises. Since European distributions are experiencing an overhaul due to increased DER, 

smart planning may already take future loads through V2G and other applications into ac-

count. In Iceland however, almost no DER is found in the energy mix, consequently there is 

a less pressing need for the overhauling of both distribution and transmission infrastructure. 

Kester et al. (2016) state that initially, the infrastructure will be able to cope with the addi-

tional loads, while issues will only arise locally and over time. In order to further promote 

EV adoption – and facilitate the use of EVs outside the capital city region, investment in 

smart grid infrastructure is needed.  

Thus, it can be concluded that the technology for V2G applications exists, is currently 

undergoing testing and has yet to be widely adopted. The effects on the vehicles themselves 

are detrimental, but are expected to improve over time. A question of how to supply additional 

electricity – especially at such low retail prices – is raised.  
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3Methodology 

Upon having established the theoretical foundation, this chapter presents the methods 

selected by the author. Simplifying assumptions have been made where necessary to reduce 

the model complexity to an adequate amount while still providing an appropriate representa-

tion of reality. Relying on these assumptions, a model has been created that is best suited to 

the needs of the thesis’ scope and the available data. 

The model uses stochastic methods to perform an agent based simulation, relying on 

a series of sequential Monte Carlo simulations. Through a series of repeated trials, the model 

yields robust results appropriate for further analysis and discussion. The approach assumes 

that certain criteria such as initial state of charge, driving pattern and battery behavior are 

known and deterministic. To avoid a false representation of reality, stochastic elements have 

been added to reduce the uncertainty associated with the deterministic approaches (Hu et al., 

2016). Several different aspects of the problem at hand have been identified and have been 

modelled to an appropriate degree. The created model was programmed in R, which was 

chosen for its flexibility, easy accessibility for beginners and large online community provid-

ing ample resources for troubleshooting and support. 

The model aims to represent the most plausible case for many of the different factors. 

These factors were chosen based on the reviewed literature. In order to secure the validity 

and further study different factors influence on the economic performance of the VPP, a sen-

sitivity analysis is performed. The aim is to generate robust results that answer the research 

questions as formulated in section 1.2.1. 

 Assumptions  

In order to answer the questions posed in the introductory chapter of this project, a 

couple of assumptions surrounding the conditions and settings had to be made. Given the 

scope of the research questions, the technological and charging infrastructure development 

had to be simplified. The current state of deployment of charging infrastructure, both globally 

and in Iceland specifically, are not yet adequately constructed to support vehicle to grid tech-

nologies to the degree needed (Cui, Bai, Zhu, & Huang, 2016; H. Lund & Kempton, 2008; 

Turton & Moura, 2008). And although the charging technology has been developed to allow 

for such applications, it is not yet widely available. Therefore, a set of assumptions were made 

with regard to infrastructure development, available charging technologies and V2G capabil-

ities.  

In this thesis, the author assumes that adequate charging infrastructure is available to 

all vehicles to the same degree, when parked at home. Home in this case can be interpreted 

as both the residence of the owner or the standard parking space of the vehicle and generally 

entails that the vehicle is connected to the grid. All charges are equipped with the necessary 
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telecommunication technology to send, receive and process all signals and pieces of infor-

mation, as well as with the necessary capabilities to process information about the respective 

vehicle’s battery-conditions. In turn, this entails that the batteries have be capable to provide 

information about their conditions to the chargers. (Hu et al., 2016; Kempton & Letendre, 

1997; Kempton & Tomić, 2005a; Kempton et al., 2001) 

 

Figure 6. Currently installed public EV chargers in the capital city region. Source: PlugShare (2017) 

 

The charger characteristics used in this thesis research is based on the Japanese 

CHAdeMO model ("IEEE Approved Draft Standard Technical Specifications of a DC Quick 

Charger for Use with Electric Vehicles," 2015), which is a DC-fast charger. The technology 

itself is V2G-capable by allowing bi-directional flow of electricity and capable of dynamic 

charging, offering the highest degree of flexibility and control of charging current. Its current 

generation delivers a maximum current of up to 125 Ampere, operates between 200 and 500 

Volts DC and delivers a maximum power of 62.5 Kilowatts (Mouli, Kaptein, Bauer, & 

Zeman, 2016). The assumed maximum charging power in this thesis is equal to 50W, as 

several of these 50 kW DC-fast chargers have already been constructed in the capital region. 

Figure 6 shows the locations of the chargers. Green markers represent public EV charging 

stations, orange markers represent DC-fast chargers, which according to PlugShare (2017) 

are all CHAdeMO capable. The CHAdeMO charger is used in many of the most common EV 

models. In cases where a vehicle is not equipped with the CHAdeMO capabilities, adapters 
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are available. Although using an adapter has an impact on the speed of the charging, this 

aspect is neglected in this analysis. Costs arising from the charging infrastructure develop-

ment are not considered in this analysis. 

Given the specifications of the chargers, it is assumed that the chargers are connected 

to the commercial voltage level of the distribution, which in Iceland is 400V. Although it has 

been stated that voltage increases over time, detailed modelling of this aspect exceeds the 

scope of this thesis, as it is a very complex subject. Therefore, the voltage has been assumed 

to be constant throughout the charging process.  

Furthermore, it is assumed, that the charging speed of all considered vehicles is ap-

proximately equal. According to Aziz, Oda, and Ito (2016), a 24 kWh Nissan Leaf battery 

could be charged up to a SoC of 80 percent - or 20 kWh of absolute charge - with a 50 kW 

fast charger in 35 minutes in Japanese winter months2. This time was used as basis to approx-

imate the added charge per minute. All vehicles are therefore assumed to be adding 0.55 kWh 

per minute of charging time.  

The balancing market has been modelled according to data provided by Landsnet, the 

Icelandic TSO (Landsnet, 2016). Data was provided in the highest possible resolution, which 

was in hourly averages. Therefore, the maximum timestep that could reliably be modelled, 

was the entire hour, thus not accounting for variations within the hour. Similar constraints 

apply to the balancing market clearing price data. 

Due to the limitations of the scope of this thesis, it is assumed that the VPP is managed 

under the umbrella of a pre-existing balancing responsible party and thus does not have to 

submit production and balancing schedules by itself. Assuming, the vehicles are individually 

owned, but that the VPP is managed, for example by a utility company, also limits the addi-

tional administrative burden and cost, as most agents most likely already are customers of the 

utility company. 

 Model definition 

The structure of the core elements of the created model is presented in Figure 7 below. 

The schematic shows the key interaction between the different model blocks, highlighting the 

key outputs from each section and where they are fed into. This segment presents first the 

overall model and the interactions of the individual blocks before then addressing each indi-

vidual block in more detail. Estimations of variables within the respective blocks, sources of 

data along with other important considerations are elaborated. 

                                                      
2 The ambient temperature observed was roughly10-11°C, therefore corresponding to warmer months in Ice-

land.(Veðurstofa Íslands, 2017)  
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Figure 7. Schematic of top level model and key interactions among blocks. 

 

Three key blocks can be identified in the thesis’ core model. Namely those are the 

Vehicle Agent Model, the EV Aggregator Model and the Balancing Market Model. All indi-

vidual agents are simulated within the Vehicle Agent block. Highlighted in Figure 7 are the 

Connected Vehicles, representing the portion of the vehicle fleet which is connected to the 

grid and thus able to participate in regulation activities. These Connected Vehicles’ batteries 

and their charges are made available to the EV Aggregator. Within the EV Aggregator Model, 

the Connected Vehicle’s battery charges are aggregated to determine how much capacity is 

available in both directions. In order to secure that both the functioning of the vehicle as such 

is not impaired and the submitted bids can be provided with absolute certainty, limiting con-

straints have been implemented. 

Once the aggregation calculations have been carried out, it is determined whether it is 

appropriate to submit a bid to the balancing market. Should that be the case, at least one bid 

is created specifying the capacity the VPP can provide in a specific direction, and passed on 

to the balancing market along with a specified price per MW bid. The balancing market model 

block also receives bids from other market participants, and then determines which bids are 

going to be activated, which in turn determines the market clearing price. Should the VPP bid 

be among the winning bids for the current hour, then the VPP is considered activated and 

receives payment according to the market mechanisms. This payment is then split among all 

those vehicles that have been activated, resembling their earnings. Downward bids are paid 

by the VPP operator.  
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Figure 8. Time order of the different model blocks in relation to each other and key interactions 

 

The above Figure 8 shows the time order in which these key model blocks are exe-

cuted for a single hour. The hour is divided into four timesteps of 15 minutes. Most frequently 

updated are the agents through the vehicle agent block. This element of the model is run every 

timestep, updating agents’ states and battery-charges as well as changing the setup of the 

connected vehicles pool. The EV aggregator model block is set up at the beginning of each 

new modelled hour, but continuously updated throughout in case of activation through the 

balancing market. In the last timestep of each hour, both payments are updated and new bids 

submitted to the bidding period with the closest gate closure. The balancing market model 

block sets the balancing market conditions for the entire upcoming hour in the first block of 

the hour and indicates whether the VPP is among the activated bids. At the end of the hour, 

the clearing price payments as well as option payments are made to the VPP. 

 Model layout 

The model is designed to calculate twelve model weeks that span an entire calendar-

year, one week for every month. It models a resolution of 15 minute timestep for the total of 

84 days, which resembles 8064 individual timesteps. The step to model representative weeks 

for every month of the year has been taken to reduce the calculation of the model. The general 

model has been run 50 times, with a single run taking rough 40 minutes to complete.  

From these runs, 50 sets of data are produced that will be used for later analysis. The 

monthly results are utilized to calculate the monthly expected results, which then are aggre-

gated to represent the yearly expected outcome from the model.  
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 Agent-Vehicle Model 

The Agent-Vehicle Model is the first key component of the overall model. It contains 

simulations of each agent’s mobility behavior, vehicle’s battery charge changes as well as 

tracks each individual agent’s profits and activation history. Figure 9 illustrates the order in 

which different operations are carried out in this model block. The different aspects that come 

into play here are explained in more detail in the following sections. 

 

Figure 9. Schematic illustrating the Vehicle-Agent Models key actions 

 

A total of 100 agents are assigned vehicles and assumed to be following regular rou-

tines. The state of an agent dictates his current whereabouts and is used for determining whose 

vehicles are available for regulation activities. The VPP model is then executed updating the 

charges of the respective vehicles’ batteries. Those then are passed into the next timestep, 

where some agents have changed their state, and the model block is executed again. 

The initial states of all agents at the beginning of the simulation are set as being at 

home, and connected to the grid, as the simulation starts at midnight and all vehicles are 

expected to be connected at this time of day. Batteries of the respective vehicles are set to 50 

percent state of charge in the beginning to secure both upward and downward regulation abil-

ity from the beginning. In the process of model validation, a sensitivity corresponding to the 
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determination of initial states and battery charge was noticed. As result, they are not deter-

ministic instead of following a random uniform sampling from the array available options.  

3.2.2.1 Vehicle Fleet 

The vehicle fleet composition is determined by using a set of probabilities for a se-

lected array of battery electric vehicles. It is assumed here that EVs and conventional cars can 

be substituted for one another, in order to most closely resemble vehicle fleet currently found 

in Iceland’s capital city region. Battery electric vehicles and hybrid electric vehicles with 

batteries exceeding 10 kWh have been considered. Other electric drive vehicles such as fuel-

cell vehicles, are less profitable according to previous research (Kempton & Tomić, 2005a), 

and have achieved significantly less market penetration levels or have much smaller batteries. 

The latter is main criterion for excluding hybrid electric vehicles with batteries smaller than 

10 kWh of capacity. This leaves a final vehicle pool of 18 EV models that will be sampled 

from. 

Each agent is assigned one vehicle at the beginning of the entire simulation, through 

draws from vehicle pool using the sampling probabilities. Those probabilities are determined 

by combining frequencies of all currently registered personal vehicles split by class in Iceland 

(Samgöngstofa, 2017) with sales figures for specific EV models split by respective vehicle 

class. Vehicle models registered less than ten times have been excluded. This measure re-

moved approximately 2.5 percent of all registrations, but removed 27 percent of models from 

the sample. Vehicle classes are based on the definition provided by the European Commis-

sion. Some classes are not found in the selected EV pool, consequently, they have been ex-

cluded from the sample. Especially SUVs are overrepresented in the Icelandic vehicle pool – 

36 percent of all registered personal vehicles can be categorized as SUVs (Samgöngstofa, 

2017).  

The usual usage pattern of electric vehicles and operative limitations of the current 

electric vehicle models lead to the decision to exclude SUVs from the sampling pool. It is 

also likely that most SUVs are registered as secondary vehicles, which are predominantly 

used for longer journeys into the countryside instead of using them as primary vehicle in day 

to day usage. Due to data availability constraints, the sales numbers are based on the US EV 

sales from the past year and the first three months of 2017 (Cole, 2016, 2017a, 2017b, 2017c). 

The total numbers of the original vehicle pool account for more than 90 percent of all EVs 

sold in the US during respective periods. Upon removal of the small batteries, roughly 80 

percent of all sold EV models are represented. Each of the assigned EVs has specific different 

characteristics, such as battery size, range, and battery replacement costs. The selected pool 

of EV models is presented in Table 1 along with key specifications. 
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Table 1. EV pool used in the analysis3. 

Vehicle 

ID 

Manufacturer Model Range 

(Dω
𝑚𝑎𝑥) [km] 

Battery size 

(ẽΩ
𝑚𝑎𝑥) [kwh] 

Driving effi-

ciency 

(Θω
d ) [

Km

kWh
] 

Battery pack 

costs 

(Cω
𝑏𝑎𝑡) [ISK] 

1 BMW i3 22 130 21.6 6.04 611,982 

2 BMW i3 33 184 33.2 5.53 940,639 

3 Cadillac ELR 64 17.1 3.77 937,964 

4 Chevrolet Volt 85 18.4 4.64 1,009,272 

5 Chevrolet Spark EV 132 18.4 7.18 521,318 

6 Chevrolet Bolt EV 383 60.0 6.39 1,699,950 

7 Fiat 500e 140 24.0 5.84 679,980 

8 Ford Fusion energi 2016 122 23.0 5.32 126,1589 

9 Ford Fusion electric 2017 185 33.5 5.53 949,138 

10 Kia Soul EV 150 27.0 5.55 7,649,785 

11 Mercedes B-class ED 140 36.0 3.89 1,019,970 

12 Nissan Leaf 24 135 24.0 5.64 679,980 

13 Nissan Leaf 30 172 30.0 5.74 849,975 

14 Porsche Cayenne S-E 23 10.8 2.09 592,399 

15 Smart Fortwo ed 109 17.6 6.22 498,652 

16 Tesla Model S 401 75.0 5.35 2,124,937 

17 Tesla Model X 383 75.0 5.11 2,124,937 

18 Volkswagen E-Golf 134 24.2 5.52 685,646 

 

3.2.2.2 Mobility Behavior 

The mobility behavior of the EV owners has previously been highlighted as key com-

ponent to the agents’ behavior throughout the simulated time-period. It is vital for this model 

to understand the driving patterns and general vehicle utilization of the owners in order to 

lend an appropriate degree of realism to the simulation.  

