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Abstract (English)

The transition of the personal transportation sector to electric vehicles (EVs) cause a
number of technical challenges for the power system but also holds the key to unlocking
a stable and efficient system based on renewable distributed energy resources (DER).

The thesis starts by investigating the energy requirements for public charging, before
focusing on the behaviour of private and semiprivate infrastructure where the flexibility
and service provision ultimately will be focused. Charging an EV is regarded as trivial
with chargers installed on private property, which is found to be the case for 78% of the
Danish cars. Hence, the owners would rarely need to charge outside their household as EVs
with 300 km range are able to complete the daily driving distance without range extending
charging in 98.4% of the days. Car owners in the cities often do not have this option and
rely on the public charging infrastructure. The thesis analyses driving, parking and car
ownership data based on a Danish national transport survey with 58,761 interviews to
quantify the need, in terms of energy demand, for public chargers on a national level
and in the largest Danish cities. The potential of reducing the need for public charging
points by installing destination charging at existing shared parking facilities next to the
household and next to the workplaces is found to be up to 87%.

EV owners that can charge at home might experience the adverse effects that uncontrolled
charging may have on the local distribution grid. Controlling the charging processes can
not only mitigate this impact, but also be used to deliver several kinds of services to
the power system such as local congestion management, increasing the consumption of
DER or maintaining the power balance between production and consumption. With a
bidirectional vehicle-to-grid (V2G) charger, EVs can become power buffers and deliver
grid services for extended periods.

Primary frequency regulation is the most profitable service that can be delivered by EVs,
but the service can lead to fully charged or depleted storages. Several years of frequency
measurements of the Nordic synchronous zone are analysed to determine statistical bounds
of the energy content on different time scales, determining the required battery capacity.
Real frequency and market data are used for calculating the revenue under the Nordic and
the British regulatory framework. Revenues are both calculated for a best case scenario
where the future energy requirements are known in advance (1106 €/a) and for an imple-
mentable case where the controller reacts to the experienced energy content (948 €/a).
The second controller is experimentally validated, and is found to have a response time
of 2 s from a frequency deviation is measured in a remote location to the active power is
measured on the grid side of the V2G charger.

Accelerated battery degradation, resulting in a reduced capacity, is the main concern when
discussing V2G services. This thesis gives a unique empirical insight into the long-term
effects on batteries performing frequency regulation. To this end, an empirical method

viii The Role of Electric Vehicles in Global Power Systems



for measuring the battery capacity of series produced EVs via the DC charge port was
developed. The reproducibility of the method is demonstrated with repeated tests on new
and aged vehicles and the results are compared with the EVs internal estimates, read via
the on-board diagnostics port. The capacity test method is used to evaluate the battery
degradation of a fleet of commercially owned EVs which, as a part of the world’s first
commercial operation, have been used for frequency regulation for five years. The EVs
have, together with ±10 kW V2G chargers, been delivering primary frequency regulation
for 15 hours per day with a daily energy throughput of 50.6 kWh. The usable battery
capacity, initially found to be 23.0 kWh, after two years is reduced on average to 20.7 kWh
and after five years is reduced to 18.9 kWh. The cost of increased battery degradation
due to the service provision is found to be 86 €/a which together with the cost of energy
conversion losses in the charger reduces the profit to 599 €/a.
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Resumé (Dansk)

Overgangen af person-transportsektoren fra fossilbiler til elbiler skaber en række tekniske
udfordringer for elsystemet, men det er også nøglen til skabe et stabilt og effektivt ener-
gisystem baseret på vedvarende energikilder.

Afhandlingen starter med at undersøge energibehovet til offentlig opladning, inden den
fokuserer på adfærden for privat og semiprivat lade-infrastruktur, som er derfra hvor
elbilernes fleksibilitet kan udnyttes. Det er simpelt at oplade en elbil når det kan gøres
med en oplader installeret på ens private grund. De ejere vil sjældent have behov for at
lade udenfor husstanden. Elbilejere i byerne har ofte ikke denne mulighed og er afhængige
af den offentlige lade-infrastruktur. Data om kørsel, parkering og bilejerskab analyseres på
baseret på en dansk transportvaneundersøgelse med 58.761 interviews, for at kvantificere
energibehovet der skal dækkes af offentlige ladestandere på nationalt plan og i de største
danske byer.

De elbilsejere, der kan oplade hjemme, kan opleve de negative effekter, som ukontrolleret
opladning kan have på det lokale distributionsnet. Hvis man til gengæld styrer oplad-
ningen, kan den bruges til at levere flere slags ydelser til elsystemet, såsom at modvirke
lokal overbelastning af nettet, lade når der er meget produktion af vedvarende energi eller
opretholde effektbalancen mellem forbrug og produktion. Med en tovejs oplader som også
kan aflade elbilen til nettet (V2G) kan elbilen bruges som en effektbuffer i stedet for
bare en fleksibel belastning. Det gør det muligt for elbilerne at levere ydelser i længere
perioder, så længe den er tilsluttet og ikke bruges til kørsel. Den potentielle indtjening
fra net-ydelser og opladningsstrategier afhænger i høj grad af elbilejerens adfærd såsom
køretid, kørselsafstand og tid brugt forskellige steder. Reelle kørsels- og opladningsdata,
indsamlet fra 7.163 Nissan Leafs i USA blev brugt til at beregne værdien af en specifik
net-ydelse for den enkelte EV-ejer.

Af de net-ydelser der kan leveres af elbiler, har primær frekvensregulering den højeste
indtjening, men levering af ydelsen kan resultere i, at lagrings-enheder som batterierne
i elbilerne bliver enten fyldt eller udtømte. Flere års målinger af net-frekvensen i den
nordiske synkronzone er blevet analyseres for at estimere statistiske grænser for energi-
indholdet på forskellige tidsskalaer og bestemme den nødvendige batterikapacitet for at
modstå det. Rigtige frekvens- og markedsdata anvendes til beregning af indtægter og
udgifter. Det er hovedsageligt ifølge de nordiske regulativer, men også det Britiske trans-
missionsnet blev brugt som et casestudie. Indtjeningen beregnes både for et base-case
hvor det antages at det fremtidige energibehov er kendt på forhånd, og for en mere re-
alistisk case, hvor styringen reagerer på det tidligere energiindhold. Denne styring er
eksperimentelt valideret.

Accelereret batteri-degradering, hvilket resulterer i en lavere kapacitet, er den største
bekymring, angående V2G-tjenester. Denne afhandling giver en unik empirisk indsigt

x The Role of Electric Vehicles in Global Power Systems



i de langsigtede effekter på batterier, der udfører frekvensregulering. Til dette formål
blev der udviklet en empirisk metode til måling af batterikapaciteten af serieproducerede
elbiler via hutigopladningsporten. Metodens reproducerbarhed demonstreres ved gentagne
tests på nye og ældre køretøjer, og resultaterne sammenlignes med elbilernes egne interne
estimater, læst via den indbyggede diagnoseport (OBD-II). Metoden valideres også med
en avanceret batteri-degraderingsmodel. Kapacitetstestmetoden bruges til at evaluere
batteriets degraderings af en flåde af kommercielt ejede elbiler, der som en del af verdens
første kommercielle drift har været brugt til frekvensregulering i fem år.
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ŷt The normalised power measured on the battery side of the charger.

xvi The Role of Electric Vehicles in Global Power Systems



ebat
h The hourly energy received or delivered by the battery.

lall
h The total hourly conversion loss [kWh].

lintra
n intra-hourly losses; the remaining loss after subtracting the bias loss from the total

loss.

Nh The average number of hours with an active power flow per day [h].

AhTP Ah throughput of the battery per day [Ah]

ETP Energy throughput of the battery per day [kWh]

NSP Total number of samples in the investigated data set.

ND Number of days in the investigated data set.

Dodo Average daily driving distance [km].

edata Share of data missing due to acquisition errors [%].

∆T Simulation time step

Ntest Duration of the charge [s]

Ψt The state of health of a battery [%]

Lcal
t Loss of energy capacity in percent of the initial capacity due to calendar ageing [%]

Lcyc
t Loss of energy capacity in percent of the initial capacity due to cycle ageing [%]

Φt State of charge of a battery [%]

Tt Battery temperature [K]

NFEC
t Number of full equivalent cycles.

Qfull
t Full battery capacity [kWh]

Qinit
t Initial full battery capacity [kWh]

Acronyms
GHG Greenhouse gases.

DER Distributed energy resource.

EV Electric vehicle.

ICE Internal combustion engine

WLTP Worldwide Harmonized Light-Duty Vehicles Test Procedure

V2G Vehicle to grid, the ability to disharge to the grid.

OEM Original equipment manufacturer.

SOC State of charge [%].

V2G Vehicle to grid.

PCP Public charge point.

NHTS National household travel survey

NTS National travel survey

The Role of Electric Vehicles in Global Power Systems xvii



TSO Transmission system operator.

BRP Balance responsible party.

ENTSOE European Network of Transmission System Operators for Electricity.

RG-N ENTSOE Regional Group Nordic.

RG-CE ENTSOE Regional Group Continental Europe.

DK-1 Western Denmark. Part of RG-CE.

DK-2 Eastern Denmark. Part of RG-N.

FCR-N Frequency-controlled normal operation reserve.

FCR-D Frequency-controlled disturbance operation reserve.

EFA Electricity Forward Agreement

NGESO National Grid Electricity System Operator

PSH Combined Primary, Secondary and High frequency regulation service.

BM Balancing mechanisms

MFR Mandatory frequency regulation

FFR Firm frequency regulation

BMS Battery management system.

SOH State of health.

DST National Government Statistics Denmark.

EOL End of life. The lowest SOH value where the battery is still usable.

OCV Open circuit voltage [V].

COP Coefficient of performance.

xviii The Role of Electric Vehicles in Global Power Systems



Contents

Preface v

Acknowledgements vii

Abstract (English) viii

Resumé (Dansk) x

List of Publications xii

List of Symbols and Acronyms xiv

I Summary Report 1

1 Motivation and Background 2
1.1 Distributed Energy Resources . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Flexibility Through Sector Coupling . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Transformation of Personal Mobility through Electric Vehicles . . . . . . . . 4
1.4 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.5 Thesis Structure and Research Contributions . . . . . . . . . . . . . . . . . 7

2 Electric Vehicles as a Flexible Resource 9
2.1 Driving and Charging Behaviour . . . . . . . . . . . . . . . . . . . . . . . . 9
2.2 Frequency-Controlled Normal Operation Reserve in Denmark . . . . . . . . 12
2.3 Firm Frequency Response in Great Britain . . . . . . . . . . . . . . . . . . 16
2.4 Electric Vehicles Delivering Frequency Reserve . . . . . . . . . . . . . . . . 18
2.5 Scheduling Frequency Reserve and Charging . . . . . . . . . . . . . . . . . . 20
2.6 Electric Vehicles Participating in Electricity Markets . . . . . . . . . . . . . 21
2.7 Accelerated Battery Ageing due to Reserve Provision . . . . . . . . . . . . . 22

3 Satisfying the Charging Need 25
3.1 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.2 Public Charging Demand on National and City Level . . . . . . . . . . . . . 29
3.3 Role of Shared Parking Facilities at the Household and the Work Place . . 35
3.4 Potential of Public Destination Charging . . . . . . . . . . . . . . . . . . . . 39
3.5 Analysis of Electric Vehicle Data . . . . . . . . . . . . . . . . . . . . . . . . 42
3.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4 Managing the State of Charge of Storage Systems Providing FCR-N 47
4.1 Nordic System Frequency Behaviour . . . . . . . . . . . . . . . . . . . . . . 47

The Role of Electric Vehicles in Global Power Systems xix



4.2 Balance Settlement of FCR-N . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.3 Effect of Charger Efficiency on Reserve Provision . . . . . . . . . . . . . . . 53
4.4 Case Study: Frederiksberg Forsyning in Denmark . . . . . . . . . . . . . . . 54
4.5 Determining Optimal Dispatching Strategy . . . . . . . . . . . . . . . . . . 59
4.6 Value of Different User Profiles - Case Study: V2G in Great Britain . . . . 64
4.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5 Combined FCR-N provision from Heat Pump and Electric Vehicles 70
5.1 Electric Vehicle Case Description . . . . . . . . . . . . . . . . . . . . . . . . 71
5.2 Heat Pump System Description . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.3 Effect of Bidding Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
5.4 Simulation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
5.5 Experimental Validation of EV Operation . . . . . . . . . . . . . . . . . . . 78
5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

6 Battery Degradation 81
6.1 Battery Degradation Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
6.2 Capacity Measurement Method . . . . . . . . . . . . . . . . . . . . . . . . . 82
6.3 Modelling and Measurement Results . . . . . . . . . . . . . . . . . . . . . . 87
6.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

7 Conclusions and Future Work 95
7.1 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
7.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

8 Appendix 105
Key Figures describing Charging Demand in Denmark and C27 . . . . . . . . . . 105

II Collection of Papers 107

A Economic Value of Electric Vehicle Reserve Provision in the Nordic
Countries Under Driving Requirements and Charger Losses 108

B Empirical Capacity Measurements of Electric Vehicles Subject to Bat-
tery Degradation from V2G Services 118

C Electrification of Personal Vehicle Travels in Cities - Quantifying the
Public Charging Demand 130

D Influence of V2G Frequency Services and Driving on Electric Vehicles
Battery Degradation in the Nordic Countries 143

E Value of V2G frequency regulation in Great Britain considering real
driving data 152

F Combined provision of primary frequency regulation from Vehicle-to-
Grid (V2G) capable electric vehicles and community-scale heat pump 159

xx The Role of Electric Vehicles in Global Power Systems



Part I

Summary Report

The Role of Electric Vehicles in Global Power Systems 1



Chapter 1

Motivation and Background

Global warming is the unusually fast increase in the Earth’s average surface temperature
occurring during the past century, primarily due to the greenhouse gases (GHG) released
by burning fossil fuels [1]. The transition of the gross energy consumption away from
fossil fuels takes place in two parallel tracks. Supplying more of the energy directly with
electricity and making electricity from an increasing share of renewable distributed energy
resources (DER).

1.1 Distributed Energy Resources
Figure 1.1 shows the historical GHG emission intensity of electricity generation (CO2
equivalent emissions per kWh), for selected European countries and for all the member
states (EU28) [2]. Over three decades from 1990 to 2019, the EU28 emission intensity
dropped by 49%. GHG emission intensity in Denmark was above the EU28 average until
2010 due to coal based generation that is in the process of being phased out. In 2020 it
only accounted for 11% of consumption. In Denmark the CO2 emissions per delivered kWh
of electricity was on average 117 gr./kWh in 2020 [3]. In 2010 the level was 426 gr./kWh,
showing a reduction of 73% in 10 years. Therefore, Denmark is on track to reaching the
national goal of CO2 neutral electricity production in 2030.
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Figure 1.1: CO2 equivalent GHG emission intensity of electricity generation, for selected
European countries and the EU28 average (1990-2019). Data from: [2].

Figure 1.2 shows the historical and projected development in Danish electricity production
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and its composition together with gross electricity consumption. It shows that electricity
consumption has slightly increased over the past 30 years from approximately 30 TWh/a
to almost 35 TWh/a, but is expected to increase significantly in the next ten years with
planned data centers, Power-to-X and increased electrification of society such as planned
electric vehicles (EVs) and heat pumps in district heating and for residential heating. If the
2.7 million personal vehicles in Denmark were to be replaced with EVs, this would result
in an increased electricity consumption of 8.9 TWh/a. This would lead to an increase
of 25% of the national electricity consumption would it happen today but should only
correspond to 15% by 2030.

Figure 1.2: Development in historical (1990-2020) and projected (2021-2030) Danish elec-
tricity production and its composition together with gross electricity consumption. Source:
[3].

1.2 Flexibility Through Sector Coupling
The future energy system will have to accommodate a higher share of DER than today. At
the same time, synergies can be found among the different sectors to secure the integration
of DER and achieve a coordinated operation [4]. An integrated energy system consisting
of electricity, heat and transportation is increasingly recognised as the research paradigm
to address these challenges [5, 6]. It involves increasing interactions across energy in-
frastructures and optimising this integration to provide services at supply and demand
level.

The heating and cooling sector is responsible for approximately 50% of the final energy
consumption in Europe, of which the largest share is still supplied by fossil fuels [7].
Different strategies have been proposed on how the European target of 80% reduction in
annual GHG emissions in 2050 compared to 1990 levels can be reached [8, 9]. According
to these strategies, large-scale and domestic heat pumps are expected to play a key role in
the future heat supply, as they can access the large thermal storage potential of district
heating networks [10], thermal storage and the buildings’ thermal mass [11]. This storage
potential may be used to provide flexibility to the electricity sector by shifting the time
of operation or by adapting the load [12].

The road transport sector is responsible for approximately 30% of the final energy con-
sumption in Europe and was almost entirely supplied by fossil fuels [13]. Electrifying
private transportation enables the use of renewable resources in the mobility area. Com-
bining EVs with integration of intermittent renewable generation may reduce the cost of
electricity and CO2 abatement [14–16]. EVs can provide flexibility to the electricity sector
by shifting the charging to hours with a large share of renewable generation or modulate
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the charging power to balance production with consumption. Due to national CO2 emis-
sion targets, an increasing number of governments are setting targets for reaching a certain
penetration of EVs in the transport sector and/or are defining deadlines for closing sales
of internal combustion engine (ICE) vehicles [17]. To meet such targets it is important to
look at the main mechanisms which will enable this transition.

1.3 Transformation of Personal Mobility through Electric
Vehicles

Globally, the overall transportation sector accounts for 24 % of the energy-related CO2

emissions. Private passenger vehicles account for 45% of this share. These could be
replaced with available and mature electric alternatives [18].

A new mid-size gasoline car is registered to have CO2 emissions of 135 gr./km [19], while
driving and charging an EV in Denmark in 2020 result in emissions of 23.4 gr./km (a
reduction of 83%). The Polish electricity mix in 2019 (719 gr./kWh) would result in similar
emissions (143.8 gr./km) per driven km for an EV and a modern midsize gasoline car, which
demonstrates the need to follow the parallel tracks of achieving increased electrification
and increased generation from DERs. This comparison is however not including the energy
related emissions for manufacturing the vehicle which are higher for EVs, particular for
production of the battery. A Danish study found that when taking the production process
into account, a midsize EV would need to drive more than 50,000 km before it emits less
CO2/km than a corresponding ICE vehicle [20]. The study was carried out in 2018, based
on an emission intensity of 213 gr./kWh, which means that the emissions savings would
be achieved 45% earlier, even if the emission intensity does not decrease further in the
future.

The main limiting factor for the widespread adaption of EVs is the cost of li-ion battery
production. This cost has been decreasing significantly over the past ten years where it
has dropped by 88% or on average 19%/a as shown in Fig. 1.3a. A battery pack cost of
82 €/kWh is considered as the tipping point where EVs become cheaper to produce than
ICE vehicles [21].

Battery prices are decreasing due to economy of scale of rapidly growing mass production
volumes, partially driven by the increasing demand for EVs. The global EV stock by
region is shown in Fig. 1.3b for the period 2010-2020. The growth rate of the total EV
stock was on average 46%/a. This trend is expected to continue, as battery costs decrease
and the EV technology matures.

EVs are a promising low-emission mobility alternative due the rapidly falling cost of li-ion
battery production. To further lower the total vehicle ownership cost, Vehicle-to-Grid
(V2G) services can create additional value from the battery asset by providing benefits to
the electric grid through dynamic or bi-directional charging.
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Figure 1.3: Battery pack prices and Global EV stock for the period 2010-2020.
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1.4 Research Questions
Q1 What is the demand for public chargers and how much could it be reduced

by enabling charging at shared parking lots at households and workplaces?

Car owners in cities often do not have the option to install a private charger at
the household and rely on public charging infrastructure. Home charging remains
the most used mode of charging, but as the EV stock increases in urban environ-
ments, there is a growing need for alternative charging solutions in order to meet
the demand from a full electrification of personal vehicle travel. Concurrently some
of the infrastructure established in cities, especially curbside charging, are shown to
exhibit low utilisation, giving a low value per charger, but a high investment cost
per charger, increasing the challenge of meeting the urban demand.

Q2 How can statistical analysis of system frequency determine an appropriate
frequency regulation power for a certain battery capacity?

Frequency regulation service description requires a guarantee of 100% deliverance of
power. However, the average system frequency can be continuously biased, which can
lead storage units performing the service to become either fully charged or depleted.
Statistical description of the energy content of frequency could be used to reserve
energy that guarantees robustness with a chosen probability. In practice, this must
be done in a way that is compatible with the operator’s requirements, to ensure
system stability.

Q3 What is the resulting energy throughput of delivering frequency regula-
tion?

The energy throughput describes the amount of ”work” required by the service
provider, in this case for frequency regulation. It is calculated as the total absolute
charged and discharged energy during the service provision. The expected through-
put is the most important input when modelling the two main cost drivers; namely
the amount of energy loss in the conversion process and the wear of the battery,
resulting in a decreasing capacity.

Q4 How can the battery state of health of EVs be measured?

The battery state of health (SOH) describes the reduction of total energy capacity
and/or increase in the internal resistance due to various degradation mechanisms.
The energy capacity is generally of main interest for EV applications. Today, only
the car original equipment manufacturer (OEM) have access to data about battery
SOH and can interpret the data without affecting the warranty. This is a problem
as EV owners do not have access to impartial measurements of the SOH, which is
one of the main parameters determining the residual value of the vehicle.

Q5 What amount of battery degradation is expected due to frequency regu-
lation delivery?

The battery degradation mechanisms can collectively be described as a result of
calendar ageing and cycling degradation. Calendar Ageing is for most applications
the dominant factor and since most vehicles are idle more than 90% of the time, it
implies that the battery management while idle has a large impact on the lifetime.
The idle time is, however, reduced when performing V2G services while parked and
the active usage causes accelerated ageing because of the increased number of charge
cycles and increased battery temperature. The unknown magnitude of the reduction
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of SOH is a big concern when discussing V2G services as it can impose a significant
cost on the business case.

Q6 What is the value of smart charging and delivering frequency regulation
with EVs?

Charging in the hours with low prices can be combined with delivering unidirec-
tional frequency regulation by modulating the power during the charge. This way
of stacking the services can increase the value of controlled charging but it remains
significantly lower than delivering bidirectional frequency regulation with a V2G
charger. The bidirectional power flow enables higher revenues but also higher costs
for conversion losses and battery degradation.

1.5 Thesis Structure and Research Contributions
The thesis is structured as follows. Part I introduces and describes the main topics inves-
tigated in this thesis, while summarising the main contributions of the scientific papers
published during the PhD study. It is organised in seven chapters: an introduction, five
technical chapters, and a conclusion. Part II contains the publications this thesis is based
on. The following is the description of each chapter of Part I.

Chapter two provides the background for the rest of the thesis and includes the state of
the art of several aspects. First is provided a literature review of studies investigating EV
driving and charging behaviour. This includes an overview of different types of chargers
and their role in covering the demand from the mobility sector. Then is described the
tender conditions for providing frequency regulation in two cases: Denmark and Great
Britain (GB). Analysis of historical spot market and frequency regulation prices are pre-
sented. The relevant technical charging standards for controlled charging and for V2G
is discussed in relation to how they enable EVs to provide frequency regulation. This is
followed by a literature review of different method for scheduling frequency regulation and
self consumption. Finally is presented a literature review of SOH estimation methods and
of different parameters influencing SOH.

Chapter three investigates how destination charging at existing shared parking facilities
next to apartment buildings and next to workplaces can reduce the public charging de-
mand. The analysis relies on driving and ownership data based on the Danish national
transport survey, which is compared with driving and charging data collected from a
smaller group of EVs. The chapter addresses the research question Q1, and includes
content of Paper 3.

Chapter four presents methods for statically describing and handling the frequency energy
content. The daily experienced throughput is first calculated from historical frequency
measurements, but that does not consider the increased throughput caused by the opera-
tional strategy mitigating the risk of saturation or depletion. This is taken into account
by using the real energy content of frequency as scenarios in a stochastic optimisation
formulation, where the minimum amount of energy for maintaining the SOC is calculated.
This results in the best case earnings given that future frequency energy content is known.
Simulations are based on a real case where ten EVs owned by Frederiksberg Forsyning
have been providing V2G frequency regulation for five years. The simulated throughput
is compared with the real throughput measured from the ten EVs. Finally is presented
an analysis of charging and driving data of a group of EVs which show large differences
in revenue from V2G services between EVs that often are parked at the household for
extended periods and those that seldom are. The analysis is made for the GB system
when it comes to tender conditions, market prices and system frequency. The chapter
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addresses the research questions Q2, Q3 and Q6, and includes content of Paper 1 and
Paper 5.

Chapter five assess feasibility of combined power supply from a fast-reacting pool of EVs
with low energy capacity, and a slower large-scale heat pump with a large storage capacity,
as a way of handling frequency energy content. Combined supply is expected to allow the
full EV power capacity to be used for frequency regulation, despite the heat pump not
being fast enough to deliver it by itself. The study implemented a realistic control strategy
to avoid saturation or depletion without requiring knowledge of future energy content.
This approach results in the most realistic earnings. The described control method was
also experimentally validated in the lab with a single EV delivering frequency regulation
for 15 hours. The chapter addresses the research questions Q3, Q5 and Q6, and includes
content of Paper 4 and Paper 6.

Chapter six first presents the theory behind modelling calendar ageing and cycle degra-
dation and presents the empirical studies that the model parameters are based on. Then
is presented the developed methodology to measure the battery capacity of EVs via the
DC charge port without violating the warranty of the battery. The reproducibility of the
method is demonstrated with repeated tests on new and aged vehicles and the results are
compared with the EVs internal estimates, read via the on-board diagnostics port. The
capacity test method is used to evaluate the battery degradation of the ten EVs owned by
Frederiksberg Forsyning, which have been used for V2G services for five years. The mea-
sured results are compared with the modelled degradation. Finally the study also offers
an incremental capacity analysis (ICA) of the measurements of two vehicles, which adds
to the increasing amount of empirical results supporting ICA as a valid SOH estimation
method. The chapter addresses the research questions Q4, Q5 and Q6, and includes
content of Paper 2 and Paper 4.

Finally, Chapter 7 gathers the most important conclusions, answering the research ques-
tions as well as providing suggestions for future research.
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Chapter 2

Electric Vehicles as a Flexible
Resource

Studies have pointed to an effective and sufficient public charging infrastructure as being
the main perquisites for achieving large-scale electrification [23–26]. This chapter starts
by presenting a literature review on the energy requirements for public charging, before
focusing on the potential of private and semiprivate infrastructure to provide flexibility to
the electricity sector.

2.1 Driving and Charging Behaviour
In Europe, the Alternative Fuel Infrastructure (AFI) directive requires each national mem-
ber state to define targets for “appropriate” public charging infrastructure measured in
terms of the ratio between vehicles and public charging points (PCP). The European aver-
age is today seven EVs/PCP and the member states highest ratio is close to ten EVs/PCP
[23]. A charging point is considered publicly accessible if it can be used by an unspecified
group of EVs. In [25] it is recommended that the future charging infrastructure should
not be based on a fixed EVs/PCP ratio as countries differ regarding their framework
conditions and availability of home charging.

2.1.1 Order of Preferred Charging Options
In the following, the authors divide the PCPs into two categories; destination charging and
charging destinations. Destination charging allows the EV owner to plug in at locations
where the vehicle would naturally be parked for an extended duration as part of the owners
behavioural pattern e.g. shopping, entertainment or sport. Destination charging generally
consist of AC chargers, defined as mode 3 by the standard IEC 61851, which allows supply
up to 43.5 kW. On the EV side the capacity is limited by the on-board charger to a range
3.7-22 kW [24].

Conversely, charging destinations are locations that would require a dedicated trip with the
primary purpose of recharging the vehicle. Such a trip would involve additional energy and
time consumption. In cities charging destinations can either be curbside AC chargers or
range extending fast DC chargers. DC chargers, defined as mode 4 by IEC 61851, bypasses
the on-board charger and can therefore charge with higher power, available today with
50-350 kW [24].

In Fig. 2.1 different charging locations are categorised from left to right according to con-
venience. In this context convenience is a function of the average time the cars spend at
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Figure 2.1: Types of charging locations, with increasing price and consumer inconvenience
from left to right.

each location. Destination charging is considered most convenient since one would poten-
tially avoid detours as charging time spent at this location coincide with other businesses,
and thus largely eliminate the need for charging elsewhere. For EV owners that park on
their own property, charging can be conducted with the installation of a private charger.
Car owners in cities often do not have this option and must rely on the public charging
infrastructure. For people living in a housing unit that occupies only part of a building,
like a housing tenure or apartment, there is often a parking space next to the building.
If the shared parking facility has good parking conditions it would be possible to charge
if chargers were installed. However, the installment of chargers is not an individual de-
cision as it would be installed in a semi-public space requiring a collective agreement. If
it is not possible to charge at the household, the most convenient location is the work
place as the cars spend most of their time when away from the household [27]. Available
chargers at work enable the regularly visiting EV owners to meet almost all of their driv-
ing consumption. The remaining EVs can use destination charging if there are available
chargers at other locations they visit. These other locations are places of interest in the
city where the cars spend the most amount of time outside the household and work place.
The last alternative is to use charging destinations in form of slow curbside chargers or
fast chargers.

Installation costs, cost of charging as well as customer inconvenience increase towards the
right in Fig. 2.1. The cost of installation and the cost of a curbside charger are three
times the cost of a home charger with the same power due to the demand for increased
durability. For a curbside charger this leads to a price tag of €4,000 per PCP with a
power of 11-22 kW [28]. DC chargers are significantly more expensive than AC chargers
due to the increased demand of power electronics and grid connection costs. In Denmark,
a 50 kW DC charger cost €70,000, which is 17 times more expensive for only twice the
amount of power [28]. In Europe, a network of 350 kW DC chargers are priced at €200,000
each [29]. Due to limitations in the EV battery characteristics, fast charging stations will
not reach a time consumption similar to refuelling at a gas station. In the foreseeable
future fast charging will still require more than 15 minutes for a charge of 10-80% SOC
[30].

2.1.2 Utilisation of Public Charging Points
Beyond charging, public curbside chargers are also used as a normal parking space, result-
ing in a low utilisation of such chargers. Here, utilisation expresses the share of time that
the PCP experiences an active power flow. The utilisation describes the maximum energy
supplied per PCP with a certain power capacity. For example, an 11 kW PCP with a utili-
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sation of 15% provides 39.6 kWh per day. Two studies from cities in the Netherlands found
that when EVs were connected, only 12 - 18% of the time was used for charging, leading
to a utilisation of only 4 - 5% [31, 32]. Results from a similar study in the United States
(US) found that for only 14% of the PCP connection time the connected EV was actually
charging, which resulted in a utilisation of 7% [33]. In China, the utilisation of PCPs was
estimated to be less than 15% [34]. Economically viable operation of public charging in-
frastructure is highly dependent on the utilisation [35]. More idle time is a growing trend
in the Netherlands, which directly impacts sizing of the infrastructure, hence its cost and
availability [36]. The chargers in Amsterdam would need to deliver twice as much energy
per day to be profitable [32]. In Germany, utilisation for 11 kW charging points needed to
exceed 60% for profitable operation [37]. The work in [38] revealed that the profitability
of charging infrastructure was highly uncertain but that utilisation higher than 33% was
needed under unfavourable conditions to meet an amortisation of the costs. Therefore,
accurately quantifying the need for public charging is crucial in order to develop a charging
infrastructure that is convenient, sufficient and economically efficient.

2.1.3 Current Charging Behaviour
Several studies based on real EV data showed the importance of home charging. In the
early ramp up of the EV market in California, 50-80% of charging events occurred at
home, 15-25% at work and less than 10% at public chargers [39]. In a survey of 4,000
EVs in 12 states in the US it was found that 57% of users charged only at home, 40%
used a combination of home, work place and public charging where charging away from
the household usually happened at work [40]. Similar results were seen in a survey in
California, where 53% of the EV owners solely relied on home charging, 8% and 3% relied
on work or public charging respectively [41]. The same results were found by a national
survey in the US of 8,300 EV owners in 22 states [42]. Regarding range extension charging,
it was found in [43] that fast chargers provided 4-6% of the total electricity consumption
for driving in Norway in 2019.

2.1.4 Driving Behaviour of Cars in General
The charging pattern might be different in the future when transitioning from the market
of early adopters to an EV mass market penetration. Home charging availability depends
on socio-demographic and geographical characteristics and differs from country to coun-
try. Building an EV charging infrastructure based on an analysis of the general driving
behaviour presents an alternative to building it based on historic charging data for EVs.
Based on empirical data retrieved from the German National Household Travel Survey
(NHTS), the authors of [37] estimate the average probability of private home charging at
67% for metropolitan areas, 78% for urban, and 82% for rural areas. Using data from the
US NHTS, [44] estimated that less than 60% of American homes in urban areas can park
on their own property, while this number increased to around 80% in rural areas. Lack of
access to home charging determines the need for public charging infrastructure. By using
data from the US NHTS, [45] found that charging outside the household was most likely to
happen at the work place, followed by shopping and social destinations. Assuming 100%
EV penetration in Austria, [27] estimated that 88% of charging events would be carried
out at home (the share of the energy was not reported), 8.8% at the work place and only
1.7% of charging events take place at public slow chargers and 1.5% at fast chargers [27].
However, articles [27, 45] did not distinguish between parking on private property at the
household and on a parking lot/street near the household. Quantifying the need for public
charging infrastructure in the metropolitan areas in the US and United Kingdom (UK),
[46, 47] similarly estimated that over 90% of the chargers and more than 60% (UK) and
70% (US) of the required energy could be provided by home charging.
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The distribution of daily driving distances in the US was analysed in [48], based on the US
NHTS, where it was found that a 55 kWh EV on an average day could match the range of
98% of the cars and 80% of the driving distance. The average driving distance was found
to be significantly lower in the cities than the rural areas, with small variations between
the cities, but the share of the long trips were the same. The general charging demand
was not investigated. The authors of [26] analysed the distribution of long trips for 334
vehicles that were tracked for a year in the Seattle metropolitan area. They found that
12% of the cars could be electrified if they relied on home charging only whereas adding
work place charging would enable another 2% to be electrified. The study showed that
most drivers required access to range extension for a few days per year to meet all of their
driving demand, but the energy demand from fast charging compared to home and work
place charging was not analysed.

From the above literature review it is concluded that while home charging remains the most
prevalent mode of charging - as EV penetration increases and as we seek to electrify vehicles
in urban environments - there is an increased need for alternative charging solutions in
order to meet the demand from a full electrification of personal vehicle travel. Concurrently
some of the infrastructure established in cities, especially curbside charging, are shown to
exhibit low utilisation, giving a low value/PCP, but also a high investment cost, giving a
high cost/PCP - exacerbating the challenge of meeting the urban demand.

2.2 Frequency-Controlled Normal Operation Reserve in Den-
mark

The Transmission System Operators (TSOs) of the Regional Group Nordic (RG-N) syn-
chronous zone, which Eastern Denmark (DK-2) is a part of, have a shared set of grid
codes with the purpose of maintaining system stability. One of the most critical ancil-
lary services for the stability of the power system is frequency containment reserve, which
maintains system frequency close to its nominal value by balancing production with con-
sumption on a seconds time scale. Frequency containment reserve is divided into two
services, frequency-controlled normal operation reserve (FCR-N), activated for all system
frequency deviations up to ±100 mHz, and frequency-controlled disturbance operation
reserve (FCR-D), only activated when frequency goes below 49.9 Hz. The focus of this
thesis is on FCR-N because it has the highest prices and is the most suitable service for
storage units, as it requires bidirectional exchanges with the grid, depending on frequency.
Thus, storage units are used as power buffers rather than sources of energy.

In case of a frequency deviation, the purpose of FCR-N is to re-establish an equilibrium
between production and consumption. The TSOs in RG-N are jointly responsible for
procuring 600 MW of FCR-N reserves, proportional to each TSO’s share of energy pro-
duction. The Danish TSO, Energinet, procures 23 MW FCR-N capacity for DK-2. For
western Denmark (DK-1), which is part of Regional Group Continental Europe (RG-CE),
Energinet procures 20 MW of a similar frequency containment reserve. FCR-N is bought
on market terms two days ahead (D-2), unless the TSO expects lower prices the following
day, in which case some or all capacity can be bought one day ahead (D-1). It can only
be provided by a Balance Responsible Party (BRP).

The time requirement for the full response is within 150 s, and the minimum bid size
is 0.3 MW, which can be delivered by both consumption and production units [49]. To
achieve the minimum bid size, the power of smaller units can be pooled to a combined
delivery by an actor referred to as the aggregator. The aggregator can either be a BRP,
or make the capacity bid through a BRP. FCR-N is a symmetrical service which requires
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the provider to offer the same power capacity for upwards and downwards regulation. The
service is paid for availability per power capacity [€/MW] per hour, independently of the
actual amount of activation. FCR-N must be provided linearly, with full activation for
deviations of ±100 mHz, without a dead-band. For a frequency value ft at time step t of
a given day, the normalised response yt is calculated as in (2.1). This is using the load
convention, thus yt is positive for over frequency events where the unit should receive
power and vice versa.

yt =


−1, if ft < 49.9 Hz

(ft − 50 Hz)/0.1 Hz, if 49.9 Hz ≤ ft ≤ 50.1 Hz
1, if ft > 50.1 Hz

(2.1)

The power required by the service provider at time step t is calculated as in (2.2).

Pt = Pcap
g(t)yt + Pbase

g(t) , (2.2)

where g(t) is a function that maps t to the corresponding hour h of the day. Pbase
h is the

BRP’s scheduled power consumption or production at hour h, based on the traded energy
in MWh/h at the day ahead spot market; this position can be updated at the intra-day
market. Pcap

h is the power capacity contracted for FCR-N. Both quantities are constant
over the hour.

If the BRP needs to change the scheduled Pbase
h during FCR-N provision, it is possible

to trade energy at the intra-day market up to one hour ahead. It is not uncommon for
mismatches between the actual and realised demand to exist, leading to imbalances. The
BRP pays or receives the balancing system price when deviating from Pbase

h ; balancing
prices are unknown until the following day when imbalances are settled and the regulation
power prices have been determined.

Market players buy or sell energy to Energinet, with reference to their schedules, to cover
system imbalances. Players sell energy at the up regulating power price [€/MWh], which
is determined by the demand at that instance and the offers of regulating power providers
to increase their power output. The price is higher or equal to the spot price. Similarly,
market players can buy back energy at the down regulating power price, which is lower
than or equal to the spot price. In this case the BRP delivering down regulating power
will pay Energinet a lower price for not producing a certain amount of energy that was
already sold in the day ahead market at a higher price, resulting in the BRP earning the
price difference.

A ten day example is given in Fig. 2.2a, showing the spot and regulating power prices. It
is often the case that almost no activations of regulating power occur, and the regulating
prices are equal to the spot prices. Figure 2.2b shows the corresponding traded energy
volume. A BRP receives or pays the regulating price for any imbalance.

The regulating power prices are also used to settle the energy imbalance experienced due
to the provision of FCR-N. Despite FCR-N being a power service, it involves an electric
energy uptake or delivery by the service providing unit, as over and under frequency
events occur. This energy content of frequency is calculated by the TSO by integrating
the positive and negative response for each hour with ts = 1 s resolution assuming zero
response delay. The positive response y+t during hour h is integrated to the positive
(received) energy content e+h and the absolute negative response |y−t | is integrated to the
negative (delivered) energy content e−h as in (2.3) with Ns = 3600 s/h.

The Role of Electric Vehicles in Global Power Systems 13
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Figure 2.2: Market data for the first ten days of 2021 in DK-2.

e+h =
1

Ns

hNs∑
t=Ns(h−1)+1

y+t ts , e−h =
1

Ns

hNs∑
t=Ns(h−1)+1

|y−t |ts. (2.3)

The energy content is given per unit so the energy in MWh is found by multiplying with
the FCR-N capacity, Pcap

h . The price of the additional energy uptake is generally lower
than the spot market price and the price of energy delivered back to the grid is generally
higher than the spot market price. The compensation scheme is therefore giving a reduced
cost for the service provider. The settlement for the BRP χh for hour h is found by (2.4)
where cup

h and cdown
h are the up and down regulating power prices respectively and ccap

h is
the capacity payment for FCR-N.

χh = Pcap
h (ccap

h + e−h c
up
h − e+h c

down
h ) (2.4)

The value of the balance settlement is quantified in section 4.2.

2.2.1 Capacity Price of FCR-N
FCR-N capacity is procured in a pay-as-bid market but the prices published by Energinet
are the weighted average prices and not the highest accepted bid. In Fig. 2.3a FCR-N

14 The Role of Electric Vehicles in Global Power Systems



prices are shown for each hour since 2013. The majority of FCR-N capacity is delivered by
hydro power, which means that prices are closely related to the amount of precipitation
and the stored energy in the water reservoirs [50]. Figure 2.3b shows the stored energy in
the reservoirs in Norway, Sweden and Finland. FCR-N prices were lower in 2015 because
it was a year with an extraordinarily high amount of rain in the Nordic region, which
resulted in high reservoir levels. Thus, hydro power plants produced electricity for more
hours and at the same time delivered more FCR-N than usual, thereby causing FCR-N
prices to decrease. The first half of 2018 was very dry, which gave low reservoir levels and
high FCR-N prices.

There is a clear seasonal dependency, with prices in the summer being 57%, 169% and 68%
higher than in winter in 2017, 2018 and 2019 respectively. This is primarily caused by the
higher amount of precipitation in the winter, but a contributing factor is the combined
heat and power plants that are delivering FCR-N in the winter as co-production, when
they also are producing heat. Prices have, however, been significantly more stable since
2020, where summer prices were 3% lower than in winter, because this also was a period
with large amount of rain.

Prices have a high dependency on the time of day, with the highest prices occurring at
night. As spot market prices generally are lower at night, less hydro power plants are
operation in those periods which also results in less supply of FCR-N. Fig. 2.4 shows the
average price for each specific hour of the day, with one line for each year. The colour-
coded legend shows the overall average for each year. The highest prices were experienced
in 2018, with an average hourly capacity payment of 37 €/MW. The more recent year,
2020, had an average of only 17 €/MW.

2.2.2 Review of FCR-N service description
Energinet is working towards introducing new storage-based technologies in the FCR-N
market. This was initially done in the form of pilot projects, where a storage-technology
such as EVs has been allowed to deliver FCR-N with relaxed requirements. One of the
conclusions was that the required continuous delivery of the service cannot be guaranteed
by a storage unit with limited energy capacity.

If the accumulated frequency deviation is unbiased, i.e. its integral over a given time period
is zero, then the overall energy exchange between the EV and the grid would be small.
However, accumulated frequency deviation can be significantly biased in consecutive hours,
which could lead to relatively large energy exchanges. The energy content of frequency is
not a problem for a thermal power plant, but for a storage unit, like an EV with a limited
battery capacity, it is likely that the batteries will be fully charged or depleted within
the reserve provision period; in that case, the aggregator will not be able to provide the
committed reserves.

The TSOs in RG-N are therefore working on a new set of FCR-N requirements that
accommodate units with limited energy capacity. Until the new grid code takes effect, it
is possible storage units of up to 5 MW to apply for an exemption from the requirement
of continuous delivery, stating that:

”Instead it is required that the delivery of the service must be continuously active and
contain functionalities which can guarantee a 100% deliverance of power for a minimum
of 15 minutes. After the end of the delivery the Reserves must be restored within 15
minutes.”

The BRP must guarantee a 100% deliverance of power for a minimum of 15 minutes,
which means that a capacity of Pcap

h = 1 MW, must be supported by an available energy
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Figure 2.3: Market data for RG-N from 2013 to April 2021.

capacity of minimum 0.5 MWh such that it can produce or consume 0.25 MWh. After
the BRP reaches an accumulated energy balance relative to the grid corresponding to the
full capacity for 15 minutes, it is relieved from the service obligation for the following 15
minutes. Frequency containment reserve in DK-1 has a similar 15-minutes requirement,
but in this case it starts accumulating when the frequency leaves the deadband of ±10
mHz, and it is reset when frequency enters the dead band again. This means that the
relaxation period is rarely activated.

2.3 Firm Frequency Response in Great Britain
The British electricity transmission network was used as a study case, so the British
frequency regulation service description could serve as a comparison to the one in the
Nordic Grid.
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Figure 2.4: Average FCR-N payment in the different hours of the day.

2.3.1 Service Description
The TSO in Great Britain (GB), National Grid Electricity System Operator (NGESO),
procures around 3 GW of frequency regulation, which is split in 1.5 GW Mandatory
frequency regulation (MFR) and 1.5 GW Firm frequency regulation (FFR) [51]. MFR is
delivered to NGESO under bilateral agreements by balancing mechanisms (BM), which
are similar to the BRPs. A BM unit is a power plant that has made an agreement with
NGESO about delivering regulating power. FFR, on the other hand, is a service (traded
on market terms) that also can be delivered by units that do not have a status of BM
(non-BM).

The amount of FFR procured by NGESO is varying between different seasons and time
of day, as it depends on the estimated system need. It consist of three services: Primary,
Secondary and High. In the case of an under-frequency event, the Primary should react
within 2 s and deliver the full response within 10 s and sustain the response for 20 addi-
tional seconds. Within 30 s of the event, the Secondary should be started and maintain
the response for 30 minutes. In the event of an over-frequency event, the High Frequency
Response should deploy its full response within 10 s but maintain the response indefinitely,
unless agreed otherwise. A frequency event is defined as when the frequency leaves the
dead-band of ±15 mHz, so over and under frequency events occur when the frequency is
higher than 50.015 Hz or lower than 49.985 Hz, respectively.

FFR has a minimum bid size of 1 MW, which can be from a single unit or aggregated
from several smaller units. Primary, Secondary and High are dynamic services, where the
response should be proportional to the frequency deviations with the maximum power
at a deviation of either 0.2, 0.5 or 0.8 Hz, as seen in Table 2.1. Secondary can also be
provided as a non-dynamic service, which means that full power is delivered at the moment
frequency deviation reaches a trigger point, and then withheld for 30 minutes.

A combination of Primary, Secondary and High (PSH) service with a full response at ±0.2
Hz is considered when calculating the potential revenue for EV owners in section 4.6. A
combined PSH delivery means that the EV responds symmetrically to over and under
frequencies outside the deadband, as shown in (2.5).
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Table 2.1: Characteristics of Frequency Regulation Services
Response Duration of Response max

time activation @ Hz deviation
Primary 10 s 30 s -0.2, -0.5, -0.8
Secondary 30 s 30 min -0.2, -0.5

High 10 s Indefinite 0.2, 0.5

For a frequency value ft at time t, the normalised response yt is calculated as

yt =


−1, if ft < 49.8 Hz

(ft − 50 Hz)/0.2 Hz, if 49.8 Hz ≤ ft ≤ 49.985 Hz
0, if 49.985 Hz ≤ ft ≤ 50.015 Hz

(ft − 50 Hz)/0.2 Hz, if 50.015 Hz ≤ ft ≤ 50.2 Hz
1, if ft > 50.2 Hz

(2.5)

The power required by the service provider at time t is calculated as in (2.2).

2.3.2 Contract and bidding
The first business day of each month is the market deadline for services starting on the
following month e.g. January 1st for service start on February 1st. The contract periods
are based on the Electricity Forward Agreement (EFA), which means that it is traded in
six four-hour blocks per day. Tenders must only start, and end, at the following times:
23:00, 03:00, 07:00, 11:00, 15:00 and 19:00.

NGESO publishes a monthly report stating how much capacity was purchased at each
price range, as shown in Table 2.2 for December 2018 and December 2014 in parenthesis
for comparison. NGESO purchased more regulation capacity in 2018 than in 2014, but at
a lower market price. In this analysis it is assumed that PSH with full response at ±0.2 Hz
deviation is paid with 2 + 2 + 4 = 8 £/MW (9.2 €/MW), as it is the prices that Primary
(2 £/MW), Secondary (2 £/MW) and High (4 £/MW) services are typically traded at.
PSH regulation prices are significantly lower than FCR-N prices.

Table 2.2: Volume of traded service in different price ranges for December 2018 and
(2014). Exchange rate in April 2021: £1=€1.15.

Price band Primary Secondary High
[£/MW] Capacity [GW-h] Capacity [GW-h] Capacity [GW-h]
0 to 2 172 (55) 107 (127) 0 (138)
2 to 4 25 (207) 0 (48) 351 (63)
4 to 6 0 (13) 0 (221) 15 (257)
6 to 8 0 (1) 0 (0) 0 (8)
> 8 0 (0) 0 (0) 2 (26)

2.4 Electric Vehicles Delivering Frequency Reserve
The use of EVs for providing ancillary services to the power system can be an additional
revenue for EV owners and can assist the integration of larger amounts of DER [52, 53].
A fast power response from battery-based energy resources could cover the regulation
requirements of significantly larger generating units with slower ramp rates, which are
decreasing in numbers, as the generation is transitioning towards renewable production
[54].
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Any kind of smart integration of EVs in the power system can rely on either bidirectional
or unidirectional charging [53, 55]. The FCR-N service can also be provided with series-
produced EVs in two ways: by modulating the unidirectional power flow using the on-board
charger, seen on the right of Fig. 2.5, or with an external bidirectional charger, seen on
the left of the figure.

Figure 2.5: Physical setup - Nissan LEAF with different charging options

2.4.1 Unidirectional FCR-N
Unidirectional control entails limiting the charging power of the internal EV charger with
no extra hardware, other than the communication and control system [53]. In this case,
the EV can still be used for both upward and downward regulation services, as the power
consumption can either be decreased or increased [56].

The lowest charging value allowed by the IEC 61851 and SAE J1772 charging standards
is 6 A. All series-produced EVs can charge with 3.7 kW AC and some up to 22 kW AC
using the on-board charger. The maximum reserve, when performing unidirectional FCR-
N with a single EV, is in this case obtained by setting the charging set point to 11 A (2.5
kW, 1-phase at 230 V). The current can then be modulated with ±5 A in a range of 6−16
A (1.4-3.7 kW), giving a potential FCR-N capacity of ±1.15 kW [53].

Providing FCR-N with the internal charger has low installation costs because all power
conversion occurs inside the EV with existing hardware. Unidirectional control leads to
some additional energy consumption because the efficiency of the charger decreases when
reducing power, but since no discharging occurs, there are only low additional losses and
no wear of the battery. Because of the inexpensive setup and the relatively high losses cur-
rently associated with V2G chargers, ref. [57] concludes that only unidirectional services
are feasible in practice. The disadvantage is that the service can only be provided until
the EV is fully charged, which on average would be after receiving 9 kWh, corresponding
to driving 45 km. Several series-produced EVs have been found to have an efficiency of
the on-board charger of around 90% [58]. Given the daily driving consumption, charger
efficiency and a charge cycle with an average of 11 A (2.5 kW), the EV would be fully
charged in four hours. Using an EV with a higher charging power or energy capacity would
not increase the revenue, since the limiting factor is the energy demand from driving. The
average charging time is four hours, which means that in the days where frequency is on
average too high, the EV would charge with higher power and be fully charged sooner.
Three hours of service would therefore be a more realistic estimate. The efficiency of the
on-board charger of a Nissan Leaf was found to decrease with 5%, when reducing the
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current level from 16 A to 10 A [58]. The reduction of charging efficiency during FCR-N
provision causes increased losses of 0.45 kWh per day.

2.4.2 Bidirectional FCR-N
Providing bidirectional FCR-N lifts this time limitation, as the EV over time is expected
to deliver the same amount of energy to the grid as it receives, giving a zero energy
balance. Assuming a zero energy balance, it is the number of grid-connected hours and
how predictable the plug-in and plug-out times are, together with the power capacity of
the charger, that determine the potential capacity payment.

By bidding less than the full capacity, the aggregator of a large group of EVs can make
sure that the departure of a few EVs does not compromise the delivery of the service, as
the remaining capacity can be used to compensate the missing EVs. The average state
of charge (SOC) of a large fleet is more predictable than the corresponding values of
individual EVs. The aggregator can distribute the charging and discharging between the
EVs to align their SOC values, thus it is only necessary to estimate the average beforehand
[59].

In Europe there are are two DC charging standards: the European standard ISO 15118,
referred to as Combined Charging System (CCS) and the Japanese CHAdeMO standard.
The CHAdeMO standard requires transfer of information about the SOC of the battery
from the EV to the charger. Knowledge of the SOC is necessary to guarantee the delivery
of the service, and it is only voluntary information in CCS [60]. This means that, at
the moment V2G FCR-N can only be delivered with vehicles using CHAdeMO, which
primarily are EVs manufactured by Nissan.

On the left of Fig. 2.5 an example of an external bidirectional DC charger that bypasses
the on-board charger and connects directly to the EV battery is shown. It can be used
to discharge the EV battery to the grid, making the EV capable of providing FCR-N
with a symmetrical bid of the size of the power converter capacity. Charger manufacturer
MagnumCap has since 2016 produced the bidirectional charger seen on the left in Fig.
2.5, with a capacity of ±10 kW [61]. The charger from MagnumCap is still one of the only
commercially available V2G chargers, and in DK-2 is being used in several commercial
locations with a total capacity of 0.4 MW.

2.5 Scheduling Frequency Reserve and Charging
Modern optimisation methods can be used to schedule and bid in the reserve market
and the day ahead spot market, to achieve an optimal economic performance. In [62],
the authors calculate the optimal frequency regulation bid in terms of capacity payment
with dynamic programming. The purpose of the method is to maximise the value of
the regulation and fully charge the EVs in the hours when spot prices are lowest. The
problem with this approach is that it assumes that the positive and negative energy content
are equal and thus the energy exchanged with the grid over time is zero. Therefore,
insufficient energy capacity is allocated. Ref. [57] takes the energy content into account
in the scheduling phase when making an optimisation with dynamic programming, but
only for unidirectional frequency regulation and only when the same reserve capacity is
delivered in all hours. Ref. [63] is scheduling delivery of Automatic Generation Control
to the California Independent System Operator, which is a secondary control that is
high-pass filtered to have a zero energy content over an hour, and has a performance-
based compensation. This way the service is designed for storage units with a fast power
response but low energy capacity.

In ref. [64], primary frequency regulation in RG-CE is analysed and the variance of the
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frequency is shown to cause an uncertainty for the SOC of storage units delivering the
service. The revenue is found to be increased by up to 25% by co-optimising the day-ahead
scheduling of frequency regulation and self consumption, compared to only scheduling for
frequency regulation. In order to have an optimisation time step like the spot market,
ref. [64] calculates the average normalised frequency energy content over the hour. To
linearise the optimisation problem, the charging and discharging efficiency is added to the
normalised frequency before the hourly deviation is calculated.

Ref. [65] shows that when not committing the full power capacity of a battery for frequency
regulation, the remaining power can be used for controlling the SOC by changing the
operating point (base line) during operation.

As the battery capacity of new EV models increases, the daily energy use becomes a
smaller part of the total energy capacity. This larger capacity means that the EV does
not always have to be fully charged at the end of service provision, as for instance assumed
in [57, 62]. In this case, it is possible to provide FCR-N until the EV is needed for driving
without allocating time for pure charging. The possibility of allowing a rather wide ending
SOC range (made possible by the larger EV capacities) significantly increases EV charging
flexibility.

In [66], a data-driven model based on historical Automatic Generation Control activation
data is presented, modelling the uncertainty of the SOC as a function of the reserve
capacity and provision time. The frequency energy content of a certain hour is correlated
with the content of previous hours. This relationship is used by the authors of [67] to
predict the future energy content based on the values of the last two hours. By making
an optimisation problem based on a large number of scenarios it is possible to take the
behaviour of the frequency into account without having the same reserve capacity in all
hours. The method of using scenarios to make a robust schedule is also suggested by
the authors of [68], where 100 scenarios are generated from a Gaussian distribution per
period. This does however not capture the correlation between the hours and specific time
behaviour, which can be exploited by using the real frequency for the scenarios.

The efficiency of the power converter depends on each EV’s power set point but, an
aggregation of EVs can achieve higher average efficiencies regardless of the power set
points, by applying appropriate control methods [69].

2.6 Electric Vehicles Participating in Electricity Markets
Adaptive/predictive charging makes it possible for the EVs to minimise their energy costs
and for the power grid to achieve multiple operational objectives simultaneously [70, 71].
EVs can be aggregated and participate in the electricity markets in order to decrease their
charging costs by consuming energy when prices are lower [72, 73].

An example of the value of scheduling the charging according to the DK-2 spot prices is
given for the year 2020 . The average daily difference between the most and least expensive
hour each day in 2020 was 35.85 €/MWh. Assuming that an EV that requires a daily
charge of 9 kWh (3.29 MWh/a) is constantly plugged in and can move its charging from
the most to the least expensive hour it would save 118 €/a (147 €/a incl. 25% VAT). EVs
are however rarely available all the time and the base case (uncontrolled charging) does
not completely correlate with the most expensive hours. Thus this would be considered
as the maximum theoretical earnings.

Figure 2.6 shows the average price of every day for the years 2017, 2018, 2019 and 2020
for each hour of the day. The generally least expensive hour, 03:00-04:00, had in 2020 an
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average spot market price of 16.65 €/MWh, while the most expensive hour 18:00-19:00
had an average price of 40.88 €/MWh. In this case the daily charging could simply be
postponed from 18:00 in the evening to 03:00 in the morning, which would save 80 €/a
(99 €/a inc. VAT). The year 2020 had low prices compared to the previous three years,
but the difference between the low and high priced hours are similar to other years. Like
the FCR-N prices, the spot prices were also higher in 2018 due to the low water reservoir
levels.
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Figure 2.6: Average spot price in DK-2 for each hour of the day in the years 2017-2020.

In Ref. [73], the driving distance and driving times are modelled according to the Danish
National Travel Survey (NTS) [74]. The plug-in periods were calculated based on the
driving distance and driving times assuming an increasing chance of plugging in the vehicle
for lower SOC. This constrained the charging schedule that only could be optimised for
the periods where the owner decided to plug in the vehicle, which significantly decreased
the flexibility. The smart charging strategy resulted a reduction in annual charging cost
of 52 €/a. The cost reduction achieved with a V2G charger that could discharge and sell
electricity in the hours with the highest prices was found to be only 9 €/a more than the
smart charging case, because the discharging resulted in increased energy losses. Since the
V2G charger has a significant investment cost it would not be economically feasible to use
for energy arbitrage.

The recent introduction of time of use tariffs by the largest Danish distribution system
operator Radius, however increase the potential value of controlled charging [75]. Radius
defined a high load tariff of 84.09 €/MWh for the period 17:00-20:00 in the winter half of
the year (October-March) and a low load tariff of 31.51 €/MWh for the remaining time.
Moving a daily charging session of 9 kWh from a high to a low load period in the winter
months would give a saving of 86 €/a (108 €/a inc. VAT).

Postponing the charging would also result in a reduction in the experienced battery degra-
dation because of lower average SOC, which effect is elaborated in the following section.

2.7 Accelerated Battery Ageing due to Reserve Provision
Decreased SOH, describing a reduced energy capacity, is an additional cost that has to
be subtracted from the profit of the delivered grid services. If the degradation dynamics
decreasing the SOH are known, they can be included in an optimisation problem when
scheduling the charging and service provision [76].
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2.7.1 Estimation of Battery State of Health
It is not simple to measure or accurately estimate the SOH of EVs. In fact, the capacity
of batteries that are employed as a power source in an EV cannot be measured online [77].
Since an EV never experiences a full charge cycle during normal operation, commercial
battery management systems (BMS) estimate the SOH by comparing the change in SOC,
according to the change of the open circuit voltage (OCV), to the change in SOC, according
to coulomb counting [78].

In Ref. [79], different degradation indicators are extracted from the voltage and electric
current variation during charging and discharging. Similar to the BMS method, the SOH
can be more accurately estimated based on either the decrease in discharge capacity of dis-
charges with equal voltage drop or charge capacity of charges with equal voltage rise. The
accurate SOH estimation is important to ensure the safety, reliability, and maintenance
of the battery system, but accuracy is the biggest bottleneck for most estimation methods
[80]. When estimating the SOH based on partial charges, the accuracy is proportional to
the depth of the charge/discharge cycle [78].

The BMS in an EV has limited computational power, which constraints the use of com-
putationally heavy methods such as Kalman filters, neural networks, or fuzzy logic to
calculate the degradation parameters of the li-ion battery [81]. A more computationally
light, measurement-based method is the incremental capacity analysis (ICA) [82]. With
ICA the derivative of the capacity with respect to the derivative of the voltage is plotted
as a function of the voltage [83]. As the battery experiences degradation, the peaks of the
(IC,V) curve will change. It can then be compared to other IC analysed cells with known
SOH, and thereby the SOH of the battery can be derived [84]. The bottleneck of the ICA
is that empirical lifetime analysis for a reference of a certain battery type would require
years of studying, which is impractical and would generate reliable results only when the
battery has aged [85]. The ICA method is conventionally used on battery cells, however
it needs to be feasible on pack or EV level and not only on individual cell level. Nickel
Manganese Cobalt (NMC) based cells for the BMW i3 EV has been tested both on cell
level and on car level and the results shows consistent characteristic peaks and valleys of
the ICA on car and cell level [84].

The simplest capacity models are based on equivalent circuit models (ECM), where the
battery is represented by its Thevenin equivalent [86]. A first order ECM of a full EV
battery pack is experimentally validated in [87]. In [77], it is found that a second order
ECM gives the best compromise between accurate SOH estimations and low computational
demand. Alternatively, more complex single particle models can be used to model the
electro-chemical degradation process, which can potentially capture how the cell ages
under varying degradation modes, such as lithium consumption at the solid-electrolyte
interface or active material dissolution [88].

2.7.2 Factors Influencing Battery Degradation
The factors influencing battery degradation, measured as capacity fade, can be divided in
two: calendar ageing, which is a function of time and cycle ageing, which is a function of
the number of charge/discharge cycles. Lithium-ion batteries are naturally an unstable
structure, which degrade and lose capacity when ageing, despite not being used [89]. Like
most chemical reactions, the capacity loss will occur mostly in the beginning and then
decreases over time as less of the materials have active interactions. The degradation
mechanism occurs faster when there is a high energy density in the battery, which means
that it increases with high SOC and temperature [90]. Ref. [89] finds that the battery
degradation is twice as high if the battery is stored fully charged than stored at a SOC
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lower than 60%. To maximise battery life, lithium-ion cells should not be stored at high
SOC, and for long-term storage the SOC should be less than 50% [91]. Ref. [92] shows
that active ageing management can extend the life of the EV by avoiding high SOC,
when user behaviour allows it. Especially for EV applications, calendar ageing is the
dominating effect, because EVs generally are idle more than 90% of the time. However,
economic cost calculations to date have mostly focused on the number of charge/discharge
cycles as the determining factor of lifetime [85]. For the active usage of the battery, recent
research has shown that increased energy throughput of the battery is causing lithium
plating on the anode and mechanical failure, resulting in a capacity loss [85, 93]. Ref. [94]
experimentally finds that depending on the temperature, there is a 2-3% capacity loss per
1000 full equivalent cycles (FEC). Li-ion batteries can be used in vehicular applications
until they have lost 20− 30% of the initial capacity, but can at this point still be used in
second life applications as stationary storage until 50% of the capacity is lost [95].
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Chapter 3

Satisfying the Charging Need

The first section of this chapter describes the method for calculating car ownership, driv-
ing distance and household parking condition, which determine the demand for public
chargers. The second section determine the public charging demand on national and city
level, based on the share of all driving distance driven by cars without access to home
charging. Then the role of shared parking facilities at the household and the work place is
determined. This is found as the potential of semi-public parking lots next to the house-
hold and next to the workplace, for giving access to destination charging. Section four
calculates the potential of public destination charging at other points of interest in the
city where the cars naturally park. Finally is presented an analysis of driving and charging
behaviour of a group of EVs. This is to verify the underlying assumption that the driving
behaviour does not change by electrification of the vehicles, enabling the overall analysis
that is based on ICE vehicles.

3.1 Method
The method section introduces the formulations and underlying assumptions that all the
results are based on.

3.1.1 Calculation of Demand for Public Chargers
When calculating the demand for public chargers several assumptions have to be made,
namely:

1. A 100% EV penetration scenario is assumed to avoid selection bias due to early
adopters, geographical differences etc.

2. It is assumed that the overall transportation behaviour will remain the same as for
the ICE based driving, i.e. as before the electrification of the vehicles.

3. Drivers that park on private property at the household will install a charger and
become almost self-sufficient with electricity with regards to their driving needs.

4. The aggregated driving distance corresponding to people with good parking condi-
tions at shared parking facilities at the household and at the work place could be
electrified through the right incentives and regulatory framework.

5. There is a need for range extension from fast chargers for cars that drive more than
300 km in one day.
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3.1.2 Driving Distance per Car
The Danish NTS is a person based (not household based) interview survey which docu-
ments the travel patterns of the Danish population [74]. It provides a consistent, statistical
picture of transport in Denmark for Danish residents age 10-84. Each interview, referred
to as a session, in the survey data describes the travelling of a single person during a single
day which may consist of multiple trips. The total travelled distance by all the cars owned
by the Danish households λ is achieved by accumulating the distance of all the trips that
comply with the following conditions: the interviewed is the driver (not the passenger) of a
passenger car/van which is owned by the household. This excludes all distances driven in
borrowed cars, employers cars, car sharing and rented cars, to be consistent when dividing
with the number of cars owned by all the households.

All the sessions in one year are scaled with the session weight ρ according to social,
economic and geographical characteristics, to give a snapshot of the population for that
year. When analysing the data for multiple years (2014-2019), the distance is normalised
by the duration (number of years Ny = 6). Hence the total driven distance over Nses

sessions, with Ntrip trips per session is found with (3.1).

λ =
1

Ny

Nses∑
k=1

Ntrip
k∑

g=1

λk,gρk (3.1)

It then follows that the total number of cars owned by the households κ is found as in
(3.2). The car ownership of each household θk is scaled with the session weight divided
with the number of people in the household ξk.

κ =
1

Ny

Ns∑
k=1

θkρk/ξk (3.2)

3.1.3 Driving Efficiency
A data logger, was as a part of the ACES project [96] connected to the on-board diagnostics
port of a Nissan Leaf operated by a large group of users at the Municipality of Bornholm
[97]. The vehicles own measurements of the power, energy consumption, driving distance
and driving speed was read from the central area network (CAN)-bus during 2439 trips
from October 2017 to January 2021. Fig. 3.1 shows the relationship between the driving
efficiency of the trip (only trips with an energy consumption of > 2 kWh), the ambient
temperature and the average driving speed. The colour of the dots shows the average
driving speed during the trip. It is clear that the trips are split between city driving with
an average speed of 50 km/h and rural driving with an average of 80 km/h, but it does not
have an effect on the measured driving efficiency. The highest speed limit on the Bornholm
island is 80 km/h. There is however, a clear dependency on the ambient temperature.

The average driving efficiency for the whole period is 169 Wh/km (5.9 km/kWh). The
on-board charger of several car brands have been found to have an efficiency of 80-90%,
which from the grid perspective would results in a driving efficiency of 188-211 Wh/km.
For this analysis is chosen an average efficiency of 200 Wh/km. Considering a uniform
distribution of energy consumption, with a mean value η = 200 Wh/km, the mean daily
energy consumption, ϵ, can be estimated by (3.3).

The mean energy consumption quoted above accounts for the overall energy use per driven
kilometre and includes the efficiency of the drive train, the charger conversion losses and
the electricity consumption for the EV auxiliary systems like heating [58]. The energy
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Figure 3.1: Driving efficiency of 2439 trips with a 30 kWh Nissan LEAF by different users
in a Danish climate.

consumption is the average over the year which means that it would be higher in the
winter and lower in the summer. The energy consumption is normalised per car per day,
ϕ, by dividing with κ in (3.4).

ϵ = λη (3.3)
ϕ = λ/κη (3.4)

3.1.4 Parking Conditions
The parking conditions at the household determine the potential for home charging. Since
it is not the whole population that lives in a household with a car, the parking conditions
are found for people who live in a household with a car ownership of minimum one. Those
that can park on their own private property as a fraction of the whole population is referred
to as µpriv =Npriv/Ntot where Npriv is the population in the group that can park on their
own property and Ntot is the total population (excluding people not living in a household
with a car). Similarly the ratio of the population with good parking conditions on a
shared facility at the household is called µsh. The good parking conditions are described
as; always or normally available space, free and time unlimited. If it is technically possible
to install chargers at these parking lots it would be possible for the residents to cover their
every day driving needs at the household.

The NTS also describes the parking conditions at the place of occupation for employees,
the self-employed and those seeking education. The work place is the prevalent location
regarding transportation by car compared to educational locations. 25% of the total
driving distance by car involves commuting to a work place and only 2% is for educational
purposes. It is therefore referred to as the work place. The fraction of the population
that has good parking conditions at the work place is referred to as µwork. The parking
conditions at the work place is only relevant for people with a work place different from
the place of residence, but µwork, is calculated as the fraction of the whole population.

3.1.5 Distribution of Energy Demand per Parking Condition
The distribution of the charging demand is described in four scenarios. The base case
(scenario 1) is that everyone that can not park on their own property must rely on public
charging infrastructure. Some of this public demand could be reduced by instead either
charging at the shared parking facilities at the household (scenario 2) or at the relevant
parking lots at the work place (scenario 3) or a combination of both (scenario 4).
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The fraction of the population with certain parking conditions at the household and at the
work place (µpriv, µsh and µwork) are compared with the fraction of the distance driven by
the specific cars with those parking conditions. The cars that can park on private property
at the household drives a part of the total driving distance νpriv = λpriv/λ where λpriv is
the distance driven by the population in the group that can park on their own property.
Similarly the population that can park on a shared parking facility at the household drives
a part νsh of the total driving distance. The population that have good parking conditions
at the work place and can not park on private property at the household (scenario 3), drives
a portion νwork1 of the total driving distance. The cars that have good parking conditions
at the work place and has generally poor parking conditions at the household (scenario
4), drives a part νwork2 of the total driving distance.

On an average day, the majority of the population is not the driver of a car. Thus more
data is available to describe the fraction of the population with certain parking conditions
(µpriv, µsh and µwork), than is available to describe the ratio of the distance driven by
the specific cars with certain parking conditions (νpriv, νsh, νwork1 and νwork2). When
insufficient data is available the fraction of the distance can be estimated based on the
fraction of the population and νwork1 can be estimated as (1− µpriv)µwork and νwork2 can
be estimated as (1− µpriv − µsh)µwork.

The energy consumption associated with each segment under consideration can be esti-
mated by considering the product between the total energy consumption with the fraction
of total driven distance by the given segment, namely:

ϵpriv = ϵνpriv (3.5)
ϵsh = ϵνsh (3.6)

ϵwork1

= ϵνwork1 (3.7)

ϵwork2

= ϵνwork2 (3.8)
(3.9)

The residual public charging demand in scenario 1 to 4 is found with (3.10)-(3.13)

ϵpub1

= ϵ− ϵpriv (3.10)

ϵpub2

= ϵ− ϵprivate − ϵsh (3.11)

ϵpub3

= ϵ− ϵpriv − ϵwork1 (3.12)

ϵpub4

= ϵ− ϵpriv − ϵsh − ϵwork2 (3.13)

3.1.6 Destination Layover Time
The total time cars spend at a type of location outside the household and work place τ
is calculated with (3.14), where τk,g is the time the respondent spent during each visit a
specific type of location. Layover time is only counted if the respondent travelled to the
destination by a car/van owned by the household where the respondent was the driver
(not the passenger). Each person can have up to Ntrip

k visits at each location, so the time
spent is the sum of the duration of the individual visits by the same respondent multiplied
with the session weight.

The number of people that visits the specific location by car in a day is called κloc. The
average time spent per visiting car is called π and is calculated with (3.15). The average
time a car spends per week at the specific location is called ψ and is calculated with (3.16)
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by dividing with the total number of cars and multiplying with the number of days in a
week Nw = 7. The average number of days between a car visits one of the locations σ is
found with (3.17).

τ =
1

Ny

Nses∑
k=1

Ntrip
k∑

g=1

τk,gρk (3.14)

π = τ/κloc (3.15)
ψ = τNw/κ (3.16)
σ = κ/κloc (3.17)

3.2 Public Charging Demand on National and City Level
The analysis is based on the TU0619v2[74] version of the NTS. The most recent six years,
before the impact of COVID-19, (2014-2019) of data where the NTS included questions
about parking conditions at the household and work place was analysed. In the period
there was on average 9388 sessions per year and the total number of sessions for the six-year
period is Nses = 56328. The NTS estimates the population size with a margin of 0.1-0.4%
for the individual years, compared to the National Government Statistics Denmark (DST).
The remaining paper does not differentiate between individual years and analyses all of
the 56328 sessions together as an average year. There is a similar growth in car ownership
and driving distance in the period, which does not affect the results.

The home address of the respondent is identified by a city code and a municipality code,
which are used to group the sessions. DST uses a combination of municipality codes and
city codes, with large cities comprising several municipalities divided at the municipality
border. Information about the population density of the individual cities is taken from
DST so the NTS data has been grouped in the same way. This means that the urban
area of Greater Copenhagen which covers several municipalities is divided into several
cities according to the municipality border. All statistical calculations are made with a
minimum of 1000 samples, which limits the calculation of (µpriv, µshared and µwork) in
individual cities to the 27 largest cities in Denmark (C27), and limits the calculation of
(νpriv, νshared, νwork1 and νwork2) to the national level and the capitol Copenhagen. The
quantitative results for each city and for all of Denmark can be found in the appendix.
To be able to analyse the situation in the more rural parts of the country where there are
fewer sessions per town, every city/town has been grouped according to the population
rounded to the nearest step of either 1000 or 5000 people. The groups are chosen so that
each group includes a minimum of 1000 sessions.

3.2.1 Demand for Average Driving Days
The six year average figures for the Danish population indicate a total population of 5.73
million people, living in 2.56 million households, owning 2.74 million vehicles. This yields
a car ownership of 0.47 cars per person and 1.07 cars per household. The cars are however
not evenly spread between the households as 23% of the households do not own a car, 51%
own one car and 22% own two cars.