Modelling of the mobility behavior of the agents has been adopted from Rolink and 

Rehtanz (2013) among others, whom use non-homogeneous semi-Markov process and so-

journ times to model the location of the electric vehicles. This requires the creation of differ-

ent states of the vehicles, along with the creation of transition probabilities between these 

states. Utilizing Markov chains and semi-Markov processes has been widely adopted through 

academic literature concerned with vehicle to grid applications, as it provides a simple sto-

chastic tool for mimicking realistic mobility behavior. It is important to note that the use of a 

homogenous semi-Markov process is of no use in this setting, due to the time-dependent var-

iance of the transition probabilities. The introduction of sojourn times to describe the time 

spent within a certain state lends additional degrees of realism to the model.  

In case of this thesis, the argument can be made, that due to the charging-location 

restriction, a three-state model is the most sensible. State 1 represents home implying con-

nection to the grid, State 2 driving, implying the vehicle is not stationary and not connected 

to the grid, and State 3 elsewhere, where the vehicle is considered to be stationary and not 

                                                      
3 A more detailed overview of the vehicle specifications is included in the appendix. 
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connected to the grid. Figures 9 shows the different states and the different treatments of 

vehicles currently in that state. Figure 10 below represents the connection between these 

states. For vehicles to transition from one stationary state to another, they have to go through 

at least one timestep in the transition state. 

 

 

Figure 10. Possible states and their connections. 

 

Transition probabilities between them have been determined relying on several stud-

ies on Icelandic mobility behavior, and vary throughout the day. The data has been obtained 

from mobility surveys (Capacent, 2011; Gallup, 2015; Reynarsson, 2012, 2016), regional 

governmental publications (RÁGÐJÖF, 2015) and actual data from traffic sensors in Rey-

kjavík, provided by the municipal Department of Transportation (Hermannsson, 2016). Table 

2 presents the different mobility variables and the respective sources, Figure 12 shows the 

observed traffic volume, in 1000 vehicles per hour, in Reykjavik, denoted by φ̅𝑘. The general 

formulation of the share of vehicles in a given state i at time k for a total number of agents, 

C, calculated as  

 𝜑𝑖𝑘 = ∑
(𝑦𝑐𝑘=𝑖)

𝐶𝑐   (1) 

 

Table 2. Mobility variables. 

Variable Value Source 

Number of daily trips, 𝔼(xtrips) 4.40 Capacent (2011, p. 8; 2014, p. 8) 

Average travel speed v,̅ [km/h] 50.10 VSÓ RÁGÐJÖF (2015, p. 16) 

Average trip distance, 𝔼(d) [km] 4.97 VSÓ RÁGÐJÖF (2015, p. 16) 

Average trip duration, 𝔼(s), [min]  5.82 VSÓ RÁGÐJÖF (2015, p. 16) 
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Figure 11. Observed traffic volume in Reykjavik. Source: Thorsteinn R. Hermannsson (2016) 

 

The transition probabilities are determined by approximating traffic volume in 15 mi-

nute intervals and estimating the share of vehicles of a given population size found in traffic 

at that point in time. This is equal to the sum of the probabilities of leaving states 1 and 3 at 

that point in time. The split between leaving state 1 and 3 are based on commuting patterns 

and their temporal occurrence as analyzed by Kung, Greco, Sobolevsky, and Ratti (2014).  

The general transition probability matrix 𝑷𝑘 is the same for all agents at time step k 

and is defined as follow 

 𝑷𝑘 = [
𝑝11 𝑝12 0
𝑝21 𝑝22 𝑝23

0 𝑝32 𝑝33

] (2) 

The general formulation for the individual probabilities can be written as such: 

 𝑝𝑖𝑗 = 𝑓(𝜑2𝑘, �̅�, 𝑥𝑘𝑖) (3) 

Where 𝜑𝑢 represents the current traffic volume of a defined fleet the road at the ob-

served time interval u, �̅� the diurnal mean traffic volume and 𝑥𝑘𝑖 the probability vector of for 

possible trip target states in the observed time step k. 

For the probabilities from state 2, special conditions apply for individual agents: 

 𝑝22 = {
  0, 𝑖𝑓 (𝑠2,𝑐 ≤ ∆𝑡) 𝑜𝑟 (𝑆𝑘 < 0.2)

1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (4) 

 𝑝21 = {
1, 𝑖𝑓 (𝑆𝑘 < 0.2) 𝑜𝑟 (𝑝22 ≠ 1 𝑎𝑛𝑑 𝑦𝑐𝑘−1 = 3) 

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (5) 

 𝑝23 = {
1, 𝑖𝑓 (𝑝22 ≠ 1 𝑎𝑛𝑑 𝑦𝑐𝑘−1 = 1 𝑎𝑛𝑑 𝑆𝑘 > 0.2)

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (6) 

Should none of the restrictions above apply, this leaves probabilities 𝑝2𝑗 as  

 𝑝2𝑗 = 𝑓(𝑦𝑐𝑘, ℎ𝑘) (7) 

Where 𝑦𝑐𝑘 represents the state of the agent before entering the transition state and ℎ𝑘 

the hour of the day at a given k. 
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Agent state changes are evaluated for every transition to a new time step in the simu-

lation process. Due to limitations posed by the available data, only the transitions out of the 

non-driving states, one and three, have been approximated. The transition probabilities cre-

ated for State 2 are only utilized to determine the following state but not to determine the 

when this transition will occur. Rather, the author utilizes the sojourn time to calculate when 

agents are expected to leave this driving state and arrive in their next state. These times are 

determined by sampling from the normal distribution of available trip times, N(𝜃𝑠, σs
2). In the 

model, the time spent in transit is then expressed in the definition of the value of the timestep 

where the vehicle transitions out of the driving state. 

3.2.2.3 Battery charging and discharging 

The selected vehicles all are equipped with Lithium-ion batteries, therefore are treated 

similarly in the model. This is based on the assumption specified in section 3.1, that their 

behavior is uniform. Their charging rate is modelled linearly for all states of charge, following 

the approach of Schuller et al. (2014). This is based on the assumed charging rate of 50 kW 

equally available to all vehicles, adding 0.55 kWh per minute. This was done due to the lack 

of available information on the respective batteries c-rates. The c-rate of batteries specifies 

the ratio of storage capacity in Coulombs4 and the time it takes to charge completely, therefore 

a C-rate of 1 entails a battery charges in exactly 1 hour.  

All vehicles’ batteries are modelled using the same parameters. Table 3 lists all those 

parameters, specifies their calculation and their source. The battery size, �̃�𝜔
max, of the indi-

vidual vehicle battery is based on the respective vehicle manufacturer’s specification. The 

state of charge of the battery, 𝑆𝑘, represents the relative current level of charge in relation to 

the battery size, consequently ranges from 1, indicating full charge to 0 indicating complete 

depletion. The counter-part, highlighting the depth of discharge, 𝐷𝑘 , represents the depth to 

which the battery is discharged.  

 

Table 3. Battery parameters, limits and calculations. 

Symbol Calculation / value Unit Explanation Source 

Ek 𝑆𝑘×�̃�𝜔
max kWh Energy stored at time k  

Ẽω
max  kWh Maximum energy stored in 

battery of vehicle ω 

 

dω
max  km Maximum range of vehicle 

ω 

 

μω
d  �̃�𝜔

max

𝑑𝜔
max

 
kWh/km Driving efficiency of vehicle 

ω 

Sandels et al. (2010) 

μω 0.93 dimensionless Charger efficiency of vehi-

cle ω 

Schuller et al. (2014) 

Sk 𝐸𝑘

�̃�𝜔
max

 
% State of Charge at time k Zhou et al. (2011) 

Dk 1 - 𝑆𝑘 % Depth of Discharge at time k Adapted from Zhou et al. 

(2011) 

                                                      
4 1 Coulomb = 1 Ampere * 1 second 
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Dmax 0.8 dimensionless Maximum allowed DoD Adapted from Tomić and 

Kempton (2007) 

Smax 0.8 dimensionless Maxmimum allowed SoC Dallinger et al. (2011) 

Ŝlim 0.4 dimensionless SoC threshold for participa-

tion in upward regulation 

 

Šlim 0.8 dimensionless SoC threshold for participa-

tion in downward regulation 

 

Sfc 0.3 dimensionless SoC limit for forced charg-

ing of vehicle regardless of 

balancing situation 

 

Sna 0.5 dimensionless SoC limit for charging when 

VPP is not activated 

 

Eω
max 𝑆max×�̃�𝜔

max kWh Maximum allowed energy 

stored in vehicle ω 

 

Eω
min (1 − 𝑆max)×�̃�𝜔

max kWh Minimum allowed energy 

stored in vehicle ω 

 

Eω
na 𝑆𝑛𝑎×�̃�𝜔

max kWh Energy stored in vehicle ω 

when charged until 𝑆𝑛𝑎 

 

 

Depending on a set of conditions at the respective point in time, the treatment of the 

charging vehicles, the selection of eligible vehicles and the imposed limits to the charging 

process change. Figure 12 aims to illustrate the different possibilities and their treatments. In 

general, it can be said that there are two main limitations imposed on the charging and dis-

charging of the vehicles: These are the upper and lower limits respectively. The highest al-

lowed depth of discharge through V2G discharging is set at a 𝐷max = 0.8. This corresponds 

to a minimum allowed SoC of 20 percent. The upper limit of all charging, regardless of acti-

vation or not, has been set at 𝑆max = 0.8. In absolute terms, this translates to: 

 𝐸𝜔
𝑚𝑎𝑥 = 𝑆𝑚𝑎𝑥 �̃�𝜔

𝑚𝑎𝑥 (8) 

and 

 𝐸𝜔
𝑚𝑖𝑛 = (1 − 𝐷𝑚𝑎𝑥) �̃�𝜔

𝑚𝑎𝑥 (9) 

Where 𝐸𝜔
max represents the upper limit for the absolute battery charge and 𝐸𝜔

min the 

lower of the respective vehicle model 𝜔. 

These two limits have been chosen, since exceeding either one of them repeated has 

detrimental effects on the longevity of the battery life (Kempton & Tomić, 2005a). Moreover, 

the lower limit has been set to prevent the vehicle from being not able to drive at any point in 

time because it has been providing regulation services. All but one of the selected models can 

at least conclude two trips of average length with the remaining capacity in their battery when 

the lower limit has been reached. The only vehicle where this is not the case, is the Porsche 

Cayenne – since this however is a hybrid model, the risk of running out of battery charge is 

lower due to availability of a conventional engine. The upper limit to the battery charge has 

been set, since charging the remaining top 10-20 percent of a battery take significantly longer 

than the previous 80 percent. Furthermore, charging these with a higher power charger not 

beneficial for the overall battery health (Münster-Swedsen, 2010). 
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Figure 12. Different treatment possibilities for vehicles, red indicates when vehicles are considered activated. 

 

Vehicles not participating in activation are being charged if they are connected to the 

grid, but they are paying the regular market price, 𝐶el, of 7.55 ISK per kWh (ON, 2016). 

Vehicles charged from regulation services are considered charging for free. Vehicles recon-

necting with an SoC below 30 percent will automatically charge until this threshold is 

crossed, if they can provide regulation services, they will do so for free, if not, they will 

charge for the regular market price. A charger efficiency is applied to all charging activities, 

as it is unlikely that the charger will operate without losses (Schuller et al., 2014). 
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Discharging of driving vehicles is calculated based on the distance driven and the 

driving efficiency. This is modelled linearly. Should the VPP not be activated, vehicles whose 

SoC exceeds 50 percent will not be charged in order to not contradict the argument that EV 

aggregation is a sensible option for coordinated charging. However, vehicles below the 

threshold will have to be charged as to not render them useless. The threshold was set as such 

in order to both allow up-ward and downward regulation services in the next balancing pe-

riod.  

The charging process itself is carried out as follows: 

 𝐸𝑘+1 = {
𝐸𝑘 + 𝐸𝑘

𝑐 , 𝑖𝑓 𝐸𝑘
𝑐 ≤ 𝐸𝑚𝑎𝑥 − 𝐸𝑘

𝐸𝑚𝑎𝑥 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (10) 

with 

 𝐸𝑘
𝑐 =  𝛥𝑡 𝑤𝜔𝜇𝜔 (11) 

𝐸𝑘
𝑐 represents the amount of energy charged in the period specified by Δt, with 𝑤𝜔 

representing the charging speed in kWh per minute of vehicle 𝜔 and 𝜇𝜔 as the charger effi-

ciency, which is assumed to be 0.93 (Kempton & Tomić, 2005a). The charger efficiency is 

included to account for losses that occur in various stages of the charging process, effectively 

reducing the net energy that is added to the battery charge. 

Vehicle discharging is distinguished into two different discharging methods. One is 

discharging through the provision of V2G, the other discharging while driving. V2G dis-

charging incorporates both charging speed, 𝑤𝜔 and the time dimension Δt, which translates 

into 

 𝐸𝑘+1  =  {
𝐸𝑘 − 𝐸𝑘

𝑉2𝐺 , 𝑖𝑓 𝐸𝑘
𝑉2𝐺  ≤ 𝐸𝑘 − 𝐸𝑚𝑖𝑛 

𝐸𝑚𝑖𝑛, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (12) 

with 

 𝐸𝑘
𝑉2𝐺 =  𝛥𝑡 𝑤𝜔(1 − 𝜇𝜔 + 1) (13) 

Discharging of vehicles while driving follows the same general approach: 

 𝐸𝑘+1 = 𝐸𝑘 − 𝐸𝑘
𝑑 (14) 

𝐸𝑘
𝑑 represents the energy discharged through the driving in timestep k, which is cal-

culated as 

 𝐸𝑘
𝑑  = 𝑑𝑘

𝜏𝑚𝑑𝜔
𝑚𝑎𝑥

�̃�𝜔
𝑚𝑎𝑥  (15) 

where 𝑑𝑘 represents the distance driven, 𝜏𝑚 the current month’s climate impact on the 

laboratory conditions driving range expressed through 𝑑𝜔
max. All of these charge updates are 

applied at the end of every timestep, when needed. The respective battery variables are up-

dated for the vehicles going into the next timestep. 

3.2.2.4 Battery decay 

Battery decay is a significant factor for EVs  long term performance. With repeated 

charge cycles the battery capacity decreases, therefore the charge cycles are tracked. One full 



38   METHODOLOGY 

   

charge cycle is considered to be equal to the capacity that will be drawn from or fed into the 

battery during one entire deep V2G charging cycle. Since the upper and lower limits on the 

battery are imposed at 80 percent and 20 percent SoC respectively, this effectively leaves 60 

percent of the battery capacity. Consequently, one complete deep charge cycle’s total energy 

throughput is considered to be 120 percent of the battery size. The total energy throughput to 

equal one charging cycle, 𝐸𝜔
cy

, can be formulated as 

 𝐸𝜔
𝑐𝑦

 = 2(𝐸𝜔
𝑚𝑎𝑥 − 𝐸𝜔

𝑚𝑖𝑛) (16) 

Due to the relatively short observed timeframe of this analysis, it is not expected for 

battery size decay due to cycle life is decay is not going to become a significant factor. Pre-

vious research on this subject suggest, that repeated charging with 50 kW fast chargers re-

duces the battery size faster than less powerful chargers. Therefore, it will be briefly ad-

dressed in the discussion but not incorporated into the model. 

Battery lifetime is incorporated through the expected life-time energy throughput of 

the batteries. This figure is crucial for assessing the costs of battery degrading. The lifetime 

energy throughput of a battery depends on whether it experiences deep or shallow discharging 

more frequently. Deep discharging entails a larger DoD than shallow discharging, and tends 

to reduce the overall lifetime of the battery by up to a factor of three. In V2G applications, 

usually deep discharging occurs (Kempton & Tomić, 2005a). Consequently, the lifetime en-

ergy throughput is formulated as  

 𝐿𝜔
𝑒𝑡 = 𝐿𝜔

𝑐 (1 − 𝐷𝑚𝑎𝑥)�̃�𝜔
𝑚𝑎𝑥 (17) 

where 𝐿𝜔
𝑐  is the cycle life of the battery pack of vehicle 𝜔. For this analysis, the cycle 

life of the battery packs has been differentiated between FEV and PHEV. FEV packs are 

expected to life through 3000 deep charge cycles and PHEV through 5000 (Andersson et al., 

2010; Cherry, 2016; Elgowainy et al., 2016; Hart, 2017). The difference in cycle lives for the 

different battery types stems from the usage patterns. While FEVs have to rely on the battery 

at all times, the PHEV can substitute the electricity with conventional fuel, thus not discharge 

the batteries as aggressively and in turn prolong the batteries cycle life.  

The literature has shown that battery decay due to uncontrolled reactions are facili-

tated by higher ambient temperatures. In colder climates, due to the lower ambient tempera-

tures, EV batteries tend to live longer (Yilmaz & Krein, 2013; Yuksel & Michalek, 2015). 

Therefore, it is expected that the batteries do not experience significant loss of capacity with-

out usage in Icelandic conditions. Calendar life decay consequently is neglected in the anal-

ysis. 

3.2.2.5 Reconnection treatment 

Throughout the duration of a single balancing period multiple timesteps are simulated, 

as previously stated in section 3.2.1. Each of these timesteps can alter the composition of the 

connected vehicle fleet due to vehicles disconnecting from and reconnecting to the grid. This 

necessitates constant adjustment of the VPP’s activated vehicles. In a case where the VPP is 

currently activated and providing regulation services, the total connected capacity must not 



3.2 MODEL DEFINITION  39  

  

fall underneath the promised capacity from the submitted bid. Similarly, could the VPP sud-

denly provide substantially more capacity than promised should several vehicles reconnect. 

In order to mitigate this, reconnection treatment is implemented. An illustration is 

provided in Figure 13. Vehicles that are connected at the beginning of an activation phase are 

considered as activated as long as the promised capacity can be delivered. All vehicles recon-

necting to the grid are added to a pool of returned vehicles but are not joining the balancing 

activities yet. Should either a vehicle from the activated pool disconnect or the available ca-

pacity drop underneath the promised capacity, adequate replacement from the returned vehi-

cle pool is drawn and entering the activated vehicles pool. In a downward regulation case, 

vehicles with lower SoCs will be treated preferentially as they require more urgent recharg-

ing. In the opposite case, higher SoCs will be preferred. 

 

 

Figure 13. Schematic showing the determination of activation of vehicles and the treatment of returning vehicles. 

 

An important notice is that reconnected vehicles that return to the grid with a SoC 

lower than their minimum charge, will be recharged regardless of the current balancing sce-

nario until they regain their minimum charge, paying the regular electricity price. In down-

ward regulation cases, these vehicles can join the activated pool in the above described cases. 

They will not be joining in upward regulation instances. 
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 EV Aggregator Model 

 

Figure 14. left: Schematic of the EV Aggregator Model; right: the bidding strategy steps. 

 

The aggregator is set up as a central control under the umbrella of a balancing respon-

sible party. It handles all transactions, submissions and scheduling of bids and dispatches the 

vehicles whenever needed. The operator uses a simple bidding strategy to size and submit 

bids that will certainly be possible to supply, as shown in Figure 14 on the right. Figure 14 

on the left shows the key tests that the model runs every timestep. 

Using the limits and qualifying criteria, as illustrated in Figure 13 in section 3.2.2.3, 

the number of vehicles fulfilling the qualifying criteria, which are considered the vehicles the 

VPP operator can utilize for regulation service, can be formulated as  

 �̂�𝑘 = ∑ [𝑦𝑐𝑘 = 1]×[𝑆𝑐𝑘 ≥ �̂�𝑙𝑖𝑚]𝐶
𝑐=1  (18) 

for upwards regulation and  
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 �̌�𝑘 = ∑ [𝑦𝑐𝑘 = 1]×[𝑆𝑚𝑖𝑛 < 𝑆𝑐𝑘 < �̌�𝑙𝑖𝑚]𝐶
𝑐=1  (19) 

for downwards regulation. Both these formulae contain two logical tests, which only 

return a positive evaluation when both conditions are satisfied. 

3.2.3.1 Capacity calculations 

The calculation of the available capacity in either direction is performed for each 

timestep using the following equations,  

 �̂�𝑘
𝑎 = ∑ �̂�𝑐𝑘(𝑡𝑐𝑘

𝑐 𝑊𝜔)𝐶
𝑐=1   (20) 

where, �̂�𝑘
𝑎 is the available connected capacity in the upward direction, 𝐶 the number 

of agents, �̂�𝑐𝑘 is equal to 1 if agent c is fulfilling the qualifying criteria for participation in the 

upward regulation balancing activity, 𝑊𝜔 the 50 kW rating of the CHAdeMO fast charger 

and 𝑡𝑐𝑘
𝑐  the time that the respective agent will need to charge up to the limit. This is calculated 

as follows: 

 𝑡𝑐𝑘
𝑐 = 

𝐸𝑘−𝐸𝜔
𝑚𝑖𝑛

𝑤𝜔
 (21) 

where, 𝐸𝜔
min is the absolute charging limit depending on the relevant direction, 𝐸𝑘 is 

the current capacity stored inside the battery and 𝑤𝜔 represents the charging speed. This 

equation calculates how long charging the difference would between current charge and limit 

would take, as this represents the time that the 50 kW charger will be active and consequently 

exerting the load onto the grid.  

For downward regulation, these equations take the following form: 

 �̌�𝑘
𝑎 = ∑ �̌�𝑐𝑘 (

𝐸𝜔
𝑚𝑎𝑥−𝐸𝑘

𝑤𝜔
𝑊𝜔)𝐶

𝑐=1  (22) 

Where �̌�𝑘
𝑎 is the total available capacity for downward regulation and 𝐶 is the number 

of connected vehicles fulfilling the qualifying criteria for participation in the downward reg-

ulation balancing activity. 

In order for a vehicle to qualify for participating in the regulation service provision, 

two limits are introduced. For upward regulation, this threshold is set as �̂�lim = 0.4, whereas 

the threshold for downward regulation corresponds to the maximum limit set for SoCs of 

vehicles. It thus can be expressed as �̌�lim = 𝑆max = 0.8. 

This connected capacity represents the total capacity generated through the activation 

of the 50kW fast-chargers. In general terms, in order to be able to accumulate the 1 MW of 

capacity needed for the bidding hour, 20 chargers need to be active at all times.  

3.2.3.2 Bid sizing and bidding behavior 

Bids are prized according to the expected marginal costs that will be incurred through 

providing 1 MW of regulation service. These bids are considered the VPPs balancing sched-

ules A crucial variable is the 𝐸𝑀𝑊, which represents the energy that will be (dis-)charged 
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when a single MW is provided. For the assumed average charging speed of 0.55 
kWh

min
 it 

amounts to 660 kWh to secure the necessary 20 chargers at all times. Consequently, it can be 

formulated as such: 

 𝐸𝑀𝑊 =
1 

𝑊𝑐
 �̅� (23) 

where �̅� represents the mean charging speed of all vehicles considered in the analysis. 

A more detailed account of the bid prizing and determination of the marginal costs of provid-

ing regulation services is provided in section 5.3. 

The submission of the bids takes places two hours before gate closure of the balancing 

market. The next gate closure of the market is represented by 𝑞𝑘,𝑧, which is determined 

through  

 𝑞𝑘,𝑧 = 𝑘 +
2

∆𝑡
 (24) 

where k is the current timestep and z is the current balancing period. 

Although bids have to be submitted by Friday afternoon 14:00, bids can be adjusted 

up to two hours prior to the actual balancing period. Therefore, it is assumed that the VPP 

can alter the scheduled bids in the short term right before the gate closure. Hence, the capacity 

forecast needs to only project the development over the next two hours in order to safely size 

a bid that the VPP can guarantee delivery of. As it is not explicitly forbidden to submit non-

integer values as capacities, the VPP sizes bids in increments of 0.5 MW once the minimum 

threshold of one MW has been cleared. The bidding strategy for upward regulation has been 

formulated as such: 

 �̂�𝑧+2
𝑏 =

{
 

 𝔼(�̂�𝑧+2 |�̂�𝑘) (
�̅�𝑞

𝑝𝑗
−�̅�𝑘

𝑚𝑖𝑛

�̅�
𝑊𝑐) , 𝑖𝑓 �̅�𝑞

𝑝𝑗
≥ �̅�𝑘

𝑛𝑎

𝔼(�̂�𝑧+2 |�̂�𝑘) (
�̅�𝑘

𝑛𝑎−�̅�𝑘
𝑚𝑖𝑛

�̅�
𝑊𝑐) , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

  (25) 

where �̂�𝑧+2
𝑏  represents the bid capacity that is assumed to be available in balancing 

period z+2, 𝔼(�̂�𝑧+2 |�̂�𝑘) is the expected number of vehicles that are connected throughout 

the balancing period z+2 and fulfil the qualifying criteria for participating in upward regula-

tion, �̅�𝑞
𝑝𝑗

 is the mean projected charge of vehicles connected at the beginning of the balancing 

period q. The means for the absolute charge in case of non-activation of the fleet connected 

at point k, �̅�𝑘1
na, and �̅�𝑘

min as the mean minimum absolute charge of vehicles connected at 

point k are also included. 

For downward regulation, it is formulated as 

 �̌�𝑧+2
𝑏 = {

 𝔼(�̌�𝑧+2 |�̌�𝑘) (
�̅�𝑘

𝑚𝑎𝑥−�̅�𝑞
𝑝𝑗

�̅�
𝑊𝑐) , 𝑖𝑓 �̅�𝑞

𝑝𝑗
≤ �̅�𝑘

𝑛𝑎

𝔼(�̌�𝑧+2 |�̌�𝑘) (
�̅�𝑘

𝑚𝑎𝑥−�̅�𝑘
𝑛𝑎

�̅�
𝑊𝑐) , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 (26) 

The symbols found here represent the appropriate counterparts to the ones found in 

the upregulation service bid. The distinction between the expected mean absolute charges at 

point q and the means of fleet’s battery limits at point k had to be made since it is not known 
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which vehicles will disconnect between the gate closure of the market and the actual balanc-

ing period. Therefore, working with the means represented an appropriate compromise. The 

differentiation of calculation approach had been made, since in cases of non-activation of the 

VPP, the cars will still be charged to a SoC of 0.5. This has been introduced as a safety 

measure to avoid overestimating the bid size and consequently not being able to provide the 

promised capacity. 

As first step, it is evaluated how many vehicles are likely to leave within the next two 

hours, but using the transition probabilities. Using past observations as basis, a prediction is 

run to determine the number of vehicles returning within the next two hours and their ex-

pected SoCs. Should less than 45 vehicles be expected to be connected throughout the entire 

balancing period, no bid will be submitted. This is a measure introduced to prevent overly 

optimistic bidding. Since 20 chargers need to be active at all times, which entails means at 

least 660 kWh need to be charged throughout the hour, this equals a total 33 kWh per charger 

throughout the hour. Most batteries in the vehicle pool are smaller, thus at least two vehicles 

will be needed to support one charger. Thus, this threshold has been introduced.  

Should 45 vehicles be connected, two balancing market models are run for the next 

two hours. If VPP bids have been submitted, it is evaluated of how likely it is that the VPP is 

among the winning bids by repeated binominal tests. The probability of winning is deter-

mined by the cumulative density function of the historical clearing price percentiles in the 

respective direction. Should the VPP bid be selected, the projected charges of the vehicles are 

altered. The same procedure is repeated for the second hour. Following this process, the ex-

pected available capacity is then submitted as bid for the next closest balancing period. 

3.2.3.3 Activation of Vehicles 

Vehicles that are connected to the grid and part of the current VPP pool are considered 

activated should the VPP be among the accepted bids. Each individual vehicle possesses an 

activation counter, to track the activation counts, and the charged and discharged energy 

through activation of this particular vehicle. Rules for activation of reconnected vehicles as 

described in 3.2.2.5 apply. 

3.2.3.4 Reimbursement mechanism for vehicle activation 

The reimbursement of the individual vehicles is determined based on a pay-as-you-go 

mechanism, as this proved more popular among EV owners (Parsons et al., 2014). That is to 

say, each activated vehicle receives financial reimbursement for participation per activation. 

All earnings of the aggregator will be shared with the vehicle owners every month. The indi-

vidual payments are calculated based on when the respective vehicles have been activated, 

splitting the received option payment and possible received clearing price payment among 

those vehicles that have been offering their batteries in the respective balancing case. 70 per-

cent of received upward clearing prices are distributed among all activated agents, 30 percent 

are retained by the VPP operator in order to secure the liquidity of the VPP operator when 

downward bids have to be paid. The capacity payments received from the balancing market 
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for submitting bids regardless of activation are also retained by the VPP operator. More de-

tails on the distribution mechanisms are provided in section 3.3. 

 Balancing Market Model 

 

Figure 15. Schematic showing the key steps in the balancing market model. 

 

The balancing market model is following the Icelandic balancing market as described 

in section 3 as closely as possible, but had to be simplified quite extensively with regard to 

the actual balancing energy and other market participants. Due to limited available data and 

research on the Icelandic balancing market’s participants’ behavior these simplifications had 

to be made. Two dummy bidders have been created, who compete alongside the VPP. Both 

of these bidders submit a total of 18 bids each, nine for up regulation, nine for downregula-

tion, in block sizes ranging from one to ten with the condition that their sum is equal to 45 
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MW. This ensures that at least 90 MW of balancing capacity are submitted for both directions 

at all times. The prices are determined by using the clearing price data sampling from the 

quantiles of the clearing prices to aim to resemble the clearing prices. 

The capacity that needs to be balanced is determined for the entire hour based on the 

data provided by Landsnet. Outliers have been removed using the 1.5 IQR method (Seo, 

2006), leading to the balancing capacity resembling a normal distribution with a slightly neg-

ative skew, as shown in figure 16. 

 

Figure 16. Histogram of cleaned regulation capacity data.  

 

Table 4. Descriptive statistics regulation capacity data & highest accepted bid. 

Variable n Min Max Mean Median Standard 

deviation 

Skewness Kurtosis 

Upward regulation 

clearing prices 

[ISK/MW] 

4,373 4000 19,500 7751 7,200 994.3 1.02 0.6 

Downward regulation 

clearing prices 

[ISK/MW] 

14,948 0 4,200 1,009 750 2,755.4 1.57 2.56 

Required balancing ca-

pacity [MW] 

25,295 -60 36.9 -10.82 -9.67 17.2 - 0.3 0.08 

 

The balancing requirement for the balancing period hour is sampled from the data 

provided by Landsnet. It can be expressed as 

 𝑊𝑧
𝑟~𝑁(𝜇ℎ

𝑊, (𝜎ℎ
𝑊)2) (27) 

Where 𝑊𝑧
𝑟is the required balancing capacity for the balancing period z which is sam-

pled from 𝑁(𝜇ℎ
𝑊, (𝜎ℎ

𝑊)2), the normal distribution of the balancing data for the respective hour 

of the day h, with a mean 𝜇ℎ
𝑊 and standard deviation 𝜎ℎ

𝑊.  