Car ownership for C27 is depicted in Fig. 3.2a, where the area of the circles is proportional
to the population size of the city, which for the seven largest cities is also given in the
colour coded legend. The red line shows the national average. The car ownership is closely
related to the population density and it is close to twice as high in the least dense cities
compared to Copenhagen but is in all the cities significantly below the national average.
The car ownership also depends on the income level as can be seen for Frederiksberg. The
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municipality of Frederiksberg is located in the centre of the municipality of Copenhagen
but the average disposable income is 21% higher than in the municipality of Copenhagen,
which results in a higher car ownership despite a significantly higher population density
[98].

On a weighted average day the cars are driving 123.29 million km corresponding to 45
km per car. The cars are not all driven daily and on an average day only 84% of the
Danish cars are driven, equal to 2.1 million cars, driving 55 km each. The cars on average
are driving 47 minutes per day, which means they are parked 96.6% of the time. Not
only are there fewer cars in the more densely populated cities but they also drive shorter
distances, as shown in Fig. 3.2b for C27. The red line shows the national average. On an
average day the cars in Frederiksberg and Copenhagen drive 26% and 20% shorter than
the national average. The less dense cities are spread around the national average and the
lowest numbers are for cities close to Copenhagen.

(a) Car ownership vs. population density.

(b) Driving distance vs. population density.

Figure 3.2: (a) Car ownership and (b) Driving distance vs. population density for the 27
largest cities in Denmark. The area of the circle is proportional to the population.

The NTS sessions are spread throughout the year so the different behaviour of the different
days are taken into account. This study is based on a weighted average day, which means
that some days will have a lower or higher driving distance. The days are categorised as
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different day types shown in Table 3.1. The largest driving distances are seen on Fridays
and weekdays before a public holiday, where the distance is 14% higher compared to the
weighted average. This means that the busy driving days will only cause an increase of
electricity consumption of up to 14%.

Description Days Distance
Normal weekday ”Mon-Thur” 191 49 km (110%)
Friday and weekday before public holiday 50 51 km (114%)
Special weekdays (most workplaces are closed) 8 44 km (97%)
Saturday 53 36 km (79%)
Sunday and last public holiday before weekday 53 36 km (79%)
Holiday/Sunday - next day is Sat/Sun/holiday 10 31 km (68%)

Table 3.1: Day types and average driving distance in km and in percent of the weighted
average.

EV owners rarely charge their EV every day unless it is necessary , which is shown in
section 3.5. By looking at the distribution of daily driving distances, shown in Fig. 3.3a,
it can be seen that few cars need to be charged daily. On an average day, 66% of the cars
that drive will drive less than 50 km and 86% will drive less than 100 km.

Considering a hypothetical mean range of 300 km, only 14% would need to charge more
than every third day. Therefore it can be assumed that the difference in driving distance
of individual days does not result in the same difference in electricity consumption as the
charging behaviour has a smoothing effect.

3.2.2 Demand for Long-Haul Driving Days
The share of the cars not having enough range for a full day of driving depends on the
total range of the car. Fig. 3.3b shows the fraction of the cars that during a single day
would need to stop to charge vs. the driving range of the vehicle. This share is shown
for all of Denmark and for the residents of the seven largest cities. Even though the cars
in the cities on average drive less, the share of the long trips is the same, resulting in the
same need for fast chargers for range extension.

On an average day, 1.4% of the cars will drive longer than 300 km, which means that
they would need to charge during the day to complete the trip. As shown in Fig. 3.3a,
it is important to electrify this group as they drive 13% of the total distance of all cars.
Those findings are consistent with results of [27, 48]. The charging demand can be met
with a network of fast chargers that can deliver the missing range beyond 300 km to
reach the destination. The 1.4% of long-haul cars on average drive 404.8 km (81.6 kWh),
resulting in an average need of extra supply of 104.8 km range (21.6 kWh) to reach their
destination. Differences in the driving consumption caused by higher driving speed for the
long distance trips is not taken into account. On the national level the range extension
would account for 0.86 GWh per day or 3.36% of the total driving consumption. For the
residents in Copenhagen, it would be 3.62% of the driving consumption. This is close to
the situation today in Norway [43].

3.2.3 Parking on Private Property at the Household
The share of people, living in a household with a car ownership of minimum one, that
can park on their own property is shown in Fig. 3.4a for C27 vs. the population density.
The red line indicates the national average of µpriv = 77.5%. The least densely populated
cities have a share above 80% and are in general above 50%. Only Copenhagen and
Frederiksberg significantly stand out at 23% and 17% respectively.

The Role of Electric Vehicles in Global Power Systems 31



(a) Distribution of cars (left) and cumulated share (right) vs. the driving distance.

(b) Share of driven vehicles in Denmark and the 7 largest cities with insufficient range on a log–
linear scale vs. the Vehicle Driving Range.

Figure 3.3: Distribution of the driving distances of privately owned cars during a single
day.

In Fig. 3.4b the smaller and less densely populated areas of Denmark have been investi-
gated by grouping the sessions with a similar city size. In towns with a population around
500 people, 98% are able to park on their own property. The share gradually decreases for
cities with a larger population. The population size and density are related and can both
be used to describe the share of population that can park on their own property. For the
case of Frederiksberg, which can be seen in both Fig. 3.4a and 3.4b, it does not follow the
trend for the city size due to the high population density.
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(a) µpriv vs. population density for the 27 largest cities in Denmark. The area of the circle is
proportional to the population.

(b) µpriv vs. city size for all of Denmark.

Figure 3.4: The fraction of the population that park on their own property vs. (a)
population density in C27 and (b) city size.

3.2.4 Charging Demand Outside the Household
The national average daily energy consumption is ϕ = 9 kWh per car. The fraction of
the population parking on private property is µpriv = 77.5%. The the cars that can park
on private property drives a larger share of νpriv = 80.9% of the total driving distance,
because of the differences between urban and rural areas where the areas with the best
parking conditions have the highest car ownership and the longest driving distances per car
and thus have a larger weight. For Copenhagen the share of the population µpriv = 22%
is higher than their share of the distance νpriv = 19%.

In Fig. 3.5 is shown the public charging demand normalised per car is estimated as
ϕpub1

= ϕ(1 − µpriv) for each city in C27 and the national average of 2 kWh per car.
The public charging demand is increasing with the population density, despite the average
driving distance having the opposite trend.
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Figure 3.5: Puclic charging demand estimated as ϕpub1
= ϕ(1 − µpriv) vs. population

density for the 27 largest cities in Denmark. The area of the circle is proportional to the
population.

Table 3.2 depicts the daily energy consumption for personal transportation in all of Den-
mark and for the largest city Copenhagen. Copenhagen has 153,000 cars that on average
drive 35 km/day with a consumption of 7.0 kWh/day per car. Only 22% of the cars can
park on private property at the household, so situation is reversed compared to all of Den-
mark. It can be seen that the overall demand per car in Copenhagen, 7.0 kWh per day, is
lower than the national average of 9.0 kWh per car. However, the parking conditions cause
a significantly higher public charging need. With 5.7 kWh, the public charging demand in
Copenhagen is 331% higher than the national average of 1.7 kWh per car. ϵ includes all
the energy demand, also the share of the long trips with a distance above 300 km, which
should be delivered by range extension chargers.

Denmark Copenhagen
ϵ (ϕ) 24.66 GWh (9.0 kWh) 1.07 GWh (7.0 kWh)

ϵpriv (ϕpriv) 19.95 GWh (7.3 kWh) 0.20 GWh (1.3 kWh)
ϵpub1 (ϕpub1) 4.70 GWh (1.7 kWh) 0.87 GWh (5.7 kWh)

Table 3.2: Daily energy consumption, ϵ, and per car, ϕ, in Denmark and Copenhagen, in
total and divided in the cars that park on private property and those that does not.
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3.3 Role of Shared Parking Facilities at the Household and
the Work Place

Here is determined how much the residual public charging demand can be reduced by fully
utilising charging options at the work place and shared facilities at the household.

3.3.1 Parking on a Shared Facility at the Household
The share of the population with good parking conditions on a shared parking facility at
the household is shown in Fig. 3.6a for C27. The fraction is around 20% across the 27
cities and is independent of the population density, because it excludes people with poor
parking conditions. The poor parking conditions on a shared facility at the household
are described as either rarely/never space, time-limited or against payment. More people
parks on shared facilities in the more densely populated cities but the larger share mostly
consist of facilities with poor parking conditions. On the national level 14.7% of the
population parks on a shared facility next to their household and 12.9% (88% of them)
have good parking conditions.

The share of people parking on a shared facility at the household in all of Denmark,
grouped by city size, can be seen in Fig. 3.6b. There is a clear trend of less people parking
on a shared facility in smaller towns. Assuming that the µsh = 12.9% of people parking
on a shared facility at the household also drives 12.9% of the distance, it shows that up
to µsh/(1 − µpriv) = 57% of the public charging demand potentially could be covered by
installing chargers at shared parking facilities.
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(a) µsh vs. population density for the 27 largest cities in Denmark. The area of the circle is
proportional to the population.

(b) µsh vs. city size for all of Denmark.

Figure 3.6: The fraction of the population that has good parking conditions on a shared
facility next to their household vs. (a) population density in C27 and (b) city size.

3.3.2 Parking at the Work Place
The share of the population in Denmark that has good parking conditions at the work
place is µwork = 55.5%. The remaining 44.5% either have poor parking conditions or do
not have a relevant work place. In Fig. 3.7a, it is shown how the share of the population
with good parking conditions at the work place is lower in cities with higher population
density, but there is a relatively low difference between the highest 62% in Esbjerg and the
lowest 40% at Frederiksberg. The parking conditions at the work place are similar in the
rural and mid size cities but decrease in the largest cities as shown in Fig. 3.7b. Charging
at the work place has a large potential throughout the country with most places being
close to the national average of 55.5% and is expected to have the potential of reducing
the public demand with a similar share.
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(a) µwork vs. population density for the 27 largest cities in Denmark. The area of the circle is
proportional to the population.

(b) µwork vs. city size for all of Denmark.

Figure 3.7: The fraction of the population that has good parking conditions at the work
place vs. (a) population density in C27 and (b) city size.

3.3.3 Distribution of Charging Demand
The cars with the best parking conditions are driven more than the cars with poor parking
conditions which causes the share of the population to deviate from the share of the
distance. The average driving distance per car in each group is shown for each scenario in
Table 3.3. The scenarios are defined in subsection 3.1.5.

Scenario 1 2 3 4

Private 46.67 46.67 46.67 46.67
Shared 40.14 40.14
Work 50.84 50.41
Public 39.17 37.89 26.26 24.11

Table 3.3: Average daily driving distance (km/day) of cars with different parking condi-
tions in scenario 1-4.

Fig. 3.8 illustrates the share of the total driving distance that potentially could be covered
at different locations according to scenario 1 and 4 as found with (3.6)-(3.13) for all of
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Denmark (left) and the city of Copenhagen (right). The demand for range extension has
been taken into account. The main pie chart depicts the distribution in the base case,
scenario 1, where the charging demand only is divided in ϵpriv, ϵpub1 and range extension.
The subset of the pie chart shows how much ϵpub1 could be reduced by meeting as much
of the demand as possible with ϵsh and ϵwork2 . Thus resulting in the minimum demand for
public charging ϵpub4 .

Range Extension
3.36%

Private
78.18%

Shared
10.73%

Work
5.39%

Public4
2.34%

Public1
18.46%

Denmark

Range Extension
3.62%

Private
17.94%

Shared
23.15%

Work
33.76%

Public4
21.53%

Public1
78.44%

Copenhagen

Figure 3.8: Share of driving distance in Denmark (left) and in Copenhagen (right) that
can be supplied at different locations in scenario 1 (main pie chart) and 4 (subset pie
chart).

Denmark
The starting point is scenario 1 where 81% of the daily distance is driven by cars that
can park on their own property. When subtracting the demand for range extension 78%
will be charged at home on private property. The remaining 18% of the driving demand
has to be delivered outside the household. The cars that park on a shared facility at the
household with good parking conditions drive νsh = 11% of the total distance, close to
the share of the population µsh = 13%. Parking lots with good parking conditions can
potentially reduce the public charging need by 58%.

The cars that can not park on private property but have good parking conditions at the
work place (scenario 3) drive νwork1

= 13% of the total daily driving distances. Therefore,
work charging could potentially contribute to reducing public charging need by up to 68%,
which is more than that of the shared facilities at the households. The cars in scenario 4
that have poor parking conditions at the household but good conditions at the work place
drive νwork2

= 5% of the total driving distances. Going from scenario 2 to 4, adding the
work place charging on top of the charging at the shared parking facilities at the household
have the potential of reducing the public charging need with 60%.

The combined use of both the shared facilities at the household and at the work place
could supply 16% of the total driving distances. In scenario 4 the public charging need
is reduced by 87% compared to scenario 1 to the minimum level of 2% or ϕpub4

= 0.22
kWh/day per EV. The reduction potential from work place charging of 68% and 60% is
higher than the 55.5% that was calculated based on the national value of µwork. The cars
with good parking conditions at the work place are driven twice as far per day than the
cars that do not have good parking conditions and therefore are counted with a higher
weight.
Copenhagen
As shown in the right part of Fig. 3.8, Copenhagen initially (scenario 1) has the opposite
distribution than the national as only νpriv = 18% of the distance is driven by cars that
are able to charge on private property and 78% of the energy has to be delivered outside
the household. The fraction of people is µpriv = 22%. The potential for providing the
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residual energy by the shared facilities (scenario 2) is twice as large as the national level
and νsh = 22% of the distance is driven by those cars. The fraction of people is also
µsh = 22%.

The potential of instead providing the residual energy with work place charging (scenario
3) is also more than double compared to the national level as the workplace charging has
a potential to cover νwork1

= 51% of the distance, corresponding to a reduction of the
public charging demand of 63%. When adding work place charging on top of charging
at the shared parking facilities at the household (scenario 4), work charging could meet
νwork2

= 34% of the demand and reduce the public demand with 61% compared to scenario
2. The reduction potential of work place charging is significantly higher than the share of
the people µwork = 46%.

In scenario 4 the combined use of shared facilities and work place charging can cover up
57% of the total demand and reduce the public charging need to 22%. This is a 73%
reduction compared to scenario 1. In scenario 4, 40% of the national public charging need
is in Copenhagen, despite the cars in Copenhagen only drive 4% of the overall distance.

3.4 Potential of Public Destination Charging
This residual public driving demand can to some extent be supplied with destination
charging at other locations where the cars spend most time. The locations are grouped
according to the purpose of the visit.

3.4.1 Distribution of Visit Duration
The three most common purposes of a visit to a location, excluding the household and the
work place, are in descending order: shopping; entertainment (cinema, cafe, restaurant,
sport spectator, church, etc.) and participation in sports. The average time spent π
when visiting the location indicates the amount of energy that can be charged per plug-in
session. The visit must be of certain duration before it is beneficial, in terms of received
energy, for the EV owner to make the effort of plugging in. How much time cars generally
spend per week at the location ψ also depends on the number of days between a visit σ.
Given a certain charging power, ψ represents the amount of energy that can be charged
from the location type per week if there are available chargers. Table 3.4 shows π, ψ and
σ for the three different locations.

Purpose Nses π ψ σ

Shopping 29872 39 minutes 94 minutes 2.9 days
Entertainment 5270 161 minutes 72 minutes 15.7 days
Sport 5086 130 minutes 55 minutes 16.5 days

Table 3.4: Average time spent during a visiting day (π), the average time spend during a
week (ψ) and the number of days between a visit (σ) at the most common purpose of a
visit to a location, excluding the household and the work place.

A car in Denmark on average spends 94 minutes per week at locations with a shopping
purpose. On the days the car is used for shopping it stays on average 39 minutes at the
location, which means that it is used for shopping once every 2.9 days. When the cars are
used to visit a location with the purpose of entertainment or sport, the visits are generally
longer but since they have a lower occurrence of only one visit per 15.7 or 16.5 days, overall
less time is spend there. Fig. 3.9a shows the cumulative share of the visits with different
duration and the cumulative share of the total time spent. 86% of visits with the purpose
of shopping last less than one hour, while 84% and 78% of visits at entertainment and
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sport facilities last more than one hour. A share of the visits are very short and would
not be suitable for charging. The threshold below which it does not make sense to plug in
is chosen as visits of less than 15 minutes duration, which accounts for 25% of shopping
visits but only 6% of the time spent at a shopping location. The short visits accounts for
only 0.2% and 0.1% of the time spent at entertainment and sport.

3.4.2 Coverage of Driving Demand
Unlike the household and the work place, the time the cars spends at the three investigated
locations is not abundant. It is therefore necessary to assume a specific charging power
that determines the needed charging time to cover the driving demand. An example is
given for an 11 kW AC charger. It can be seen in Table 3.3 (scenario 4) that the cars that
neither are able to charge at the household nor at the work place on average drive 24.11
km per day. Thus resulting in a driving consumption of 4.8 kWh/day or 33.8 kWh/week.
Using an 11 kW charger, the consumption could be covered with 185 minutes of charging
per week. Assuming available chargers at all three types of locations, the average EV
owner could charge 16.2 kWh (excluding visits of < 15 minutes duration) at shopping,
13.2 kWh at entertainment and 10.1 kWh at sport per week. The sum of the potential
destination charging is 39.5 kWh per week, which is 117% of the energy need.

Destination charging is in this case limited in time by the natural duration of the visit.
Thus the utilisation and the energy that can be delivered per charge point per day at
these locations is determined by the distributions of the visits. If all the cars visit at the
same time there can only be a single charging session per day, while if the visits are spread
equally throughout the day, there can be multiple consecutive charging sessions with low
charger idle time. Fig. 3.9b shows the share of active visits during the day. The behaviour
at specific times during the day differ between weekdays and weekend so Fig. 3.9b is only
based on weekdays (Monday-Friday). The maximum share of active visits in a day ζ, for
shopping is ζ = 8.8%. For entertainment it is ζ = 34.9% and for sport it is ζ = 27.4%.

The necessary amount of chargers to install at the different locations depends on the
maximum share of all the cars that are at the location at the same time, α. The maximum
fraction of the visiting cars that are at the locations at the same time ζ is multiplied with
the share of all the cars that visit a location during a day 1/σ in (3.18).

α = ζ/σ (3.18)

The peak share of all cars visiting shopping locations is calculated as α = 8.8%/2.9 = 3.0%,
which means that the charging demand can be covered by one charger for every 33 cars
in Denmark. The EVs/PCP ratio is found with (3.19).

EVs/PCP = 100%/α (3.19)

The peak visits at Entertainment locations are 2.2% of all the cars which requires one
charger per 44 cars. The peak visits at sport locations are 1.7% of all the cars which
requires one charger per 60 cars to meet the demand. The ratios are significantly higher
than the current situation in Europe where the ratio is 7-10 EVs/PCP, which indicates
that the profitability of each PCP could be improved significantly by optimally choosing
the location. If the chargers only were used by the residual cars in scenario 4, they would
supply the charging need for 123,783 cars. To meet this demand at shopping locations
would require 123, 783/33 = 3713 charge points, supplying 77.2 kWh/day each. The
entertainment locations would need 2752 charge points, delivering 84.8 kWh/day each and
sport locations would need 2056 charge points, supplying 86.9 kWh/day each. Assuming
a constant power of 11 kW, supplying 77.2-86.9 kWh/day would require a utilisation of
29-33%.
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(a) Cumulative distribution of daily visits and time spent at different types of location.

(b) Share of active visits at the same time of all visits throughout the day.

Figure 3.9: (a) Cumulative distribution of daily visits and time spent and (b) share of
active visits at locations with the purpose of shopping, entertainment and to participate
in sport.

The visits at shopping locations are spread out evenly between 10:00 in the morning and
17:00 in the evening, where 5−8.8% of the cars are shopping at the same time. The spread
of visits during the day together with the duration of the visits from Fig. 3.9a could enable
a very high utilisation. The low number of days between shopping might enable the owner
in having a cheaper EV with less range as there is a potential for charging regularly. The
long time between visits at entertainment and sport locations could indicate that they
contain separate sub-distributions of some cars that weekly are driving with the specific
purpose and others that never do. Thus the ratio would be reduced to half the calculated
value. If there is a homogeneous distribution of visits to entertainment and sport, the
long time between visits could also be problematic as an EV with 60 kWh capacity - if
driving more than the average distance during a week - would run out of charge. Finally
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the very long visits might be more than the needed charging time and together with the
higher peak correlating visits could result in a significantly lower utilisation compared to
shopping.

3.5 Analysis of Electric Vehicle Data
As a part of the PhD external stay, Nissan Research Center provided a data set of telem-
atics data, containing all driving and charge events during one year of a group of 24 kWh
Nissan LEAFs sold in the US. Initially the data was collected from 14,000 EVs where the
owner had accepted to share data at the time of the purchase, which corresponded to 50%
of the sold EVs of the specific model. The data was filtered to remove EVs that were
not driven at least once per month, which could be caused by data acquisition errors or
because the EV ownership did not cover the whole year. This reduced the amount of EVs
in the data set to 7,163.

A time vector is generated for each EV with a value every 15 minute interval during the
year, which specifies if the EV is driving or parked at the household, the work place or
another location, as well as the the driving distance and the charging power.

3.5.1 Driving Behaviour
The driving behaviour of the EVs in the US is compared with GB and Danish driving
behaviour metrics. The average driving distance of the EVs is 17,200 km/a which corre-
sponds to 47 km/day. This is slightly higher than for ICE cars in Denmark, where the
average driving distance is 45 km/day according to the Danish NTS and in GB where it
is 34 km/day [99]. The average driving time is 228 hours/a giving an average utilisation
of 2.6%, which is the same in Denmark and GB.

In Fig. 3.10a is shown the group driving behaviour as the fraction of all the vehicles that
are driving at the same time during the day with one line for every work day in 2016. The
black line shows the median of the 243 work days. Fig. 3.10b shows the same for the 122
weekend days and holidays. The driving distributions of the work days and holidays are
very similar to the driving distribution of conventional cars in Denmark according to the
Danish NTS in terms of the fraction of cars driving at the same time and the time of the
rush hour peaks.

Since the vehicles are parked 97.4% of the time, there is a potential for flexible charging.
The EV is however only available for the grid when the owner plugs it in.
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(a) Fraction of cars driving during the day, with one line for each of the 243 work days.
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(b) Fraction of cars driving during the day, with one line for each of the 122 holidays.

Figure 3.10: The fraction of the 7,163 cars that are driving at the same time during the
day for every day of 2016 divided in work days and holidays, with one line for each day
and the black line showing the median.

3.5.2 Charging Behaviour
The charging pattern of uncontrolled EVs is difficult to quantify because the low pene-
tration of EVs results in a low availability of charging data [100]. To prepare for large
penetrations of EVs, the system operators are interested in forecasting the impacts of
EV charging on the necessary infrastructure upgrades [60]. The literature review in Ref.
[101] found that several studies assumed a very high coincidence factor of the uncontrolled
charging which resulted in over loading of the distribution feeder after 30-50% of the cus-
tomers acquired an EV. It was however found that if the coincidence of the EV charging
was less than 40%, then more than 3/4 of the households could acquire an EV before the
investigated distribution grids experienced problems [101].

In Fig. 3.11a is shown the fraction of all the 7,163 vehicles that are charging during the
day, with one line for each of the work days and the black line showing the median day.
The maximum coincidence during the year is 23.4% of the vehicles charging at the same
time, while it for a median day only reaches 18.1%. Fig. 3.11b shows the coincidence of
the charging during the holidays, which generally is lower, but with a similar pattern as
the work days. The highest experienced coincidence during the holidays and weekends of
2016 was 19.8% with the median only reaching 11.8%
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The coincidence generally increases after 23:00, which is caused by the TOU scheme in
California where the off-peak hours are 23:00-07:00 [102]. Close to 50% of the vehicles are
in the state of California.
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(a) Fraction of the cars charging during 243 work days.
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(b) Fraction of the cars charging during 122 holidays.

Figure 3.11: The fraction of the 7,163 cars that are driving at the same time during the
day for every day of 2016 divided in work days and holidays, with one line for each day
and the black line showing the median.

The low coincidence of charging is caused by a combination of the EV owners not charging
every day and the charging being distributed in time during the day. The high number of
EVs included in the calculation of the coincidence shown in Fig. 3.11a and 3.11b, means
that the behaviour of the individual EV owner has a limited effect on the resulting coinci-
dence. On a distribution feeder there is however generally only 100 customers connected,
which means that the low number of vehicles could result in a higher charging coincidence
[101]. The relationship between the probability of the EV owner charging the vehicle and
the SOC when arriving at the household is shown in Fig. 3.12 for different daily driving
distances.

This relationship was used together with data about daily driving distance and arrival time
at the household from the Danish NTS to model the experienced charging coincidence in
a danish context [103]. This was done by simulating the charging of groups consisting of
between 5 and 100 EVs and generating different groups of that size based on different user
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data repeated 1000 times to find the worst case charging coincidence. Ref. [103] found
that the worst case charging coincidence was below 30% when the group consisted of more
than 50 EVs. The charging data is based on EVs with a capacity of 24 kWh, but the
analysis found that increasing the battery sizes has a marginal effect on the coincidence,
as the cars then are charged less frequently but for longer time.
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Figure 3.12: Probability of charging the EV vs. the SOC at the arrival at the household.
The colour denotes the daily driving distance. Analysis provided by Nissan.

3.6 Summary
The role of DC fast charging amounts to 3% of the total driving demand which corre-
sponds to supplying the range extension for daily driving distance above 300 km. The fast
charging infrastructure is not seen as a direct competitor to destination charging due to
the significantly higher cost and the increased inconvenience for the EV owner to go out of
their way to charge and due to the duration of a 10-80% charge being above 15 minutes.

For Denmark it is found that 78% of the energy for driving can be covered by charging
on private property at the household, while the residual must be supplied outside the
household. 11% of the energy consumption can be covered by charging on shared parking
facility at the household. Providing chargers at these locations can reduce the need for
PCPs with up to 58%. For commuters without a home charging option, workplace charging
plays an important role which could reduce the need for PCPs with 68%. With the right
regulatory framework and incentives which both enable the charging at the shared parking
facilities at the household and at the workplace there is a potential to reduce the need
for public charging with 87%, ultimately leaving only 2.4% of all driving distance to be
served by PCPs. In this case 40% of the residual national public charging need is in the
city of Copenhagen, despite the residents in Copenhagen only drives 4% of the overall
distances. Public slow charging infrastructure will mainly play an important role in urban
areas and to a lesser degree in rural areas. In this study it is demonstrated how the
residual public charging demand for a specific city can be calculated based on the average
driving distance, car ownership and the average parking condition at the household and
the workplace. It is then shown how these key figures can be related to the population
density and the city size, thus demonstrating a way to generalise the applied method to
other cities with similar or less available information. The residual demand for charging
that is neither covered by charging at the household nor the workplace can to a large
extend be provided with destination charging where cars spend the most time. Those
locations are shopping, entertainment and sports facilities. Based on the average time a
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car spends at these locations during a week it is possible to cover charging corresponding
to more than the full driving demand.

The analysed EV data showed that EV drivers have a similar driving behaviour as ICE
vehicle drivers, when it comes to driving times and distances. The charging data showed
that the worst case coincidence during the year was 23% of the EVs charging at the same
time. The time of use tariffs such as the one introduced in California and in Copenhagen,
can result in an increased coincidence of charging.
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Chapter 4

Managing the State of Charge of
Storage Systems Providing FCR-N

The following analysis is based on a data set consisting of six years of system frequency
measurements from RG-N with a sample rate of 10 samples per second with an accuracy
of 10 mHz, measured and published by the TSO of Finland, Fingrid [104].

4.1 Nordic System Frequency Behaviour
Figure 4.1 shows the histogram, probability density function and corresponding cumulative
distribution function of frequency values during the investigated period, which covers the
years of 2015 through 2020. Grid frequency is Gaussian distributed with an average of 50
Hz. Thus, the expected energy exchange with the grid during FCR-N provision is equal
to zero.
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Figure 4.1: Histogram, probability density function and corresponding cumulative distri-
bution function of frequency measurements for 2015-2020.

Operation when frequency is in the 49.9-50.1 Hz range is called normal operation, and
disturbance operation [105] when frequency exceeds these values. Over the six-year period,
1.02% of the frequency samples were below 49.9 Hz and 1.15% were above 50.1 Hz, thus the
system was in disturbance operation 2.17% of the time. The fraction of the time the system
experiences large frequency deviations can be used as a metric for system stability. Figure
4.2 shows the daily fraction of large deviations for each day in the six year period. The
red line shows the 30-day moving average. Despite the significant increase of generation
from DER in the Nordic power system during this period, the analysis shows that there
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is not a general trend of increasing system imbalance. The years 2016-2018 experienced
fewer large frequency deviations in the winter compared to the summer but there is not a
seasonal pattern in all years.
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Figure 4.2: Daily fraction of large deviations for each day from 2015 to 2020. The red line
is the 30-day moving average.

As FCR-N does not have a dead band, the service provider is constantly delivering the
service, with the total movement of frequency away from the nominal value determining
the energy delivered or received. The absolute energy flow involved with delivering the
service, referred to as the throughput, is the sum of the absolute value of e+h+e−h , which
were found with (2.3).

In Fig. 4.3 the daily energy throughput that a storage unit would experience if it was
delivering FCR-N for 24 hours per day with Pcap

h = 1 kW is shown. The red line shows the
30-day moving average. The average energy throughput during the last six years was 8.18
kWh/day (0.34 kWh/hour) per kW of capacity. Given a certain battery energy capacity
and FCR-N power capacity, the throughput can be converted to the number of FEC and
the resulting cycle degradation that a battery would experience due to service provision.
Similar to the fraction of large frequency deviations, the throughput was highest in 2016,
and had a slightly declining trend during 2019 and 2020.

The required energy capacity of a storage unit delivering FCR-N, however, depends on the
duration the frequency is biased in the same direction, thus requiring continuous charging
or discharging for extended periods, which is analysed in the following subsection.

4.1.1 Energy Content of System Frequency
The accumulated energy balance up to time step t Et (relative to the grid and since the
beginning of service provision) is calculated via (4.1), where ts is the sample time. Pt is
the commitment to the grid when delivering FCR-N (here with a zero base line) found
with (2.2).

Et+1 = Et + Ptts (4.1)

Fig. 4.4 shows Et from the first of January 2015 and during the rest of the six-year period
for Pcap

h = 1 kW. Overall, Et varies around zero, but it changes substantially in the course
of this extended period.
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Figure 4.3: Daily energy throughput for an FCR-N capacity of Pcap
h = 1 kW for each day

from 2015 to 2020, according to the Nordic frequency. The red line is the 30-day moving
average.
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Figure 4.4: Accumulated energy Et for 2015-2020 with Pcap
h = 1 kW.

4.1.2 Energy Content of Individual Hours
Et can change significantly throughout a long time period, but more important for a
storage unit with limited energy capacity are the hourly variations during each day. It
is therefore more relevant to investigate the energy bias on a shorter, i.e. hourly, time
scale. The energy content of the individual hours, ebias

h , is calculated as the summation of
all frequency deviations (yt) within each hour. This corresponds to the difference of the
positive and negative energy content of each hour, which is lower than the throughput, as
the equal positive and negative part cancel out.

ebias
h = e+h − e−h =

1

Ns

hNs∑
t=Ns(h−1)+1

ytts (4.2)

For a constant FCR-N capacity of Pcap
h = 1 kW, the energy content is calculated for every

hour of the six-year period and histogram, probability density and cumulative distribution
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Figure 4.5: Cumulative distribution of ebias
h for 2015-2020 with Pcap

h = 1 kW.

functions are shown in Fig. 4.5. The energy content follows a Gaussian distribution (with
a good approximation) around zero. When providing FCR-N with a storage unit, it is
too conservative to reserve enough energy for the worst case realisation. Instead, the
aggregator could reserve energy that guarantees robustness in e.g. 99% of the cases. In
practice, this must be done in a way that is compatible with the operator’s requirements,
to ensure reliable service provision.

Energy content as well as frequency values are spread around zero over the year. There
are, however, time specific patterns in the frequency and energy content during the day,
caused by the hourly schedule of the spot market and the daily ramping periods. Figure 4.6
shows on the left axis the average system frequency of each specific second during the day
as the average of all days in the six-year period. The shape of frequency deviations follows
the load. During periods with increasing load in the morning the frequency deviation
starts with an increase. In the evening, when the load decreases, the frequency deviation
starts with a decrease. This is caused by a short mismatch between generation and load
as generation follows market rules which anticipate the necessary energy over the hour
and does not consider the real time demand [106].

The expected value of the energy content is also different from zero for specific hours of
the day, shown in the right axis of Fig. 4.6 as the average of all days in the six-year period.
Especially in the period from 18:00 to 23:00 it is significantly more likely that the BRP
will receive energy, while it from 23:00 to 03:00 is more likely that the BRP will deliver
energy to the grid.

4.1.3 Energy Content of Consecutive Hours
Providing FCR-N for k hours does not require k times more energy storage capacity to
guarantee that the service can be provided, as the variance of the energy content of k
consecutive hours does not increase linearly. Therefore, ebias,k

n is introduced to assess the
energy content of consecutive hours. It is defined as the energy content of the period that
starts k hours before hour n and ends at hour n.

ebias,k
n =

1

Ns

hNs∑
t=Ns(n−k)+1

ytts, n > k. (4.3)

Essentially, ebias,k
n accumulates the energy content of k hours before n and is given by (4.3)

for k > n. Given that six years of frequency data is available, ebias,k
n is calculated in a

rolling fashion for all available hourly periods for each of the 24 k values. An example of
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Figure 4.6: Average system frequency throughout the day and average ebias
h per kW of

FCR-N capacity for every hour of the day as the average of all days in the period 2015-
2020.

how the data is divided into 3-hour periods in a moving window fashion is shown in Fig.
4.7. For k = 3, all 3-hour periods are in the data set are used to derive the underlying
distribution. In other words, the first sample will correspond to hours 1 to 3, the second
hours 2 to 4 and so forth. This ensures that the influence of a certain hour of the day is
removed and thus the result is valid for any starting time.

Figure 4.7: Example of how the frequency data is divided into 3-hour periods (k = 3),
that starts one hour apart.

In Table 4.1 the different percentiles for ebias,k
n in kWh per kW of FCR-N capacity are

shown, for selected service provision durations of k equal to 1, 5, 10, 15, 20 and 24 hours.
The percentiles are found based on the 52,560 frequency samples, which are the number
of hours in the six-year period.

To illustrate that energy storage requirements do not increase linearly with the hours of
service provision, the 95%, 98% and 99% data coverage rates of ebias,k

n are calculated from
Table 4.1. The results are shown in Fig. 4.8, where the thick lines indicate the data
envelopes for the aforementioned coverage rates for k = 1, . . . , 24. After 15 hours the
99% data coverage is equal to [−3.11; 3.05] kWh, which after 24 hours only increases to
[−3.47; 3.58] kWh per kW FCR-N capacity.

The derived data coverage values are validated by calculating Et for a storage unit provid-
ing FCR-N with 1 kW capacity for 24 consecutive hours with different frequency samples.
The daily evolution of Et is shown in Fig. 4.8 for 200 days, assuming constant FCR-N
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Table 4.1: Percentiles for ebias,k
n in kWh per kW FCR-N capacity for selected k.
FCR-N provision duration, k in hours

Percentile 1 hour 5 hours 10 hours 15 hours 20 hours 24 hours
99.5% 0.71 1.96 2.64 3.05 3.39 3.58
99% 0.66 1.74 2.35 2.72 2.98 3.14
97.5% 0.56 1.46 1.93 2.25 2.48 2.60
2.5% -0.53 -1.47 -1.96 -2.29 -2.53 -2.67
1% -0.61 -1.77 -2.37 -2.76 -3.02 -3.14
0.5% -0.65 -1.95 -2.65 -3.11 -3.37 -3.47

provision and Et being reset at the end of each day.

Figure 4.8: Data coverage rates of ebias,k
n for k = 1, . . . , 24 (thick lines). Et with 1 kW

FCR-N capacity is shown for 200 out-of-sample 24-hour frequency time series.

An EV connected to the grid constantly in the period 17:00-08:00, could provide FCR-
N for 15 hours. FCR-N provision with ±10 kW for 15 hours could result in receiving
30.5 kWh or delivering up to 31.1 kWh of energy, requiring an available battery capacity
of minimum 61.6 kWh. A 2018 Nissan LEAF with a 40 kWh battery and an available
SOC range of 30 − 90% could then only deliver FCR-N for 15 hours with a capacity of
±3.9 kW, if no actions to reduce the variance of the energy content are taken.
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4.2 Balance Settlement of FCR-N
Table shows the yearly income calculated with (2.4), decomposed in the capacity payment
and the settlement of the energy content of the frequency, assuming a constant FCR-N
capacity of 1 kW throughout the year. The revenue is normalised per FCR-N capacity in
kW and is calculated for a service provision of 24, 15 and 3 hours per day for the individual
years of 2015-2020. The result of each year is based on the measured frequency, FCR-N
prices and up and down regulating power prices for the specific year. As explained in
section 2.2.1, there are significant differences between FCR-N prices of individual years,
thus also the average is calculated. The settlement of the energy content of the frequency
with the regulating power prices are on average 7.76 €/a per kW for the continuous
regulation, which corresponds to 3.5% of the total revenue.