To determine the market clearing price, 𝑃�̿�, bid-prices for the respective required di-

rection are ordered following a merit-curve as described by the Landsnet grid codes: For 

upward regulation, the bids are ordered by price in ascending order. For downward regulation, 
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bids are ordered in reverse, that is to say highest price to lowest. Following the merit order 

curve, bids are accepted until the total cumulative capacity matches or exceeds the required 

balancing capacity. The last accepted bid is determined the winning bid, and sets the clearing 

price for hour. Subsequently following payments are modelled in accordance with the 

Landsnet grid-code. When VPP is activated, it receives the market clearing price in an upward 

balancing scenario, while it pays its bid when it is activated downwards. An option payment 

is paid per submitted bid per directions, regardless of bid activation but merely dependent on 

the bid-submission status. 

 Economic Assessment 

The economic viability of this proposal is carried out on the basis of accumulated 

profits by the individual vehicles and VPP aggregator. In accordance with the reimbursement 

mechanism for activation, individual vehicles receive payment from the VPP. The cost of 

providing regulation services is adapted from Andersson et al. (2010, p. 2754) and Schuller 

and Rieger (2013, p. 184): 

 𝐶𝜔
𝑑𝑒𝑔

=
𝐶𝜔

𝑏𝑎𝑡

𝐿𝜔
𝑒𝑡  (28) 

where 𝐶𝜔
deg

 the cost of battery degradation per unit of energy throughput at maximum 

allowed discharge cycles, 𝐶𝜔
bat is the total costs of the battery pack and 𝐿𝜔

et the lifetime energy 

throughput. With  

 𝐶𝜔
𝑏𝑎𝑡 = 𝑃𝜔

𝑏𝑎𝑡�̃�𝜔
𝑚𝑎𝑥 (29) 

where 𝑃𝑏𝑎𝑡 the battery pack investment costs per kWh of storage capacity. These bat-

tery costs are based on a recent estimates of battery pack costs (Elgowainy et al., 2016), which 

suggests costs of 28,500 
𝐼𝑆𝐾

𝑘𝑊ℎ
 for FEVs5, and 55,000 

𝐼𝑆𝐾

𝑘𝑊ℎ
 for PHEV. The difference in prices 

between those vehicle types can be explained by the relatively small size of the batteries 

usually found in PHEV and battery pack costs experience tremendous relative cost reduction 

with increased pack size. Although, it needs to be said that recent trends see PHEV batteries 

also increase in pack size. In general, battery pack costs are expected to drop dramatically in 

the future while already they have been dropping significantly (Elgowainy et al., 2016; 

Nykvist & Nilsson, 2015). 

The marginal costs of providing one MW in up and downward direction are crucial to 

the pricing of the bids submitted to the balancing market. They can be formulated as: 

 �̌� =
(∑ 𝐶𝑐𝜔

𝑑𝑒𝑔
𝑐 )

𝐶
𝐸𝑀𝑊 − �̌�𝑚

𝑜 − 𝐶𝑒𝑙𝐸𝑀𝑊 (30) 

where �̌� are the marginal costs of providing one MW of downward regulation, �̌�𝑚
𝑜  the 

capacity payment received for submitting a bid to the balancing market regardless of activa-

tion and the term of 𝐶el𝐸MW calculates charging costs that are foregone by the bid submission 

                                                      
5 Converted form 250 USD, using a conversion rate of 113.33 ISK = 1 USD, (Landsbankinn, 2017), 6 months 

average. 



3.3 ECONOMIC ASSESSMENT  47  

  

for the entire pool. Avoided charging costs occur only in downward scenarios.  

The avoided charging costs of individual agents are calculated slightly differently: 

 �̃�𝑐𝑘 = 𝐸𝑐𝑘
𝑐 𝐶𝑒𝑙 (31) 

Where �̃�𝑐𝑘 represents the avoided charging costs of the individual agent c in period k. 

Generally, the case of avoided charging costs is an interesting one, since without the down-

ward regulation service provision, will likely not be incurred since the agent has to pay in 

these cases. But, when considering a single EV which is not participating in the aggregator, 

it will incur costs for charging its battery through the battery whenever it has to be charged. 

The degrading costs of the battery will be incurred regardless of whether it participates or 

not. But through the participation in the VPP, the costs of charging can be reduced. They 

therefore can be discounted from the overall costs of providing the MW, since they represent 

a form of profit to the participants. 

Since the avoided charging costs in an upward regulation scenario are equal to zero, 

the marginal costs for upwards regulation can be formulated as: 

 �̂� =
(∑ 𝐶𝑐𝜔

𝑑𝑒𝑔
𝑐 )

𝐶
𝐸𝑀𝑊 − �̂�𝑚

𝑜 (32) 

The capacity payment will be paid both for bids downwards and upwards whenever 

they are submitted in order to incentivize market participation. These payments are made 

regardless of activation of the actual bid. Through submitting a bid to market, the option 

payment will be paid, therefore can be discounted from the marginal costs.  

The benefit of the participation in the VPP for individual agents is assessed through a 

simple calculation of their revenue: 

 𝑅𝑐𝑘 = 𝐵𝑐𝑘 + ∑ �̃�𝑐𝑘𝑘  (33) 

where 𝑅𝑐𝑘 is the revenue of the agent c that has been accumulated until the point k 

and 𝐵𝑐𝑘 is determined as the account balance of respective agent at the point k. The account 

balance is calculated through 

 𝐵𝑐𝑘 = ∑ �⃖� 𝑐𝑘𝑘 − 𝑃  𝑐𝑘 (34) 

 where �⃖� 𝑐,𝑘 is determined as the payments made by the agent in point k, while 𝑃  𝑐,𝑘 are 

the payments received by the agent. They are formulated as: 

 𝑃  𝑐𝑘 = 
𝑔𝑎 (0.98�̿�𝑧

�̂�)�̂�𝑧
𝑏

𝑛𝑧
𝑎  (35) 

 �⃖� 𝑐𝑘 = 𝐸𝑐𝑘
𝑐 𝐶𝑒𝑙  +

𝑃𝑧
𝑢𝑐

𝑛𝑧
𝑎  (36) 

where �̿�𝑧
�̂�is defined as the market clearing price of a won upward bid in which the 

agent had been activated, �̂�𝑧
𝑏 the bid capacity, and 𝑛𝑧

𝑎 is the number of activated agents dur-

ing that balancing period. The payments received for won upward bids are split among the 

VPP operator and all activated agents in that balancing period. The VPP operator retains 30 

percent of the profits and passes 70 percent on to the activated agents. The latter is represented 

by 𝑔𝑎. This is done to secure liquidity of the VPP operator in order to pay the downwards 

bids that are won. In cases where the VPP operator balance is too low to pay the downward 
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bid, the remaining uncovered costs, 𝑃𝑧
𝑢𝑐are socialized among all activated agents. A factor of 

0.98 is also applied to won bid since Landsnet retains 2 percent of all market clearing price 

payments. 

The account balance of the VPP can be formulated as  

 𝐵𝑘
𝑉𝑃𝑃 = ∑ �⃖� 𝑘

𝑉𝑃𝑃
𝑘 − 𝑃  𝑘

𝑉𝑃𝑃 (37) 

with 

 𝑃  𝑘
𝑉𝑃𝑃 = 𝑔𝑉𝑃𝑃0.98 �̿�𝑧

�̂��̌�𝑧
𝑏 + �̂�𝑚

𝑜�̂�𝑧
𝑏 + �̌�𝑚

𝑜�̌�𝑧
𝑏 (38) 

and 

 �⃖� 𝑘
𝑉𝑃𝑃 = �̌�𝑧

𝑤�̌�𝑧
𝑏 (39) 

where �̌�𝑧
𝑤 represents the submitted downward bid price and �̌�𝑧

𝑏 the bid capacity. The 

option payments �̂�𝑚
o  & �̌�𝑚

o received for bid submission per submitted MW are not redistrib-

uted to the agents, rather they are retained by the VPP operator. 

A cost factor that may occur, but is not expected to be significant in Iceland, is battery 

decay due to warm ambient temperatures. Due to the Icelandic climate, which will be ad-

dressed in more detail in the next section, this effect can be expected to be minimal. There-

fore, it is not included in the costs. Other costs such as costs associated with the V2G capa-

bilities of vehicles, vehicle investment costs, taxes, or the charging infrastructure also have 

not been included, since they are outside the defined scope of this thesis. Some cases will be 

briefly addressed in the discussion however. 

 Icelandic climate and seasonal variations 

The impact of climate and temperature on battery performance has been stated to be 

a significant factor. Given that Iceland is marked by distinct climate, the factor must be in-

cluded in this analysis. As stated in the literature review, cold climates have positive effects 

on the life-time of batteries while they exert negative effects onto the actual battery perfor-

mance. 

In the literature, it was shown that Lithium-Ion batteries operate most efficiently be-

tween 15°C and 30°C (Francfort et al., 2015; Hart, 2017). Temperatures in Reykjavik are 

usually below that point, averages indicate that the warmest month usually is July at 

roughly12°C, the coldest is December at 0.7°C (Vedurstofa Íslands, 2017). Therefore, it can 

be concluded that EVs most likely do not operate at maximum efficiency. This may be due 

to reduced battery output caused by lower reactivity of battery in colder temperatures. Other 

causes could be the increased electricity demand from the battery for example heating the 

vehicle or the battery pack. Either way, the effective range of the EV is reduced in colder 

ambient temperatures. 

In concrete terms, this means, that a climate factor has been created based on the anal-

yses by Yuksel and Michalek (2015) and Reichmuth (2016). The data for the climate in Rey-

kjavik is based on the averages monthly temperatures throughout the last ten years, as has 

been published by Vedurstofa Íslands (2017). This climate factor, 𝜏𝑚, is used for dynamic 
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adjustment of the EVs’ driving efficiency. In the winter months, at the coldest temperature 

the effective vehicle range drops to 80 percent of laboratory conditions. This is applied to all 

batteries in the same fashion, which is a bit more cautious than it could have been. Larger 

batteries are likely to experience less efficiency drop due to better thermal management of 

the battery packs. Reliable data on these issues however is scarce. Therefore, the conservative 

approach is deemed the most suitable.  

Other aspects of climate such as altered mobility behavior of drivers and less smooth 

driving due to weather conditions can all be easily identified as possibly of importance. How-

ever, due to lack of reliable data on the seasonal variations of mobility behavior in Iceland, 

these aspects are not included. 

 Model validation 

Inside the created simulation framework, the mobility behavior of the agents and the 

balancing market setting should resemble the observed reality as much as possible. Since both 

of these facets are modelled according to real observed data, the results from the simulation 

can be tested against these. In this segment, the validity of the mobility behavior and the 

balancing market are both evaluated. The data for the validation has been created by running 

a reduced version of the model only running the balancing market setting and mobility aspects 

of the final simulation.  

To verify the validity of the mobility behavior, two indicators are used: the observed 

traffic volume variation throughout the day and the average trips per agent per day. Figure 17 

shows the average shares of vehicles on the road at the respective hour of day in the model. 

A sharp increase in vehicles on the road occurs between 8:00 and 9:00 while in the evening 

the rush hour is more distributed throughout the early evening hours. This is in line with the 

previously observed occurrence of rush-hour traffic. It is noted that the vehicles do not drive 

continuously throughout the day, but return to the home location around 20:00.  

 

Figure 17. Diurnal average traffic pattern as shown by the modelled fleet. 
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The number of trips has been compared using a two-sample t-test to determine the 

difference in means of the respective samples. The first sample represents the data sampled 

from the real-world trip distributions, the second sample is the average trip data per agent as 

produced by the model. Their means are consequently represented by �̅�1 and �̅�2 respectively. 

It is expected that the means are approximately similar.  

To test this, a null-hypothesis is formulated as 𝐻0: �̅�1 = �̅�2. A significance level of 

𝛼 = 0.05 has been selected. The test yielded that t = -1.466, p = 0.1452, df = 125.67. Since 

𝑝 >  𝛼, 𝐻0 cannot be rejected. Thus, the results suggest that the model is likely to produce 

an appropriate number of average trips per agent per day. 

The balancing market model has been tested using the required balancing capacity 

and the market clearing prices as indicators. The required capacity is sampled from the den-

sity function of the density function of the provided data from Landsnet. Figure 18 shows the 

two respective density plots. It comes to no surprise, that the model data follows the real 

data’s distribution. The difference in both peak and the slight dents leading up to the peak of 

the real-world data can be explained by the differing numbers of observation: the Landsnet 

data includes 25,000 observations, while the modelled data only includes 1,200 individual 

observations. With increasing sample size, it is expected to converge to fit the real data.  

 

Figure 18. Density plot of balancing market capacity required per hour. 

 

The balancing market clearing prices are primarily relevant in the upward direction, 

since here the pay-as-cleared mechanism applies. Here, the real data and the modelled clear-

ing prices will be compared using their percentiles, as shown in Table 5. In the downward 

balancing direction, the clearing price merely represents the lowest accepted bid, yet does not 

carry further significance for other bidders with higher bids. Although there is a deviation 

from the real clearing prices for downward regulation scenarios, this does not negatively im-

pact the expected performance of the VPP in the main model, as the expected bid size that 

will be submitted is comparatively high, ranking in the top 10 percent of clearing prize sizes 

observed in downward scenarios. 
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Table 5. Percentiles of clearing prices, real data and model output, in 
𝐼𝑆𝐾

𝑀𝑊
. 

Balancing direction Data source Percentile 0% 25% 50 % 75% 100% 

Up regulation Landsnet data 4000 5200 6400 9200 19500 

Up regulation Model produced 4000 5200 62000 8000 15000 

Down regulation Landsnet data 0 0 750 1200 3700 

Down regulation Model produced 0 750 1200 1700 4500 

 

The upward balancing prices produced by the model do not frequently produce the 

extreme size that is occasionally observed in the Landsnet data. Given the different sample 

sizes. With repeated runs of the main model, it is expected that the clearing prices in the 

upward direction will show similarly frequent occurrences of higher clearing prices. This 

analysis has yielded that the model is adequate for answering the research questions posed in 

this thesis. For other purposes this model likely is not suited. 

 Sensitivity analysis 

The sensitivity analysis tests several different factors and their impact on the outcome 

for both VPP and individual profits in a set of a. Different variables are adjusted in order to 

test the sensitivity of the model results and the effects that the adjustments themselves have. 

The different factors have been chosen based on the reviewed literature or seemed plausible 

as possible factors for success in the early stages of the creation of the model. This segment 

delivers an overview of the parameters that are adjusted, also explaining how and why. Each 

of the respective sensitivity tests has been run 25 times to yield robust results. Table 6 presents 

the different scenarios for the sensitivity analysis and the adjusted parameters. 

Table 6. Sensitivity analysis scenarios. 

Sensitivity analysis Scenario name Adjusted variable Old value New value 

Fleet composition Larger fleet C 100 200 

Battery costs Optimistic battery 

costs 
𝑃𝑏𝑎𝑡  FEV 28,000 ISK,  

PHEV 55,000 ISK 

FEV 23,000 ISK, 

PHEV 28,000 ISK 

Reimbursement Free charging 𝐶el 7.55 ISK 0 

Charging speeds Slow charging 𝑊𝜔  50 kW 25 kW 

  𝑤𝜔 0.55 kWh / min 0.33 kWh/min 

Charging treatment Activation charg-

ing 

Sna 0.5 0.3 

Market Access Lower minimum 

bid size 

Minimum capacity 

required 

1,000 kW 500 kW 

 Fleet composition 

The impact of the fleet composition on profits as well as success on the balancing 

market is tested by both adjusting the fleet size and the types of vehicles. The number of the 

vehicles in the fleet and size of available batteries had been named in previous literature as 

important factors for successful regulation service provision through EVs (Schuller et al., 

2014; Schuller & Rieger, 2013). 
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To test the impact of the fleet size on the performance of the VPP, the fleet size has 

been doubled for this sensitivity analysis. This increases the number of simulated vehicles to 

200. It is expected that that the larger fleet will primarily see larger submitted bid capacities 

and bid more frequently, but not necessarily see more frequent activation in relation to the 

submitted bid number. 

 Battery costs 

This section studies the impact that the costs of the battery packs have on the compet-

itiveness of the virtual power plants. Battery packs costs have been named as one of the most 

important cost factors for EVs. Therefore, testing how they affect the outcome may offer 

interesting insights. Therefore, next to the conservative approach taken during the main anal-

ysis, this analysis will introduce another scenario for the battery costs: The optimistic cost 

scenario. Therein it is assumed that batteries are cheaper to produce he optimistic cost sce-

nario assumes 23,000 ISK per kWh of storage capacity for FEVs and 28,000 ISK per kWh 

for PHEVs (Cherry, 2016; Francfort et al., 2015; Hart, 2017). 

It is expected that this adjustment reduces the marginal costs of the VPP, thus reducing 

the bid prices. This may increase the VPPs activation frequency in the upward direction and 

reduce its activation downward, reducing the cost burden on the VPP operator. 

 Reimbursement mechanism 

The reimbursement mechanism is a vital part of any EV aggregator, as it determines 

the actual financial incentive for the agent’s participation. Therefore, this sensitivity analysis 

tests an alternative approach, wherein the VPP provides free charging to all agents and still 

shares 70 percent of received upward direction market clearing prices with the activated 

agents. It is expected that this will decrease the VPP operators account balance, but com-

pletely alleviate the burden on the individual participant and actually enable them to be prof-

itable. 

 Vehicle charging speed 

Through the process of creating the model, it became clear, that the charging speed 

can also become a crucial factor in determining the success of an EV VPP. There is a tradeoff 

at this point: While a higher rating for chargers entails fewer required chargers to sustain the 

bid capacity throughout the hour, it increases the need for rotation in the activated vehicle 

fleet. Since a single vehicle’s battery of 20 kWh can be charged or discharged to the allowed 

limits in 35 minutes, sustaining a MW of active chargers for an entire hour requires at least 

40 vehicles of that battery size; and this is the case in an ideal scenario. Although, the mean 

battery size of the fleets ranges from 30 kWh to 35 kWh, it would be unreasonable to assume, 

that the ideal cases occur frequently enough to reduce the number of required vehicles. Since 

Kempton and Tomić (2005b) argue that V2G is technically only viable at charging rates of 

more than 20 kW, this sensitivity analysis tests the viability of an EV VPP when the charging 
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rate is reduced to 25 kW. 

An expected result of this step is less frequent activation upwards, as the total required 

energy throughput to sustain the minimum of one MW increases. Downwards, it is anticipated 

to see less frequent activation too, but an increased acceptance rate due to the increased bid 

price. 

The originally specified assumptions do still apply in this case: The charging process 

is carried out using a constant current and a constant voltage. To secure the 25 kW, the charg-

ing current has been reduced from 125 A to 62.5 A, with the 400 V voltage remaining at the 

original level. Assuming, that the relationship between charging current and charging time 

remains the same, this entails that with a 62.5 A, 20 kWh will be added in 57 minutes. Since 

this relationship assumes higher ambient temperatures than usually found in Iceland, the 

charging time consequently is increased slightly to match 60 minutes for 20 kWh. Therefore, 

in terms of kWh charged per minute, this is reduced from 0.55 kWh per minute to 0.33 kWh 

per minute.  

 Charging treatment 

The treatment of vehicles connected to the grid can also play an important role for the 

success of the VPP. In the main model, agents charge until their battery reaches the SoC 

threshold of 0.5. Only when they are providing downward regulation services, are they 

charged further. This sensitivity analysis proposes lowering the threshold to 0.3, to provide 

more available capacity for down regulation, as had argued by Andersson et al. (2010) to be 

the more attractive option from the agent’s perspective. This step is expected to increase the 

bid submission frequency and bid size for downward regulation. It may also lower the average 

SoC of vehicles returning, since they will leave with lower battery charges in cases where the 

downward bid is not activated.  

 Market Access 

For bidders to be allowed to submit bids to the balancing market, they are currently 

required by Landsnet to procure at least one MW in capacity. Under the selected charging 

power of 50 kW, the VPP needs to occupy 20 chargers at all times throughout the hour and 

only submits bids when this can be secured with certainty. Consequently, there is a question 

of how the bidding behavior changes, with a lowered minimum bid size. Thus, this sensitivity 

analysis reduces the threshold from one MW to 0.5 MW. This step is expected to increase the 

bid submission frequency of the VPP substantially, while not necessarily entailing an in-

creased bid acceptance rate.  

 Further analysis 

The results produced from both the primary model and the sensitivity analyses are the 

basis for answering the research questions of this thesis research. This will be done in two 

steps: First the main model’s results will be compared qualitatively. The effects of the 
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changes of certain parameters during the sensitivity analysis are going to be compared to the 

other results using a series of analysis of variance (ANOVA) tests. This approach is common 

when comparing means of several groups of observations. The key variables that have been 

selected for further analysis are listed in Table 7. 

Table 7. Variables selected for further analysis. 

Variable 

Average annual agent balance 

Average annual agent avoided charging costs 

Average annual VPP operator balance 

VPP activation frequency 

Temporal occurrence of VPP bidding 

VPP bid submission frequency 

Mean VPP bid size in both directions 

Mean agent activation frequency 

Mean agent charging cycles per year 

Mean mode of agent account balance 

Mean mode of agent avoided charging costs 

Monthly variation in returning SoC of battery 

Mean annual agent travel distance 

Mean annual agent travel time 

Balancing energy provided by the VPP 

Observed market clearing prices 

 Data extrapolation 

The data generated by the simulation contains a total of 84 simulated days, represent-

ing 12 model weeks for one month of a calendar year respectively. To provide information 

on the annual performance, the results of each model week are extrapolated for the entire 

month they ought to represent. Using this monthly data, the annual figures are determined for 

each dataset. 

The extrapolation process is relying on the assumption that the weekly performance 

is representative of the entire month. Moreover, it was assumed that certain ratios or frequen-

cies of certain occurrences, such as the frequency of winning bids for example, remains stable 

throughout the respective month. Similarly, it was assumed that the changes in weekly bal-

ance of the agents and the virtual power plant are constant throughout the month. On the basis 

of these assumptions, the data has consequently been extrapolated to annual figures. These 

figures are the basis for all further analysis in the subsequent sections. 
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4Results and Analysis 

A total of 50 data sets have been created by the primary model, covering a total of 12 

weeks, representing model weeks from every month of the year. In the previous chapter, sec-

tion 3.8 it is laid out how the data is extrapolated to yearly values. This section uses these 

yearly values and first presents them, and highlights important phenomena. Second, this pre-

sents the results of the sensitivity analyses, which have been prepared in a similar fashion. 

Finally, this section delivers the analysis of variance of the different sets of means that have 

been created, in order to determine the relevance of the adjusted factors for annual results. 

 Main model 

A successful participation in the balancing market first commences with the submis-

sion of the bids. The repeated runs of the model have provided interesting insights into the 

bidding behavior of the VPP. Of particular interest are the bid submission frequency, the bid 

capacity and the occurrence during the day. The latter is presented in Figure 19. It shows the 

frequency that both upward and downward regulation bids have been submitted for every 

hour of the day.  

 

Figure 19. Bid submission frequency by hour of day, annual averages. 

 

Four observations about the bidding behavior can be drawn from what is shown. 

Firstly, there is a large difference between the frequency that upward and downward bids are 

submitted. Secondly, the bid submissions exclusively occur at night between the 23rd hour of 
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the current and seventh hour of the next day6. Thirdly, there appears to be a two to three-hour 

cycle for bid submissions, causing varying frequency for different times of the night. Fourth, 

downward bids submitted much less frequently than their upwards counter part. It ought to 

be noted that these observations may also in part be caused by the simplification for balancing 

requirements that had to be made. With increased resolution of the balancing energy require-

ments and possible variation, the spikes are expected to be decreased and the curves likely to 

become more even.  

For upwards balancing bids are most frequently submitted for the 24th hour of the day, 

the third and sixth, where the VPP will submit a bid for roughly 80 percent of the yearly 

balancing periods. Other times between 22:00 (or the 23rd hour of the day) and 7:00, the VPP 

submits in more than half of all yearly balancing periods. In the downwards balancing direc-

tion, the VPP submits bids much less frequently, consequently the relative submission fre-

quencies by hour of day are smaller too. Most frequently, downward bids are submitted in 

the first and fourth hours of the day, with a frequency of 33 and 19 percent respectively. 

During other balancing periods, the submission frequencies are much lower. 

The observations made above can be explained in part by the bidding strategy and in 

part by the driving patterns of the fleet. The driving patterns of the fleet is the cause the 

vehicles to return with a relatively high SoC, which means, meeting the minimum bid in 

available capacity, is less likely, thus downward bids are less likely to be submitted due to 

simple available capacity constraints. On the other hand, this also means, more energy for 

upwards balancing is likely to be connected. Consequently, more bids for upward balancing 

are submitted by the VPP. Since the bidding strategy tests how likely previously submitted 

bids are going to be accepted using their bid price, it is expected that the down ward bids are 

accepted much more frequently than upward when submitted. Hence it is less likely that the 

VPP is submitting downward bids for neighboring balancing periods, further reducing the 

number of bids submitted.  

Combining both impacts of mobility behavior and bidding strategy, this renders the 

above depicted bidding behavior. In absolute numbers this translates to of average of 1,924 

total bids being submitted upwards throughout a year by the VPP, while downwards only 333 

bids are submitted annually – less than one bid per night. Table 8 provides an overview of 

key metrics for upward and downward bid. Throughout the simulated runs, no failures to 

meet the promised capacity have been recorded. 

Table 8. VPP bidding statistics, annual averages. 

Balancing 

direction 

Bids sub-

mitted 

SD bids 

submitted 

Mean bids 

submitted 

per day 

Average 

bid size 

[kW] 

SD bid 

size [kW] 

Mean 

bid price 

[ISK] 

Upward 1,924 168 5.3 1,000 0 7,609 

Downward 333 40 0.9 1,005  37 2,866 

Total 2,257 - 6.2 - - -  

 

                                                      
6 The first hour of the day is considered the period from 00:00:00 until 00:59:59. The last hour of the 

day consequently ist he 24th, from 23:00:00 until 23:59:59. 
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Although there is a distinct difference in the numbers of bids submitted for both di-

rections, the sizing of the bids does not appear to vary depending on the balancing direction. 

Both upwards and downward bids on average are sized to meet the minimum size but not 

much larger. 

When considering the success of the bids, the most striking observation, shown in 

Table 9, is the fact that frequent bid submission does not automatically translate into success. 

Success in this case entails that the bid is among the activated bids in the balancing market. 

While on average, submitted downward bids are activated 54 percent of the time, upward 

bids are far less successful, achieving an activation percentage of 2.5 percent. Considering 

the number of VPP bids, 10.1 percent of the bids are successful on average. In the context of 

all possible balancing periods in a year, this activation frequency is reduced to 2.6 percent 

annually.  

Table 9. VPP successful bids, up and down regulation, annual figures. 

Direction Mean num-

ber of won 

bids 

Standard 

deviation of 

won bids 

Minimum 

number of 

won bids 

Maximum 

number of 

won bids 

Winning 

frequency 

of bids 

Overall acti-

vation fre-

quency 

Upwards 48 18 12 108 0.025 0.005 

Downwards 179 15 139 229 0.542 0.021 

Total 227 - - - 0.101 0.026 

 

Throughout the 50 runs, the overall successful bidding percentage ranges from 8.2 

percent to 13.2 percent annually. These numbers are slightly distorted however, as bid success 

in the different balancing directions is significantly different: Downwards bids can achieve a 

success rate of up to 70 percent, while upward bids only achieve a maximum success rate of 

5.1 percent. Absolute VPP activation counts per year can range from 12 upward activation to 

a maximum of 108 instances. Downwards regulation is provided at least 139 times per year 

and at the maximum 229 times. Combining the extremes, the VPP is activated less than once 

per day. 

Following the activation of the VPP, either payments are received for sold electricity 

or payments made for received electricity. Given the discrepancies in success of the bids in 

the respective balancing direction, the latter occurs more frequently. Nonetheless, upward 

market clearing price payments are also received occasionally. The impact the VPP’s pres-

ence in the balancing market has on the clearing prices will be addressed later in this section. 

As a large number of bids – albeit unsuccessful ones – have been submitted by the VPP, 

option payments have been received for them. Table 10 shows the sums of paid and received 

amounts by the VPP throughout the year, as well as the expected account balance at the end 

of the year.  

Table 10. VPP payment figures, yearly average. 

 Paid 

[ISK] 

Received 

[ISK] 

Baseline 

[ISK] 

Mean 515,000 1,303,000 788,000 

Min 415,000 964,000 465,000 

Max 661,000 1,589,000 941,000 
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This shows, that after paying all downward bids, the VPP operator is still retaining a 

substantial amount of profit. Given the relatively low activation in upwards direction, the 

primary source of income are the option payments for submitting bids. It therefore also comes 

as no surprise, that there is a noticeable linear trend, where the payments received are posi-

tively associated with the number of bids submitted, as shown in Figure 20 on the left. Simi-

larly, is it shown that the payments made follow a similar trend when related to the amount 

of won bids, as shown in Figure 20 on the right. The positive trend persists when considering 

the downward bid activation frequency or the number of submitted downward bids instead of 

the number of won downward bids. 

 

 

Figure 20. left: Money received by the VPP and the number of bids submitted;  

right: Money paid and the number of downward bids. 

 

Table 11. Agent results, annual figures. 

 Base-

line 

[ISK] 

SD 

Base-

line 

[ISK] 

Avoided 

charging 

costs 

[ISK] 

Agent ac-

tivation 

count 

Total 

charging 

cycles 

Annual 

distance 

driven 

[km] 

Annual 

Time 

driven 

[hours] 

Number 

of indi-

vidual 

trips 

Average 

return-

ing SoC 

Mean - 5,517 3,379 8,609 104 125 9,002 174.5 1,658 0.54 

Min - 7,187 1,580 6,722 83 110 8,786 170.7 1,637 0.52 

Max - 2,580 4,402 11,058 145 138 9,139 177.1 1,674 0.57 

 

When observing the individual agent’s performance, presented in the above Table 11, 

two general themes emerge. First, there appears to be tremendous difference between the 

agent’s individual annual baseline, as shown by the large standard deviations. Second, the 

variation in expected annual mobility behavior of the individual agent tends to converge 

around the mean with very little variation. All agents therefore seem to follow similar patterns 

with their vehicle usage, however, some are much more frequently activated and conse-

quently pay less overall for charging their batteries.  
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The most important observation for the individual agent’s performance however is the 

notion that the average agent’s baseline of payments is negative at the end of the year. This 

can be traced back to the agents charging their vehicles outside the regular activation periods. 