Constant regulation for 24 hours per day is not relevant for EVs but shows the maximum
revenue that could be generated by a grid-connected battery. The 15 hour period is the
assumed daily plug-in period of an EV. With a V2G charger, the EV could deliver FCR-N
in the hours 16:00-07:00 every day. The average prices result in a revenue of 158 €/a per
kW of FCR-N capacity, and thus e.g. a 10 kW capacity gives a revenue of 1578 €/a.

Table 4.2: Yearly revenue from FCR-N provision in total and decomposed in capacity
payment and balancing settlement. The revenue is normalised per FCR-N capacity in
kW, and assuming constant FCR-N capacity, 24 hours per day, 15 hours per day (16:00-
07:00) or 3 hours per day (00:00-03:00).

24 h/day 2015 2016 2017 2018 2019 2020 Average
FCR-N capacity payment [€/a] 119.93 220.5 203.74 324.92 265.82 148.94 213.98
Balancing Settlement [€/a] 6.28 5.26 5.84 7.28 8.29 13.58 7.76
Total Income [€/a] 126.21 225.76 209.58 332.2 274.11 162.52 221.73
Daily Service 16:00-07:00
FCR-N capacity payment [€/a] 84.65 162.54 153.85 239.45 189.28 98.47 154.71
Balancing Settlement [€/a] 2.88 1.37 2.22 2.19 4.14 5.75 3.09
Total Income [€/a] 87.53 163.91 156.07 241.64 193.42 104.22 157.8
Daily Service 00:00-03:00
FCR-N capacity payment [€/a] 19.44 43.63 46.09 65.9 52.75 22.33 41.69
Balancing Settlement [€/a] 0.58 0.27 0.44 0.44 0.83 1.15 0.62
Total Income [€/a] 20.02 43.9 46.53 66.34 53.58 23.48 42.31

The three hour period is also reported on the table, as this is the daily duration an EV
could deliver unidirectional FCR-N (with a similar capacity of 1.15 kW), while charging
corresponding to an average driving consumption. According to the average prices of the
six-year period, unidirectional charging could generate a revenue of 42.31 €/a per kW or
49 €/a for 1.15 kW. Unidirectional FCR-N should be scheduled in the hours after midnight
where prices are highest. This period often coincides with the hours with the lowest spot
market prices. Thus, the capacity payment could be added on top of the savings from the
ToU tariff (108 €/a) and from the spot market prices (99 €/a), resulting in a combined
revenue of 256 €/a.

4.3 Effect of Charger Efficiency on Reserve Provision
As the commitment to the grid is independent of the charger equipment, all energy losses
will be covered by the storage unit. Continuously charging and discharging during reserve
provision causes a loss of energy. The losses can be decomposed into two parts. The first
part is the bias loss, lbias

h , which is found by applying the efficiency to the hourly positive
or negative energy content and is given by (4.4).

lbias
h =

{
ebias
h (1− ηc) if ebias

h ≥ 0

ebias
h ( 1

ηd − 1) if ebias
h < 0.

(4.4)
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Overall losses will be equal to lbias
h if the storage unit is only charging or discharging

during this period. If it is alternating between charging and discharging, which is the most
common case when FCR-N is provided, additional losses occur. The remaining losses can
be quantified by applying the effect of efficiency to the full frequency time series. The
normalised power measured on the battery side of the charger is denoted by ŷt (4.5), and
the hourly energy received or delivered by the battery is denoted by ebat

h (4.6).

ŷt =
{
ytηc, if yt ≥ 0

yt/ηd, if yt < 0
(4.5)

ebat
h =

1

Ns

hNs∑
t=Ns(h−1)+1

ŷtts (4.6)

ebat
h is equivalent to ebias

h , but includes conversion losses. Thus, the difference of the two is
the total loss, lall

h = |ebias
h −ebat

h |. The expected value of ebat
h is moved to the negative side for

lower efficiency values, which expresses the expected energy loss in one hour. Statistically,
the EV battery is expected to continuously lose energy when providing FCR-N due to
charger efficiency, even if ebat

h can take positive values in some hours. The expected value
of ebat

h was calculated assuming four values of constant efficiency ηc = ηd equal to 0.8, 0.85,
0.90 and 0.95. The result was an expected loss of 0.076, 0.055, 0.036 and 0.018 kWh/h/kW
respectively. Total losses, denoted by lall

h , can be well approximated by a linear function of
charging/discharging efficiency if one assumes that ηc = ηd. It is straightforward to show
from (4.6) and (2.2) that lall

h is also proportional to Pcap
h . Consequently, lall

h is expressed
as in (4.7), with a= 0.38.

lall
h = a(1− ηc)Pcap

h . (4.7)

The second loss component is referred to as the intra-hourly losses, lintra
h , which is the

remaining loss after subtracting the bias loss from the total loss, lintra
h =lall

h −lbias
h , and is the

energy lost in the charger due to continuous changing between charging and discharging
mode within each hour. While bias loss is proportional to the reserve capacity alone,
intra-hourly losses depend on the power base line as well. A high Pbase

h , compared to
Pcap
h , would result in the EV rarely changing from charging to discharging mode. The bias

loss accounts, on average, for two thirds of the total loss when the base line is zero, and
a larger fraction when the reference is non zero. Intra-hourly losses scale linearly with
reserve capacity, Pcap

h , if the set point is zero, but is reduced to zero when Pbase
h is larger

than the Pcap
h .

4.4 Case Study: Frederiksberg Forsyning in Denmark
The Danish research Parker project has demonstrated that privately-owned EV fleets
together with V2G chargers can be used to deliver FCR-N [107]. As part of a commercial
pilot demonstration for Energinet, linked to the Parker project, a fleet of ten Nissan e-
NV200 electric vans, owned by the utility company Frederiksberg Forsyning (FF), have
been delivering FCR-N since the end of 2016. The EVs, which have a nameplate capacity
of 24 kWh, are each connected to a 10 kW charging/9 kW discharging V2G charger.

The ten FF EVs were purchased at the same time, registered in Denmark on 07/07/2016
and produced 3 months before. The EVs are used by FF during regular working hours,
and for FCR-N during the night and full time in the weekend. Looking at the ten EVs
as a group, they are in 99% of the workdays plugged in latest at 18:00 and plugged out
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earliest at 06:30, giving a 12.5 hours daily connection period [108]. Connection time is 24
hours per day during weekends and holidays.

Fig. 4.9 shows a measured sample of the FCR-N service provision during 24 hours with
measured AC power in kW, SOC in kWh and the baseline in kW of eight of the FF EVs
[109]. The top figure shows the similar power output of all eight EVs. The second figure
shows the SOC of the battery in kWh as informed by the EV. The SOC of the individual
EVs is not exactly the same but moves in parallel. The bottom figure shows the base line
each EV will follow when there is no frequency deviation. The base line is normally 0.75
kW to cover the conversion losses, but changes as a function of the SOC to avoid depletion
or saturation. The contracted FCR-N capacity is Pcap

h = 9.25 kW for all hours.

Figure 4.9: Measurements from eight chargers at FF during FCR-N provision on October
1st 2016. Source: [109]

It is necessary to use a substantial amount of base line changes to avoid depleting the
battery during operation. The EVs do not allow discharging below 30% and cannot charge
with full power above 90%, which means that the initial available capacity is 14.4 kWh.
With a SOC in the middle of the range, the EV could deliver and receive 7.2 kWh and be
saturated or depleted within one hour. To handle this problem, the aggregator is offsetting
the power dynamically as a function of the SOC. This is done even though the full power
capacity of the charger has been committed for FCR-N, which means that in those periods
it does not deliver the contracted capacity and depending on the realisation of frequency
may not live up to the regulative requirements in the RG-N.

Ref. [110] analysed data from FF and similarly found that the offset on a daily basis would
get up to 5 kW. This means that in order to deliver the service with a capacity of ±10
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kW, it would be necessary to have a ±15 kW charger. This was however initially accepted
as a part of the pilot project and afterwards with the use of the exemption described in
section 2.2.2. The aggregator reports a yearly revenue of 1000− 1400 EUR per EV, based
on an average reported plug-in time of 19 hours per day [111].

4.4.1 V2G Charger Efficiency Characterisation
Since large amounts of energy are exchanged with the grid during FCR-N provision, the
efficiency of the power converter has a high impact on energy consumption. A characteri-
sation of charger efficiency of the MagnumCap charger used at FF was made at the DTU
EVlab facility by charging and discharging with all possible power levels with a 30 kWh
Nissan LEAF at a large range of SOC values [112]. The power is set on the DC side with
a granularity of 1 A, giving an average step size of 0.35 kW for a battery voltage between
300 and 400 V. The steady-state power on both sides of the charger are averaged over
one minute to calculate the efficiency. The charging efficiency is found as ηc =PDC/PAC

and the discharging efficiency as ηd =PAC/PDC. The whole range of power values are
investigated for different SOC values, which are shown in the colour coded legend in Fig.
4.10.

Figure 4.10: Charger efficiency during charge and discharge cycles at different SOC levels

The very low efficiency at power ratings below ±3 kW is caused by the charger having
a 500 W standby loss, which is not a function of power. When power exceeds 50% of
the rated capacity, charging and discharging efficiency are between 0.8 and 0.88, but they
significantly drop when power decreases.

According to the data sheet, the updated version 2.0 of the charger has an improved peak
efficiency of 0.93 at full power, but efficiency is not given for the full power range [61].

The voltage level on the DC side is a function of the SOC but it does not have an effect
on converter efficiency, which is also similar for charging and discharging.

4.4.2 Measured Example of Energy Loss
In Fig. 4.11 is shown the active power of the charger and the SOC for one of the vehicles
during 24 hours while it was providing FCR-N with Pcap

h = 9.25 kW. The yellow curve
is the theoretical accumulated energy and represents the ideal SOC if the charge and
discharge efficiency was 1. The red curve shows the actual SOC, informed by the EV,
which decreases due to the conversion losses. The difference between the real and the
ideal SOC, is the total energy loss due to the charger efficiency. After 24 hours of FCR-N
provision the SOC is 14.1 kWh but it would have been 33.7 kWh if there were no losses
during this period, the difference is the total losses of 19.6 kWh.

The experienced losses corresponds to 0.088 kWh per kW of FCR-N per hour of service
provision. In subsection 4.3, it was found that a constant efficiency of ηc = ηd = 0.8 on
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Figure 4.11: Measurements of a Nissan e-NV200 performing FCR-N with a V2G charger
from MagnumCap. Source: [113]

average would result in 0.076 kWh of losses per kW FCR-N per hour of service provision.
The experienced power profile, when delivering FCR-N is most of the time between ±5
kW, which results in a weighted average charging and discharging efficiency of 0.8 with a
round trip efficiency of 0.64.

4.4.3 Measured Energy throughput from FCR-N and driving
In the following, each EV at FF is numbered 1-10 with the prefix FF (FF01, FF02 etc.).
Each charger record data for one specific EV and its user [114]. Data from the V2G
chargers at FF is logged every second and the analysed period is 480 days. The data
includes information on the energy capacity of the battery in kWh and the battery voltage
and current measured by the charger each second.

Analysis of the large amount of collected charger data showed the average time the charger
had an active power flow for either regular charging or FCR-N. The average number of
active hours per day, Nh [h], is provided in Table 4.3. The throughput is calculated as the
sum of all ampere or watt going in and out of the battery. The time resolution is ts = 1 s
and Ns = 3600 s/h. The throughput in Ah, AhTP, and Wh, ETP, is calculated as the sum
of the absolute current in (4.8) and the sum of the absolute current times the voltage in
(4.9), over the total number of samples in the period NSP divided by the number of days
in the period, ND, which is 480.

AhTP =
1

NsND

NSP∑
t=1

|It|ts (4.8)

ETP =
1

NsND

NSP∑
t=1

|It|Vtts (4.9)

The daily measured throughput for the period is shown in Table 4.3, for each of the
ten EVs from November 2016 to March 2018. The throughput measured by the charger
contains both the flow caused by the FCR-N service and the charging to cover the driving
consumption. The energy consumption during driving is not measured, but is estimated
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based on the drop in the SOC while the EV is plugged out. The average consumption for
driving is 5 kWh per day [108]. Knowing the driven distance from the vehicle odometer
throughout the entire considered period, the average distance driven per day (Dodo) in
km is derived for each vehicle and provided in Table 4.3. Due to server or charger errors,

Table 4.3: Average daily values for: duration of daily active power (Nh [h]), throughput
(ETP [kWh], AhTP [Ah]), driving distance (Dodo [km]) and fraction of missing data (edata

[%]) for each of the ten EVs from November 2016 to March 2018 (480 days).
FF01 FF02 FF03 FF04 FF05 FF06 FF07 FF08 FF09 FF10

Nh 15.5 15.7 13.5 15.9 14.1 14.6 14.1 9.4 12.1 14.4
AhTP 112.5 118.8 97.9 120.8 112.5 116.7 108.3 89.6 89.6 106.3
ETP 43.8 47.9 37.5 47.9 41.7 45.8 43.8 33.3 35.4 41.7
Dodo 9.6 5.8 6.0 7.9 5.6 10.4 5.0 4.1 3.6 8.3
edata 2% 4% 12% 2% 5% 5% 10% 39% 11% 9%

some data is not collected, which explains most of the difference between the result of the
individual cars. The fraction of data missing, edata, is significantly higher for FF08, as
shown in the last row of table 4.3. The plug-in time during the workdays are 12.5 hours
but since the EVs are used for FCR-N full time in the weekend and holidays, the average
time with an active power flow is 15 hours per day, when correcting for the lost error data.

The measured average throughput of the ten EVs is 41.9 kWh per day. When correcting for
the missing data, the average is 45.6 kWh to which the average driving consumption of 5
kWh is added, resulting in a total throughput of 50.6 kWh per day. The total throughput is
divided with two times the battery capacity, Qfull

t , to find the corresponding full equivalent
charge/discharge cycles (FEC) of the battery as in Eq. (4.10).

NFEC
t =

ETP
t

2Qfull
t

(4.10)

A capacity of 24 kWh results in 1.05 FEC per day, but a repeated throughput gives an
increasing number of cycles as the battery capacity decreases over time.

Since the second-based charger data measurements are not available for the entire lifetime,
the throughput in kWh is compared and validated with a smart meter installed at the
beginning of 2019 by the distribution system operator for billing purposes. The smart
meter was installed the 7th of January 2019 and the values were read on the 30th of
April 2021, showing the import and export for all the vehicles for 844 days. The total
electricity import for the 844 days was 247 MWh and the total export was 128 MWh.
The consumption for driving and conversion losses is found by subtracting the import
and export, whereas the throughput is the sum of the two. The daily average throughput
measured by the billing meter from January 2019 to end of April 2021 is 44.6 kWh per
vehicle per day to which the average driving consumption of 5 kWh is added, resulting in
a total throughput of 49.6 kWh per day. The energy consumption for losses and driving
is 14.0 kWh per vehicle per day. By subtracting the average driving consumption of 5
kWh, the remaining energy for losses is 9.0 kWh per vehicle per day. The consumption for
conversion losses of 9.0 kWh per day corresponds to 3.3 MWh/a for each vehicle. For a
daily 14 hour service provision (assuming 1 hour/day is for charging) of Pcap

h = 9.25 kW,
the predicted losses for ηc = ηd = 0.8 is 9.85 kWh/day.

The average energy throughput measured by the DSO meter during the most recent 2.3
year is similar to what was measured by the chargers (when correcting for the missing
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data) during the first 1.3 year. It is assumed that the daily energy throughput has been in
the range of 49.6 - 50.6 kWh for the whole period. This corresponds to a yearly throughput
of 18 MWh/a. The frequency analysis showed that a battery would experience an average
throughput of 0.34 kWh/h per kW of FCR-N capacity. A daily 14 hour service provision of
Pcap
h = 9.25 kW would then result in a daily energy throughput of 44 kWh. The frequency

analysis assumes ideal response which could explain the difference from the measured
results as the investigated case was found to have a response delay of 7 s [115].

4.5 Determining Optimal Dispatching Strategy
In this section is presented a simulation study, investigating the best case revenue and
profit where the future energy content is known in advance. This results in a minimum
amount of applied correcting power and energy throughput. Similar to the FF case, each
EV is connected to a 10 kW V2G charger. For simplicity, the rated capacity of the charger
is chosen as 10 kW in each direction, seen from the grid side.

4.5.1 Description of Use Case
The EVs are assumed to be available 15 hours per day from 16:00 in the afternoon to
07:00 the following day (no differentiation between workdays and weekend) . The energy
content of 2016 are used as scenarios that must not result in saturation or depletion of the
battery, when scheduling the FCR-N provision. The EV experiences the energy content of
the specific connection period, which results in 365 scenarios with a duration of 15 hours.
For each of the Nh = 15 hours, indexed h, of the Nω = 365 scenarios, indexed ω, the
normalised energy content including all losses, ebat

h,ω, were calculated, considering a charger
efficiency of ηc = ηd = 0.8. ebat

h,ω represents the energy flowing in/out of the battery at
hour h and for scenario ω, normalised per reserve capacity.

The energy content experienced by the battery ebat
h,ω including all losses is accurate when

the power reference is zero. The intra-hourly losses are, as described in section 4.3, a
function of both the reserve capacity, Pcap

h , and the power base line, Pbase
h . In the case

where the base line is different from zero, the total intra-hourly losses are reduced. This
effect is not taken into account when ebat

h,ω is scaled with the reserve capacity Pcap
h . This

enables a linear formulation to express the total losses. The accuracy of this approach will
be investigated in the following section.

In order to make a linear formulation, the base line Pbase
h is divided in a variable for

charging Pc
h and one for discharging Pd

h. The FCR-N capacity Pcap
h and the day ahead

spot market schedules Pc
h and Pd

h are traded the day before, and are therefore the same for
all scenarios. If less than the full power capacity Pmax is committed day-ahead, then the
remaining power can be used in the individual scenarios for buying or selling additional
energy at the intra-day market.

It was found that because of the large variance in the energy content, it is never econom-
ically feasible to schedule charging at the day-ahead market, as it limits the flexibility
for providing FCR-N. This is the case, even when assuming that prices on the intra-day
market are twice as high as on the spot market; all of the energy needed to correct the
SOC is bought at the intra-day market. The index ω is therefore added to Pc

h,ω and Pd
h,ω

to indicate the per scenario values for the intra-day power schedules.

The total energy exchange due to FCR-N provision is calculated by multiplying ebat
h,ω with

Pcap
h . The SOC of the battery Φh,ω in scenario ω can then be calculated as

Φh+1,ω = Φh,ω +

(
(Pc

h,ωη
c − Pd

h,ω

1

ηd )∆T+ ebat
h,ωP

cap
h

)
1

Qfull (4.11)
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The variable Φh,ω is in p.u. and the value at the next time step is calculated by dividing
the added energy with the battery capacity Qfull. A low amount of FCR-N can be delivered
with a 24 kWh battery without experiencing depletion or saturation. Thus, the battery
size of the simulated EV is chosen as Qfull = 40 kWh. The simulation time step ∆T is one
hour like the FCR-N and spot market.

The optimisation is based on the hourly average capacity payment shown in Fig. 2.4 for
2016, and it is assumed that all bids are accepted. In Denmark, the average household
electricity retail price is on average 282 €/MWh (2020), of which the spot price for the
energy accounts for approximately 12%. For the analysed case the mid-sized industrial
customer price will be considered. The price does not include VAT and other taxes and
was on average 80 €/MWh in 2016 [116]. The reason for choosing this price is that the
service is delivered by a commercial aggregator, rather than a residential customer.

It is assumed that the SOC of the EV can be estimated before it is plugged in and is equal
to 50% at the time of arrival. It is then assumed that the EV drives 45 km and consumes
9 kWh per day, which should be compensated while it is connected to the charger so it
should leave with a SOC minimum 22.5% higher than it arrives, giving a minimum of
72.5%. This is more driving consumption than in the FF case but corresponds to the
national average.

The optimisation uses a set of 365 days as scenarios, each containing the energy content
of the relevant 15-hour period. The SOC in the scenarios are independent of each other,
which means that the initial SOC does not depend on the final SOC of the previous
scenario.

4.5.2 Problem Formulation
The objective function contains the price of energy cE

h and the FCR-N capacity payment
ccap
h . The costs are positive and the revenue is negative so the objective function should
be minimised.

min
Φh,ω ,Pc

h,ω ,Pd
h,ω ,P

cap
h

Nω∑
ω=1

Nh∑
h=1

(cE
hPc

h,ω − cE
hPd

h,ω − ccap
h Pcap

h ) (4.12)

subject to the following constraints, applied for ω = 1, . . . , 365 and for h = 1, . . . , 15

Pc
h,ω + Pd

h,ω + Pcap
h ≤ Pmax (4.13)

Pc
h,ω ≥ 0 , Pd

h,ω ≥ 0 , Pcap
h ≥ 0 (4.14)

Φh+1,ω = Φh,ω +

(
(Pc

h,ωη
c − Pd

h,ω

1

ηd )∆T+ ebat
h,ωP

cap
h

)
1

Qfull (4.15)

Φmin ≤ Φh,ω ≤ Φmax (4.16)

where Φmin = 0.3 and Φmax = 0.9 the minimum and maximum SOC values respectively.
The initial and final SOC conditions Φ1,ω = 0.5, Φ15,ω ≥ 0.725 are the same for all
scenarios.

For the optimisation problems the Yalmip environment in Matlab is used, along with the
Gurobi solver [117].
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Figure 4.12: Top: Hourly SOC for each of the 365 frequency realisations of 2016 using the
linear approximation. The 15 hour periods take place daily at hour 16:00-07:00. Bottom:
FCR-N schedule in all scenarios.

4.5.3 Results of the linear optimisation model
The lines of the top graph of Fig. 4.12 show the evolution of the SOC for every realisation of
the 2016 energy content. The FCR-N reserve schedule, which is the same for all scenarios,
is seen in the bottom graph of Fig. 4.12.

These results are obtained by assuming intra-hourly losses which correspond to a zero
power set point. However, this is not the case for every realisation of the frequency. In
order to calculate the approximation errors, losses were evaluated using the full resolution
time-series of frequency, and for the realised intra-day rescheduled power set points for each
scenario. The evolution of the actual SOC (reflecting the real losses) for each realisation
is seen in Fig. 4.13.

The approximation error can be found by subtracting the SOC calculated based on the
full resolution time series (Fig. 4.13) from the one calculated based on the hourly schedule
(Fig. 4.12). According to the optimisation results using the losses approximation model,
EVs receive 9 kWh every day, whereas the average energy according to the full resolution
time series (which is the real result) is 10 kWh. This is a result of the small overestimation
of losses, which on average accumulate to 1 kWh over 15 hours. Additionally, in 99% of
the cases, the losses overestimation amounts to less than 3 kWh. Compared to the EVs
energy capacity of 40 kWh, the approximation error are small.

By integrating the absolute energy flow of the battery the total energy throughput, ETP,
can be calculated. The daily energy used for driving is subtracted from the total energy
throughput, to find the throughput from FCR-N provision.
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Figure 4.13: Simulation with 10-second resolution frequency time series of 2016. The 15
hour periods take place daily at hour 16:00-07:00

The energy throughput calculated on the hourly scale is lower than if it is calculated on
the second scale based on the full resolution time series, as some of the power flow cancels
out within the hour. The yearly energy throughput calculated on the full resolution time
series amounts to ETP = 14.6 MWh/a (40.0 kWh/day).

The measured throughput from the FF case was 50.6 kWh/day including driving and
40.6 MWh/day excluding driving, which is the same as the simulation result but for a
significantly smaller battery.

4.5.4 Evaluation for out of sample frequency realisations
In this set of simulations, the same frequency scenarios from 2016 are first used to obtain
the FCR-N reserve schedule (Fig. 4.12). The realisations of frequency then correspond
to 2017, and thus are not contained in the uncertainty set, when calculating the optimal
values of Pc

h,ω and Pd
h,ω based on the energy content of each realisation of 2017. The

optimisation is in this case allowed to violate the energy constraints with a high cost to
make sure that the problem is feasible. It is also investigated how well the optimisation
can respect the SOC constraints when applied to the 2017 energy content with a constant
FCR-N capacity contracted every hour. The fixed FCR-N capacity is equal to the average
capacity that according to the optimisation could have been delivered in 2016 but spread
out as 6.9 kW in each hour.

The real losses are calculated in the same way as in subsection 4.5.3, to obtain the actual
SOC evolution for each realisation (similar to Fig. 4.13). In Fig. 4.14 are shown with full
lines the minimum, maximum, 1st and 99th percentiles of the realised SOCs for every hour
when following the calculated schedule. A few days in 2017 overall have either a lower or
a higher energy content than any day in 2016. Thus the energy constraints are violated,
as the schedule, based on the 2016 values, did not allocate enough power to correct the
SOC. The dashed lines in Fig 4.14, show the results for a fixed regulation capacity of ±6.9
kW in all the 15 hours. In this case it is possible to maintain the SOC to the same degree
as when following the schedule.

4.5.5 Economic results
In Ref. [118] the battery degradation of a a similar setup was modelled and found an
average 0.0022% capacity fade per FEC during FCR-N provision. The capacity loss is
proportional to the cost of using the battery, which can be calculated based on the battery
price and the usable capacity. The Lithium NMC battery which is used by most EV
manufactures, has a battery pack cost around 180 €/kWh [119]. Assuming the use in a
second life application as a stationary storage, a minimum acceptable capacity, or end of
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Figure 4.14: The minimum, maximum, 1st and 99th percentiles of the realised SOCs for
every scenario in 2017. Full lines are for Pcap

h equal to the schedule and the dashed lines
are for a constant Pcap

h = 6.9 kW. The 15-hour periods take place daily at hour 16:00-07:00

life of 50% of the original value is assumed.

Providing ±10 kW of FCR-N daily between 16:00-07:00 with the average prices of 2016
would give a revenue of 1639 €/a, including energy content settlement as shown in Table.
4.4. Bidding all of the power capacity, and not leaving any power to correct the energy
content would however in 88% of the scenarios result in the EV experiencing saturation or
depletion, thus in failure to deliver the service. From Table 4.2 it can be seen that prices
of 2016 are 4% higher than the average prices in the period 2015-2020.

Providing FCR-N according to the optimised schedule gives a total revenue of 1127 €/a,
and a total consumption for both FCR-N and driving of 6.7 MWh, with a cost of of 538
€/a. The 9 kWh of daily SOC increases and the associated losses amounts to 4.1 MWh/a
with a cost of 331 €/a. The cost of energy for driving is subtracted from the total energy
cost, resulting in a cost of providing FCR-N of 208 €/a. A fixed schedule with the same
±6.9 kW regulation capacity in every hour results in a revenue of 1131 €/a. If the service
provider was paying the household electricity price for the energy losses, the cost would
be 733 €/a, which would almost cancel out the revenue.

Table 4.4: Economic comparison of FCR-N provision methods based on 2016 frequency
and prices.

Method V2G V2G V2G Uni
Time [hours] 15 15 15 3
FCR-N Capacity [kW] 10 Schedule 6.9 1.15
Energy Throughput [MWh/a] 18.7 14.6 14.6 -
Energy Loss [MWh/a] 3.7 2.6 2.6 0.16
Capacity Loss [%/a] 0.51 0.40 0.40 -
Capacity Payment [€/a] 1625 1118 1122 50
Balancing Settlement [€/a] 14 9 9 0.5
Cost of Electricity [€/a] 297 208 208 13
Cost of Battery Degradation [€/a] 73 58 58 -
Profit [€/a] 1269 861 865 37.5

In the unidirectional case with the service provided during the hours with the highest prices
(from midnight and the following three hours), and a capacity of ±1.15 kW, the average
prices in 2016 would give a revenue of 50.5 €/a. Using the on-board charger with less than
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full power reduces the efficiency with 5% which increases the daily energy consumption
of 0.45 kWh. Assuming the industrial electricity price of 80 €/MWh, it results in a cost
of 13 €/a, which significantly reduces the profit to 37.5 €/a. If the service provider was
paying the household electricity price for the increased energy losses, the cost would be
46 €/a, which would almost cancel out the revenue. The value of bidirectional FCR-N
with the MagnumCap chargers is about 20 times higher than FCR-N from unidirectional
charging, because of the low availability time and power range, as shown in table 4.4. The
mentioned costs of delivering FCR-N is not including the investment cost of the charger,
the cost of installation and maintenance. Assuming that a V2G charger in the future
would have an investment cost of €4000, depreciated over ten years, it would reduce the
profit with 50% but still result in a positive business case. The cost of a V2G charger will
also in the future be significantly more expensive than a controllable AC charger to the
increased demand of power electronics.

4.6 Value of Different User Profiles - Case Study: V2G in
Great Britain

This section investigates the potential earnings from frequency regulation which highly
depends on the driving time, driving distance, and time spent at different locations.

While few data sets describing EV usage exist, this analysis is based on one of the most
extensive data-sets gathered from 7,163 Nissan Leafs, which was introduced in section 3.5.
Using the real driving and charging data it was possible to calculate the value of a specific
charging strategy for each individual EV. The EV data set was used in a simulation based
on GB electricity transmission network operating codes presented in section 2.3 and GB
frequency measurement data.

The previous section presented the best case earning assuming perfect knowledge of all
future energy content of the frequency. Instead the following approach is based on a control
strategy that reacts to the current SOC without knowing the future frequency behaviour.
The aggregator, however, still needs to know the future availability of the EV by the time
when the PSH service is traded which is minimum one month in advance. The driving
data describes the full year of 2016 while the spot prices and grid frequency data is from
the year 2018.

4.6.1 Great Britain Spot Market Price Model
The GB electricity spot prices of 2018 had an average cost of 66 €/MWh. After adding
network tariffs and taxes the average domestic cost is 185 €/MWh while the industrial
electricity cost only is 135 €/MWh [116]. The spot market prices are higher in GB than
in Denmark, but the taxes on the domestic costumers are lower. A simple tariff model
is made by calculating the difference between the average spot price and the average
industrial electricity price, Tariffindustry = 135 − 66 = 69 €/MWh, which is then added
on top of the spot price, when calculating the hourly cost of electricity for the service
provider. Like in the Danish case study it is assumed that the energy consumption caused
by conversion losses for PSH provision is paid with the industrial electricity price.

4.6.2 Energy Content of GB System Frequency
The grid frequency of the GB power system during four years 2016-2019, measured with
a sample rate of 1 s by NGESO, was analysed for this study [120] .

Fig. 4.15 shows the daily energy throughput experienced by a storage unit providing
FCR-N continuously with 1 kW capacity, based on the GB frequency. The throughput is
calculated based on the FCR-N service description to compare it with the throughput of
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the Nordic power system. The GB system frequency causes an average daily throughput
of 11.52 kWh (0.48 kWh/hour) per kW capacity, which is 41% more than the Nordic power
system (8.18 kWh per kW capacity). The GB system has during the four analysed years
experienced an increasing throughput caused by more frequency deviations.
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Figure 4.15: Daily energy throughput for an FCR-N capacity of Pcap
h = 1 kW for each day

from 2016 to 2019, according to the GB frequency. The red line is the one month running
average.

Figure 4.16 shows 99% data coverage of ebias,k
n for k = 1...24 and the simulated energy

balance of the service provider Et based on 200 24-hour frequency samples assuming 1
kW capacity of PSH. The 99% data coverage of the energy content after 24 hours of PSH
is [-2.81; 2.88] kWh per kW. PSH requires the full response is given for a deviation of
±0.2 Hz and not ±0.1 Hz as required for FCR-N. Thus the variance of the experienced
energy content is lower. Calculating the energy content of 24 hours of FCR-N with the
GB frequency, results in a 99% data coverage of [-5.32; 5.13] kWh per kW. This range is
48% larger than the corresponding range of [-3.47; 3.58] kWh per kW, calculated based on
the Nordic frequency.

Figure 4.16: Data coverage rates of ebias,k
n for k = 1, . . . , 24 (thick lines). Et with 1 kW

PSH capacity is shown for 200 out-of-sample 24-hour frequency time series.
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4.6.3 Energy Model
The driving and charging data has a time resolution of ∆T= 15 minutes, and the simula-
tion is made with the same time step, indexed as n. The SOC movement is modelled as
a continuous one-year time series for each EV. It is assumed that the EVs are connected
to the grid with a ±10 kW V2G charger when parked.

For every trip taken by the user, there is an energy consumption proportional to the driving
distance assuming a fixed driving efficiency of 200 Wh/km. The SOC is at the beginning
of the trip decreased with the energy consumption Edrive

n of the whole trip. Before each
trip, is scheduled a charging session which charges the same amount of energy as will be
consumed during the trip. The charging session with the energy Echarge

n is scheduled before
the trip, with a charge power of 10 kW. The charging is conducted before each trip instead
of after to give maximum freedom for the SOC movements during PSH provision.

The PSH provision is limited to full four-hour EFA periods. EFA periods containing
driving or charging are discarded for PSH. Because of the energy content involved with
provision of PSH, the full capacity of the charger Pcap

h = 10 kW would often result in
energy constraint violations. Instead, is bid Pcap

n = 8 kW and allocated a correcting power
of Pbase

n = 2 kW. The fraction of the power allocated to Pcap
n is found to be the maximum

that does not result in SOC violations when influenced by the energy consumption for
driving and the energy content of the GB frequency.

A simple control algorithm maintains a low energy balance relative to the grid by changing
the base power level Pbase

h , when the energy balance ∆En leaves the a predetermined
window during service provision. ∆En is determined by the driving consumption Edrive

n ,
the pure charging Echarge

n and the service provision energy content Pcap
n ebias

n . The energy
balance threshold that will cause the base line change is chosen as an upper threshold
ut = 10 kWh and a lower threshold of lt = −10 kWh. For a 40 kWh EV it corresponds
to a window with 50% range and for an initial SOC of 60% it would allow movement in
the range of 35 − 85% SOC before changing Pbase

n . The energy received from the grid at
period n is calculated in (4.17).

Egrid
n = Echarge

n + Pcap
n ebias

n + Pbase
n ∆T (4.17)

A constant efficiency of ηc = ηd = 0.9, is assumed for all loading levels. It is higher than
the efficiency of 0.8, assumed in the previous section, as it is expected to improve for the
next generation of more mature mass produced V2G chargers. The energy received by the
battery Ebat

n during period n will either be higher or lower than on the energy measured
on the grid side depending on if the EV is discharging or charging. The effect of the
efficiency is in (4.18) added each 15 minutes, thus neglecting the intra-hourly losses within
each period. The estimation errors are insignificant due to the lower period length of only
15 minutes and not one hour.

Ebat
n =

{
Egrid
n ηc if Egrid

n > 0

Egrid
n

1
ηd if Egrid

n < 0
(4.18)

The energy balance since the beginning of the simulation ∆En in kWh is calculated by
integrating the positive and negative energy flows over time, while connected to the grid
Ebat
n or while driving Edrive

n .

∆En+1 = ∆En + (Ebat
n − Edrive

n ) (4.19)

∆En would finally need to be evaluated against a chosen battery capacity and the initial
SOC as SOCn = ∆En/Qfull+SOCinit.
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The cost of energy is calculated based on the spot price every hour plus the industrial
tariffs. The spot prices are the same for the whole hour even though the cost is calculated
for each 15-minute.

Cost =
365∗24∗4∑

n=1

(Pcap
n ebias

n + Ebase
n )(Spotn + Tariffindustry) (4.20)

The costs calculated in Eq. 4.20, are subtracted from the revenue to find the yearly profit
for each EV. It is assumed that there is a net metering tariff scheme where the tariffs paid
for charging are returned when discharging.

4.6.4 Power Constrained Simulation Results
The maximum potential capacity payment for each car is first calculated for the case where
it is delivering PSH with Pcap

h = 10 kW and a capacity payment of 9.2 €/MW per available
ETA period. This is done assuming either an available V2G charger at home or both at
home and at work. The average capacity payment of all the EVs is 426 €/a if they can
deliver PSH in all the full EFA blocks they are parked at home. It increases to 489 €/a
by also including the option to deliver PSH in the full EFA blocks the EV is parked at
the work place. The revenue ranges between 115 and 748 €/a, depending on how much
the EV is driven and parked at the workplace and the household. The full revenue can be
obtained only if V2G chargers are installed both at home and at work. However, to apply
the most cost-efficient solution only service provision from the household is considered.

4.6.5 Power and Energy Constrained Simulation Results
The energy constraints are now taken into account so the PSH capacity is reduced to
Pcap
n = 8 kW with a correcting power of Pbase

n = 2 kW. In Fig. 4.17 is shown the lowest,
highest, 1st and 99th percentile of the energy balance of the 7,163 EVs every 15-minute of
the year. The EVs are affected by the driving consumption, charging, the energy content of
the frequency and the suggested control strategy. The energy balance ranges between −12
kWh, with few outliers below, and +17 kWh, which would require an available capacity
of 29 kWh. The 98% data coverage range is [-10; 14] kWh. The control strategy tries to
maintain it within ±10 kWh but if the regulation period is followed by a long drive, it will
charge to a higher level to accommodate the following consumption. If 98% confidence is
sufficient, then the charging and regulation strategy would work for an EV with 24 kWh
available battery capacity, if the driving behaviour is known in advance. Assuming an
available SOC range of 30-90%, Qfull should be minimum 40 kWh.

After allocating time for charging and implementing a suitable bidding/control strategy,
it is possible to calculate a more realistic revenue for a bid of Pcap

h = 8 kW, still with a
capacity payment of 9.2 €/MW per hour.