As stated above, there appears to be a lot of deviation within the pool of the agents at the end 

of the year, as indicated by the standard deviation. Thus, this suggests, that there are certain 

agents that are more likely to miss the activation of the VPP or be less frequently included, 

possibly due to higher SoCs than others.  

Although not directly through financial gains, agents do benefit by participating in the 

VPP through cost savings in the form of avoided charging costs. The mean charging costs 

avoided per agent through participation amount to 8,609 ISK per year. Using the retail price 

of electricity of 7.55 ISK per kWh, this means the average agent charges 1,140 kWh as part 

of the VPP. The associated average costs of battery degradation per kWh charged are 12.39 

ISK. Since the VPP has maintained liquidity throughout the year, no downward balancing 

costs had to be levied onto the activated agents. The negative baseline indicates that the 

agents’ charging costs when not activated exceed the received remuneration from participat-

ing in upward regulation. Since the agents do avoid costs of charging through the VPP acti-

vation, it can still be argued that participation reduces the operating costs of owning an EV.  

This cost-saving aspect through participation is supported by two further observed 

relationships: Figure 21 shows the relationships between activation count and baseline (on 

the right) and avoided charging costs respectively (on the left). Both these relationships are 

not unexpected, downward regulation is likely the only contributing factors of the agent’s 

activation count, thus yielding more avoided charging costs. At the same, these charging costs 

are not paid the agent, reducing the costs of electricity effectively to zero for the agents. Up-

ward regulation further adds to the activation count of the agents and at the same time in-

creasing their account balance through the profit sharing mechanism. This relationship also 

appears to be positive and linear. 

 

Figure 21. left: Average activation count of agents and avoided charging costs; 

right: Average activation count of agents and agent balance. 
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With regard to the mobility behavior, it can be observed, that the average agent fol-

lows the real data quite well. The average agent drives roughly 24 km per day, spends between 

20 and 30 minutes on the road per day and takes 4.5 trips per day. Due to the relatively few 

daily trips most vehicles return with an average SoC of 0.54 which also partly explains both 

the sporadic downward bid submissions at night as well as the big differences in agent bal-

ance. Frequent drivers are likely to return with lower SoCs, thus be charged until they reach 

the 0.5 SoC threshold at the retail rate should they not participate in the provision of down-

ward regulation. 

As stated above in this segment, the participation of the VPP in the balancing market 

is likely to affect the market clearing prices that are observed. Table 12 shows the key metrics 

for the impact of the VPP on the balancing market. In total, in a year a total of 228 MWh of 

balancing energy have bene provided by the VPP. 79 percent of these have been provided in 

downward balancing, which means they have been used to charge the EVs batteries. The 

more interesting figure here is the upward balancing energy amount. 48 MWh are drawn from 

the EV VPP on average per year. In the Icelandic context, this means that 48 MWh of hydro-

power have been saved for providing balancing services in a year.  

Table 12. Balancing Market results. 

Direction Average clearing 

price when VPP 

is not activated 

[ISK/MW] 

Average clearing 

price w/ VPP ac-

tivation 

[ISK/MW] 

Difference due 

to VPP activa-

tion [ISK/MW] 

Annual balanc-

ing energy pro-

vided by VPP 

[MWh] 

Upwards 8,306 8,187 118 48 

Downwards 1,201 1,333 -132 180 

 

With regard to the market clearing prices, only clearing prices exceeding the average 

VPP bid have been considered in the upward direction and clearing prices smaller than the 

VPP bid in the downward direction. Clearing prices that are smaller or bigger respectively 

are not affected by the VPPs presence in the balancing market, thus do not offer more insights. 

The average market clearing price in the upward direction when the VPP has not submitted a 

bid but would have been activated given its bid size amount to 8,300 ISK per MW, while 

downwards the average clearing price is 1,200 ISK per MW.  

When the VPP is among the activated bids an effective cost-reduction is observed in 

both instances. In upward regulation instances, the presence of the VPP reduces the clearing 

price by 120 ISK to 8,180 ISK per MW. This suggests, that the VPPs presence reduces the 

occurrence of large clearing prices in the balancing market for upward regulation. In down-

ward regulation cases, the clearing price increases to 1330 ISK per MW. Since accepted 

downward bids are to be paid by the submitter, the costs of balancing in the downward direc-

tion increase slightly due to the VPP’s presence.  

 Sensitivity analysis 

This section presents the results of the different sensitivity analyses. The different 

analyses have been designed to test different factors impacts on the overall performance of 
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the VPP, as outlined in section 3.6. Their results are presented in Tables 13 through 17 on the 

following pages. A few key observations are highlighted. 

Table 13. VPP bidding statistics, annual figures. 

Analysis Balancing 

direction 

Bids sub-

mitted 

SD bids 

submitted 

Mean Bids 

per day 

Average 

bid size 

[kW] 

SD bid size 

[kW] 

Mean bid 

price [
ISK

MW
] 

Large fleet Upward 2,726, 63 7.5 1,756 133 7,622 

Downward 795 47 2.2 1,153 25 2,880 

Total 3,521 - 9.7 - - - 

Slow 

charging 

Upward 1,322 189 3.6 1,000 1 9,231 

Downward 179 31 0.5 1,000 0 3,493 

Total 1,501 - 4.1 - - - 

Free charg-

ing 

Upward 1,933 176 5.3 1000 0 7,621 

Downward 321 37 0.9 1005 7 2,879 

Total 2,253 - 6.2 - - - 

Lower 

Minimum 

Bid Size 

Upward 2,552 4 7 1,295 17 7,595 

Downward 969 51 2.7 572 22 2,852 

Total 3,521  9.7 - - - 

Activation 

Charging 

Upward 825 91 2.3 1,226 77 7,619 

Downward 506 46 1.4 1,034 17 2,877 

Total 1,231 - 3.7 - - - 

Optimistic 

Battery 

costs 

Upward 1,784 116 4.9 1000 0 5,241 

Downward 1,724 119 4.7 1010 4 499 

Total 3,508 - 9.6 - - - 

 

The VPPs bidding activity varies throughout the different sets of analyses. Bidding 

submission frequency ranges from 9.7 bids per day in the large fleet and lower minimum bid 

scenarios, and 9.6 in the optimistic battery costs scenario, to 3.7 and 4.1 bids per day in the 

activation charging and slow charging scenarios. The free charging scenario’s bidding behav-

ior closely resembles the main model’s. An interesting observation is also that both the large 

fleet scenario and the lower minimum bid size scenario still see a substantial difference in 

bids submitted between the respective balancing directions. The optimistic battery costs sce-

nario on the other hand sees the VPP submitting approximately similarly numbers of bids in 

both directions.  

Figure 22 shows the diurnal bidding pattern of the VPP operator. The time-window 

during which bids are submitted still persists for both balancing directions. The free charging 

scenario follows the main models bidding behavior quite closely in both directions. Other 

scenarios deviate much more, showing their own unique patterns. Four scenarios stick out in 

this respect: the large fleet scenario, the lowered minimum bid scenario, the optimistic battery 

costs scenario and the activation charging scenario.  

The large fleet scenario sees earlier bid submissions at night and is more likely to 

submit bids in the early morning hours as well. This can be traced back to the increased num-

ber of vehicles available, increasing the likelihood of being able to supply the required mini-

mum bid size with a smaller share of the fleet connected to the grid. The lowered minimum 

bid size scenario shows somewhat similar behavior. This is explained also be explained by 
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the reduced number of vehicles required to pass the threshold for bid submission, thus sub-

mitting bids earlier at night and later in the morning.  

The optimistic cost scenario shows approximately similar behavior to the main model 

in the upward direction, but submits bids more frequently downwards than any other. Reasons 

for this can be found in the bidding strategy once more, as it assumes that bids downwards 

are less likely to be accepted than in the other scenarios. Hence bids are more frequently 

submitted downwards. The activation charging scenario shows a substantially lower bid sub-

mission frequency in both directions. An explanation is offered in that, since the vehicles do 

not charge until 0.5 SoC regardless of the VPP activation but instead are capped at 0.3 SoC, 

there is less capacity available for upward regulation, consequently lowering the submission 

of bids in the upward direction. 

 

Figure 22. top: Upward bid submission frequency variation throughout the day; 

bottom: Downward bid submission frequency variation throughout the day. 

 

With regard to the bid sizes, the VPP in the large fleet scenario submits substantially 

larger bids in the upward direction than in the other considered scenarios. In the lower mini-

mum bid size scenario, the downward bid size decreases as expected, while the upward bid 

size slightly rises due to an expected higher availability of upward balancing capacity from 

the EV batteries. Bid prices per unit submitted do not deviate from the previously shown 

examples apart from the slow charging and optimistic battery costs scenarios, where prices 

increased and decrease respectively.  
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Table 14. VPP successful bids, up and down regulation. 

Analysis Balancing di-

rection 

Mean won 

bids 

Sd won 

bids 

Minimum 

won bids 

Maximum 

won bids 

Winning 

frequency 

of bids 

Overall ac-

tivation 

frequency 

Large fleet Upward 72 18 40 98 0.03 0.008 

Downward 441 25 378 474 0.56 0.051 

Total 513 - - - 0.146 0.059 

Slow charging Upward 2 3 0 12 0.002 < 0.001 

Downward 101 14 69 122 0.57 0.012 

Total 103 - - - 0.069 0.012 

Free charging Upward 47 15 16 74 0.024 0.005 

Downward 180 16 127 207 0.56 0.021 

Total 227 - - - 0.1 0.026 

Lower Mini-

mum Bid Size 

Upward 78 17 48 108 0.03 0.01 

Downward 528 22 486 574 0.55 0.06 

Total 606 - - - 0.07 0.07 

Activation 

Charging 

Upward 22 9 8 37 0.03 0.002 

Downward 269 15 242 294 0.54 0.031 

Total 162 - - - 0.22 0.033 

Optimistic 

Battery costs 

Upward 412 49 294 508 0.23 0.047 

Downward 17 8 8 37 0.01 0.002 

Total 429 - - - 0.12 0.049 

 

In the majority of the considered scenarios, the downward activation frequency ex-

ceeds the upward activation frequency, only in the optimistic battery costs scenario are up-

ward direction bids are activated more frequently than the downward bids. Most scenarios 

show an average annual success rate of downward bids of around 50 percent, while the overall 

activation frequency of the VPP can range from 6 percent in the large fleet scenario to 1.2 

percent in the slow charging scenario. Translated into absolute numbers, the previously ob-

served theme that high bid submission numbers do not guarantee activation vanishes. Sce-

narios that have shown the highest average bid submission numbers, see the highest activation 

instances.  

Table 15. VPP payments, annual figures. 

  Paid 

[ISK] 

Received 

[ISK] 

Baseline 

[ISK] 

Large 

fleet 

Mean 1,276,000 3,293,000 2,017,000 

Min 1,111,000 2,987,000 1,824,000 

Max 1,379,000 4,738,000 3,473,000 

Slow 

charging 

Mean 354,000 811,000 457,000 

Min 237,000 536,000 240,000 

Max 421,000 935,000 541,000 

Free 

charging 

Mean 1,371,000 1,195,000 -176,000 

Min 1,273,000 868,0000 -483,000 

Max 1,480,000 1,324,00 19,000 

Lower 

Minimum 

Bid Size 

Mean 1,505,000 2,280,000 775,000 

Min 1,377,000 1,593,000 170,000 

Max 1,623,000 2,435,000 922,000 
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Activation 

Charging 

Mean 773,000 809,000 36,000 

Min 531,000 708,442 -198,000 

Max 842,000 1,004,000 174,000 

Optimistic 

Battery 

costs 

Mean 9,000 2,212,000 2,203,000 

Min 3,000 1,756,000 1,751,000 

Max 19,000 2,384,000 2,378,000 

 

The described bidding behavior and the success of the respective bids translates into 

the VPP financial results as shown in Table 15. The VPP baseline at the end of the year of 

the VPP varies substantially between considered scenarios. The large fleet and optimistic 

battery cost scenarios accumulate the highest annual profits. The worst performing scenarios 

are the free charging for participants and the activation charging, where the VPP may end up 

losing money at the end of the year. Both these scenarios’ conditions are not attractive from 

the VPP operator’s perspective. 

The large fleet scenario’s success is largely explained by the larger fleet size, which 

enables more frequent bid submission and higher average bid capacities which in turn yields 

higher received capacity payments. Conversely, the optimistic battery cost scenario is per-

forming so well due to a very low downward balancing activation frequency, which reduces 

the costs of balancing by the VPP substantially. The lower minimum bid size scenario sees a 

higher bid submission frequency, the baseline at the end of the year does not differ much 

from the main model’s performance. Although it ought to be noted, that the increased activa-

tion frequency of the VPP in this scenario results in a substantially higher turnover than ob-

served in the main model. 

Table 16. Agent results, annual figures. 

  Base-

line 

[ISK] 

SD Bal-

ance 

[ISK] 

Avoided 

charging 

costs 

[ISK] 

Agent ac-

tivation 

count 

Total 

charging 

cycles 

Annual 

distance 

driven 

[km] 

Annual 

Time 

driven 

[hours] 

Number 

of indi-

vidual 

trips 

Average 

returning 

SoC 

Large fleet Mean - 1,790 1,190 12,540 212 135 8,952 173.3 1,645 0,61 

Min - 3,510 490 11,380 178 125 8,732 167.6 1,631 0.58 

Max 1,810 2,474 13,450 250 146 9,137 176.8 1,670 0.65 

Slow 

charging 

Mean -9,000 5,512 5,867 62 113 8,976 174 1,654 0.5 

Min -10,704 4,867 4,079 44 106 8,834 171.5 1,641 0.48 

Max -7,947 6,556 6,966 78 123 9,124 176.3 1,670 0.52 

Free 

charging 

Mean 2,840 1,740 16,996 104 125 9,011 174.5 1,658 0.54 

Min 1,031 631 15,766 70 112 8,917 172.6 1,641 0.51 

Max 4,456 2,729 17,927 122 136 9,118 176.5 1,673 0.56 

Lower 

Minimum 

Bid Size 

Mean 707 644 14,710 283 143 9,045 175.3 1,663 0.63 

Min -1,695 72 12,806 246 128 8,880 171.9 1,646 0.62 

Max 2,682 1,643 16,580 315 160 9,172 177.6 1,677 0.64 

Activation 

Charging 

Mean -1,337 819 13,484 140 122 8,916 172.7 1,644 0.53 

Min -2,971 16 11,583 123 110 8,756 170 1,627 0.49 

Max -25 1,800 15,140 156 131 9,046 175.3 1,660 0.57 

Optimistic 

Battery 

costs 

Mean -4,720 2,891 894 108 171 8,975 173.8 1,652 0.43 

Min -8,201 1,454 411 79 149 8,861 171.4 1,638 0.42 

Max -2,373 5,023 1,845 127 202 9,145 177 1,668 0.44 
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The agent performances in the different analyses a wide array of results can be ob-

served. While in the activation charging, optimistic battery costs and slow charging scenarios 

agents’ baseline at the end of the year are expected to be negative, the free charging scenario 

has the potential to create profits for the participants. The lower minimum bid size scenario 

and the large fleet scenario produce more ambiguous results, as both profits and losses occur. 

The negative balances suggest that agents also charge outside the activation periods, in in-

stances when the VPP is not activated.  

Avoided charging costs are highest in the free charging scenario, as was anticipated. 

Since all charging costs are covered by the VPP, there are no negative balances observed. It 

was equally anticipated that the activation charging scenario yields high avoided charging 

costs as charging to a large extent is provided by through the activation for downward bal-

ancing. The associated negative baselines at the end of the year however suggest that the VPP 

levies costs of downward balancing onto the agents than are covered by remuneration for 

providing upward balancing. 

The large fleet scenario and the lower minimum bid size scenario both also show high 

levels of avoided charging costs of individual agents. In both instances, this can be traced 

back to the high downward activation frequency of the VPP which in turn affects the individ-

ual agent’s activation counts. 

In the optimistic battery costs scenario, a multitude of observations and connections 

between different performance metrics can be made. Firstly, the agent baseline is expected to 

be negative at the end of the year, suggesting that a lot of charging occurs when the VPP is 

not providing downward balancing. This is confirmed by the extremely low avoided charging 

costs of the agents, which range from 400 ISK per year to 1800 ISK per year. Considering 

the mobility behavior, there is no deviation from the other scenarios observed. However, ve-

hicles return with lower SoCs and complete more full charging cycles in a year than in any 

other scenario. This further suggests that vehicles are providing a lot of upregulation, thus are 

leaving with lower SoCs than in other scenarios. Moreover, the costs of charging incurred by 

the agents exceed the reimbursement received for participating in the provision of upregula-

tion services, as is again shown in the negative baseline. 

The high activation frequency for upward regulation in the optimistic battery costs 

scenario is also reflected in the annual balancing energy figures, as are shown in Table 17. 

On average in this scenario, the VPP provides 412 MWh of energy for upwards balancing, 

while only 18MWh of downward balancing are provided. In other scenarios, the large fleet 

scenario and the lower minimum bid scenario provide the most upward and downward bal-

ancing energy annually. 

The VPP’s presence in the balancing market shows the same effects in most of the 

considered scenarios as have been observed in the main model, merely, the slow charging 

scenario does not. Here the presence of the VPP has an apparently negative effect on the 

upward balancing price, suggesting that the prices are in fact higher when the VPP is acti-

vated. However, due to the low activation frequency of the VPP, this result is not robust.  
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Table 17. Balancing market results, annual figures. 

Scenario Direction Average clear-

ing price when 

VPP is not acti-

vated, but could 

had it submitted 

a bid [ISK/MW] 

Average clear-

ing price with 

VPP activation 

[ISK/MW] 

Difference due 

to VPP activa-

tion [ISK/MW] 

Annual balanc-

ing energy pro-

vided by VPP 

[MWh] 

Large fleet Upwards 8,239 8,153 85 127 

Downwards 1,200 1,327 -127 508 

Slow charging Upwards 9,823 10,064 -241 2 

Downwards 1,242 1,431 -189 100 

Free charging Upwards 8,295 8,181 114 47 

Downwards 1,199 1,340 -141 180 

Lower Mini-

mum Bid Size 

Upwards 8,251 8,144 107 101 

Downwards 1,118 1,292 -94 302 

Activation 

Charging 

Upwards 8,237 8,117 120 27 

Downwards 1,303 1,315 -112 278 

Optimistic Bat-

tery costs 

Upwards 6,905 6,780 125 412 

Downwards 253 330 -77 18 

 

 Analysis of variance 

In order to determine whether a change of the setting of the entire VPP yields signif-

icantly different results from the main model, a set of different tests have been conducted. A 

total of seven multiple comparisons using ANOVA have been conducted comparing the re-

spective data sets. 

First, the agent’s revenue, as defined by the sum of their account balance at the end of 

a year and the yearly avoided charging costs, set in relation to the activation count, are going 

to be compared. This step will provide insights into how profitable a single activation has 

been for the agent. Analysis two compares the agent balances in relation to the charging cy-

cles, as an indication of how participation of the agents may have softened the incurred costs 

of battery aging due to cycle life decay through accumulation of profits / savings. Third, the 

pools of the VPP operators annual account balance in relation to total won bids, are evaluated 

to determine the benefit of a single activation. The fourth analysis considers the VPP balance 

in relation to the total amount of submitted bids, and the fifth analysis compares the activation 

frequencies of the VPP for the different data sets. Analysis number six evaluates the cumula-

tive financial benefits of the entire fleet and the VPP operator. Finally, analysis number seven 

compares the annual balancing energy provided by the VPP in the upward direction. 
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Table 18. Means of variables considered for ANOVA analyses. 

Analysis (number of observa-

tion in the group) 

Agent 

revenue 

[ISK] 

Agent 

profits per 

activation 

[ISK] (1) 

Agent 

balance 

per charg-

ing cycle 

[ISK] (2) 

VPP bal-

ance per 

won bid 

[ISK] (3) 

VPP bal-

ance per 

submitted 

bid [ISK] 

(4) 

VPP acti-

vation 

frequency 

[-] (5) 

Cumula-

tive bene-

fit [ISK] 

(6) 

Cumula-

tive bene-

fit per 

won bid 

[ISK] 

Main Model (50) 3,100 28 70 3,500 350 0.101 1,100,000 4,800 

Large fleet (25) 10,750 51 93 4,000 575 0.146 4,200,000 8,100 

Slow charging (25) -3,100 -55 52 4,400 304 0.069 145,000 1,100 

Free charging (25) 20,000 200 136 -850 -84 0.1 1,800,000 8,000 

Lower Minimum Bid Size 

(25) 

15,000 54 103 1,300 220 0.172 2,300,000 3,800 

Activation Charging (25) 12,000 86 111 109 22 0.219 1,250,000 4,250 

Optimistic Battery Costs (25) -3,850 -37 5 5,200 630 0.123 1,850,000 4,250 

 

The respective dataset means for the constructed variables for the comparisons are 

presented in Table 18. Figures 23 through 31 shows the different boxplots for the different 

groups for the respective comparison.  

 

Figure 23. Boxplot of comparisons among groups: (1) Agent profits per activation. 

 

 

Figure 24. Boxplot of comparisons among groups: (2) Agent profits per charging cycle. 
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Figure 25. Boxplot of comparisons among groups: (3) VPP balance per won bid. 

 

 

Figure 26. Boxplot of comparisons among groups: (4) VPP balance per submitted bid. 

 

 

Figure 27. Boxplot of comparisons among groups:(5) VPP activation frequency 
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Figure 28. Boxplot of comparisons among groups: (6) Cumulative benefit. 

 

 

Figure 29. Boxplot of comparisons among groups: (7) Balancing energy provided by the VPP. 

 

The general hypothesis that is tested in all these ANOVA settings is that the means of 

the different pools are similar. Therefore, the null hypothesis has been formulated as 𝐻0: �̅�1 =

 �̅�2 = �̅�3 = ⋯ . =  �̅�𝑛, where �̅�𝑛is the sample mean of the respective data set, and n the total 

number data sets tested in this analysis. All tests are carried out using a significance level of 

𝛼 = 0.05. Independence assumption, homogeneity of variance and the normality hold true 

for the respective groups.  

Table 19. ANOVA results. 

Number df residual df F-Value P-value 

(1) 6 193 628.9 p < 210×-16 

(2) 6 193 877.1 p < 210×-16 

(3) 6 193 640.1 p < 210×-16 

(4) 6 193 745.7 p < 210×-16 

(5) 6 193 529.7 p < 210×-16 

(6) 6 193 453.9 p < 210×-16 

(7) 6 193 772.2 p < 210×-16 
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The results from the different tests are summarized in Table 19. These show that for 

all seven analyses the 𝐻0 must rejected due to low p values, since in all cases 𝛼 > 𝑝. There-

fore, it can be concluded that means of particular groups are not similar and the changes of 

specific parameters, as specified in 3.6, yield statistically significant different results. To de-

termine whether there are relationships between individual groups, Tukey’s HSD post hoc 

tests were carried out.  

The Tukey’s HSD showed that in fact there are groups of means in the different anal-

yses, that would see 𝐻0 accepted. Applying the same 𝛼 = 0.05 significance level, it shows 

that the agent revenue in relation to activation count is similar in the large fleet and the low-

ered minimum bid size scenario (p=0.983). The VPP bids are activated equally frequently in 

main model and the free charging scenario (p=0.999). Moreover, 𝐻0 is accepted for the com-

parison between the main model and activation charging scenario for the relationship between 

the cumulative benefits of both agents and VPP operator (p=0.372). The same relationship 

exists between the free charging and the optimistic battery costs scenario (p=0.996). Finally, 

the provided upward balancing energy is similar in the main model and the free charging 

scenario (p = 0.999) and the free charging scenario and activation charging scenario (p = 

0.087). Other combinations in the Tukey’s HSD see 𝐻0 rejected. 

It can thus be concluded, that the main model and the free charging scenario perform 

equally in the balancing market, yet differ with regards to the economic performance of the 

affect parties. The lower minimum bid size scenario and the large fleet scenario both equally 

benefit the agents per each activation, but not the VPP operator, who derives greater profit 

large fleet scenario. Approximately similar VPP operator profits per activation are attained 

in the main model and the activation charging scenario, while the agents profit substantially 

more in the latter. 

What this analysis has shown is that, through the adjustment of a single parameter, 

the results that the simulation produces vary significantly, while the mobility behavior does 

not change. It can be concluded that the profits of both the VPP operator and the participating 

agents are very sensitive to the imposed limits on charging, ease of market access, the charg-

ing speed, the costs of charging, and the number of vehicles in a fleet. These results are in 

line with previous findings presented in the literature review.  
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5Discussion 

 General discussion 

From the results, it can be observed that in all cases the VPP is competitive in the 

balancing market. It sees the majority of the activation in the downwards direction, which 

provides cheaper charging to participating agents. In most analyzed cases, the VPP ends the 

year with a positive baseline, showing the possibility to accumulate profits. Agents’ economic 

benefits vary considerable between the considered scenarios. There are instances where the 

charging costs outside of activation exceed the avoided charging costs that accumulate 

through agent activation, thus showing that less than half of the charged energy was supplied 

by the VPP. Consequently, the agents’ participation in these cases should not be considered 

as successful as could have been, albeit there is still a net benefit associated with participating. 

To support this argument that the EV reduces fuel cost, not taking upfront costs into 

account, fuel costs of the EV owner are compared to the next best alternative of using an ICE 

vehicle. Using a very optimistic average vehicle fuel efficiency of 5.2 liter of gasoline per 

100 km 7, a fuel price of 215 ISK per liter8 and the average agents’ annual driven distance of 

9,000km, the total fuel costs amount to roughly 100,000 ISK. This shows that EVs themselves 

provide tremendous savings potential, which can be further increased by joining an aggrega-

tor in most cases. This adds to a long list of other benefits of increasing the EV share in the 

Icelandic fleet, as found in several previous studies (Shafiei et al., 2015; Shafiei, Davidsdottir, 

Leaver, Stefansson, & Asgeirsson, 2017; Shafiei et al., 2016).  

Two drivers for the VPP income have been identified: the submission of ultimately 

unsuccessful bids and the activation of upward balancing bids. In scenarios with an increased 

bidding frequency compared to the main model, the VPP operator have accumulate more 

funds. Increased numbers of accepted upward bids translate to more received payments by 

the VPP operator. This can be achieved through the increasing of the fleet size, as shown in 

the large fleet scenario, the lowering of the minimum bid size, as shown in the corresponding 

scenario, or the reduction of the marginal costs, as shown in the optimistic battery costs sce-

nario. 

While the former two examples yield an increased bidding frequency, through either 

the increased available capacity or the reduced required capacity, the latter reduces bid price, 

thus securing more frequent activation. In fact, the corresponding scenario is showing fewer 

submitted upward bids than the main model. Overall, the bid frequency increases however, 

due to the increased downward bidding, which are rarely activated. This may further add to 

the financial benefit of the VPP operator due to avoided payments of downward bids. 

Considering the VPP operators economic performance, from the absolute numbers, 

                                                      
7 Average of newly registered vehicles in Iceland in march 2017 according to Orkusetur (2017) 
8 1.9 USD per liter, 2014 average Icelandic pump price for gasoline according to Worldbank (2017)  
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the most promising two setscrews are the number of vehicles in the fleet and the lowered 

battery costs. After one year, the VPP operator baseline amounts to a profit of around 2 mil-

lion ISK in both cases. This exceed the main model’s VPP operator’s performance by 1.3 

million ISK. When considering the cumulative benefit provided for all involved parties – i.e. 

the cumulative agents’ revenue at the end of the year as well as the VPPs account balance, 

this increases to 4.2 million ISK for the large fleet scenario but decreases to 1.85 million ISK 

in the optimistic battery costs scenario, while the main model accumulates 1.1. million ISK 

in total benefits for their participants. 

The cumulative annual financial benefits of the respective scenario in relation to the 

number of won bids in the balancing market, the free charging scenario and large fleet sce-

narios become the most attractive. Per activation of the VPP a value of roughly 8,000 ISK is 

generated in both instances. The main model generates roughly 4,800 ISK per activation, the 

activation charging and optimistic battery costs scenarios 4,250 ISK, the lower minimum bid 

scenario 3,800 ISK and the slow charging scenario 1,100 ISK. This suggests that the provi-

sion of free charging and a large number of vehicles in the fleet are the most profitable set 

ups of those considered.  

In the instance that free charging is provided to the VPP pays all agent’s charging 

costs are covered regardless of agent activation. As stated before however, the free charging 

provision is not attractive from the point of view of the VPP operator, as the charging costs 

exceed the retained profits. This leaves the VPP operator with a negative balance at the end 

of the year in most instances. Thus, free charging without an adjusted profit retention share 

through the VPP does not seem feasible. The associated cumulative benefit of providing free 

charging can thus in its entirety be traced back to the agents’ benefit from participation. 

The agents benefit varies significantly throughout the different analyses. Depending 

on the setup, the agents have the ability to accumulate further profits from participating in the 

VPP along with avoiding charging costs through the provision of downward balancing. Thus, 

from an agent point of view, it is in their interest to maximize their net profit from participa-

tion. Here the provision of free charging and a lowered minimum bid threshold perform best. 

Considering the profit per activation of the agent, the free charging provision exceeds the 

easier market access’s value, thus showing that more value is generated for agents per single 

activation when free charging is provided through the VPP. 

Andersson et al. (2010) state that downward regulation services should be preferred 

by EVs providing ancillary services as it provides free or comparatively cheap charging. This 

does not hold true in its entirety for the Icelandic setting: Since the battery degrading costs 

currently exceed the avoided charging costs associated with providing one MW of capacity, 

a downward activation is only beneficial as long as the difference between degrading costs 

and energy retail price does not exceed the energy retail price itself. Should the latter be the 

case, downward activation is not feasible for the EVs to participate. In none of the considered 

scenarios this was the case however. 

In the case of upward regulation Andersson et al. (2010) argue that it has no additional 

benefit for EV owners. This may be true for Sweden and Germany where the balancing mar-

ket follows a pay-as-bid clearing approach. It does not hold up for Iceland due to the em-
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ployed pay-as-cleared model. Here, upward regulation can become profitable for an aggrega-

tor and the participating agents when costs associated with upward activation are below the 

paid market clearing price.  