The distribution of the revenue now spreads from 115 to 575 €/a with an average of 330
€/a. The EVs that provide PSH for most hours also has the highest energy loss, so the
remaining profit after subtracting the individual charging cost has a lower spread between
92 and 437 €/a. On average the cost of energy losses is 30% of the revenue and result in
an average profit of 235 €/a.

The profit is calculated only considering the cost for electricity and does not include the
cost for installation and maintenance of the charger, as well as the added wear of the
battery. In Fig. 4.18 is shown the distribution of the energy throughput caused by the
individual users driving behaviour and the added throughput from delivering frequency
regulation. The throughput increases on average 517% when going from just driving to
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Figure 4.17: Lowest, highest, 1st and 99th percentile of the energy balance, ∆En of the
7,163 EVs, every 15-minutes of the year.

also delivering frequency regulation. The throughput from PSH is on average 6.7 MWh/a
(18.4 kWh/day), but it can be up to twice as much for the high availability EVs.

Figure 4.18: Yearly energy throughput of the battery for driving (avg. 3.1 MWh), fre-
quency regulation (avg. 6.7 MWh) and both (avg. 9.8 MWh)

4.7 Summary
Analysis of six years of frequency data showed that FCR-N provision with a capacity of
10 kW for 15 hours in 99% of the cases result in receiving less than 30.5 kWh or delivering
less than 31.1 kWh of energy. An EV with a 40 kWh battery and an available SOC range
of 30− 90% could then only deliver FCR-N for 15 hours with a capacity of ±3.9 kW. By
using the frequency as scenarios in an optimisation problem it was found that the FCR-N
capacity could be increased to 6.9 kW and not result in saturation or depletion of the
battery. This is however based on full knowledge of the future energy content, which is
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not the case in reality. When the optimisation was given the same FCR-N schedule for
2016 and the energy content of 2017, it was not possible to calculate the baseline power
that avoided saturation and depletion.

For an average year, the frequency, FCR-N capacity payment and up and down regulating
power prices, for 10 kW capacity result in a revenue of 1578 €/a. As it was found that
6.9 kW is the maximum power that can be committed for FCR-N, it results in a revenue
of 1096 €/a. The yearly energy throughput was according to the optimised schedule found
to be ETP = 14.6 MWh/a (40.0 kWh/day). The measured throughput from the FF case
was 50.6 kWh/day including driving and 40.6 MWh/day excluding driving, which is the
same as the simulation result but for a 24 kWh battery. The cost of battery degradation
and conversion losses related to the throughput was for 6.9 kW found to be 266 €/a, which
results in a profit of 865 €/a. Assuming a V2G charger with an investment cost of €4000,
depreciated over ten years, it would reduce the profit with 50% but still result in a positive
business case.

Delivering FCR-N while charging with the on-board charger does not give any additional
throughput, but it gives a 20 times lower revenue. According to the average prices of the
six-year period, unidirectional charging could generate a revenue of 49 €/a for 1.15 kW.
There is a cost of 13 €/a for energy losses due to the low charge power related to delivering
the service. If the losses are paid with the household electricity price it would almost cancel
out the revenue. Unidirectional FCR-N should be scheduled in the hours after midnight
where prices are highest. This period often coincides with the hours with the lowest spot
market prices. Thus, the capacity payment could be added on top of the savings from
the time of use tariff (108 €/a) and from the spot market prices (99 €/a), resulting in a
combined revenue of 207 €/a.

It is found that the energy content of the frequency is significantly higher in GB than in
the Nordic grid, but the experienced energy content of the service provider is lower because
of a less demanding service requirement. The revenue distribution from delivering PSH
from the household spreads from 115 to 575 €/a with an average of 330 €/a. On average
the cost of energy losses is 30% of the revenue and result in an average profit of 235
€/a. The throughput increases on average 517% when going from just driving to also
delivering frequency regulation. The throughput from PSH is on average 6.7 MWh/a
(18.4 kWh/day), but it can be up to twice as much for the high availability EVs. As a
V2G charger has a substantial investment cost it is more feasible to only use it with the
high availability EVs.
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Chapter 5

Combined FCR-N provision from
Heat Pump and Electric Vehicles

The aim of this study is to assess the feasibility of combined supply of FCR-N using two
different technologies, each with their individual characteristics with respect to the system
demand. This approach is applied to a specific case of a fast reacting pool of EVs with low
energy capacity, and a slower large-scale heat pump integrated with the district heating
network and a thermal storage tank, which provides a large storage capacity. The EV
pool consist of 25 vehicles that are charged in an orchestrated way to allow for FCR-N
delivery. The V2G chargers react quickly to changes in the grid frequency, while the heat
pump outbalance the energy content of the frequency deviations, ebias

h , to avoid that the
EVs become fully charged or depleted. Thereby, the combination with the large-scale heat
pump is expected to allow the aggregator to bid the full EV power capacity for FCR-N,
despite the heat pump not being fast enough to deliver FCR-N by itself.

The aim is to identify whether a combined operation of these units may lead to increased
provision of FCR-N, what constrains the combined operation, and whether a combined
operation is economically feasible. In order to answer these questions, a model of the
charging of 25 EVs and a model of a large-scale heat pump system are used to assess the
feasibility of providing a combined service for one year of operation using 2018 market and
frequency data [121]. The work is conducted in five steps:

• Analysis of the consumption of a district heating network in Copenhagen to calculate
the number of hours that the heat pump is available to deliver offset electricity to
the EVs, i.e. to balance out the energy content of the frequency deviations.

• One year of grid frequency measurements and a stochastic driving consumption is
used to calculate the SOC of 25 EVs. A SOC control strategy is implemented to
change the base line power on an hourly basis according to the SOC constraints.
The control strategy is used to generate the offset schedule for the heat pump.

• The yearly heat pump operating cost is calculated using a thermodynamic system
model and electricity spot market prices. It is compared to the cost of operating the
heat pump according to the optimised schedule used by the operators.

• The income from supplying FCR-N is calculated for delivering FCR-N from the EVs
alone and combined with the heat pump. Additional operation cost and battery
degradation are considered.
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• The control method for maintaining the SOC is experimentally validated by deliv-
ering FCR-N with a single EV for 15 hours.

5.1 Electric Vehicle Case Description
For the following analysis it is assumed that the local utility company, which owns and
operates a large-scale heat pump for district heating supply, also owns a fleet of 25 EVs.
These are assumed to be operated every day including weekends. Therefore, no differ-
entiation between weekdays and weekends are considered. It is assumed that the EVs
are grid-connected outside normal working hours (16:00-07:00) with a bidirectional V2G
charger that can charge up to 10 kW from the grid or discharge up to 9 kW to the grid
[115]. During this period they are available for delivering FCR-N.

The EVs are assumed to all have a battery capacity of Qfull = 40 kWh. The daily electricity
consumption for driving is assumed to be distributed according to a Gaussian distribution.
The mean value is chosen equal to the average consumption of privately owned vehicles
in Denmark, as corresponding data for the utility owned cars is not available. Every EV
should therefore have a high enough SOC at the end of the grid-connected period to ensure
enough capacity for the following driving consumption.

5.1.1 Dispatching Strategy
The following SOC-simulation calculates the SOC of each EV during the entire year of
operation to verify that the bidding/dispatching strategy does not result in violation of
the energy constraints. The future frequency deviations cannot be predicted and thereby
the future energy content is not known. The aggregator instead reacts to the current SOC.

Initially the base line power, Pbase
h , is set equal to zero. Similar to the GB study presented

in section 4.6, the proposed dispatching strategy is to change Pbase
h to a negative or positive

value when the SOC reaches an upper or lower threshold. This results in the EV delivering
or receiving energy to or from the grid over time, and accordingly the SOC decreases or
increases. The sum of Pbase

h and the bid power capacity Pcap
h is limited by the power

capacity of the charger.

An FCR-N capacity of Pcap
h = 6 kW is bid for each EV, such that it can maintain the

SOC using the remaining power. The fraction of the power that is needed to contain the
SOC within the allowable range highly depends on the ratio between the power capacity
of the charger and the energy capacity of the battery.

Unlike the simulation in section 4.5, the SOC of each EV is now simulated in a continuous
simulation for one year which means that the SOC at the plug-in time is equal to the SOC
at the previous plug-out time minus the daily driving consumption. The SOC of each EV
is calculated as in (5.1). The SOC is calculated with a time resolution ∆T of one hour.
The initial SOC of the first day is set to Φ1 = 0.5. Pbase

h is split up in a vector for charging
Pc
h and a vector for discharging Pd

h for each hour h.

Φh+1 = Φh +

(
(Pc

hη
c − Pd

h

1

ηd )∆T+ ebat
h Pcap

h − Edrive
h

)
/Qfull. (5.1)

An efficiency of ηc = ηd = 0.9 is assumed. To capture the influence of intra-hourly
conversion losses on the experienced energy content, it was calculated from the battery
perspective ebat

h with (4.6).

The daily energy for driving Edrive
h is randomly generated each day with an average of 9

kWh and a standard deviations of 1 kWh. It is consumed at the time when the work day
starts and the EV is out of the aggregator’s control.
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The baseline power is allocated according to the control strategy shown in (5.2). P base
h is

set to 3 kW of discharging if the SOC is higher than the upper threshold ut and P base
h is

set to 4 kW of charging if the SOC is lower than the lower threshold lt. This asymmetry
is caused by the charger that can charge with 10 kW but only discharge with 9 kW, seen
from the grid.

Pbase
h =

{
4 kW if SOCh < lt

−3 kW if SOCh > ut (5.2)

The thresholds are presented in section 5.4. These were found by simulating the SOC
for one year and choosing the thresholds that maximise the allowable SOC range without
corrective action, while maintaining the SOC in an acceptable region.

The combined delivery involves that the heat pump can cancel out the 3 kW baseline
change by increasing its consumption when the EV needs to reduce its consumption. This
makes it possible to bid Pcap

h = 9 kW and still be able to maintain the SOC. The number
of hours that the heat pump can consume power during each night depends on the heat
consumption of the area, i.e. it varies over the year. The FCR-N capacity is therefore
Pcap
h = 6 kW+Php

h , where Php
h is either 0 kW or 3 kW per vehicle.

5.2 Heat Pump System Description
The heat pump system comprises of the heat pump itself, a hot water storage tank with
a storage volume of 100 m3 and two electric boilers downstream of the storage with a
capacity of 100 kW each. The system supplies heat to a small scale district heating
network with heat for space heating and domestic hot water. The heat pump assessed
in the current study is a two-stage ammonia heat pump, with a heating capacity of 800
kW, corresponding to a electrical rated power of 250 kW. The load can be varied between
100% and 40% of full load, i.e. a power uptake of 250 kW down to 100 kW.

5.2.1 Determination of Available Heat Pump Offset Operation
The available time per day, where the heat pump can be available to offset the EV elec-
tricity consumption is limited by the local heat demand, the heat storage capacity and the
minimum and maximum power uptake, which depend on the heat pump coefficient of per-
formance (COP). The minimum and maximum power uptake is calculated from the given
heat demand, taking into account that the COP varies with the necessary district heating
forward temperature. The maximum heat produced during offset operation needs to be
less than or equal to the heat demand of the respective day, as a higher heat production
would reduce the available offset operation time of the following day.

The heat pump is set to operate at the intermediate load between minimum load and full
load, that is 175 kW. The load is changed upwards or downwards when a load shift is
required by the EVs. This results in a maximum absolute load shift of 75 kW, which is
equivalent to a correction power of 3 kW, up or down, for 25 vehicles.

5.3 Effect of Bidding Strategy
The FCR-N capacity is procured with a pay-as-bid market, thus the BRP should aim
at bidding marginally less than the highest accepted bid to achieve the highest capacity
payment. The prices published by Energinet are the weighted average prices and not the
highest accepted prices. The highest achievable prices can thus not be determined.

The average prices have a daily pattern where prices of a certain hour often are similar to
prices of the same hour of the previous day. Assuming that the weighted average FCR-N
prices provided by Energinet have a similar pattern as the price of the highest accepted
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bid, it is possible to test the efficacy of a certain bidding strategy. Three bidding strategies
have been investigated for the prices of all the hours in the year 2018: first is bid the price
of the same hour in the previous day, second is bid 90% of that price and finally is bid
85% of the price of the previous day. If the bid is equal or lower than the actual price, the
bid is accepted.

Full Price of 90% of 85% of
Knowledge Prev. Day Prev. Day Prev. Day

Bids won [h] 8760 (100%) 4256h (49%) 7653 (87%) 8103 (93%)
Capacity payment [€/a] 3249 (100%) 1438 (45%) 1438 (72%) 2307 (73%)

Table 5.1: Capacity payment and accepted hours for a BRP bidding 10 kW every hour of
2018 with different bidding strategies assuming that the published prices were the highest
accepted bid.

The maximum capacity payment for a storage unit delivering FCR-N with 10 kW every
hour of 2018 is €3214. By bidding 90% of the previous days price, it is possible achieve
72% of the maximum capacity payment. This could be increased to 73% by only bidding
85% of the previous day, as more bids would be won. However, since there is an associated
cost of delivering the service for more hours it would result in a lower profit.

It was assumed that in all hours, where the service could be provided the historic average
value could be gained. This is considered as a conservative assumption, as it might be
possible to achieve higher prices than average of the market.

5.4 Simulation Results
When available for supporting the EVs, the heat pump would run at 175 kW power uptake
as a default if no offset power is required. The heat pump support 25 EVs with 3 kW each
and thus consume 175±75 kW. The 25 EVs’ daily driving consumption is randomly spread.
Thus, the initial daily SOC will differ for all EVs. The offset power could be less than 75
kW, as not all EVs need support at the same time.

5.4.1 Offset Power Support from the Heat Pump
The power uptake of the heat pump as a result of the EV model is presented in Fig. 5.1.
In the hours shown as the white area, no supporting power could be guaranteed from the
heat pump. The heat pump was always supporting the EVs during the last part of the
15-hour regulation period and was at least available for one hour between 06:00 and 07:00.

The simulation of the heat pump system showed that it was available for offset power
delivery in 2696 hours in the case of 2018, compared to 5475 h of availability of the
EVs, i.e. the heat pump was available in 49% of the hours, where FCR-N provision was
scheduled for the EVs. At 03:00 in the morning the heat pump operated most often at
100 kW power uptake, i.e. negative offset of 75 kW for the EVs. This can be explained by
the shift in upper and lower SOC threshold at this time that can be observed in Fig. 5.2.

5.4.2 EV Dispatching Thresholds
In Fig. 5.2 the SOC of one EV during every 15-hour regulation period (16:00-07:00) for
one year is shown. The EV experiences a new frequency pattern every night corresponding
to the real period. The initial SOC of each period is on average 22.5% lower than the final
SOC, due to the subtracted driving consumption.

The upper and lower SOC threshold, ut and lt , are shown as the thick lines in Fig. 5.2.
The chosen values were a lower threshold of 60% for the first eleven hours and 70% for the
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Figure 5.1: Power uptake of the heat pump during every 15-hour regulation period (16:00-
07:00) for one year. Minimum power uptake is 100 kW. The white colour shows the period
where the heat pump is not supporting the EVs.

last four hours of the scheduled regulation period to ensure that the cars were sufficiently
charged in the morning to accommodate the driving consumption. The upper threshold
followed the same pattern and increases from 80% to 90% in the last four hours. The SOC
is often below the lower threshold when it is plugged in after driving and is then increasing
to the wanted region.

The SOC constraints are only violated when the simulated value falls below 30% or rises
above 90%. This is due to the unpredictable behaviour of the frequency. As it is impossible
to completely avoid SOC violations, they should thus be viewed as a stochastic problem,
where the risk of violating the constraints should be below a certain probability. Here,
saturation or depletion is experienced in less than 1% of the hours. In Fig. 5.3 is shown
the distribution of hours where a each of the 25 vehicles had a certain SOC after a full
year of simulation.

5.4.3 Economic analysis of proposed operation mode
The combined provision of FCR-N is only feasible if the additional cost of both the heat
pump system and the EVs can be covered. The electricity price used is the historic
electricity spot market prices for DK-2 for the year 2018 [122], including taxes and tariffs.

To calculate the income from capacity payments, historic FCR-N prices for 2018 are used
[49]. The EVs receive the capacity payment for the 6 kW of FCR-N that they could deliver
alone, without the heat pump, plus reimbursement of the additional cost for operating at
9 kW in the hours they are supported by the heat pump. The remaining income from the
capacity payment is assigned to the heat pump operation. The yearly performance of the
heat pump system according to the schedule derived from the EV model is compared to a
schedule that is optimised according to the efficiency of the system and the spot market
prices (without FCR-N provision) from 2018. This schedule was provided by the utility
company owning the heat pump [123].

Table 5.2 compares the electricity cost and the total yearly cost for the proposed provision
of offset power with the optimally scheduled heat pump. The electricity cost is lowest

74 The Role of Electric Vehicles in Global Power Systems



Figure 5.2: SOC of one EV during every 15-hour regulation period (16:00-07:00) for one
year, with real frequency data every period and a Gaussian driving consumption. The
black lines denote the upper threshold ut and lower threshold lt of the SOC.

Figure 5.3: Number of hours the 25 EVs have a certain SOC after one year of FCR-N
provision and driving. Only counting plug-in period.

for the optimal operation schedule, as expected. However, the income from frequency
regulation is high enough to outweigh the additional cost and result in an overall reduced
cost when these revenues are taken into account.

A total saving of 2129 €/a could be achieved. This value results from an additional
income from capacity payments of 4435 €/a and of 305 €/a electricity savings due to
the compensation scheme of using the regulating power prices for the experienced energy
content. The increased costs are 750 €/a for additional EV operation and 2961 €/a
increased heat pump cost, caused by an increased heat loss in the system, as the heat
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production is not optimised with regard to the heat demand.

Table 5.2: Economic figures of the heat pump system for 2018.
Offset Optimal

Total yearly electricity cost € 64893 62406
Total yearly cost € 80090 77128
Revenues from FCR-N € 4435 + 305 0
Total cost incl. FCR-N revenue and payments to EVs € 74999 77128

Table 5.3 shows the economic results for the EVs as revenue and the additional losses in
the battery and the corresponding cost for the combined operation compared to provision
of FCR-N from the EVs alone. The results are shown per EV.

Table 5.3: Economic figures of the EV FCR-N operation for 2018.
Only EVs Combined

Conversion losses MWh 1.35 1.59
Energy Throughput MWh 7.67 8.92
Battery capacity loss % 0.21 0.24
Capacity Payment € 1420.00 1420.00
Balancing Settlement € 24.16 24.16
Cost of Electricity € 138.00 163.00
Cost of Battery Degradation € 30.24 35.20
Profit € 1277.00 1246.00

The energy throughput of the battery is calculated as the sum of charged and discharged
energy in absolute terms on an hourly basis.

Over the year, the conversion loss was 1.35 MWh when delivering FCR-N with a capacity
of 6 kW from the EVs alone. This increased to 1.59 MWh for the combined operation as
the FCR-N power capacity increased to 9 kW in 49% of the hours. The EVs experienced
a yearly throughput of 7.67 MWh which also increase for the combined operation (calcu-
lated based on the hourly schedule and not the full resolution frequency, which results in
throughput being underestimated by 16%). The throughput is assumed to be proportional
to the added cycle degradation of the battery that was found to be 0.21-0.24% per year
and resulted in a yearly cost of battery degradation of 30− 35 €/a. The cost of electricity
was 138 €/a and 163 €/a for EV only and the combined operation, respectively. A cost
reduction of 24 €/a was obtained per EV from the energy content compensation scheme
with the regulation power prices. Since the revenue for the EVs is calculated for only 6
kW of FCR-N in both cases, it is in both cases equal to 1420 €/a. That means that the
profit would decrease from 1277 to 1246 €/a for the combined operation. To compensate
this decrease in income, the increased cost of 31 €/a per EV is covered by the heat pump
operation.

As the capacity payments varied strongly over the last couple of years, a sensitivity analysis
is conducted. This is done by assuming the same average FCR-N capacity price for
all operation hours and varying this price. The available hours for offset power is kept
constant, and it is assumed that the operation schedules for EVs and heat pump are kept
the same. The results are presented in Fig. 5.4 together with the break even between
the offset and optimal operation, and the weighted average FCR-N capacity price for
the calculated offset strategy in 2018. The average FCR-N capacity price in 2018 was
37.09 €/MW per hour. The obtained weighted average price was considerably lower, as
the highest prices may be obtained during summer, where the heat pump is seldomly
available for offset power delivery.
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Figure 5.4: Total per unit heat production cost including income from FCR-N for varying
average FCR-N prices.

The year 2018 was a hot and dry summer, and it had the highest average FCR-N prices
of the last eight years [124][122]. It may thus be expected that in colder years, the heat
pump is available for offset operation for more hours, especially in early and late summer
compared to the results for 2018. This would result in larger amounts of capacity pay-
ments and thus an increased income. The sensitivity analysis showed, that the average
FCR-N price could be reduced by 26% before the combined provision of FCR-N results
in a negative business case. Considering that the average capacity prices in the three
preceding years before 2018 were 63%, 32% and 37% lower respectively, this buffer cannot
be considered sufficient. This means that future applications of the proposed operation
strategies, should be able to switch back to the normal spot market optimal operation
strategy, when the FCR-N capacity payments are too low. It also means that this opera-
tion strategy is best suited for heat pumps that are already equipped with the necessary
communication interface for frequency regulation services as it would help to minimise the
additional investment cost.
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5.5 Experimental Validation of EV Operation
It has previously been experimentally demonstrated that the heat pump can ramp from
low to high load within three to five minutes, and it can ramp downwards in four to seven
minutes if the power uptake is controlled directly [125].

The dispatching strategy to maintain the SOC of the EV is validated with an experiment
conducted for a winter day, where the heat pump is assumed to be available for the
complete regulation period, i.e. the EV can deliver FCR-N with the full capacity of 9
kW. The experiment is conducted on a single 40 kWh Nissan EV using the described V2G
charger as shown in Fig. 5.5.

Figure 5.5: Experimental demonstration of FCR-N provision with 40 kWh Nissan LEAF
and 10 kW charging, 9 kW discharging V2G charger.

The frequency meter is located ca. 30 km from the installation at the Risø campus, so the
inherent communication delay of the internet communication is captured. The frequency
is measured and uploaded to a MQTT (Message Queuing Telemetry Transport) broker
every 0.5 s. The controller is reacting to the measurement and calculating the set point for
the charger. The SOC of the EV is read via the charger with the CHAdeMO protocol with
the same interval. The active power is measured with a DEIF MIC-2 multi-instrument
on the grid side of the charger and the timestamp of the local device is used for bench
marking the reaction time.

The ideal power response calculated based on the frequency measurements is seen together
with the measured Pt and the calculated Pbase

h in the top plot of Fig. 5.6, while the bottom
plot shows the SOC reported by the EV via the CHAdeMO protocol. The experiment is
run for a 15-hour period from 16:00 to 07:00, and shows how a single EV is reacting to the
frequency measurements and the resulting SOC movements. Pbase

h is only updated with
one hour intervals at the change of the hour, in case the SOC is below the lower threshold
or above the upper threshold. The loss in the power converter amounts to 9.4 kWh for
the 15-hour regulation period (0.63 kWh loss per hour).

The correlation of the frequency measurements and AC power measurements is calculated
for different time delays to determine the average response time which is shown in Fig. 5.7.
The maximum is found for a shift of 2 s, which is then considered as the total activation
time when the tested V2G equipment is controlled with a remote frequency measurement.
There is a 2 s delay between a frequency change and measurement of the power response
on the grid side of the charger.
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Figure 5.6: Measurement of Pt, reading of SOC and resulting Pbase
h for one EV during a

15-hours regulation period.
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Figure 5.7: Correlation of frequency measurement and AC power measurement. The delay
is in samples of 0.5 s.

The response speed has a large effect on the linearity of the droop curve, where the active
power is plotted against the grid frequency at the same time. The top plot in Fig. 5.8
shows the standalone measured power of the EV vs. the frequency. The response is linear
but two additional lines occur, where the frequency power response was shifted up or down
by Pbase

h . The bottom plot shows the response assuming that the heat pump cancelled out
the EVs baseline change by making the opposite change.
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Figure 5.8: Measured AC Power vs. Frequency with and without the heat pump.

5.6 Summary
The results for the case of 2018 showed that the EVs can bid a higher capacity on the
FCR-N market when the heat pump is available for offsetting the energy content of the
frequency deviation. This is necessary as the allowable range of SOC of the batteries is
constrained, and it has to be ensured that the EVs are sufficiently charged in the mornings.
The combined operation provided an additional income from capacity payments, which
could not be generated by the EVs or the heat pump alone. This additional income was
4740 €/a. This was enough to outweigh additional operation cost of 2961 €/a for the
heat pump operation and 750 €/a for the increased battery losses and resulted in a net
surplus of 2129 €/a from the additional service. The observed synergy effect could be
obtained, due to relatively high capacity payments in 2018 compared to previous years.
The future economic feasibility is thus dependent on the development of the respective
capacity payment level. The synergy effect is significantly reduced by the fact that the
heat demand mainly is in the winter where the FCR-N prices are lowest.

It was previously found that a 40 kWh EV could supply FCR-N with 6.9 kW, when the
future energy content is known. In this section it was shown that the same EV can deliver
FCR-N with 6 kW, by just reacting to the current SOC. This is considered as a realistic
implementable strategy, that given prices of an average year would generate a revenue of
947 €/a, without assistance from the heat pump system. The proposed operation of EVs,
assuming balancing power from the heat pump system was experimentally validated, as a
part of this study. The strategy balanced the SOC of the battery and showed a very fast
power response of 2 s from the frequency was measured in Risø to the active power was
measured in Lyngby.
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Chapter 6

Battery Degradation

6.1 Battery Degradation Theory
As a part of a cooperation with with Nissan Research Center was the effect of FCR-N
provision on the battery degradation in Denmark modelled [118]. The model dynamics
are described in [126] for a 40 kWh battery, experimentally validated in [87]. Whereas in
this article a similar representative 24 kWh EV, with battery characteristics modelled as
Lithium Nickel Manganese Cobalt Oxide batteries is taken as reference. The model is run
with a simulation step of 1 s, thereby capturing the effect of the short term power flows
on the battery temperature. Each second the battery temperature, SOC, throughput and
SOH are calculated. The SOH Ψt is found from the two components of the capacity loss
in percent of the original capacity: calendar ageing, Lcal

t and cycle degradation Lcyc
t . The

total capacity loss is the sum of the two components and the SOH is calculated with (6.1).

Ψt = 100%− Lcal
t − Lcyc

t (6.1)

6.1.1 Calendar Ageing
The capacity loss due to calendar ageing can be found with the Arrhenius equation
shown in (6.2), which describes the temperature dependence of reaction rates. The pre-
exponential factor f(Φt) shown in (6.2) is according to [127] fitted with a piece-wise linear
function of the SOC Φt as shown in (6.3). The parameters are the absolute battery tem-
perature in kelvin, T, the activation energy for the reaction, Ea = 24.5 kJ mol−1, the
universal gas constant, R= 8.314 J mol−1 K−1 and g(t) is a function that maps t to the
corresponding age of the battery in days.

Lcal
t [%] = f(Φt) ∗ exp(−

Ea
R · T)

√
g(t) (6.2)

f(Φt) =


−1.04 ∗ Φ2

t + 89.72 ∗ Φt + 1224.6 if Φt ≤ 50

10.35 ∗ Φ2
t − 1083.6 ∗ Φt + 31447 if 50 < Φt < 70

2.64 ∗ Φ2
t − 409.55 ∗ Φt + 22035 if 70 ≤ Φt

(6.3)

The relationship between capacity loss Lcal
t per

√
d, the SOC and the temperature of the

battery is shown for different temperatures in Fig. 6.1. A battery stored at 60% SOC and
20oC will, after the first year have lost 0.16

√
365 = 3.1% and after five years have lost

0.16
√
365 ∗ 5 = 6.8% capacity due to calendar ageing.
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Figure 6.1: Capacity loss due to calendar ageing per
√
d when stored at different temper-

atures and SOC.

6.1.2 Cycle Degradation
The cycle degradation is the capacity loss caused by the active use described by the number
of FECs. Lcyc

t is temperature dependent, thus it is calculated based on the throughput
of each second at the specific battery temperature T at that time. The temperature
dependence of the Lcyc

t per FEC is empirically found per Ah in [94] for a 1.5 Ah cell and
is normalised by multiplying with 1.5 Ah/cycle in [118]. In (6.4), the cycle degradation
Lcyc
t is found as a function of the NFEC

t and the temperature. The C-rate describes the
rate that a battery is being discharged or charged. It is defined as the current through
the battery, divided by the nominal capacity in Ah. The degradation per FEC is higher,
when the C-rate is above 1.

Lcyc
t [%] = (aT2

t + bTt + c)exp((dTt + e)C-rate)fNFEC
t (6.4)

The coefficient of Eq. (6.4) are shown in table 6.1.

Table 6.1: Coefficient values and units
a 8.581 ∗ 10−6 1/(K2 ∗Ah)
b −5.102 ∗ 10−3 1/(K∗Ah)
c 0.7589 1/Ah
d −6.7 ∗ 10−3 1/K-(C-rate)
e 2.344 1/(C-rate)
f 1.5 Ah/Cycle

The capacity loss per FEC at different battery temperatures is shown as function of the
battery temperature in Celsius in Fig. 6.2.

6.2 Capacity Measurement Method
This section defines in subsection 6.2.1 how to measure the SOH of individual battery
cells, followed by subsection 6.2.2 which presents how SOH can be measured when the
cells are arranged in an EV battery pack. This is followed by a description of the internal
sensor readings and estimates of the EV BMS that can be read out and compared with the
external measurements in subsection 6.2.3. In subsection 6.2.4, the measurement layout
of the capacity test and how to measure the power of the battery, the self-consumption
during charging and how to calculate the total battery capacity of the EV are presented.
In subsection 6.2.5 it is described how the EV can be discharged to the minimum SOC,
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Figure 6.2: Capacity loss per FEC at different battery temperatures

before starting the charging process that will determine the capacity. Subsection 6.2.6
shows how the full charge consists of a constant current and a constant voltage phase
before the EV reaches 100% SOC. Finally, subsection 6.2.7 describes how the measured
data can also be used for ICA.

6.2.1 State of Health of Battery Cells
The SOH Ψt refers to the full energy capacity of the battery relatively to the initial
capacity. It decreases due to irreversible degradation mechanisms and is defined in (6.5),
as the full capacity of the cell Qfull

t in percent of the initial capacity, Qinit [128]:

Ψt =
Qfull

t

Qinit (6.5)

SOH of individual li-ion cells is conventionally found by measuring the capacity during
full charge and discharge cycles. Generally, the discharge capacity is of main interest
compared to the charge capacity, as it shows the usable capacity. The difference between
the two values is only caused by the internal losses and these can be made negligible by
charging with a low C-rate.

For a time resolution of ts = 1 s and Ns = 3600 s/h, the full capacity in Wh can be
calculated by integrating the product of the voltage, Vt, and the current, It as in (6.6).
The duration of the full charge in seconds, Ntest, is a function of the physical battery
capacity and charge power. It is the time it takes to charge the battery from empty to
full capacity.

Qfull
t =

1

Ns

Ntest∑
t=1

ItVtts (6.6)

6.2.2 State of Health of EV Battery Packs
For EV applications it is only possible to measure the battery capacity during charging
and not discharging. Due to the internal resistance, the terminal voltage is larger than the
OCV during charging and lower during discharging. The difference between the capacity
for charging and discharging will therefore increase when the internal resistance increases
due to ageing. The difference between the charging and discharging capacity can be
reduced by charging with a low power.

An EV battery pack has a number of battery cells connected in series, and the voltage
measured at the pack terminals is the sum of the voltage of all the cells. All the cells in
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series experience the same current, which means that they are discharged with the same
amount of Ah. Due to production inaccuracies and different temperatures in the battery
pack, the SOH is not the same for all the cells. The differences in SOH results in differences
in SOC of the individual cells and it is therefore the role of the BMS to balance them.

If initially all cells are balanced at 100% SOC, the battery can be discharged until the
cell with the lowest capacity reaches the minimum voltage and limits the pack. The
usable capacity for discharge is equal to the capacity of the smallest cell in the string,
multiplied with the number of cells in series. When charging the EV, the BMS performs
passive balancing, where energy is drawn from the most charged cell and dissipated as
heat through parallel resistors. The balancing results in all the cells reaching 100% SOC.
The consumption during a full charge is the energy needed for bringing the smallest cell
to 100% plus the energy needed for balancing the individual cells.

6.2.3 CAN-bus Information
In all series produced cars, most internal information is communicated on the open Cen-
tral Area Network (CAN)-bus, which can be accessed via the on-board diagnostic port
(OBDII). A CAN-bus scanner connected to the OBDII plug that communicates over blue-
tooth with a smartphone can be used. For Nissan EVs a third party app called LeafSpy is
used to interpret the data [129]. The voltage of the individual cells, the estimated SOC,
the value of the battery temperature sensors and the BMS own estimation of the SOH can
be read from the CAN-bus.

Fig. 6.3 shows the CAN-bus information collected before and after a full charge of a
24 kWh Nissan e-NV200. Fig. 6.3a shows the status of the EV before the start of the
charge and Fig. 6.3b shows the status at the end of the charge. The BMS deactivates the
supply to the auxiliary battery when the lowest cell voltage reaches a certain threshold.
As the battery cells are series connected, the imbalance of the cells make some of the
capacity inaccessible. The value 264 mV in Fig. 6.3a shows the voltage difference between
the highest and lowest cell voltage. After the charge, the balancing process reduced the
voltage gap to 17 mV. According to the CAN-bus reading, the BMS does not charge to
100%, even though the dashboard displays ”SOC=100%” to the driver. This indicates
that the internal SOC value is calculated from the energy capacity relative to the initial
capacity, but in all cases it is higher than the ”SOH” value, also seen in Fig. 6.3. The EV
in Fig. 6.3b is charged to 394.75 V on the pack level, or to an average of 4.11 V for each
cell. This is the highest achieved voltage and is considered to correspond to the maximum
SOC.

6.2.4 Measurement Layout
Most EV models can charge with AC using the on-board charger or with an external DC
charger that connects directly to the battery terminals, as shown in Fig. 6.4.

When charging with the on-board charger the battery voltage and current are not acces-
sible, which means that the charged energy only can be measured on the AC side of the
converter. This is however not equal to the energy received by the battery as it is affected
by the on-board charger efficiency [58].

It is necessary to use an external charger, where the DC voltage and current can be mea-
sured directly at the terminals of the battery. The DC voltage and current are measured
inside the charger at the charging cable connected to the EV, shown as point A in Fig.
6.4. The BMS has a power consumption during the charging process, which is measured
and subtracted from the energy received from the charger, to find the energy capacity of
the main battery. All of the auxiliary consumption during charging is on the 12 V bus
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(a) Before full charge. (b) After full charge.

Figure 6.3: Screenshot of the LEAFspy app, reading from CAN-bus via a bluetooth OBDII
adapter. Before and after charge test FF02-02.

Figure 6.4: Overview of EV power flows. Battery capacity measured at point A and point
B.

where the voltage and current from the main battery is measured at point B in Fig. 6.4. It
is assumed that the DC/DC converter supplying the low voltage bus has 100% efficiency,
so the battery capacity can be calculated as follows:

Qfull
t =

1

Ns

Ntest∑
t=1

(IAt VA
t − IBt VB

t )ts (6.7)

The DC power in point A is the product of the voltage and current with an accuracy of
2%. In point B, the accuracy is 1.3% but, since the amount of energy is 15% of the energy
in point A, it is a small contribution to the overall result. Therefore the total accuracy of
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the measurements is 2.3%.

6.2.5 Discharging Process
Before the charge capacity test, the EV should be as discharged as possible, in order to
measure the maximum battery capacity. The discharging process is not measured. The
tested EVs can be discharged to a minimum of 6% SOC, displayed by the Leaf Spy, by
driving and heating, at which point the power supply for the drive train and cabin heating
system is turned off. The front lights are then used to further discharge the battery until
the battery reaches approx. 3% SOC, at which point the supply from the main to the
auxiliary battery is discontinued. This event can be detected by a drop in the auxiliary
battery voltage from 14 V to 12 V.

6.2.6 Charging Process
The battery is charged via the external DC charger through the CHAdeMO connector. In
Fig. 6.5, it is shown the pack terminal voltage and current measured in point A, during a
full charge of a 24 kWh Nissan e-NV200. It can be seen that the constant current phase
is two hours, followed by one hour of charging with constant voltage.

Figure 6.5: Voltage (left axis) and current (right axis) measured at the EV battery ter-
minals during a full charge of a 24 kWh Nissan e-NV200 EV. Measured at point A (Fig.
6.4).

Fig. 6.6 shows the power flow from the main to the auxiliary battery during the charging
process. The supply from the main to the auxiliary battery is for this EV around 8 A
at 14 V, resulting in a consumption of approximately 100 W. There is a higher power
flow in the beginning of the charge, as the auxiliary battery is initially fully recharged.
The auxiliary consumption during a full charge is for a Nissan e-NV200 around 300 Wh.
The capacity measurement method has been tested on different Nissan models; Nissan
e-NV200 (24 kWh) and Nissan LEAF (24, 30, 40 and 62 kWh).