Thus, the most important factors for the success of the VPP and its participants in an 

Icelandic setting from an economic viewpoint are the retail electricity costs and the costs of 

the batteries. These two factors determine the bid prices which consequently affects the acti-

vation frequency both upwards and downwards. As the analysis has shown, the bid price is 

pivotal to the activation frequency and thus the benefits accumulated. 

It should be noted, that the analyses showed that the lower battery costs in the opti-

mistic bid price scenario may in fact have been detrimental to the outcome. Due to the dra-

matically reduced bid price, the downward activation frequency dropped substantially, thus 

ridding the agents of the possibility to receive cheaper electricity for their batteries through 

providing downward balancing. Thus, a slightly lower battery price may be beneficial for the 

outcome under these sets of simplifying assumptions. It is likely that this would change with 

a higher resolution modelling of the balancing market.  

Another option to increase the ability of the VPP to participate, is the adjustment of 

the capacity requirement for participation. By lowering this threshold, the total number of 

required vehicles to sustain the minimum capacity decreases, consequently increasing the 

ability of relatively small fleets to supply the capacity at different times. This step would 

however not affect the bids costs, even though the required energy for providing the minimum 

capacity to the market decreases, as the prices still will have to remain scaled to the appro-

priate bid capacity. The results have shown that this step indeed increases the submission 

frequency of the VPP, but also the activation counts of both VPP and individual vehicles.  

Although entirely negative from an economic point of view, frequent activation of the 

EV diminishes the returns after a certain point due to increased cell ageing at high charging 

rates. Considering the decay rate of associated with using a 50kW charger repeated, set at 

0.086% (Lacey et al., 2013), and considering the average charging cycles in the different 

scenarios ranging from 100 to 140 suggest that using the batteries decay between 8.6 and 12 

percent annually. This leaves around three years until the battery capacities are reduced to 

somewhere between 70 and 80 % of the original storage capacity and likely to be replaced. 

This is one major downside of using the 50kW DC fast charger. Given the poor performance 

of the slower charging rate of 25kW in other areas, the higher speed offers more benefits 

nonetheless. 

Limiting the charging of vehicles to instances when they are activated through the 

VPP does not yield any considerable advantage. Both the VPP operator and the agents con-

clude the year with negative or extremely low baselines. This can be traced back primarily to 

the low submission frequency of bids and subsequent low activation rate of the VPP. There-

fore, a potential VPP ought to allow vehicles to charge at the retail rate until a predefined 

limit that allows both provision of upward and downward regulation service provision when 

enough vehicles are connected. 

Benefits of an EV VPP extend further than mere financial gains for both the VPP 

operator and the agents. Through the presence of the VPP in balancing market, in particular 

in the upward direction, a certain amount of balancing energy is not provided by the current 
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market participants. Given the current market situation, the bids not activated are likely high 

value hydropower resources. The high value is derived from the idea that if they’re not acti-

vated they are considered more valuable than roughly 8000 ISK per MWh. The hydropower 

assumption is rested on the composition of the Icelandic energy mix and the fact that adjusting 

production of geothermal plants frequently tends to be an unpopular option (ECON, 2005).  

Therefore, through the provision of upward balancing, the VPP effectively can help 

save precious hydropower resources. The analyses have yielded a wide range of possible 

saved hydropower in the balancing market, but given most favorable VPP setups from the 

participants’ point of view, it can be concluded, that in such a setup, between 50 and 100 

MWh of hydropower balancing energy could be replaced by an EV VPP.  

Moreover, the VPP is also preventing the activation of bids in the downward direction. 

It can be argued that the generation capacity that will not be turned off is not valued as highly, 

as the bids for the reduction of production are close to zero. Given the assumption that the 

bids are priced according to their marginal costs, it can be assumed that in the downwards 

direction, capacities associated with bids that are not activated due to the VPP presence do 

not cause big financial losses for their submitter should they continue to remain online. Con-

sequently, with regards to the effect of the presence of the VPP, upregulation is more relevant 

as it translates into saved hydropower resources. 

In conclusions, the VPP can compete in the Icelandic balancing market. Although 

results vary with the adjustment of certain factors, they are almost consistently positive from 

the VPP’s point of view. Since the VPP retains all option payments, from the operators point 

of view, a large fleet is preferable as this increases the frequency at which bids submitted, 

although per bid profits are larger for a fleet of 100 vehicles. The agent’s benefit most when 

free charging is provided to them through the VPP, provided the charging rate is not too low. 

The agents’ willingness to join an aggregator has been directly linked to financial benefits, 

the VPP operator ought to aim to maximize the individual agent’s profits. Thus, free, or at 

least subsidized charging should be provided and effort made to increase the total number of 

vehicles in the fleet.  



6.1 GENERAL CONCLUSIONS  75  

  

6Conclusion 

 General conclusions 

This thesis has studied the economic feasibility of a Virtual Power Plant pooling elec-

tric vehicle batteries and competing in the Icelandic balancing market. It set out to determine 

the competitiveness of the VPP in the balancing market in its current setting and the effect of 

adjustments of distinct parameters on the performance of the VPP and the agents. Combining 

elements of stochastic modelling and agent based simulations a model has been developed 

that simulates the Icelandic mobility behavior and the Icelandic balancing market in a sim-

plified form. Using this basis, different datasets have been created to understand the perfor-

mance of hypothetical fleet of EVs and their performance in the balancing market. 

The results show that, given the set of assumptions, the VPP is in fact in a position to 

compete in the current Icelandic balancing market. Bids are submitted frequently, and the 

VPP is among the activated bids. Throughout an entire year, the VPP operator accumulates 

roughly 0.7 million ISK of profits in the main model. This figure is highly sensitive to the 

composition of the VPP as well as internal structures. Individual agents benefit most through 

the saving of charging costs, and to some extent through actual profits from winning bids in 

the upward direction.  

The most promising set up from the participants point of view is the provision of free 

charging, as this secures that the agents can only financially benefit from the participation. 

The VPP operator does not accumulate profits in the considered scenario, rendering it unfit 

for without adjusting the profit retention in the favor of the VPP operator. From the VPP 

operators point of view, more vehicles in the fleet are preferable, as this yielded the best 

absolute annual results. An increase in fleet size increases the VPP’s capacity to act on the 

balancing market, thus enhancing its flexibility. The most important source of income in any 

case are capacity payments that are paid to reward the submission of bids, regardless of 

whether the bid is activated. it is possible to accumulate profits without being activated for 

the VPP. 

Due to the market clearing mechanism as pay-as-cleared, more profits could be ob-

tained, when decreasing the upward bid size further. Decreasing the bid prices can occur 

through the reduction of energy required to supply the minimum capacity or a reduction in 

battery costs through either lower cost per unit of size or an increased cycle life. A slightly 

reduced downward activation frequency will also result from this, the incurred losses in 

avoided charging costs for the agents can however be mitigated through profits from upward 

regulation service provision.  

Through the presence of the VPP in the balancing market it can be expected that some 

competing bids are not activated. In the upward direction, this analysis yielded 50 to 100 

MWh of total hydropower saving potential in upward balancing due to the presence of the 
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VPP. Downwards, the VPP presence does have a reverse effect: some generation is likely to 

not be switched off. Given the bid pricing of those bids however, it is anticipated that these 

resources are not considered as valuable, thus the damage is not as great. 

From a technical point of view, the participation of an EV-VPP in the Icelandic bal-

ancing market is possible, yet cannot immediately become a reality. While the charging in-

frastructure development is undertaken, the V2G capabilities of the chargers and vehicles are 

not widely available yet.  

Therefore, it can be stated with a degree of confidence that, the provision of ancillary 

services through an aggregator of EV batteries in an Icelandic setting is economically viable 

within the boundaries of the assumptions at the base of this research. While the profits and 

cost savings of VPP and agents respectively are not huge, they still represent the possibility 

to generate value. Further research will have to determine whether this holds true when all 

cost factors are considered  

 Model critique 

What this research has shown is that it is economically viable for EVs to partake in 

the Icelandic electricity market under the set of assumptions. There may be potential short 

comings of the model due to a set of assumptions made. First, the balancing market is much 

more dynamic than the model accounts for. This had to be done due to lock of data. This 

would consequently affect the activation patterns of the VPP. Second, the charging of vehi-

cles is more complex than it has been assumed, current and voltage applied to the cells are 

not constant throughout. Thus, the calculations of the actual capacity that is connected to the 

grid at any given point in time becomes more complex. Finally, the mobility of agents is 

likely more complex than it has been set out and varies by season, bidding in early evening 

hours may also be more sensitive to variation in mobility behavior. Due to insufficient data, 

this could not be included. The effects of weekends could also not be included for the same 

reason. 

Overall, the model was sufficient for answering the posed research questions. Appli-

cations outside the scope of this thesis may be difficult. The balancing market in particular is 

much more dynamic and erratic at the time, producing extreme clearing prices in situations 

with very low required capacities, thus it is possible that the upward regulation prices have 

actually been slightly underestimated. Given the pay-as-cleared mechanism, the profits from 

the participation thus could be greater than anticipated here.  

 Recommendations for further research 

Due to the limitations of the model, future research should include a more detailed 

modelling of the balancing market, which could not be done at this point in time due to the 

resolution of the available data. Moreover, a longer timeframe should be observed in order to 

better understand the long-term effects of EV participation on both the competition in the 

balancing market and the batteries of the vehicles. Third, an analysis including all infrastruc-

ture related costs should be undertaken, as they have not been considered here. Finally, a 
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more detailed modelling of the charging process of the individual battery may provide inter-

esting insights in how likely an EV VPP is to maintain the promised capacity throughout the 

respective balancing period. 
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Appendix 

7.1. Vehicle specifications 

Vehicle specifications, part 1 

ID Manufacturer Model name Vehicle Class Hybrid? 
Range 

[km] 

Battery size 

[kWh] 

Charging 

Speed  

[kWh / min] 

C-Rate 

1 BMW i3 22 A  no 130.41 21.60 0.55 1.53 

2 BMW i3 33 A B no 183.54 33.20 0.55 0.99 

3 Cadillac ELR C B yes 64.40 17.10 0.55 1.93 

4 Chevrolet Volt C  yes 85.33 18.40 0.55 1.79 

5 Chevrolet Spark EV A  no 132.02 18.40 0.55 1.79 

6 Chevrolet Bolt EV B A no 383.18 60.00 0.55 0.55 

7 Fiat 500e A  no 140.07 24.00 0.55 1.38 

8 Ford 

Fusion Electric 

2016 D C yes 122.36 23.00 0.55 1.43 

9 Ford 

Fusion Electric 

2017 D C no 185.15 33.50 0.55 0.99 

10 Kia Soul EV D  no 149.73 27.00 0.55 1.22 

11 Mercedes B-Class ED C D no 140.07 36.00 0.55 0.92 

12 Nissan LEAF 24 C C no 135.24 24.00 0.55 1.38 

13 Nissan LEAF 30 C  no 172.27 30.00 0.55 1.10 

14 Porsche Cayenne S-E E  yes 22.54 10.80 0.55 3.06 

15 Smart fortwo ED A  no 109.48 17.60 0.55 1.88 

16 Tesla Model S S F no 400.89 75.00 0.55 0.44 

17 Tesla Model X E D no 383.18 75.00 0.55 0.44 

18 Volkswagen e-Golf C B no 133.63 24.20 0.55 1.36 
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Vehicle specifications, part 2 

ID Manufacturer Model name 
US Sales, 

2016 

US Sales 

2017 

Lifetime energy  

throughput 

[kWh] 

Cyclelife 

Battery 

costs  

[ISK/kWh] 

Degrading 

costs 

[ISK/kWh] 

1 BMW i3 22 3,813 200 51,840 3,000 611,982 11.81 

2 BMW i3 33 3,812 1,203 79,680 3,000 940,639 11.81 

3 Cadillac ELR 534 5 68,400 5,000 937,964 13.71 

4 Chevrolet Volt 24,739 5,563 73,600 5,000 1,009,272 13.71 

5 Chevrolet Spark EV 3,035 11 44,160 3,000 521,318 11.81 

6 Chevrolet Bolt EV 579 3,092 144,000 3,000 1,699,950 11.81 

7 Fiat 500e 5,330 940 57,600 3,000 679,980 11.81 

8 Ford 

Fusion Electric 

2016 15,938 2,445 92,000 5,000 1,261,590 13.71 

9 Ford 

Fusion Electric 

2017 0 691 80,400 3,000 949,139 11.81 

10 Kia Soul EV 1,718 440 64,800 3,000 764,978 11.81 

11 Mercedes B-Class ED 632 159 86,400 3,000 1,019,970 11.81 

12 Nissan LEAF 24 7,003 400 57,600 3,000 679,980 11.81 

13 Nissan LEAF 30 7,003 2,887 72,000 3,000 849,975 11.81 

14 Porsche Cayenne S-E 2,111 424 43,200 5,000 592,399 13.71 

15 Smart fortwo ED 657 50 42,240 3,000 498,652 11.81 

16 Tesla Model S 29,421 6,100 180,000 3,000 2,124,938 11.81 

17 Tesla Model X 18,223 4,300 180,000 3,000 2,124,938 11,81 

18 Volkswagen e-Golf 3,937 697 58,080 3,000 685,647 11,81 
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Definitions 

Ancillary Service: “A service necessary for the operation of a transmission or distribution 

system” (ENTSO-E, 2015). Hereafter used the term is used synony-

mously with the provision of regulating power. 

Balancing:  “All actions and processes, on all timelines, through which TSOs en-

sure, in a continuous way, to maintain the system frequency within a 

predefined stability range as set forth in Article 19 Frequency Quality 

Target Parameters of the Network Code on Load-Frequency Control 

and Reserves, and to comply with the amount of reserves needed per 

Frequency Containment Process, Frequency Restoration Process and 

Reserve Replacement Process with respect to the required quality, as 

set forth in Chapter 6 Frequency Containment Reserves, Chapter 7 Fre-

quency Restorations Reserves and Chapter 8 Replacement Reserves of 

the Network Code on Load-Frequency Control and Reserves” 

(ENTSO-E, 2015). 

Balancing Energy: “Energy used by TSOs to perform Balancing.” (ENTSO-E, 2015) 

Balancing Market: Used as synonym for regulating power market. 

Balancing Reserve:  “All resources, if procured ex ante or in real time, or according to legal 

obligations, which are available to the TSO for balancing purposes” 

(ENTSO-E, 2015). 

 Balancing 

Responsible Party:  “A balance responsible party is a party that guarantees through a writ-

ten agreement with [a TSO] that there will be a balance between elec-

tricity procurement, i.e. the generation of electricity and purchase of 

electricity, on the one hand, and electricity disposal, i.e. sale and use, 

on the other hand” (Landsnet, 2009). 

Regulating Power: “The power Landsnet procures to balance differences between forecast 

energy use and actual energy use in the electrical network as a whole” 

(Landsnet, 2009), used interchangeably with balancing energy. 

 Regulating 

Power market: “The regulating power market is Landsnet's procurement market for 

regulating power.” (Landsnet, 2009) 

Virtual Power Plant: A cluster of distributed generation units, controllable loads or storage 

systems, pooled together, managed and acting as a singular entity.  
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