6.2.7 Incremental Capacity Analysis
The ICA method has been applied on the battery pack level. The Incremental Capacity
(ICt) is defined as the Ah charge differentiated with respect to the voltage. The derivative
of the charged Ah capacity, QAh

t , with respect to the derivative of the voltage, vt, is plotted
as a function of the voltage, so the location of the tops and valleys can be compared for
cells with different SOH. The ICt is defined in (6.8) [83].

ICt =
dQAh

t

dvt
[Ah/V] (6.8)

The change in voltage has been kept fixed at 0.3 V and the corresponding charged capacity
in Ah is calculated for the number of seconds, Ns, the voltage increase took over.
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Figure 6.6: Power flow from the main battery to the auxiliary battery during a full charge
of a 24 kWh Nissan e-NV200 EV. Measured at point B (Fig. 6.4).

In order to avoid noise in the the ICA, the voltage and current have been through a moving
average filter with a duration of 300 s before (6.8) was applied [84]. The IC calculation is
only considered during the constant current charging mode, in order to avoid variation of
the voltage due to the internal resistance of the battery.

6.3 Modelling and Measurement Results
The result section contains six subsections. In the first one, repeated tests of a new 24
kWh EV are presented to determine the initial battery capacity. The second subsection
reports results on some of the aged vehicles that have been tested multiple times to validate
the reproducibility of the method, comparing the measurements with the data collected
from the CAN-bus. The third subsection presents the predicted SOH according to the
degradation model. The fourth subsection presents the measured SOH and the SOH
according to the BMS, which are compared with the predicted SOH according to the
model. The fifth subsection presents the ICA of every charge test for two of the vehicles.
The final subsection discusses the economic implications of the accelerated degradation
caused by increased energy throughput.

6.3.1 Initial Battery Capacity of Nissan e-NV200
In order to determine the initial usable battery capacity of the Nissan e-NV200, since a
completely new EV was not available, a one year old Nissan e-NV200 Evalia was consid-
ered. The Evalia model differs from the regular e-NV200 by having seats in the back.
The Evalia was registered in Denmark 28-06-2017 and the capacity was measured on the
28-08-2018, when the odometer was only 700 km and the model was rarely used for V2G
experiments in the DTU lab. The usable battery capacity of this model is then used as the
base case for calculating the SOH. The Evalia was measured three times with a capacity
of 22.7, 23.2 and 23.0 kWh. The average capacity of 23 kWh is a conservative number,
representing a new vehicle as the measurements are based on a one-year old EV. This is
however the only empirical result and the remaining paper uses Qinit = 23.0 kWh, for this
generation of EVs with a nameplate capacity of 24 kWh. The EV uses cells with a nominal
voltage of 3.85 V and a nominal capacity of 32.7 Ah. Nominal voltage and capacity are
not publicly available and thus derived; the nominal voltage as the average OCV measured
during the constant current phase of the full charge, and the nominal capacity retrieved
with the LeafSpy. Since the pack consists of 96 cells in series and 2 cells in parallel, the
nominal capacity is 24.2 kWh.
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6.3.2 Method Reproducibility Validation
To determine the validity of the method when measuring the capacity of more degraded
cars, the capacity measurements of some of the FF EVs were repeated. The capacity of
FF10 was measured four times and the capacity test of FF07 and FF02 were repeated
once. The measured results are shown in Table 6.2 together with the relevant information
read from the CAN-bus. The measured capacity in kWh is calculated with (6.7). The
measured SOH is based on the measured capacity divided with the initial capacity of 23
kWh, as in (6.5). The initial voltage is the voltage measured at the battery terminals
before the charge. The initial SOC, the final SOC and the SOH according to the BMS is
read from the CAN-bus together with the initial and final battery temperature. The N/A
are due to data acquisition errors.

Table 6.2: Comparison of measurement results and the CAN-bus reading of repeated tests
of FF10 (tested 21/09/2018), FF07 (tested 07/06/2019) and FF02 (tested 29/05/2020).

Measured values CAN-bus reading
Cap. SOH Init V SOC [%] SOH Batt. T [Co]

Test [kWh] [%] [V] Init End [%] Init End
FF10-1 20.4 88.6 309.1 3.8 94.7 91.8 23.7 15.6
FF10-2 20.6 89.6 305.4 3.4 94.3 91.7 26.8 14.9
FF10-3 20.5 89.0 292.4 3.4 N/A 91.9 26.3 N/A
FF10-4 20.5 89.0 298.7 4.3 94.5 92.3 20.2 15.5
FF07-1 20.7 90.2 290.0 2.5 92.0 90.0 36.6 19.6
FF07-2 20.8 90.5 299.0 3.5 95.2 90.0 26.6 15.7
FF02-1 19.6 85.3 302.6 3.6 94.8 89.2 16.6 14.8
FF02-2 19.9 86.7 291.5 3.6 94.8 89.2 16.6 15.5

The results of the repeated capacity tests differ of maximum 1% for FF10 and FF07 and
1.4% for FF02. Another measurable quantity is the initial battery voltage, which being
related to the SOC, shows the minimum level the battery was discharged to. The minimum
voltage differs from test to test, as the cell imbalance vary. A high minimum pack voltage
is an indication that the battery is degraded, because the cell imbalance increases when
individual cells degrade more than others.

During the first test, FF02-1 initial voltage was 302.6 V, while for the second test it was
291.5 V. During the second test the voltage increased quickly in the beginning, and after
46 seconds and 83 Wh the battery reached 302.6 V. The difference of the minimum pack
voltage therefore has a limited effect on the measured battery capacity. The difference of
the minimum voltage is uncorrelated to the variations of the minimum SOC (according to
the BMS) read from the CAN-bus. According to the CAN-bus reading, the battery stops
the supply around 3% SOC, when limited by the lowest cell voltage. This limit varies
between tests, and the BMS stops the discharge when the lowest cell voltage reaches a
level between 2.8− 3.1 V.

It is not possible to measure the internal battery temperature directly, but the BMS has
three sensors located in the battery pack that can be read from the CAN-bus. Table
6.2 provides the average value of the three sensors, at the beginning and at the end
of the charging process. The initial temperature is significantly higher if the EV has
been discharged by driving, compared to the slower stationary discharge via the auxiliary
system. However the difference in initial temperature does not appear to have an effect
on the measured capacity, which could be explained by the battery being cooled down to
15oC at the end of the charge. The two tests of FF02 had the largest difference in initial
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temperature 36.6oC and 26.2oC, but the measured capacity was almost the same, with
20.7 kWh for the warm test and 20.8 kWh for the cold.

The capacity measurement method is expected to be applicable for all car brands that can
be charged with DC via an external charger. Nevertheless, complications in understand-
ing the results can occur in case, for certain car models, the BMS makes more battery
capacity available over time. This aspect could be detected by a change in the minimum
or maximum voltage.

6.3.3 Model Simulation Results
In this subsection the model results from [118] are presented. The simulation that was
made in a collaboration with the Nissan Research Center is based on the theory provided
in Section 6.1. The model results are compared with the measurements, both from our
empirical methodology and from the CAN-bus.

The input to the model is described in [118]. The 24 kWh EV, such as the ones used at
FF, is subject to a year of measured outside air temperature in Denmark and providing
FCR-N with ±10 kW V2G chargers when grid connected. A representative 14-hour sample
of the frequency measured every second in Denmark is in the simulation repeated every
day for five years. The frequency sample is used to calculate the power response of the EV
according to the grid code which resulted in a daily energy throughput of 38.9 kWh. The
model includes a daily driving consumption of 6.2 kWh followed by a 6.2 kWh of charging,
so the total throughput is 51.3 kWh, initially corresponding to a 1.07 FEC per day. In
[118], the given air temperature and power profile result in an average 0.0021% capacity
loss per FEC during FCR-N provision.

Table 6.3 shows the result of the battery model. For each year it is shown how much
capacity loss in percent of the initial capacity the battery experiences due to calendar
ageing and cycle degradation. It can be seen that for this application the calendar ageing
is the major factor, but that the contribution decreases with time and mostly occurs in
the first year. The capacity loss due to the active usage is lower, but it is increasing as the
capacity is decreasing. After five years, the SOH is reduced with 15.73% where two thirds
of the capacity loss is due to calendar ageing and one third is due to the cycling ageing.

Table 6.3: Capacity loss due to cycle degradation and calendar ageing as well as the total
capacity loss; both per year and accumulated in the first 5 years of the EV life time.

Year Cal Cycle Total
∑

Cal
∑

Cycle
∑

Total
1 4.51% 0.81% 5.32% 4.51% 0.81% 5.32%
2 1.97% 0.88% 2.85% 6.48% 1.69% 8.17%
3 1.58% 0.96% 2.54% 8.06% 2.66% 10.72%
4 1.40% 1.05% 2.45% 9.46% 3.71% 13.17%
5 1.37% 1.18% 2.55% 10.83% 4.89% 15.73%

In Fig. 6.7, it is shown how the SOH evolves over time due to the isolated parts and the
total degradation. It can be seen that the SOH decreases faster in summer than in winter,
which is caused by the influence of the outside air temperature.
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Figure 6.7: Modelled SOH of a 24 kWh EV, with 14 hours of FCR-N provision and one
hour of charging resulting in 1.07 FEC per day.

6.3.4 Capacity Measurements
The charge capacity of the ten EVs at FF was measured six times over three years: Septem-
ber 2018, June 2019, October 2019, May 2020, November 2020 and May 2021. The ten
FF EVs were for the first test driven to the lab at Technical University of Denmark for
capacity testing, as seen in Fig. 6.8.

Figure 6.8: Capacity measurements at Technical University of Denmark - DTU Risø
Campus.

For each capacity test the measured SOH Ψmeas
t is shown in Table 6.4. In parenthesis the

SOH read from the CAN-bus (Ψcan
t ) is also provided. The N/A in the table is due to data

acquisition errors.

The first two measurement sets were carried out at the university laboratory, which means
that most of the discharging was done while driving 20 km from FF to DTU Campus. The
last four test rounds were performed at FF with the discharging done stationary via the
auxiliary loads. Therefore, some of the EVs had higher initial temperatures in the first
tests, which can be seen in Table 6.5, where the initial Tinit and end Tend temperatures are
given for each charge test (the end temperature in parenthesis). The reported temperatures
are the average of the three temperature sensor values.

In Fig. 6.9, Ψmeas
t is plotted against the age of the EV in years, together with the modelled
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Table 6.4: Ψmeas
t and (Ψcan

t ) [%] of the 10 EVs at FF
Sep. 2018 June 2019 Oct. 2019 May 2020 Nov. 2020 May 2021

FF01 89.2(91.0) 88.0 (88.6) 84.5 (87.6) 85.3(87.5) 83.6(87.8) 82.7(86.9)
FF02 90.0(93.1) 91.2 (90.7) 84.4 (90.2) 85.3(89.2) 81.6(88.6) 81.7(88.6)
FF03 89.7(93.0) 90.6 (90.1) N/A (90.3) 84.3(90.3) 84.5(89.1) 82.7(88.8)
FF04 90.4(93.0) 89.7 (91.8) 84.6 (90.1) 86.5(89.3) 82.1(88.3) 81.1(89.0)
FF05 91.3(92.5) 91.5 (91.1) N/A (90.1) 85.8(89.2) 82.6(88.6) 83.9(88.2)
FF06 90.8(93.1) 90.0 (91.6) N/A (90.8) 87.5(90.5) 75.3(89.0) 82.5(89.2)
FF07 89.1(92.0) 90.2 (90.0) 84.3 (89.8) 84.6(89.2) 81.4(87.9) 81.8(88.3)
FF08 91.7(91.9) 90.8 (92.2) 85.2 (90.1) 84.2(89.0) 82.9(88.8) 83.9(88.1)
FF09 91.1(91.5) 86.7 (90.3) NA (89.0) 87.0(88.2) 81.9(87.4) 81.4(87.0)
FF10 88.6(91.8) 85.4 (91.3) 84.4 (89.8) 84.5(89.3) 81.7(89.0) 80.7(85.3)

Table 6.5: Average battery temperature at the start Tinit and end (Tend) of the charge,
for the 10 EVs at FF

Sep. 2018 June 2019 Oct. 2019 May 2020 Nov. 2020 May 2021
FF01 28.5(16.3) 24.3 (15.4) 15.2 (15.7) 19.7(15.0) 17.8(15.2) 15.2(15.7)
FF02 24.2(N/A) 35.6 (15.2) 15.1 (15.6) 16.6(14.8) 9.1(14.9) 9.9(16.5)
FF03 24.4(14.7) 28.6 (16.7) N/A (N/A) 18.4(15.7) 15.0(N/A) 13.8(12.1)
FF04 25.9(16.1) 37.9 (18.3) 15.2 (15.7) 16.6(14.6) 9.7(15.3) 14.6(15.8)
FF05 27.1(15.9) 32.6 (17.1) N/A (N/A) 18.0(15.3) 8.0(N/A) 10.0(16.8)
FF06 29.4(15.8) 29.8 (16.6) N/A (N/A) 23.4(16.0) 8.1(N/A) 14.5(15.2)
FF07 21.9(14.9) 36.6 (19.6) 18.5 (14.9) 22.5(15.5) 8.3(14.6) 17.2(16.0)
FF08 25.7(15.3) 25.2 (19.2) 15.1 (15.3) 18.4(15.0) 13.8(18.0) 17.7(15.5)
FF09 23.9(15.0) N/A (15.6) N/A (N/A) 21.7(15.6) 8.6(14.8) 15.0(15.3)
FF10 23.7(15.6) 23.8 (19.2) 15.5 (15.6) 19.1(15.6) 12.6(N/A) 12.8(11.8)

SOH affected by the total degradation (calendar and cycling). The modelled SOH matches
the trend of the capacity measurements, but for most of the EVs the measured degradation
is worse.

Figure 6.9: Comparison of measured SOH Ψmeas
t with the SOH model output (thick line).

The Ψcan
t is also plotted against the EV age, together with the modelled SOH in Fig. 6.10.

The Ψcan
t follows the model results but generally is above the line.

The measured capacity loss appears to be accelerating while the BMS estimates the oppo-
site trend of less added degradation. Figure 6.11 compares Ψmeas

t vs. Ψcan
t , which shows

that the BMS is increasingly overestimating the SOH.

6.3.5 Incremental Capacity Analysis
The ICA method as a SOH estimation tool for EVs has been investigated. The ICA
method has been applied to the measured pack voltage and current during the full charges
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Figure 6.10: Comparison of SOH reading from EV CAN-bus, Ψcan
t with SOH model output

(thick line).

Figure 6.11: Comparison of CAN-bus SOH reading Ψcan
t with the SOH measurement

Ψmeas
t . The straight line shows the relationship Ψcan

t /Ψmeas
t = 1.

used for the capacity measurements. The IC was calculated first for the base case Nissan
e-NV200 Evalia to show the initial peak and valley locations. Two vehicles (FF08 and
FF10) were chosen for ICA and the results are shown in Fig. 6.12b and 6.12a with the
corresponding SOH measurement shown in the figure label.

There are characteristic peaks and valleys appearing when performing ICA. The peak and
valley locations on car level are consistent with the measured SOH. The peaks lowers and
moves to the right when the ICA is done for the older battery measured to have a lower
capacity. For FF08 the ICA of the last three charges are very similar, corresponding to
the small difference in the result of the capacity test.
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It is an advantage of the ICA method that the EV does not have to be completely dis-
charged as there are no valleys or peaks below 350 V.

(a) ICA of Evalia and FF10.

(b) ICA of Evalia and FF08.

Figure 6.12: Incremental Capacity vs. terminal voltage during the constant current phase
of the Nissan e-NV200 Evalia and two FF EVs for each test round. The SOH shown in
the legend is the results of the charge capacity measurement.

6.3.6 Economic Cost of Degradation
There is an associated cost of the battery degradation as part of the energy capacity is lost.
Assuming a battery cost of 180 €/kWh [130], a 24 kWh EV would cost €4320. According
to the simulation result, there is a 1% capacity loss per year due to the added energy
throughput. This is related to the minimum SOH of 50% of a second life application,
where the battery has lost all value, thus the cost of battery degradation due to FCR-N
provision is found to be 86 €/a.
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6.4 Summary
An empirical method to measure the battery capacity of EVs without violating the war-
ranty of the battery is presented. The method requires a DC charger and equipment to
measure the voltage and current flow from the charger to the EV and the low voltage
consumption at the auxiliary 12 V battery. This is used to measure the capacity of a fleet
of ten EVs that on average delivers FCR-N for 15 hours per day.

The battery capacity of the ten EVs is measured six times over a period of three years,
the last three years of the five years of service operation. The usable battery capacity
was initially 23 kWh: after two years on average is reduced to 20.7 and after five years
is reduced to 18.9 kWh. The separation of the capacity fade caused by the significant
energy throughput due to V2G service provision from the unavoidable part caused by
the battery ageing is provided from the simulation of a industrial battery model. The
measured capacity is compared with the results of the model, which predicts a similar
degradation, but assigns two thirds of the capacity loss to the ageing and one third to
cycling. The simulated SOH is, after five years of V2G services, predicted to decrease to
84.3%, which corresponds to a remaining usable capacity of 19.4 kWh.

As part of the investigation, the proposed method has been discussed with reference to
the ICA method. The ICA is applied on the pack voltage and current during full charges.
Characteristic peaks and valleys corresponding to the measured SOH are appearing when
performing ICA. The results obtained in this paper strongly indicates that the ICA method
can be applied on car level for EV battery pack SOH estimation, but only when having
real capacity measurements of EVs with similar degradation as a reference.
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Chapter 7

Conclusions and Future Work

7.1 Research Questions
Q1 What is the demand for public chargers and how much could it be reduced

by enabling charging at shared parking lots at households and workplaces?

The role of DC fast charging amounts to 3% of the total driving demand which
corresponds to supplying the range extension for daily driving distance above 300
km. The fast charging infrastructure is not seen as a direct competitor to destination
charging, due to the significantly higher cost and the increased inconvenience for the
electric vehicle (EV) owner to go out of their way to charge.

It is found that 78% of the energy for driving could be covered by charging on
private property at the household, while the residual must be supplied outside the
household. 11% of the energy consumption could be covered by charging on a shared
parking facility next to the household. Providing chargers at these locations could
reduce the need for public charging points (PCP) with up to 58%. For commuters
without a home charging option, workplace charging plays an important role and
could reduce the need for PCPs with 68%. With the right regulatory framework
and incentives, enabling both the charging at the shared parking facilities at the
household and at the workplace there is a potential to reduce the need for public
charging with 87%, ultimately leaving only 2.4% of all driving distance to be served
by PCPs.

The residual demand for charging that can neither covered by charging at the house-
hold nor the workplace can to a large extend be provided with destination charging
where cars spend the most time. Those locations are shopping, entertainment and
sports facilities. Based on the average time a car spends at these locations during
a week it is possible to cover charging corresponding to more than the full driving
demand.

The analysed EV data showed that EV drivers have a similar driving behaviour as
ICE vehicle drivers, when it comes to driving times and distances. The charging
data showed that the worst case coincidence during the year was 23% of the EVs
charging at the same time. The time of use tariffs such as the one introduced in
California and in Copenhagen, can result in an increased coincidence of charging.

Q2 How can statistical analysis of system frequency determine an appropriate
frequency regulation power for a certain battery capacity?
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Analysis of six years of frequency data showed that FCR-N provision with a capacity
of 10 kW for 15 hours in 99% of the cases result in receiving less than 30.5 kWh or
delivering less than 31.1 kWh of energy. An EV with a 40 kWh battery and an
available SOC range of 30− 90% could then only deliver FCR-N for 15 hours with a
capacity of ±3.9 kW. The statistical limits are only valid when the reserve capacity
is the same in all hours and no power is used to reduce the energy balance.

By using the frequency as scenarios in an optimisation problem it was found that
the FCR-N capacity could be increased to 6.9 kW without resulting in saturation
or depletion of the battery. This is however based on full knowledge of the future
energy content, which is not the case in reality. When the optimisation was given the
same FCR-N schedule for 2016 and the energy content of 2017, it was not possible
to calculate the baseline power that avoided saturation and depletion. In chapter
five, a simple control strategy was tested for 6 kW of FCR-N capacity and found to
result in saturation or depletion and in less than 1% of the time.

The FCR-N service description requires a guarantee of 100% deliverance of power. A
storage unit with limited energy capacity can only achieve this if it commits less than
half of the rated power capacity for FCR-N, reserving half the power for maintaining
the SOC. If the TSO instead handled the service as a stochastic problem and required
deliverance with a certain e.g. 99% confidence, it would be possible for the storage
unit to provide FCR-N with minimum 33% more power.

Q3 What is the resulting energy throughput of delivering frequency regula-
tion?

The average throughput during the last six years was 8.18 kWh/day per kW of FCR-
N capacity. For an EV delivering FCR-N for 15 hours per day with 9 kW capacity
it would correspond to a throughput of 46 kWh/day. This is however not including
the needed energy for maintaining the SOC during service provision.

The real energy content of the frequency of 2016 was used as scenarios in a stochastic
optimisation, where the minimum amount of energy for maintaining the SOC was
calculated. A 10 kW V2G charger was assumed but only 6.9 kW was committed for
FCR-N while the remaining was used for maintaining the SOC, which resulted in a
throughput of 40 kWh/day, not including driving. The 8.18 kWh/day scaled with
a 6.9 kW capacity results in an average throughput of 35 kWh/day which means
that the baseline changes due to the need to maintain the SOC caused an increasing
throughput of 5 kWh/day.

The measured throughput from the ten EVs at Frederiksberg Forsyning was 50.6
kWh/day including driving and 40.6 MWh/day excluding driving, which is the same
as the simulation result but for an EV with a battery capacity of 24 kWh instead of
40 kWh as in the simulation.

Q4 How can the battery state of health of EVs be measured?

An empirical method to measure the battery capacity of EVs without violating the
warranty of the battery was presented. The method requires a DC charger and
equipment to measure the voltage and current flow from the charger to the EV and
the low voltage consumption at the auxiliary 12 V battery.

The method was used to give a unique empirical insight into what V2G can do to
batteries performing an energy demanding form of grid service. This is done by
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measuring the capacity of a fleet of ten EVs that on average delivers FCR-N for 15
hours per day.

The proposed method has been discussed with reference to the ICA method. The
ICA was applied on the pack voltage and current during full charges. Characteristic
peaks and valleys corresponding to the measured SOH are appearing when perform-
ing ICA. The results obtained in this paper strongly indicates that the ICA method
can be applied on car level for EV battery pack SOH estimation, but only when
having real capacity measurements of EVs with similar degradation as a reference.

Q5 What amount of battery degradation is expected due to frequency regu-
lation delivery?

The battery capacity of the ten EVs is measured six times over a period of three
years, the last three years of the five years of FCR-N operation. The usable battery
capacity was initially 23 kWh: after two years on average is reduced to 20.7 and after
five years is reduced to 18.9 kWh. The separation of the capacity fade caused by
the significant energy throughput due to V2G service provision from the unavoidable
part caused by the battery ageing is provided from the simulation of a battery model.
The measured capacity is compared with the results of the model, which predicts a
similar degradation, but assigns two thirds of the capacity loss to the calendar ageing
and one third to cycling. The simulated SOH is, after five years of V2G services,
predicted to decrease to 84.3%, which corresponds to a remaining usable capacity of
19.4 kWh.

There is an associated cost of the battery degradation as part of the energy capacity
is lost. According to the simulation result, one third of the measured capacity loss
corresponding to 1%/a is due to the added energy throughput with a cost of of 86
€/a.

Q6 What is the value of smart charging and delivering frequency regulation
with EVs?

For an average year, the frequency, FCR-N capacity payment and up and down
regulating power prices, for 10 kW capacity result in a revenue of 1578 €/a. As it
was found that 6.9 kW is the maximum power that can be committed for FCR-N,
it results in a revenue of 1096 €/a. The cost of the measured battery degradation
(86 €/a) and the measured 3.3 MWh/a of conversion losses (263 €/a) related to the
service provision adds up to 349 €/a, which results in a profit of 747 €/a. Assuming
a V2G charger with an investment cost of €4000, depreciated over ten years with a
cost of 400 €/a, it would reduce the profit to 347 €/a, but still result in a positive
business case. The conversion loss could be reduced with 50% in the future if more
mature products achieve an average efficiency of 0.9.

Delivering FCR-N while charging with the on-board charger does not give any addi-
tional throughput, but it gives a 20 times lower revenue. According to the average
prices of the six-year period, unidirectional charging could generate a revenue of
49 €/a for 1.15 kW of FCR-N capacity. There is a cost of 13 €/a for energy losses
due to the low charge power related to delivering the service, reducing the profit to
36 €/a. If the losses are paid with the household electricity price it would almost
cancel out the revenue. Unidirectional FCR-N should be scheduled in the hours after
midnight where prices are highest. This period often coincides with the hours with
the lowest spot market prices. Thus, the capacity payment could be added on top
of the savings from the time of use tariff (108 €/a) and from the spot market prices
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(99 €/a), resulting in a combined profit of 243 €/a.

Daily postponing the charging time results in a lower average SOC over the year,
which is found to significantly reduce the loss of SOH.

7.2 Future Work
Future work involves taking socio-economic aspects into account when calculating demand
for public chargers, since high income households are expected to be more likely to buy a
long range EV. Future work should also involve assessing the efficacy of specific regulatory
framework and incentives to accommodate the charging infrastructure development.

Future work involves measuring the battery capacity of other 24 kWh Nissan e-NV200 EVs
with the same age that have not delivered frequency regulation, to validate the impact
of the increased energy throughput. The capacity test method is validated with repeated
tests on new and old Nissan e-NV200 as presented here. The method has been validated
with Nissan LEAF EVs (24, 30, 40 and 62 kWh). Additional work should include the
validation of the method on EVs from other brands.

The effect of different SOC balancing strategies have not been investigated to the full
extent, which means that other strategies might be more effective in containing the SOC.
An approach implementing a dead band was chosen, to minimise the use of correcting
power and thereby the associated energy loss. It might, however be more economically
feasible to increase the energy loss with a more strict control to be able to increase the
FCR-N capacity.

The analysis of the energy content of the frequency have been based on the current set of
tender conditions used by Energinet. The analysis of the PSH service in NGESO showed
that the grid code significantly can reduce the experienced energy content despite the
frequency being significantly more volatile. The amount of FCR-N capacity that can be
delivered by a storage unit might change significantly in the coming years, after changes
to the grid code has been conducted.

The frequency energy content has a pattern that follows the load ramp and the market
structure. It was expected that the use of scenarios in an optimisation could take advan-
tage of the positive or negative expected energy content at some hours of the day being.
However since some days has the opposite behaviour the deterministic simulation did not
gain any value from the pattern. The author however believe that further statistical anal-
ysis of the frequency energy content could have a value in the scheduling phase of the
service provision.
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Population Nµ People/km2 Cars/Person µpriv µsh µwork Nν Distance/Car νpriv νsh νwork1
νwork2

Denmark 5728940 56328 126 0.48 77.5% 12.9% 55.5% 23840 44.97 km 80.9% 11.1% 13.0% 5.6%
Copenhagen 632340 15610 8231 0.22 22.0% 21.7% 46.3% 1224 36.0 km 19% 24% 52% 35%
Aarhus 280534 7063 2854 0.29 59.2% 21.9% 51.1% 696 45.2 km 61% 19% 28% 15%
Odense 180302 4900 2276 0.36 68.6% 15.2% 56.3% 551 39.5 km 67% 17% 30% 15%
Aalborg 117351 3547 2330 0.34 58.6% 25.5% 56.6% 377 48.5 km 51% 34% 37% 14%
Frederiksberg 104305 3142 11979 0.29 15.6% 26.1% 40.2% 286 32.7 km 30% 15% 37% 28%
Gentofte 74830 2045 3129 0.41 65.5% 11.0% 49.6% 261 37.6 km 75% 7% 17% 12%
Esbjerg 72037 2068 1654 0.42 72.3% 19.0% 60.7% 286 38.0 km 79% 15% 16% 3%
Gladsaxe 69112 2451 3198 0.36 59.0% 24.8% 55.5% 491 34.9 km 50% 26% 35% 16%
Randers 62482 1712 1936 0.41 70.5% 19.4% 51.7% 236 49.5 km 75% 17% 20% 7%
Kolding 61121 1730 1608 0.42 75.9% 13.4% 60.6% 249 52.3 km 78% 13% 18% 9%
Horsens 59449 1499 2082 0.40 77.5% 13.4% 59.1% 211 48.6 km 82% 9% 13% 7%
Vejle 57655 1526 1744 0.40 72.2% 18.3% 58.9% 215 50.4 km 79% 14% 15% 7%
Lyngby-Taarbæk 55903 1595 3056 0.39 63.8% 21.7% 54.5% 189 37.8 km 54% 34% 29% 9%
Hvidovre 53505 1375 2857 0.34 61.3% 28.6% 48.9% 159 34.9 km 50% 30% 33% 18%
Roskilde 51262 1829 2417 0.37 58.9% 30.5% 56.7% 360 39.0 km 56% 32% 32% 11%
Herning 50332 1385 1551 0.40 80.5% 14.2% 57.9% 187 48.8 km 78% 11% 15% 8%
Helsingør 47360 1262 2646 0.40 68.5% 18.7% 54.7% 139 37.8 km 55% 21% 32% 20%
Silkeborg 46923 1394 1652 0.41 83.4% 11.5% 60.5% 181 46.6 km 83% 12% 14% 5%
Næstved 43803 1244 2036 0.40 73.0% 20.3% 56.6% 148 44.4 km 59% 31% 19% 10%
Greve Strand 43309 1168 1977 0.43 78.2% 19.7% 51.9% 153 43.8 km 80% 16% 14% 4%
Tårnby 42539 1084 3119 0.38 71.6% 18.7% 54.7% 134 38.2 km 76% 15% 23% 11%
Fredericia 40981 1217 1512 0.43 70.9% 17.8% 49.8% 152 42.8 km 78% 12% 16% 8%
Viborg 40778 1150 1620 0.41 75.4% 20.2% 58.0% 163 43.8 km 76% 21% 20% 1%
Rødovre 40551 1010 3612 0.34 54.7% 32.5% 54.5% 122 33.3 km 59% 32% 20% 5%
Ballerup 39528 1125 2518 0.39 63.9% 29.8% 58.6% 126 30.8 km 68% 24% 24% 5%
Køge 37754 1040 2032 0.37 71.7% 21.8% 57.7% 148 45.0 km 75% 16% 20% 9%
Holstebro 36643 1095 1577 0.42 81.0% 12.3% 59.1% 141 48.5 km 76% 16% 13% 5%

Table 1: Key figures for Denmark and the 27 largest cities. Nµ and Nν are the number
of interview sessions/samples each estimate is based on.
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A B S T R A C T

Electric vehicles can be used for delivering primary frequency control (PFC) and the revenue can compensate for
the costs of driving. However, the average system frequency can be biased over the hour, which can lead storage
units performing PFC to become either fully charged or depleted. This is also called the energy content of the
frequency. Another important role is played by the V2G charger efficiency, which negatively affects the service
energy flow. In this paper, the characterisation of the charger and the influence of the losses are detailed. Real
frequency and market data are used for calculating the revenue under the Nordic regulatory framework.
Earnings are calculated for the best case where the future energy content is known in advance. The results show
that, in order to fulfill the service delivery specifications, a crucial role is played by the bid power compared to
the size of the energy storage. Recommendations are given in order not to fail regulatory requirements along
with considerations on the influence of service provision on the degradation.

1. Introduction

The electrification of the transportation sector is expected to sub-
stantially facilitate the use of electric vehicles (EVs). Controlling the
charging would make it possible for the EVs to minimise their energy
costs through adaptive/predictive charging and for the power grid to
achieve multiple operational objectives simultaneously [1]. The use of
EVs for providing ancillary services to the power system can be an
additional revenue for EV owners and can assist the integration of
larger amounts of renewable sources [2,3]. A fast response of battery-
based energy resources can cover the regulation requirements of sig-
nificantly larger generating units with slower ramp rates, which are
decreasing in numbers, as the generation is transitioning towards re-
newable production [4].
Any kind of smart integration of EVs with the power system can rely

on either bidirectional or unidirectional charging [3,5]. The unidirec-
tional integration has been defined by the authors in [6] as a power
adjustment maintained from a particular moment, for a certain dura-
tion, and at a specific location. External bidirectional DC chargers en-
able the bidirectional integration and can substantially increase the
capabilities and profitability of EVs, since they are able to offer power
to the system, a concept referred to as Vehicle-to-Grid (V2G) [7,8].
Unidirectional integration involves limiting the power of the

internal EV charger with no extra infrastructure, other than the com-
munication and control system [3]. In this case, the EV can still be used
for both upward and downward regulation services, as the power can
either be decreased or increased. Because of the inexpensive setup and
the relatively high losses currently associated with V2G chargers, Ref.
[9] concludes that only unidirectional services are feasible in practice.
Unidirectional integration involves no additional charged energy be-
cause the efficiency of the charger does not change significantly when
reducing power [10], and since no discharge occurs, there is no addi-
tional cost of energy or wear of the battery.
A suitable ancillary service for EVs is primary frequency control

(PFC), because it is compensated per power capacity and the energy
requirements are relatively small. It is beneficial for EVs because they
can have a large power capacity and very fast response, but limited
energy capacity [11]. In this service, loads/generators are expected to
modify their consumption/production according to the frequency de-
viation signal in a linear way, as contracted with the Transmission
System Operator (TSO) [12].
The TSO will not make contracts with individual EVs because their

contribution is negligible, and it would be an excessive burden to trade
and control the service of so many units. The minimum bid size of PFC
in Denmark is 0.3MW. There has to be an entity that pools the re-
sources and makes a collective bid, referred to as the aggregator. The
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value of each EV as a resource for the aggregator depends both on the
period length it is connected and available for the grid and how pre-
dictable the plug-in and plug-out times are. Ref. [13] finds that by
analysing the individual user profiles, the average EV can deliver one
hour more of PFC with the same reliability compared to when the plug-
in prediction was based on the overall group behaviour. By bidding less
than the full capacity, the aggregator of a large group of EVs can make
sure that the departure of a few EVs does not compromise the delivery
of the service, as the remaining capacity can be used to compensate.
The overall charged energy or state of charge (SOC) of a large fleet is
also more predictable than the SOC of individual EVs and the ag-
gregator can distribute the charging and discharging between the EVs
to align the SOC, so it is only necessary to estimate the average [14].
Modern optimisation methods can be used to schedule and bid in

the reserve market and the day ahead spot market, to achieve an op-
timal economic performance. In [15], the authors calculate the optimal
regulation bid in terms of capacity payment with dynamic program-
ming. The purpose of the method is to maximise the value of the reg-
ulation and fully charge the EVs in the hours when the spot prices are
lowest. The problem in this approach is that it assumes that the positive
and negative regulation is equal and results in zero energy exchanged
with the grid over time.
If the frequency deviation is unbiased, i.e. its integral over a time

period is zero, then the overall energy exchange between the EV and the
grid would be very small. However, frequency deviations can be sig-
nificantly biased in consecutive hours, which could lead to relatively
large energy exchanges. The energy content of the frequency is not a
problem for a thermal power plant, but for a storage unit like an EV
with a limited battery capacity, it is very likely that the batteries will be
fully charged or depleted within the reserve provision period; in that
case, the aggregator will not be able to provide the committed reserves.
Ref. [9] takes the energy content into account in the scheduling phase
when making an optimisation with dynamic programming, but only for
unidirectional PFC and only when the same reserve capacity is deliv-
ered in all the hours. Ref. [16] is scheduling delivery to the Automatic
Generation Control to the California Independent System Operator,
which is a secondary control that is high-pass filtered to have a zero
energy content over an hour, and has a performance-based compensa-
tion.
In Europe, PFC has a capacity-based payment, as it is contracted to

guarantee delivery. In ref. [17], PFC in Regional Group Continental
Europe (RG-CE) is analysed and the variance of frequency is causing an
uncertainty for the State of Charge (SOC) of storage units delivering the
service. The revenue is found to be increased by up to 25% by co-op-
timising the day-ahead scheduling of PFC and self consumption, com-
pared to only delivering PFC. In order to have an optimisation time step

like the spot market, ref. [17] calculates the average normalised fre-
quency deviation over the hour. In order to get a linear problem, the
charging and discharging efficiency is added to the normalised fre-
quency before the hourly deviation is calculated. Both methods are
applied in the present manuscript, but more analysis is given to the
consequences of these simplifications.
Ref. [18] shows that when not committing the full power capacity of

a battery for PFC, the remaining power can be used for constraining the
SOC by changing the operating point during operation. Ref. [18] finds
that a wide range of allowed SOC is preferable to minimise the use of
correcting power, because some energy content cancels out the pre-
vious.
The average daily driving distance of cars with internal combustion

engines in Denmark is 45 km/day, which considering an average con-
sumption of 5 km/kWh results in a consumption of 9 kWh/day. As the
battery capacity of the new EV models increases, the daily energy use
becomes a smaller part of the total capacity. The EV therefore does not
have to be fully charged at the end of service provision, as for instance
assumed in [9,15]. It is possible to provide PFC until the EV is needed
for driving without allocating time for pure charging, when it is not
required to have it fully charged.
In [19], a data-driven model based on historical Automatic Gen-

eration Control activation data is presented, modelling the uncertainty
of SOC as a function of the reserve capacity and provision time. In ref.
[11], the energy content of the frequency in the Nordic grid is modelled
as an increasing confidence interval as a function of the service provi-
sion capacity and duration. The uncertainty can only be modelled as an
interval when the same PFC capacity is delivered every hour. This way
of modelling the PFC energy content is only accurate when the reserve
capacity is constant during the whole period, because the energy con-
tent of a certain hour is correlated with the content of previous hours.
This relationship is used by [20] to predict the future energy content
based on the values of the last two hours. By using scenarios it is pos-
sible to take the behaviour of the frequency into account without
having the same reserve capacity in all hours. The energy losses due to
charger efficiency are found to converge to an average value, that can
be approximated with a constant efficiency.
In the present manuscript, the real energy content of the frequency

in the periods where the service is delivered, is used as scenarios in a
stochastic optimisation. This gives a more accurate modelling of the
behaviour of the energy content. The method of using scenarios to make
a robust schedule is also suggested by [21], where 100 scenarios are
generated from a Gaussian distribution per period. This does not cap-
ture the correlation between the hours and specific time behaviour,
which can be exploited by using the real frequency for the scenarios.
An additional challenge is introduced by the efficiency of the

Nomenclature

ft System frequency at time t
yt Normalised power response for PFC on the grid side at

time t
ŷt Normalised power response for PFC on the battery side at

time t
Pt Power response from PFC at time t
Pcap Rated power of converter for both charging and dischar-

ging
N The number of measurements of the system frequency per

hour
n The period index during the year
k The number of hours in period n
ω, h Optimisation index; scenario/day index, hour index
Δt The optimisation time step
en

bias Normalised energy content of the grid frequency in hour n

en
bat Normalised energy delivered to the battery in hour n

SOCh,ω State of charge of the EV battery in a certain hour and day
SOC¯ , SOCUpper and lower limit of the State of charge
ch

E Electricity price at day-ahead spot market
ch

r PFC capacity payment
Ph

c, Ph
d Charging and discharging power scheduled day-ahead

Ph,
c , Ph,

d Charging and discharging power traded at the intra-day
market one hour before

Ph
r Committed power capacity for PFC reserve

ln
intra Intra-hourly energy loss at hour n

ln
bias Hourly bias loss at hour n

ln
all Total energy loss at hour n

Eh,ω Scheduled hourly energy flow in a specific hour
Q Battery capacity in kWh
ηc, ηd Charging and discharging efficiency
Edrive Energy consumption for driving

A. Thingvad et al. Journal of Energy Storage 21 (2019) 826–834

827



chargers, which causes energy losses to the EV batteries, and which
must be also accounted for, when bidding in the power markets. In ref.
[11] the energy losses due to charger efficiency are found to converge
to an average value, that can be approximated with a constant effi-
ciency. The authors of [22] have made an overview of literature stating
that losses in the charger are often neglected or considered very low.
While the charger efficiency presented in this paper does not make the
service provision technically impossible, it does reduce the profit dra-
matically and completely cancels out the profit if the electricity price is
including tariffs and taxes. This paper will present a comprehensive
characterisation of the charger efficiency to make the economical
analysis more realistic.
The main contributions of this paper are the following:

• Realistic earnings based on historical market data and charger ef-
ficiency.
• Analysis of accuracy of representing the charger losses on an hourly
basis.
• A method for optimal scheduling taking energy constraints and
frequency behaviour into account.
• Considerations on the consequences on the battery degradation
because of intense service provision.

The remainder of the paper is structured as follows. Section 2 pre-
sents an overview of the grid code regarding provision of PFC in the
Nordic countries, and to which extent the EVs can deliver the service by
different charging methods. The section also presents measurements of
the efficiency of a commercial V2G charger. Section 3 contains a de-
scription of the behaviour of the frequency and how it affects the SOC of
the EV during PFC provision. It also presents an analysis how the fre-
quency affects the charger losses, caused by continuous charging and
discharging and how this can be estimated on an hourly resolution.
Finally, the section presents the optimisation model and cost function.
Section 4 presents the results of the optimisation, which are validated
based on full resolution time series simulations, and the charger loss
estimation errors are calculated. A discussion on the influence of bat-
tery degradation concludes the section. Section 5 concludes the paper.

2. Background

2.1. Frequency normal operation reserve

The Danish power system is part of two synchronous zones: Western
Denmark (DK-1) is a part of RG-CE, and Eastern Denmark (DK-2) is a
part of the Regional Group Nordic (RG-N). DK-2 is the focus of this
paper. In both parts PFC reserve is paid per available power capacity,
Pcap, for each hour, independent of how often and how much the re-
serve is activated, and the price is determined by the market. Fig. 1
shows the average capacity payment in DK-1 and DK-2 during the day.
The average capacity payment for the last two years is 21.4 EUR/

MW per hour in DK-1 and 24.1 EUR/MW per hour in DK-2, but the
capacity payment in DK-2 is close to three times higher than in DK-1
during the night, where the EVs are often available for grid services.
The prices in DK-2 were lower in 2015 because it was a year with

extraordinary high amount of rain in the Nordic region, which caused
the hydro power plants to deliver more reserve than usual and thereby
caused the prices to decrease. Apart from the hourly variability of the
regulation prices, a seasonal variability is also observed, with prices in
summer generally being 30% higher than in winter. This is caused by
the large number of combined heat and power plants in the system, that
are only delivering services in the winter, when they also are delivering
heat. The PFC service in DK-2 is called Frequency Normal-operation
Reserve (FNR), and has the average seasonal prices shown in Table 1.
The Transmission System Operators (TSOs) in RG-N are jointly re-

sponsible for procuring 600MW of FNR reserves, proportional to each
TSO's share of the production. The service is bought on market terms

one or two days ahead with a minimum bid size of 0.3MW. FNR is a
symmetrical service, which requires the provider to offer the same
power capacity for upwards and downwards regulation. Frequency
reserves must be provided linearly, with full activation for deviations
of± 100mHz, without a deadband. For a frequency value ft at time t,
the normalised response yt is calculated as

=
<

>
y

f
f f

f

1, if 49.9 Hz
( 50)/0.1, if 49.9 Hz 50.1 Hz

1, if 50.1 Hz
t

t

t t

t (1)

The power required by the service provider at time t is calculated as

=P P y·t tcap (2)

2.2. FNR provision with electric vehicles

FNR can be provided with series-produced EVs in two ways; by
modulating the unidirectional power flow using the on-board 3.7 kW
charger seen on the right of Fig. 2, or with an external bidirectional
charger seen on the left of the figure. Fig. 2 shows the different charging
options for Nissan LEAF, which is considered in this study.

(1) Potential value of unidirectional FNR: The lowest charging value
allowed by the IEC 61851 and SAE J1772 standards is 6 A. The max-
imum possible reserve, when performing unidirectional FNR with a
single EV, is obtained by setting the charging set point to 11 A. In that
case, the current can be modulated with±5A in a range of 6–16 A,
giving a FNR capacity of± 1.15 kW [3].
Providing FNR with the internal charger involves low installation

cost because all power conversion occurs inside the EV. The dis-
advantage is that the service can only be provided until the EV is fully
charged, which on average would be after receiving 9 kWh (45 km) of
energy. Several series-produced EVs have been found to have an effi-
ciency of the on-board charger of around 90% [10]. Given the daily
driving consumption, the efficiency of the charger and a charge cycle
with an average of 11 A (2.5 kW), the EV would be fully charged in 4 h.
Using an EV with a higher charging power or energy capacity would not
increase the revenue, since the limiting factor is the energy demand
from driving. The average charging time is 4 h, which means that in the
days where the frequency on average is too high, the EV would charge
with higher power and be fully charged sooner. Three hours of service
would therefore be a more realistic estimate.

(2) Potential value of bidirectional FNR: Providing bidirectional FNR
lifts this time limitation, as the EV over time is expected to deliver the
same amount of energy to the grid as it receives, giving a zero energy
balance. It is therefore only the daily number of grid-connected hours
and the power capacity of the power converter that determines the

Fig. 1. Average hourly capacity payment in DK-1 and DK-2.
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potential capacity payment. Assuming that the EV is parked from 16:00
in the evening to 07:00 in the morning, it would be available for 15 h to
provide grid services. The energy company ENEL has produced a bi-
directional charger, seen on the left in Fig. 2, with a capacity of± 10
kW that via the CHAdeMO DC connection can be used to perform FNR
with all series-produced EVs using that standard.
During a pilot project with the Danish TSO and DTU, a commercial

operation of EVs providing FNR in Denmark with 40 of the± 10 kW
V2G chargers and EVs. The used EVs are the Nissan e-NV200 with a
battery capacity of 24 kWh and Nissan LEAF with 30 kWh capacity. The
EVs do not allow discharging below 35% and cannot charge with full
power above 90%, which means that the available capacity is 13.2 and
16.5 kWh respectively. With a SOC in the middle of the range, the EVs
could both deliver and receive half of the amount, and could be fully
charged or depleted within 1 h. To handle this problem, the aggregator
is offsetting the power dynamically as a function of the SOC, to avoid
being fully charged or depleted. This is done even though the full
charger capacity has been committed for FNR, which means it does not
live up to the regulative requirements in the RG-CE or RG-N [23]. The
aggregator reports a yearly revenue of 1000–1400 EUR per EV, based
on an average plug-in time of 19 hours per day [24]. The experimental
results have shown that such an offset on a daily basis would get up to
5 kW. This means that in order to deliver the service with a capacity
of± 10 kW it would be necessary to have a±15 kW charger [23].

2.3. Characterising the charger efficiency

Since large amounts of energy are exchanged with the grid during
FNR provision, the efficiency of the power converter has a high impact
on the energy consumption. This paper presents a characterisation of
the V2G charger that can make the foundation for further usage with
new control algorithms. The characterisation is made by charging and
discharging with all possible power levels with a Nissan LEAF 30 kWh
battery at the whole range of SOC. The power is set on the DC side with
a granularity of 1 A, giving a step size of about 0.4 kW. The steady-state
powers on both sides of the charger are averaged over one minute and
divided to calculate the efficiency. The charging efficiency is found as
ηc= PDC/PAC and the discharging efficiency as ηd= PAC/PDC. The
whole range of power values are investigated for different SOC as
shown in Fig. 3.
The extremely low efficiency at power ratings below±3 kW is

caused by the standby loss not being a function of the power. The
voltage level on the DC side is a function of the SOC but does not have
an effect on the efficiency. Based on measurements of the energy losses
in the V2G charger performing FNR during 24 h, it was found that the
energy loss per hour converges to a certain value that corresponds to an
average efficiency of 80% [11]. The charging and discharging efficiency

is chosen to be equal ηc= ηd= 0.8, which will be used in the rest of the
paper.

3. Dispatching strategy

3.1. Frequency energy content model

The analysis has been based on a data set consisting of one year of
system frequency measurements from RG-N with a sample rate of 10 s.
The integration of frequency deviations of a given hour n, referred to as
the energy content or energy bias of that hour, is denoted by en

bias. For a
sample rate of ts = 10 s, the number of samples per hour is equal to
N=360. The per unit energy content (normalized per kW of regulation
capacity), is given by

=
= +

e
N

y t1 ·n
t N n

n N

t
bias

·( 1) 1

·

s
(3)

The distribution of en
bias for every hour of the year is Gaussian with

zero mean.
Since frequency is strictly related to the balance of a power system,

it is based on a multitude of power inputs and outputs from generators
and consumers. While some power injections are controlled by prime
movers, most of the remaining are randomly distributed. As a con-
sequence, frequency patterns will tend to follow a normal distribution.
The integral of frequency deviations is kept close to zero over time due
to the applied time control. Thus, the energy bias also tends to be zero
over time. However, the variance of the energy bias of k consecutive
hours does not increase linearly with k, because of the correlation of
en

bias for different hours. We introduce en
kbias, to denote the energy bias of

the period starting k hours before n and ending at hour n.
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It is now possible to calculate a confidence interval for the energy
content which the service provider could be asked to deliver or receive
with a certain probability. In Fig. 4, the 99.5th percentile of the energy
content is shown, as a function of k [11]. Note that the distribution of
en

kbias, for each k is symmetrical. Therefore, the 0.5th percentiles have the
same values with a negative sign.
The percentiles of the energy content are calculated per PFC capa-

city in kW and scales linearly with the reserve capacity. PFC provision
with± 10 kW for 15 h could result in receiving or delivering up to
31 kWh of energy, requiring an available battery capacity above
62 kWh. Using the 2018 Nissan LEAF with a 40 kWh battery and
35–90% of its SOC available, would mean that PFC could only be de-
livered for 15 h with a capacity of± 3.5 kW. The limitation of using this
description is that it holds only when the reserve capacity is constant
over k hours. Short term frequency deviations have a limited effect on
the SOC, but Fig. 5 shows the normalised energy content every hour of
2016 and it is seen that there is also a pattern of the hourly energy
content and that there are periods of the day where the EVs are ex-
pected to receive energy, and others where it is expected to deliver
energy to the grid. It is possible to extract more knowledge of the fre-
quency behaviour by defining the specific time of the day the service is

Table 1
Average seasonal FNR capacity prices for 2017.

Season Winter Spring Summer Autumn

EUR/MW 22.13 22.46 29.14 21.84

Fig. 2. Physical setup – Nissan LEAF with different charging options.

Fig. 3. Charger efficiency during charge and discharge cycles at different SOC
levels.
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provided, and which is the reason for using the energy content from
Fig. 5 as scenarios in a stochastic optimisation.
Ref. [11] showed that the short term frequency deviations are fol-

lowing the sunrise and sunset, which are also the times when there are
larger changes in the power consumption. It can be seen that the fre-
quency also on a hourly time scale has this behaviour, as it is often too
high or too low for an extended period of time. It should also be noted
how 1 h of over frequency often is followed by 1 h of under frequency.

3.2. Bias and intra-hourly losses

Continuously charging and discharging during reserve provision
will cause a loss of energy. The losses can be decomposed into two
parts. The first part is the bias loss, lbias, which is caused by the positive
or negative frequency bias and is given by Eq. (5).

=
<( )l

e e

e e

(1 ) if 0

1 if 0.n
n n

n n

bias
bias

c
bias

bias 1 bias
d (5)

The overall losses will be equal to ln
bias only if the EVs are only

charging or discharging during this period. If they are alternating be-
tween charging and discharging, which is the most common case when
FNR is provided, additional losses occur. The remaining losses can be
quantified by applying the effect of the efficiency to the full frequency
time series. The normalised power measured on the battery side of the
charger is denoted by ŷt , and the hourly energy received or delivered by
the battery is denoted by en

bat.
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The difference between the received energy and the pure energy
content is the total loss, =l e e| |n n n

all bias bat . After accounting for the bias
loss, the remaining losses occur every time power changes direction.
These losses are the second loss component and are referred to as intra-

hourly losses, ln
intra. The intra-hourly loss is the remaining loss after

subtracting the bias loss, =l l ln n n
intra all bias, and is the energy lost in the

charger because of continuous changing between charging and dis-
charging. Note that while the bias losses are proportional to the reserve
capacity, the intra-hourly losses depend on the power reference as well.
By power reference we refer to the power set-point when no reserve is
provided. Indeed, a high power reference will result in the EV mainly
charging and rarely changing to discharging mode; this will happen
only when frequency is very low. Fig. 6 shows the bias loss, the intra-
hourly loss and the total loss of every hour of 2016 against the energy
content of the specific hour and with a zero power reference. It shows
that the bias loss is proportional to the energy content and it accounts,
on average, for two thirds of the total loss with l̄ bias=0.0571 p.u. ln

intra

is larger when the energy content is low, as in those cases power most
often changes direction and on average is equal to =l̄ 0.024intra p.u. As
the energy content increases in absolute value for a given hour, fre-
quency is predominantly positive or negative throughout this period
and power rarely changes direction, resulting in very low lintra losses.
The intra-hourly loss is different for every en

bias level, depending on
the exact evolution of frequency, but scales linearly with the reserve
capacity, Ph

r, if the set point is zero. The dependency of the operating
point on the average intra-hourly loss is shown in Fig. 7. It is shown that
the intra-hourly loss is reduced to zero when the charging power is
larger than the reserve capacity, as it will never discharge.

Fig. 4. 99.5th percentile of the distribution of ebias,k as a function of k.

Fig. 5. The values of en
bias of each hour of the year 2016.

Fig. 6. Hourly bias loss, intra-hourly loss and total loss of every hour of 2016
vs. the energy content in that hour, with Ph

r =1kW and Ph
c=0.

Fig. 7. Average intra-hourly loss. White area represent the combinations larger
than the power capacity of the charger.
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3.3. Linear model of energy flow

The FNR regulation capacity, Ph
r, and the day ahead schedules (Ph

c

for charging and Ph
d discharging) are traded the day before, and are

therefore the same for all scenarios. If less than the full power capacity
is committed day-ahead, then the remaining power can be used in the
individual scenarios for buying or selling additional energy at the intra-
day market. It was found that because of the large variance in the en-
ergy content, it is never economical to schedule charging at the day-
ahead market, as it limits the flexibility for providing reserve. This is
the case, even when assuming that the price on the intra-day market is
twice as high as on the spot market; all of the energy needed to correct
the SOC is bought at the intra-day market. The index ω is therefore
added to Ph,

c and Ph,
d to indicate the per scenario values for the intra-

day power schedules. For the scenarios the frequency deviations of each
hour from 16:00 to 07:00 the following day were used. For each hour h
of a scenario ω, the normalized energy content including all losses, eh,

bat,
was calculated, considering a charger efficiency of ηc= ηd=0.8. eh,

bat

represents the energy flowing in/out of the battery at hour h and for
scenario ω, normalized per reserve capacity. This is the real energy
content experienced by the battery eh,

bat including all losses lh,
all when the

power reference is zero.
As already shown, the intra-hourly losses are a function of both the

reserve capacity and the power setpoint (see Fig. 7). In the case where
the power setpoint is different from zero, the total intra-hourly losses
are reduced. This effect is not taken into account when eh,

bat is scaled
with the reserve capacity Ph

r. This allows us to use a linear formulation
to express the total losses. The accuracy of this approach will be in-
vestigated in the following section.
The total energy exchange due to reserve provision is calculated by

multiplying eh,
bat with Ph

r. We must note again that this calculation is
exact only for zero intra-day power setpoints, as explained earlier. The
SOC of the battery SOCh,ω in scenario ω can then be calculated as

= + +P e P P T
Q

SOC SOC 1 .h h h h h h, 1, ,
c

c ,
bat r

,
d

d (8)

The variable SOCh,ω is in p.u. and the value at the next time step is
calculated by dividing the added energy with the battery capacity, Q,
which is chosen to be equal to 40 kWh as the 2018 Nissan LEAF.

3.4. Case description

The optimisation is based on the average capacity payment shown
in Fig. 1 for 2017, and it is assumed that a bid at this price is accepted.
In Denmark, the retail price is on average 0.32 EUR/kWh, in which the
price for the energy accounts for approximately 12%. However, for the
analysed case the mid-sized industrial customer price will be con-
sidered. The price does not include VAT and other taxes and it is on
average 0.08 EUR/kWh [25]. The reason for choosing this price is that
the service is delivered by a commercial aggregator, rather than a re-
sidential customer.
It is assumed that the average SOC of the EV fleet can be estimated

and is equal to 50% at the time of arrival. It is assumed that the EV
drives 45 km and consumes 9 kWh per day, which should be compen-
sated while it is connected to the charger so it should leave with a SOC
minimum 22.5% higher than it arrives, giving 72.5%. It is also assumed
that the plug-in time is known in advance, as is the case in the ACES
project, where the plug-in time follows the working hours of the mu-
nicipality who uses the fleet [26]. The problem of defining the avail-
ability is simplified by assuming that all EVs are at the disposal of the
aggregator between 16:00 in the afternoon and 07:00 the following
morning, at which time the SOC must be minimum 72.5%. The setup is
exactly the same as the real practical implementation in the ACES
project, where 20 Nissan EVs, located on Bornholm, are used to provide
FNR with the ENEL chargers for 15 hours per work day.

3.5. Problem formulation

The optimisation uses a set of 365 days as scenarios, each containing
the energy content of the relevant 15-h period. The objective function
contains the cost of energy for charging, the revenue for discharging
and the reserve capacity payment, as it is seen from the aggregator's
perspective. The costs are positive and the revenue is negative so the
objective function should be minimised.

=
c P c P c Pmin P P P

h
h h h h h hSOC, , ,

1

15
E

,
c E

,
d r rc d r
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subject to the following constraints, applied for ω=1, …, 365 and for
h=1, …, 15

+ +P P P Ph h h cap,
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,
d r (10)
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SOC SOC SOC¯h, (13)

where SOC=0.35 and SOC¯ =0.9 the minimum and maximum SOC
values respectively. The initial and final SOC conditions SOC1,ω=0.5,
SOC15,ω≥0.725 are the same for all scenarios. The sum of power for
charging, discharging and reserve capacity can not be larger than the
rated capacity of the charger, P_\textrm{cap}= 10.

4. Results

In this section, the results of several investigations will be presented.
In Section 4.1, the linear approximation model regarding the charging/
discharging losses is verified by comparing the actual and the real losses
for each scenario of the stochastic optimization. In Section 4.2, the
optimization results are validated for a set of out of sample scenarios
(i.e. scenarios not used in the uncertainty set), and using the real losses
during service provision.
For the optimisation problems the Yalmip environment in Matlab is

used, along with the Gurobi solver [27].

4.1. Validation of the linear approximation model of losses

A number of 365 scenarios, corresponding to year 2016, along with
the average FNR price for 2016 were used for the stochastic optimi-
zation, and the result is seen in Fig. 8.

Fig. 8. Top: SOC for each of the 365 frequency realizations of 2016 using the
linear approximation. The 15-h periods take place daily at hour 16:00–07:00.
Bottom: Reserve schedule in all scenarios, calculated for 2016 prices.
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The lines of the top graph show the evolution of the SOC for every
realization of 2016. The reserve schedule, which is always the same, is
seen in the second graph of Fig. 8. These results are obtained by as-
suming intra-day losses which correspond to a zero power setpoint.
However, this is not the case for every realization of frequency. In order
to calculate the approximation errors, losses were evaluated using the
full resolution time-series of frequency, and for the realized intra-day
rescheduled power setpoints for each scenario. The evolution of the
actual SOC (reflecting the real losses) for each realization is seen in
Fig. 9.
The simulation results are obtained by using an average, constant

efficiency of 80%. As shown previously, efficiency depends on each EV's
power setpoint (see Fig. 3). However, an aggregation of EVs can achieve
higher average efficiencies regardless of the power setpoints, by ap-
plying appropriate control methods [28]. As shown previously, even for
a constant considered efficiency, the intra-hourly losses depend on the
power setpoint, and in these simulations this effect is taken into ac-
count. The approximation error can be found by subtracting the SOC
calculated based on the full resolution time series (Fig. 9) from the one
calculated based on the hourly schedule (Fig. 8). In Fig. 10, the dis-
tributions of the accumulated approximation errors in the 365 scenarios
are shown, for each hour.
According to the optimisation results using the losses approximation

model, EVs receive 9 kWh every day, whereas the average energy ac-
cording to the full resolution time series (which is the real result) is
10 kWh. This is a result of the small overestimate of losses, which on
average accumulate to 1 kWh over 15 h, as seen in Fig. 10. Additionally,
in 99% of the cases, the losses overestimation amounts to less than
3 kWh. Compared to the EVs energy capacity of 40 kWh, the approx-
imation error are rather small.

4.2. Evaluation for out of sample frequency realizations

In this set of simulations, the same frequency scenarios from 2016
are used to obtain the FNR reserve schedule. Contrary to before, the
realizations of frequency correspond to 2017, and thus are not con-
tained on the uncertainty set. The optimal values of Ph,

c and Ph,
d are

calculated based on the energy content of each realization of 2017, by
using the deterministic counterpart of the stochastic optimization pro-
blem. The optimisation is in this case allowed to violate the energy
constraints with a high cost to make sure that the problem is feasible. A
simulation is also made with the same capacity in every hour, which is
the average capacity, P̄h

r = ±6.9 kW.
The real losses are calculated in the same way as in Section 4.1, to

obtain the actual SOC evolution for each realization (similar to Fig. 9).
In Fig. 11, the minimum, maximum, 1st and 99th percentiles of the
realized SOCs for every hour when following the regulation schedule
are shown with full lines. A few days in 2017 overall have either a
lower or a higher energy content than any day in 2016. It means that
the energy constraints are violated, as the schedule, based on the 2016
values, did not allocate enough power to correct the SOC. The dashed
lines in Fig. 11 shows the results for a fixed regulation capacity of±
6.9 kW in all the 15 h. In this case it is still possible to maintain the SOC
to the same degree as when following the schedule but not the final
value, as less correcting power is available in the last hour.

4.3. Economic results

Providing± 10 kW of FNR daily between 16.00 and 07:00 with the
average prices of 2017 would give a revenue of 1395 EUR per year. By
bidding all of the power capacity, and not leaving any power to correct
losses and the energy content, 88% of the scenarios will in the end of
the period have an SOC outside the range of the battery capacity. Such a
strategy would lead to SOC violations which would require either set
point adjustments or it would lead to failure in service delivery.
Nonetheless it would lead to the maximum potential earnings from

providing FNR with the full capacity, and is consistent with the results
from [7].
In the unidirectional case with the service provided during the hours

with the highest prices (from midnight and the following 4 h), and a
capacity of± 1.15 kW, the average prices in 2016 would give a yearly
revenue of 70 EUR per EV. Three daily hours would give a revenue of
52 EUR per EV. Four hours of unidirectional FNR service per day is the
best case, whereas 3 h are more realistic, for this driving behaviour. The
value of bidirectional FNR with the ENEL chargers is about 20 times
higher than FNR from unidirectional charging, because of the low
availability time and power range, as shown in Table 2.
Bidding FNR according to the optimised schedule gives a capacity

payment of 1118 EUR per year, and a consumption for both FNR and
driving of 6.7MWh, with a cost of 538 EUR per year. The 9 kWh of daily
SOC increases and the associated losses amounts to 4.1MWh per year
with a cost of 331 EUR. The energy for driving should be subtracted
from the energy consumption for the service provision, giving a service
cost of 208 EUR per year.
This describes the full value created by the EV and should be split

between the aggregator and the EV owner. A possible split is that the
owner gets free electricity for driving, while the aggregator can keep
the remaining profit, which is most of the revenue as the aggregator
only pays the industrial electricity price. In that case the aggregators
share is a yearly profit of 580 EUR per EV.
The average regulation power capacity over the 15 h is± 6.9 kW,

leaving±3.1 kW for correcting the SOC. A fixed schedule with the
same±6.9 kW regulation capacity in every hour would give a capacity
payment of 1107 EUR per year, close to the payment of the calculated
schedule. Using a fixed regulation capacity achieves the same results in
terms of respecting the energy constraints as the schedule when used
with the frequency from 2017.
The revenue is calculated with the historical prices and would in-

crease linearly if the prices go up in the future. This could be the case as
the demand for regulating power increases when the power system is
based on a larger share of renewable energy. On the other hand, an
increasing number of units delivering the service could also have the
opposite effect on the prices. The Danish TSO is nowadays procuring
50MW of PFC and the considered set of EV and V2G charger can
deliver± 6.9 kW, which means that the national demand can be sa-
tisfied with only 7246 EVs. It is worth noting that even though the
amount of reserve will increase with the increase of renewable gen-
eration, it has to be compared with the total number of vehicles in
Denmark, which is 2.3 million.

4.4. Value of not fully charging the EVs

Knowing that only a small part of the battery capacity is used for the
daily driving requirements, it is possible to provide FNR for more time,
using this flexibility. In Table 3 it is shown how much the minimum
SOC at the end of each period affects the yearly capacity payment. The
increased payment is caused by both longer regulation time and in-
creased average power capacity, P̄h

r .
The optimisation is also run on a seasonal basis with only 91 sce-

narios, which shows the that since there are more energy content in the

Fig. 9. Simulation with 10-s resolution frequency time series of 2016. The 15-h
periods take place daily at hour 16:00–07:00.
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winter, the regulation capacity must be reduced and therefore also the
earnings, as reported in Table 4. The same average prices were used for
all the seasons, but as mentioned in the analysis section, the prices are
on average also higher in the summer.
The energy losses related to providing the service are on an average

day 7 kWh, which involves a large cost, even considering the very low
industrial electricity price, equal to 0.08 EUR/kWh. This would exceed
the aggregator's revenue if he would pay the domestic electricity price.
However, these chargers are on a prototype level, which means that
while the revenue will not change, the cost for energy losses can be
expected to decrease significantly in the future, when more mature
products enter the market. The cost is only including the cost of elec-
tricity and not the cost of installation and maintenance, as well as the
cost of additional wear of the battery, which is discussed in Section 4.5.

4.5. Considerations on battery degradation

One of the aspects without a clear consensus within the V2G re-
search area is the cost of using the battery in terms of added battery
degradation costs. The factors influencing battery degradation,

measured as capacity fade, can be divided in two; calendar ageing
which is a function of time and cycle ageing which is a function of the
number of charge/discharge cycles. Most of the capacity fade is caused
by calendar ageing depending on the SOC and temperature during
storage, which means that it is far more important how the battery is
treated while idle than how it is used [29].
Especially for EV applications, calendar ageing tends to be the

dominating effect; this boils down to the fact that battery degradation is
mostly time and temperature dependent, however economic cost cal-
culations to date have mostly focused on cycle number as the de-
termining factor of lifetime [30]. Ref. [31] experimentally finds that
depending on the temperature, there is a 2–3% capacity loss per 1000
full equivalent cycles.
Ref. [32] finds that degradation is more influenced from calendar

ageing and the battery degradation is twice as much if it is stored fully
charged than stored at a SOC lower than 60%. To maximise battery life,
lithium-ion cells should not be stored at high SOC and for long-term
storage, the SOC should be less than 50% [33]. It therefore has a po-
sitive effect on the state of health that the EV is not fully charged at the
end of the day and stored fully charged all night.
In [32] it is experimentally shown that the battery degradation

cannot only be based on the energy throughput as it depends on the
absolute movement of the SOC, meaning the depth of discharge. It is
found by [32] that by cycling the battery between 40% and 60%, it had
lost 14% of the original capacity after 3000 full equivalent cycles with a
charge rate of 1C and a temperature of 35 °C. By integrating the abso-
lute energy flow of the battery the total energy throughput, Etp, can be
calculated with Eq. (14). The yearly energy used for driving, Edrive, is
subtracted from the total energy throughput, to get the added
throughput from FNR provision.
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Following the optimal schedule the battery has a yearly energy
throughput of Etp= 12.2MWh per year. This is calculated by in-
tegrating the absolute energy flow of each hour of every period in the
year, and subtracting the energy used for driving, Edrive. With a 40 kWh
battery it results in Etp/(2Q)= 153 charge cycles per year.
The energy throughput calculated on the hourly scale is lower than

if it is calculated on the second scale based on the full resolution time
series, as some of the power flow cancels out within the hour. The
yearly energy throughput calculated on the second scale is, however
not significantly higher and amounts to Etp = 14.6MWh or 182 charge
cycles per year.
In collaboration with Nissan, the authors in [34], have modelled the

battery degradation of the same setup as presented in the present
manuscript and the result is 0.4% capacity fade per year caused by
service provision. Based on a single balanced frequency sample, that is
repeated every day, ref. [34] also finds the throughput in the second
scale to be equal to 182 full equivalent charge cycles per year. Despite
delivering 14 h of PFC with± 9 kW per day, the degradation is not
found to be a significant factor as the bulk discharge is limited and the
cycle ageing only is a small part of the overall degradation.
The optimal schedule deals with several days of very imbalanced

frequency but still results in the same average number of charge cycles,
and therefore should also result in 0.4% cycle degradation per year.
This should be compared with the magnitude of the calendar ageing,
which is 2.8% in the first year and then close to 1% the following years

Fig. 10. Distribution of the accumulated approximation error of intra-hourly
losses. The box shows 25-50-75 percentiles; − shows the 1st and 99th per-
centile and + shows the outliers.

Fig. 11. The minimum, maximum, 1st and 99th percentiles of the realized SOCs
for every scenario in 2017. Full lines are for Ph

r equal to the schedule and the
dashed lines are for Ph

r =6.9 kW. The 15-h periods take place daily at hour
16:00–07:00.

Table 2
Economic comparison of FNR provision methods.

Method Provision
time [h]

FNR
capacity
[kW]

Yearly
revenue
[EUR]

Yearly
cost [EUR]

Yearly
profit
[EUR]

V2G 15 ±10 1395 297 1097
V2G 15 Schedule 1118 208 910
V2G 15 ±6.9 1107 208 899
Uni 4 ± 1.15 70 – 70
Uni 3 ± 1.15 52 – 52

Table 3
Yearly capacity payment and average FNR capacity for different minimum SOC
at the end of provision.

End SOC ≥40% ≥50% ≥60% ≥70% ≥80% =90%

P̄h
r [± kW] 7.7 7.4 7.2 7.0 6.7 6.5
EUR 1239 1200 1160 1117 1072 1025

Table 4
Seasonal capacity payment and average FNR capacity for different seasons.

Season Winter Spring Summer Autumn

P̄h
r [± kW] 7.2 7.0 7.5 7.0
EUR 288 278 307 283
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[34]. These values are similar to the results from Ref. [35]. Most of the
capacity fade of the battery is caused by calendar ageing which is
considered independent of the number of cycles. The revenue values
previously obtained are therefore expected to be marginally affected by
degradation, though further experimental investigations are necessary
to confirm this.

5. Conclusion and future work

The paper first introduced the regulatory framework and potential
earnings from frequency regulation in RG-N, based on the technical
capabilities of series produced EVs in different configurations.
It is found that the value of unidirectional FNR during charging only

is up to 70 EUR per year per EV, and while this method does not give
any further energy loss as the EV always is charging, it gives a very
limited revenue. Using bidirectional V2G chargers the value of the full
power availability of± 10 kW is 1395 EUR per year per vehicle al-
though it has the need for extra equipment.
It is found that the behaviour of the system frequency would cause

the EV to be fully charged or depleted in 88% of the days in a year, if
the full power is committed to the service. By assuming full knowledge
of the energy content of the frequency, it is possible to make a schedule
that would not fully charge or deplete the battery. This schedule has
been calculated based on the frequency values of 2016 and applied to
the days of 2017. In 2016 it would generate a capacity payment of
1118 EUR per year per vehicle with an average regulation capacity
of± 6.9 kW out of a nominal capacity of± 10 kW. This amount re-
presents the best-case earnings that can be achieved given the adopted
hardware. It is suggested, that the aggregator remunerates the EV
owner by paying for the electricity consumption for driving, in which
case the aggregators share of the profit is 580 EUR/year. The EV owner
needs a proper remuneration for the use of the battery and for only
having the EV 72.5% charged in the morning, even though a lower SOC
have a positive effect on the calendar ageing of the battery.
The experimental results of the commercial V2G charger shows that

the energy losses due to the charger efficiency amounts to 4.2MWh out
of a total energy throughput of the battery of 18.8MWh per year, in-
cluding driving. Even considering the reduced industrial electricity
tariff, it determines a loss in revenue close to one fifth. Considering the
collected experience on battery degradation, the influence of frequency
regulation in the given setup is found to have marginal consequences.
Though further practical investigations are intended to back up the
statement.
As final consideration, it is found that overall the business model is

better in the summer as the prices are 30% higher, the energy content is
lower so 8% more regulation capacity can be delivered and the energy
requirements for driving are also lower so the minimum SOC could be
lower the next morning.
While the paper quantified the value of each individual pair of EV

and charger, it has to be remarked how the value, the energy costs and
the number of stakeholders increase linearly with the number of EVs.
Aggregating a large fleet can make it possible to predict the average
SOC and align the individual EVs SOC but the revenue per EV will not
be higher than the best case presented here.

References

[1] S. Bashash, H.K. Fathy, Cost-optimal charging of plug-in hybrid electric vehicles under
time-varying electricity price signals, IEEE Trans. Intell. Transp. Syst. 15 (October (5))
(2014).

[2] A. Schuller, C.M. Flath, S. Gottwalt, Quantifying load flexibility of electric vehicles for
renewable energy integration, Appl. Energy 151 (2015) 335–344.

[3] M. Marinelli, S. Martinenas, K. Knezović, P. Andersen, Validating a centralized approach
to primary frequency control with series-produced electric vehicles, J. Energy Storage 7
(2016) 63–73.

[4] Y.V. Makarov, S. Lu, J. Ma, T.B. Nguyen, Assessing the value of regulation resources
based on their time response characteristics, California Energy Commission, Public

Interest Energy Research Program, June, 2008.
[5] W. Kempton, J. Tomić, Vehicle-to-grid power fundamentals: calculating capacity and net

revenue, J. Power Sources 144 (1) (2005) 268–279.
[6] K. Knezović, M. Marinelli, A. Zecchino, P.B. Andersen, C. Traeholt, Supporting involve-

ment of electric vehicles in distribution grids: lowering the barriers for a proactive in-
tegration, Energy 134 (2017) 458–468.

[7] A. Thingvad, S. Martinenas, P. Andersen, M. Marinelli, B. Christensen, O. Olesen,
Economic comparison of electric vehicles performing unidirectional and bidirectional
frequency control in Denmark with practical validation, 2016 Proceedings of the 51st
International Universities Power Engineering Conference (2016).

[8] J. Hu, H. Morais, T. Sousa, M. Lind, Electric vehicle fleet management in smart grids: a
review of services, optimization and control aspects, Renew. Sustain. Energy Rev. 56
(2016) 1207–1226.

[9] H. Zarkoob, S. Keshav, C. Rosenberg, Optimal contracts for providing load-side frequency
regulation service using fleets of electric vehicles, J. Power Sources 241 (2013) 94–111.

[10] A. Kieldsen, A. Thingvad, S. Martinenas, T.M. Sørensen, Efficiency test method for electric
vehicle chargers, Proceedings of EVS29-International Battery, Hybrid and Fuel Cell
Electric Vehicle Symposium (2016).

[11] A. Thingvad, C. Ziras, J. Hu, M. Marinelli, Assessing the energy content of system fre-
quency and electric vehicle charging efficiency for ancillary service provision,
Proceedings of the 51st International Universities Power Engineering Conference (2017).

[12] Energinet.dk, Ancillary services to be delivered in Denmark – tender conditions. http://
energinet.dk/EN/El/Systemydelser-for-el/Sider/Systemydelserforel.aspx, 2012.

[13] P.B. Andersen, T. Sousa, A. Thingvad, L.S. Berthou, M. Kulahci, Added value of individual
flexibility profiles of electric vehicle users for ancillary services, IEEE International
Conference on Communications, Control, and Computing Technologies for Smart Grids,
Aalborg, 2018.

[14] M. Pertl, F. Carducci, M.D. Tabone, M. Marinelli, S. Kiliccote, E.C. Kara, An equivalent
time-variant storage model to harness EV flexibility: forecast and aggregation, IEEE
Trans. Ind. Informat. (2018) pp. 1–1.

[15] N. Rotering, M. Ilic, Optimal charge control of plug-in hybrid electric vehicles in de-
regulated electricity markets, IEEE Trans. Power Syst. 26 (3) (2011) 1021–1029.

[16] E. Yao, V.W.S. Wong, R. Schober, Robust frequency regulation capacity scheduling al-
gorithm for electric vehicles, IEEE Trans. Smart Grid 8 (2) (2017).

[17] J. Engels, B. Claessens, G. Deconinck, Combined stochastic optimization of frequency
control and self-consumption with a battery, IEEE Trans. Smart Grid (2017) pp. 1–1.

[18] J. Fleer, P. Stenzel, Impact analysis of different operation strategies for battery energy
storage systems providing primary control reserve, J. Energy Storage 8 (2016) 320–338.

[19] Y. Wang, C. Wan, Z. Zhou, K. Zhang, A. Botterud, Improving deployment availability of
energy storage with data-driven AGC signal models, IEEE Trans. Power Syst. 12
(2017) 1–1.

[20] J. Donadee, J. Wang, AGC signal modeling for energy storage operations, IEEE Trans.
Power Syst. 29 (September (5)) (2014) 2567–2568.

[21] S.I. Vagropoulos, A.G. Bakirtzis, Optimal bidding strategy for electric vehicle aggregators
in electricity markets, IEEE Trans. Power Syst. 28 (November (4)) (2013) 4031–4041.

[22] Y.A. Shirazi, D.L. Sachs, Comments on “Measurement of power loss during electric vehicle
charging and discharging” – notable findings for V2G economics, Energy (2017).

[23] N.B. Arias, S. Hashemi, P.B. Andersen, C. Traholt, R. Romero, V2G enabled EVs providing
frequency containment reserves: field results, Proceedings of the IEEE International
Conference on Industrial Technology (2018) 1814–1819.

[24] M. Trahand, Nuvve v2g & deployments, Presented at the 2nd Vehicle 2 Grid Conference,
Electric Vehicles for the Renewable City, Amsterdam University of Applied Sciences,
http://amsterdamv2gconference.eu/images/program/NUVVE%20-%20V2G%
20Conference17.pdf, 2017.

[25] EUROSTAT, Electricity price statistics, http://ec.europa.eu/eurostat/statistics-explained/
index.php/Electricity_price_statistics#Electricity_prices_for_non-household_consumers,
2018.

[26] M. Marinelli, The ACES Project - Large-scale Integration of Electric Vehicles into the
Electric Power System, in: C. Melero, K. Mølhave (Eds.), Sustain Conference 2018:
Creating Technology for a Sustainable Society, Lyngby, Denmark: Technical University of
Denmark (DTU), 2018 E-6.

[27] J. Lofberg, YALMIP: a toolbox for modeling and optimization in MATLAB, 2004 IEEE
International Conference on Robotics and Automation (IEEE Cat. No.04CH37508)
(September 2004) 284–289.

[28] C. Ziras, A. Zecchino, M. Marinelli, Response accuracy and tracking errors with decen-
tralized control of commercial V2G chargers, 2018 Power Systems Computation
Conference (PSCC), June, 2018 pp. 1–7.

[29] D. Li, D.L. Danilov, J. Xie, L. Raijmakers, L. Gao, Y. Yang, P.H. Notten, Degradation
mechanisms of C6/LiFePO4 batteries: experimental analyses of calendar aging,
Electrochim. Acta 190 (2016) 1124–1133.

[30] A.W. Thompson, Economic implications of lithium ion battery degradation for vehicle-to-
grid (V2X) services, J. Power Sources 396 (2018) 691–709.

[31] J. Wang, J. Purewal, P. Liu, J. Hicks-Garner, S. Soukazian, E. Sherman, A. Sorenson, L. Vu,
H. Tataria, M.W. Verbrugge, Degradation of lithium ion batteries employing graphite
negatives and nickel-cobalt-manganese oxide + spinel manganese oxide positives: Part 1.
Aging mechanisms and life estimation, J. Power Sources 269 (2014) 937–948.

[32] M. Ecker, N. Nieto, S. Käbitz, J. Schmalstieg, H. Blanke, A. Warnecke, D.U. Sauer,
Calendar and cycle life study of Li(NiMnCo)O2-based 18650 lithium-ion batteries, J.
Power Sources 248 (2014) 839–851.

[33] P. Keil, S. Schuster, J. Wilhelm, J. Travi, A. Hauser, R.C. Karl, A. Jossen, Calendar aging of
lithium-ion batteries: I. Impact of the graphite anode on capacity fade, J. Electrochem.
Soc. 163 (01) (2016) A1872–A1880.

[34] A. Thingvad, M. Marinelli, Influence of V2G frequency services and driving on electric
vehicles battery degradation in the Nordic countries, EVS31 (2018).

[35] K. Darcovich, S. Recoskie, H. Ribberink, F. Pincet, A. Foissac, Effect on battery life of
vehicle-to-home electric power provision under Canadian residential electrical demand,
Appl. Therm. Eng. 114 (2017) 1515–1522.

A. Thingvad et al. Journal of Energy Storage 21 (2019) 826–834

834



Appendix B

Empirical Capacity Measurements
of Electric Vehicles Subject to
Battery Degradation from V2G
Services

118 The Role of Electric Vehicles in Global Power Systems



1

Empirical Capacity Measurements of
Electric Vehicles Subject to

Battery Degradation from V2G Services
Andreas Thingvad, Student Member, IEEE, Lisa Calearo, Student Member, IEEE,
Peter Bach Andersen, Member, IEEE, Mattia Marinelli, Senior Member, IEEE

Abstract—Accelerated battery degradation, resulting in a
reduced capacity, is the main concern when discussing
vehicle-to-grid (V2G) services. This paper gives a unique
empirical insight into the long-term effects on batteries
performing an energy demanding V2G service. To this end, an
extensive method for measuring the battery capacity of series
produced electric vehicles (EVs) via the DC charge port was
developed. The reproducibility of the method is demonstrated
with repeated tests on new and aged vehicles and the results
are compared with the EVs internal estimates, read via the
on-board diagnostics port. The method is also validated with
a state-of-the-art battery degradation model. The capacity test
method is used to evaluate the battery degradation of a fleet of
commercially owned EVs which, as a part of the world’s first
commercial operation, have been used for V2G services for five
years. The EVs have, together with ±10 kW V2G chargers, been
delivering primary frequency regulation for 15 hours per day
with a daily energy throughput of 50.6 kWh. The usable battery
capacity, initially found to be 23 kWh, after two years is reduced
on average to 20.7 kWh and after five years is reduced to 18.9
kWh.

Index Terms—Ancillary Services, Battery degradation, Electric
Vehicles, Frequency Control, Vehicle-to-Grid

I. INTRODUCTION

Due to the electrification of the transportation sector, the
number of electric vehicles (EVs) is expected to increase
exponentially in the coming years. Controlling the charging
makes it possible for the EVs to minimise their energy cost and
for the power system to achieve multiple operational objectives
simultaneously [1]. The use of EVs for providing ancillary
services to the power system can be an additional revenue for
EV owners and can assist the integration of larger amounts of
renewable sources [2].

The frequency-controlled normal operation reserve (FCR-N)
is a type of primary frequency regulation in the North
European power system. It is a symmetric service requiring
equal amount of power for up and down regulation of
frequency deviations of up to 100 mHz [3]. It has been
experimentally shown in [4] that EVs can deliver FCR-N by
charging at 11 A with a regulating capacity of ±1.15 kW (5
A@230 V), giving a range of 1.4− 3.7 kW (6− 16 A). The
limiting factor is the amount of time the EV can consume
power, before being fully charged. A daily driving distance
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of 45 km/day, with a corresponding energy consumption of 9
kWh results in three hours of service provision per day and a
yearly capacity payment of C52 [5]. The time limitation can be
avoided by using a bidirectional vehicle-to-grid (V2G) charger.
The symmetry can be created by correspondingly charging
or discharging during over and under frequency periods, and
thereby use the EV battery as a buffer rather than just a flexible
load. Using bidirectional chargers significantly increases the
revenue, but also the conversion losses in the charger and
the energy throughput of the battery [6]. An EV that delivers
FCR-N every night for 15 hours with a ±10 kW V2G charger
can earn a yearly capacity payment of C1100, but it is found
to involve an increased energy throughput of 12 MWh per
year, as discussed in Ref. [5], that could prematurely wear the
battery.

Battery degradation, resulting in a lower energy capacity,
is the main concern when discussing V2G [7]. The reduction
in energy capacity, described by the state of health (SOH),
is an additional cost that has to be subtracted from the profit
of the delivered grid services. If the degradation dynamics
decreasing the SOH are known, they can be included in
an optimisation problem when scheduling the charging and
service provision [8]. It is however not simple to measure or
accurately estimate the SOH of EVs. In fact, the capacity of
batteries that are employed as a power source in an EV cannot
be measured online [9]. Since an EV never experiences a
full charge cycle during normal operation, commercial battery
management systems (BMS) estimate the SOH by comparing
the change in state of charge (SOC), according to the change
of the open circuit voltage (OCV), to the change in SOC,
according to coulomb counting [10]. In Ref. [11], different
degradation indicators are extracted from the voltage and
electric current variation during charging and discharging.
Similar to the BMS method, the SOH can be more accurately
estimated based on either the decrease in discharge capacity
of discharges with equal voltage drop or charge capacity of
charges with equal voltage rise. The accurate SOH estimation
is important to ensure the safety, reliability, and maintenance
of the battery system, but accuracy is the biggest bottleneck
for most estimation methods [12]. When estimating the SOH
based on partial charges, the accuracy is proportional to
the depth of the charge/discharge cycle [10]. A full charge
cycle corresponds to measuring the real SOH, which is the
approach of the method proposed in the present manuscript.
This is the conventional way of measuring the capacity of
battery cells, but the method has, to the best of the authors
knowledge, not before been used via the DC charge port
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on the pack level of non-disassembled EVs. Thus, avoiding
violating the warranty of the vehicle. The BMS in an EV
has limited computational power, which constraints the use
of computationally heavy methods such as Kalman filters,
neural networks, or fuzzy logic to calculate the degradation
parameters of the Li-ion battery [13]. A more computationally
light, measurement-based method is the incremental capacity
analysis (ICA) [14]. With ICA the derivative of the capacity
with respect to the derivative of the voltage is plotted as
a function of the voltage [15]. As the battery experiences
degradation, the peaks of the (IC,V) curve will change. It
can then be compared to other IC analysed cells with known
SOH, and thereby the SOH of the battery can be derived [16].
The bottleneck of the ICA is that empirical lifetime analysis
for a reference of a certain battery type would require years
of studying, which is impractical and would generate reliable
results only when the battery has aged [17]. The ICA method
is conventionally used on battery cells, however it needs to
be feasible on pack or EV level and not only on individual
cell level. Nickel Manganese Cobalt (NMC) based cells for
the BMW i3 EV has been tested both on cell level and on car
level and the results shows consistent characteristic peaks and
valleys of the ICA on car and cell level [16].

The simplest capacity models are based on equivalent
circuit models (ECM), where the battery is represented by
its Thevenin equivalent [18]. A first order ECM of a full EV
battery pack is experimentally validated in [19]. In [9], it is
found that a second order ECM gives the best compromise
between accurate SOH estimations and low computational
demand. Alternatively, more complex single particle models
can be used to model the electro-chemical degradation process,
which can potentially capture how the cell ages under varying
degradation modes, such as lithium consumption at the
solid-electrolyte interface or active material dissolution [20].

The factors influencing battery degradation, measured as
capacity fade, can be divided in two: calendar ageing, which
is a function of time and cycle ageing, which is a function of
the number of charge/discharge cycles. Lithium-ion batteries
are naturally an unstable structure, which degrade and lose
capacity when ageing, despite not being used [21]. Like most
chemical reactions, the capacity loss will occur mostly in the
beginning and then decreases over time as less of the materials
have active interactions. The degradation mechanism occurs
faster when there is a high energy density in the battery, which
means that it increases with high SOC and temperature [22].
Ref. [21] finds that the battery degradation is twice as high if
the battery is stored fully charged than stored at a SOC lower
than 60%. To maximise battery life, lithium-ion cells should
not be stored at high SOC, and for long-term storage the SOC
should be less than 50% [23]. Ref. [24] shows that active
ageing management can extend the life of the EV by avoiding
high SOC, when user behaviour allows it. Especially for EV
applications, calendar ageing is the dominating effect, because
EVs are generally idle more than 90% of the time. However,
economic cost calculations to date have mostly focused on
the number of charge/discharge cycles as the determining
factor of lifetime [17]. For the active usage of the battery,
recent research has shown that increased energy throughput

of the battery is causing lithium plating on the anode and
mechanical failure, resulting in a capacity loss [17, 25]. Ref.
[26] experimentally finds that depending on the temperature,
there is a 2-3% capacity loss per 1000 full equivalent cycles
(FEC). Li-ion batteries can be used in vehicular applications
until they have lost 20−30% of the initial capacity, but can at
this point still be used in second life applications as stationary
storage until 50% of the capacity is lost [27].

The contributions of the present manuscript are twofold:
1) An empirical method for measuring the battery capacity

of series produced EVs via the DC charge port.
2) Capacity measurements of ten EVs that have delivered

V2G services with a large energy throughput for five
years. The measured battery degradation is compared
with the simulated results obtained with an industrial
battery model.

The remaining paper is organised as follows: Section II
describes the main parameters used when modelling the
battery degradation of EVs. Section III describes the empirical
method for measuring the battery capacity of EVs. Section IV
describes the use case of ten EVs that have delivered FCR-N
in Denmark for five years, and presents the measured energy
throughput of the battery. Section V presents the results of
repeated tests of new and aged vehicles to determine the initial
capacity as well as the reproducibility of the method. The
simulated capacity loss for the use case and the measurements
of the ten EVs over a period of three years are presented.
Finally section VI presents the conclusions of the study and
the future work.

II. BATTERY DEGRADATION THEORY

The authors cooperated with Nissan Motors Research
Center in modelling the effect of FCR-N provision on
the battery degradation in Denmark [28]. The model
dynamics are described in [29] for a 40 kWh battery,
experimentally validated in [19]. Whereas in this article a
similar representative 24 kWh EV, with battery characteristics
modelled as Lithium Nickel Manganese Cobalt Oxide batteries
is taken as reference. The model is run with a simulation step
of 1 s, thereby capturing the effect of the short term power
flows on the battery temperature. Each second the battery
temperature, SOC, throughput and SOH are calculated. The
SOH is found from the two components of the capacity loss
in percent of the original capacity: calendar ageing, Lcal and
cycle degradation Lcyc. The total capacity loss is the sum of
the two components and the SOH is calculated with Eq. (1).

SOH = 100%− Lcal − Lcyc (1)

A. Calendar Ageing

The capacity loss due to calendar ageing can be found with
the Arrhenius equation shown in Eq. (2), which describes the
temperature dependence of reaction rates. The pre-exponential
factor f shown in Eq. (2) is according to [30] fitted with a
piece-wise linear function of the SOC as shown in Eq. (3).
The parameters are the absolute battery temperature in kelvin,
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TABLE I: Coefficient values and units

a 8.581 · 10−6 1/(K2 · Ah)
b −5.102 · 10−3 1/(K·Ah)
c 0.7589 1/Ah
d −6.7 · 10−3 1/K-(C-rate)
e 2.344 1/(C-rate)
f 1.5 Ah/Cycle

T, the activation energy for the reaction, Ea = 24.5 kJ mol−1,
the universal gas constant, R= 8.314 J mol−1 K−1 and the
age of the battery in days, d.

Lcal(d)[%] = f(SOC) · exp(− Ea

R · T
) ·
√

d (2)

f(x) =


−1.04 · x2 + 89.72 · x+ 1224.6 if x ≤ 50

10.35 · x2 − 1083.6 · x+ 31447 if 50 ≤ x < 70

2.64 · x2 − 409.55 · x+ 22035 if 70 ≤ x

(3)

The relationship between capacity loss Lcal per
√

d, the SOC
and the temperature of the battery is shown for different
temperatures in Fig. 1. A battery stored at 60% SOC and 20oC
will, after the first year have lost 0.16 ·

√
365 = 3.1% and after

five years have lost 0.16 ·
√

365 · 5 = 6.8% capacity due to
calendar ageing.

Fig. 1: Capacity loss due to calendar ageing per
√

d when stored at different
temperatures and SOC.

B. Cycle Degradation

The cycle degradation is the capacity loss caused by
the active use described by the number of FECs. Lcyc is
temperature dependent, thus it is calculated based on the
throughput of each second at the specific battery temperature,
T, at that time. The temperature dependence of the Lcyc is
empirically found per Ah in [26] for a 1.5 Ah cell and is
normalised by multiplying with 1.5 Ah/cycle in [28]. In Eq.
(4), the Lcyc per FEC is shown. The C-rate describes the rate
that a battery is being discharged or charged. It is defined as the
current through the battery, divided by the nominal capacity in
Ah. The degradation per FEC is higher, when C-rate is above
1.

Lcyc[%] = (a·T2+b·T+c)·exp((d·T+e)·C-rate)·f·NFEC (4)

The coefficient of Eq. (4) are shown in table I. The capacity
loss per FEC at different battery temperatures is plotted as
function of the battery temperature in Fig. 2.

Fig. 2: Capacity loss per FEC at different battery temperatures

III. MEASUREMENT METHOD

This section defines in subsection A how to measure the
SOH of individual battery cells, followed by subsection B
which presents how the SOH can be measured when the cells
are arranged in an EV battery pack. This is followed by a
description of the internal sensor readings and estimates of
the EV BMS that can be read out and compared with the
external measurements in subsection C. In subsection D, the
measurement layout of the capacity test and how to measure
the power of the battery, the self-consumption during charging
and how to calculate the total battery capacity of the EV
are presented. In subsection E, it is described how the EV
can be discharged to the minimum SOC, before starting the
charging process that will determine the capacity. Subsection
F shows how the full charge consists of a constant current and
a constant voltage phase before the EV reaches 100% SOC.
Finally, subsection G describes how the measured data can
also be used for ICA, which results are presented in section
V.

A. State of Health of Battery Cells

The SOH refers to the full energy capacity of the battery
relatively to the initial capacity. It decreases due to irreversible
degradation mechanisms and is defined in Eq. (5), as the full
capacity of the cell, Qfull, in percent of the initial capacity,
Qinit [31]:

SOH =
Qfull

Qinit
(5)

The SOH of individual Li-ion cells is conventionally found
by measuring the capacity during full charge and discharge
cycles. Generally, the discharge capacity is of main interest
compared to the charge capacity, as it shows the usable
capacity. The difference between the two values is only caused
by the internal losses and these can be made negligible by
charging with a low C-rate.

For a time resolution of ts = 1 s and ∆T= 3600 s/h, the full
capacity in Wh can be calculated by integrating the product of
the voltage, Vk, and the current, Ik as in Eq. (6). The duration
of the full charge in seconds, Ntest, is a function of the physical
battery capacity and charge power. It is the time it takes to
charge the battery from empty to full capacity.

Qfull =
1

∆T

Ntest∑
k=0

Ik · Vk · ts (6)
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B. State of Health of EV Battery Packs

For EV applications it is only possible to measure the
battery capacity during charging and not discharging. Due
to the internal resistance, the terminal voltage is larger than
the OCV during charging and lower during discharging. The
difference between the capacity for charging and discharging
will therefore increase when the internal resistance increases
due to ageing. The difference between the charging and
discharging capacity can be reduced by charging with a low
power. An EV battery pack has a number of battery cells
connected in series, and the voltage measured at the pack
terminals is the sum of the voltage of all the cells. All the cells
in series experience the same current, which means that they
are discharged with the same amount of Ah. Due to production
inaccuracies and different temperatures in the battery pack, the
SOH is not the same for all the cells. It is therefore the role
of the BMS to balance the SOC of the individual cells. If
initially all cells are balanced at 100% SOC, the battery can
be discharged until the cell with the lowest capacity reaches
the minimum voltage and limits the pack. The usable capacity
for discharge is equal to the capacity of the smallest cell
in the string, multiplied with the number of cells in series
Ncells. When charging the EV, the BMS performs passive
balancing, where energy is drawn from the most charged cell
and dissipated as heat through parallel resistors. The balancing
results in all the cells reaching 100% SOC. The consumption
during a full charge is the energy needed for bringing the
smallest cell to 100% plus the energy needed for balancing
the individual cells.

C. CAN-bus Information

In all series produced cars, most internal information is
communicated on the open Central Area Network (CAN)-bus,
which can be accessed via the on-board diagnostic port
(OBDII). A CAN-bus scanner connected to the OBDII plug
that communicates over bluetooth with a smartphone can be
used. For Nissan EVs a third party app called LeafSpy is
used to interpret the data [32]. The voltage of the individual
cells, the estimated SOC, the value of the battery temperature
sensors and the BMS own estimation of the SOH can be read
from the CAN-bus.

Fig. 3 shows the CAN-bus information collected before and
after a full charge of a 24 kWh Nissan e-NV200. Fig. 3a
shows the status of the EV before the start of the charge and
Fig. 3b shows the status at the end of the charge. The BMS
deactivates the supply to the auxiliary battery when the lowest
cell voltage reaches a certain threshold. As the battery cells are
series connected, the imbalance of the cells make some of the
capacity inaccessible. The value 264 mV in Fig. 3a shows the
voltage difference between the highest and lowest cell voltage.
After the charge, the balancing process reduced the voltage
gap to 17 mV. According to the CAN-bus reading, the BMS
does not charge to 100%, even though the dashboard displays
”SOC=100%” to the driver. This indicates that the internal
SOC value is calculated from the energy capacity relative to
the initial capacity, but in all cases it is higher than the ”SOH”
value, also seen in Fig. 3. The EV in Fig. 3b is charged to

(a) Before full charge. (b) After full charge.

Fig. 3: Screenshot of the LEAFspy app, reading from CAN-bus via a bluetooth
OBDII adapter. Before and after charge test FF02-02.

394.75 V on the pack level, or to an average of 4.11 V for
each cell, highest achieved voltage considered to correspond
to the maximum SOC.

D. Measurement Layout

Most EV models can charge with AC using the on-board
charger or with an external DC charger that connects directly
to the battery terminals, as shown in Fig. 4.

Fig. 4: Overview of EV power flows. Battery capacity measured at point A
and point B.

When charging with the on-board charger the battery
voltage and current are not accessible, which means that the
charged energy can only be measured on the AC side of the
converter. This is however not equal to the energy received
by the battery as the on-board charger of several brands have
been found to have an efficiency of 90% [33]. Therefore, it is
necessary to use an external charger, where the DC voltage and
current can be measured directly at the terminals of the battery.
The DC voltage and current are measured inside the charger
at the charging cable connected to the EV, shown as point
A in Fig. 4. The BMS has a power consumption during the
charging process, which is measured and subtracted from the
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energy received from the charger, to find the energy capacity
of the main battery. All of the auxiliary consumption during
charging is on the 12 V bus where the voltage and current from
the main battery is measured at point B in Fig. 4. It is assumed
that the DC/DC converter supplying the low voltage bus has
100% efficiency, so the battery capacity can be calculated as
follows:

Qfull =
1

∆T

Ntest∑
k=0

(IA
k · VA

k − IB
k · VB

k) · ts (7)

In point A, the current is measured with a current clamp
(Prosys CP30) that generates a DC voltage of 100 mV/A with
an accuracy of ±1%, and the battery voltage is measured using
a voltage differential probe (Hioki P9000-01) that divides the
voltage with 100 and outputs a voltage between 0-5 V, with an
accuracy of ±0.5%, see Fig. 5. In point B, the auxiliary battery
voltage is directly measured, and the current flowing from the
main to the 12 V battery is measured with a current clamp
(Prosys CP1005) giving 10 mV/A with ±1% accuracy. The
voltages are measured through galvanically separated channels
with a Hioki LR8431 data-logger, with an accuracy of ±0.1%
full scale (f.s. 10 V for voltage and current in point A, 1 V
and 20 V current and for voltage in point B), and logged with
1 second resolution on a USB stick. The DC power in point
A is the product of the voltage and current with an accuracy
of 1 + 0.5 + 0.3 + 0.2 = 2%. In point B, the accuracy is
0.1 + 1 + 0.2 = 1.3% but, since the amount of energy is
15% of the energy in point A, it is a small contribution to the
overall result. Therefore it can be safely considered that the
total accuracy of the measurements is 2.3%.

Fig. 5: Measuring points and equipment used

E. Discharging Process

Before the charge capacity test, the EV should be as
discharged as possible, in order to measure the maximum
battery capacity. The discharging process is not measured.
The tested EVs can be discharged to a minimum of 6% SOC,
displayed by the Leaf Spy, by driving and heating, at which
point the power supply for the drive train and cabin heating
system is turned off. The front lights are then used to further
discharge the battery until the battery reaches approx. 3%
SOC, at which point the supply from the main to the auxiliary
battery is discontinued. This event can be detected by a drop
in the auxiliary battery voltage from 14 V to 12 V.

F. Charging Process

The battery is charged via the external DC charger through
the CHAdeMO connector. In Fig. 6, it is shown the pack
terminal voltage and current measured in point A, during a
full charge of a 24 kWh Nissan e-NV200. It can be seen that
the constant current phase is two hours, followed by one hour
of charging with constant voltage.

Fig. 6: Voltage (left axis) and current (right axis) measured at the EV battery
terminals during a full charge of a 24 kWh Nissan e-NV200 EV. Measured
at point A (Fig. 4).

Fig. 7 shows the power flow from the main to the auxiliary
battery during the charging process. The supply from the main
to the auxiliary battery is for this EV around 8 A at 14 V,
resulting in a consumption of approximately 100 W. There
is a higher power flow in the beginning of the charge, as
the auxiliary battery is initially fully recharged. The auxiliary
consumption during a full charge is for a Nissan e-NV200
around 300 Wh. The capacity measurement method has been
tested on different Nissan models; Nissan e-NV200 (24 kWh)
and Nissan LEAF (24, 30 and 40 kWh).

Fig. 7: Power flow from the main battery to the auxiliary battery during a full
charge of a 24 kWh Nissan e-NV200 EV. Measured at point B (Fig. 4).

G. Incremental Capacity Analysis

The ICA method has been applied on the battery pack level.
The Incremental Capacity (IC) is defined as the Ah charge
differentiated with respect to the voltage. The derivative of
the charged Ah capacity, QAh, with respect to the derivative
of the voltage, v, is plotted as a function of the voltage, so
the location of the tops and valleys can be compared for cells
with different SOH. The IC is defined in Eq. (8) [15].

IC =
dQAh

dv
[Ah/V] (8)

The change in voltage has been kept fixed at 0.3 V and the
corresponding change in capacity in Ah is then calculated for
the number of seconds, Ns, the voltage increase took over. The
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capacity is defined as the integration of the charging current
as in Eq. (9).

QAh =
1

∆T

Ns∑
k=0

Ik · ts (9)

In order to avoid noise in the the IC, the voltage and current
have been through a moving average filter with a duration of
300 s before Eq. (8) has been applied [16]. The IC calculation
is only considered during the constant current charging mode,
in order to avoid variation of the voltage due to the internal
resistance of the battery.

IV. ELECTRIC VEHICLE USE CASE

The Danish research project, Parker, has demonstrated that
commercially owned EV fleets together with V2G chargers
can be used to commercially deliver FCR-N [34]. As part
of a commercial pilot demonstration connected to the Parker
project, a fleet of ten Nissan e-NV200 electric vans, owned
by the utility company Frederiksberg Forsyning (FF), has
been delivering FCR-N since the end of 2016. The e-NV200,
which has a nameplate capacity of 24 kWh is designed for
commercial operation with regular fast charging, so unlike
other Nissan EVs it has active battery cooling during charging.
The ten FF EVs were purchased at the same time, registered in
Denmark on 07/07/2016 and produced 3 months before. The
capacity of all ten FF e-NV200 have been measured six times
over the last three years for this study.

The EVs are used by FF during the working hours, and for
FCR-N during the night and full time in the weekend. Looking
at the ten EVs as a group, they are in 99% of the workdays
plugged in latest at 18:00 and plugged out earliest at 06:30,
giving a 12.5 hour daily connection period [35].

In the following, each EV at FF is numbered 1-10 with the
prefix FF (FF01, FF02 etc.). Each charger record data for one
specific EV and its user [36]. Data from the V2G chargers at
FF is logged every second and the analysed period considered
is 480 days from November 2016 to March 2018. The data
includes the energy capacity of the battery in kWh and the
battery voltage and current measured by the charger.

A. Energy Throughput from FCR-N and Driving

Based on the charger data, the average time the charger has
an active power flow for either regular charging or FCR-N is
calculated. The average number of active hours per day, Nt
[h], is provided in Table II. The throughput is calculated as
the sum of all ampere or watt going in and out of the battery.
For a time resolution of ts = 1 s and ∆T = 3600 s/h the
throughput in Ah, Ahtp, and Wh, Etp, is calculated as the sum
of the absolute current in Eq. (10) and the sum of the absolute
current times the voltage in Eq. (11), divided by the number
of days in the sample period, NSP, which is 480.

Ahtp =
1

∆T · NSP

Ntest∑
k=0

|Ik| · ts (10)

Etp =
1

∆T · NSP

Ntest∑
k=0

|Ik| · Vk · ts (11)

The daily measured throughput for the period is shown in
Table II, for each of the ten EVs from November 2016 to
March 2018.

The throughput measured by the charger contains both the
flow caused by the FCR-N service and the charging to cover
the driving consumption. The throughput during driving is not
measured, but it is estimated based on the drop in the SOC
while the EV is plugged out. The average consumption for
driving is only 5 kWh per day [35]. Knowing the driven
distance from the vehicle odometer throughout the entire
considered period, the average distance driven per day (Nodo)
in km is derived for each vehicle and provided in Table II.

TABLE II: Average daily values for: duration of daily active power (Nt [h]),
throughput (Etp [kWh],Ahtp [Ah]), driving distance (NOdo [km]) and fraction
of missing data (edata [%]) for each of the ten EVs from November 2016 to
March 2018 (480 days).

FF01 FF02 FF03 FF04 FF05 FF06 FF07 FF08 FF09 FF10
Nt 15.5 15.7 13.5 15.9 14.1 14.6 14.1 9.4 12.1 14.4

Ahtp 112.5 118.8 97.9 120.8 112.5 116.7 108.3 89.6 89.6 106.3
Etp 43.8 47.9 37.5 47.9 41.7 45.8 43.8 33.3 35.4 41.7

Nodo 9.6 5.8 6.0 7.9 5.6 10.4 5.0 4.1 3.6 8.3
edata 2% 4% 12% 2% 5% 5% 10% 39% 11% 9%

The average driving distance for the ten vehicles is 7
km/day. Due to server or charger errors, some data is not
collected, which explains most of the difference between the
result of the individual cars. The fraction of data missing, edata,
is significantly higher for FF08, as shown in the last row of
table II. The plug-in time during the workdays are 12.5 hours
but since the EVs are used for FCR-N 24 hours per day in the
weekend and holidays, the average time with an active power
flow is 15 hours per day, when correcting for the lost error
data.

The measured average throughput of the ten EVs is 41.9
kWh per day, but when correcting for the lost data, the average
is 45.6 kWh to which the average driving consumption of 5
kWh is added, resulting in a total throughput of 50.6 kWh per
day. This can be divided with two times the battery capacity,
Qfull, to find the corresponding full equivalent charge/discharge
cycles of the battery as in Eq. (12).

NFEC =
Etp

2Qfull
(12)

A capacity of 24 kWh results in 1.05 full charge/discharge
cycles per day, but a repeated throughput gives an increasing
number of cycles as the battery capacity decreases over time.

Since the second-based charger data measurements are not
available for the entire lifetime, the throughput in kWh is
compared and validated with a smart meter installed at the
beginning of 2019 by the distribution system operator for
billing purposes. The smart meter was installed the 7th of
January 2019 and the values were read the 30th of April 2021,
showing the import and export for all the vehicles for 844
days. The total electricity import for the 844 days was 247
MWh and the total export was 128 MWh. The consumption
for driving and conversion losses is found by subtracting the
import and export, whereas the throughput is the sum of the
two. The daily average throughput measured by the billing
meter from January 2019 to end of April 2021 is 44.6 kWh
per vehicle per day to which the average driving consumption
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of 5 kWh is added, resulting in a total throughput of 49.6 kWh
per day. The energy consumption for losses and driving is 14.0
kWh per vehicle per day. By subtracting the average driving
consumption of 5 kWh, the remaining energy for losses is
9.0 kWh per vehicle per day. The consumption for conversion
losses of 9.0 kWh per day corresponds to 3.3 MWh per year.
The average energy throughput measured by the DSO meter
during the most recent 2.3 year is almost the same as what
is measured by the chargers (when correcting for the missing
data) during the first 1.3 year. It is assumed that the daily
energy throughput has been in the range of 49.6 - 50.6 kWh
for the whole period.

V. RESULTS

The result section contains six subsections. In the first
one repeated tests of a new 24 kWh EV are presented to
determine the initial battery capacity. The second subsection
reports results on some of the aged vehicles that have
been tested multiple times to validate the reproducibility
of the method, comparing the measurements with the data
collected from the CAN-bus. The third subsection presents
the predicted SOH according to the degradation model.
The fourth subsection presents the measured SOH and the
SOH according to the BMS, which are compared with the
predicted SOH according to the model. The fifth subsection
presents the ICA of every charge test for two of the vehicles.
The final subsection discusses the economic implications
of the accelerated degradation caused by increased energy
throughput.

A. Initial Battery Capacity of Nissan e-NV200

In order to determine the initial usable battery capacity
of the Nissan e-NV200, since a completely new EV was
not available, a one year old Nissan e-NV200 Evalia was
considered. The Evalia was registered in Denmark 28-06-2017
and the capacity was measured on the 28-08-2018, when the
odometer was only 700 km and the model was rarely used for
V2G experiments in the DTU lab. The usable battery capacity
of this model is then used as the base case for calculating the
SOH. The Evalia was measured three times with a capacity
of 22.7, 23.2 and 23.0 kWh. The average capacity of 23
kWh is a conservative number, representing a new vehicle
as the measurements are based on a one-year old EV. This
is however the only empirical result and the remaining paper
uses Qinit = 23.0 kWh, for this generation of EVs with a
nameplate capacity of 24 kWh. The EV uses cells with a
nominal voltage of 3.85 V and a nominal capacity of 32.7
Ah. Nominal voltage and capacity are not publicly available
and thus derived by the authors, the nominal voltage as the
average OCV measured during the constant current phase of
the full charge, and the nominal capacity retrieved with the
LeafSpy. Since the pack consists of 96 cells in series and 2
cells in parallel, the nominal capacity is 24.2 kWh.

B. Method Reproducibility Validation

To determine the validity of the method when measuring the
capacity of more degraded cars, the capacity measurements of

some of the FF EVs were repeated. The capacity of FF10
was measured four times and the capacity test of FF07 and
FF02 were repeated once. The measured results are shown in
Table III together with the relevant information read from the
CAN-bus. The measured capacity in kWh is calculated with
Eq. (7). The measured SOH is based on the measured capacity
divided with the initial capacity of 23 kWh, as in Eq. (5). The
initial voltage is the voltage measured at the battery terminals
before the charge. The initial SOC, the final SOC and the SOH
according to the BMS is read from the CAN-bus together with
the initial and final battery temperature. The N/A are due to
data acquisition errors.

TABLE III: Comparison of measurement results and the CAN-bus reading
of repeated tests of FF10 (tested 21/09/2018), FF07 (tested 07/06/2019) and
FF02 (tested 29/05/2020).

Measured values CAN-bus reading
Cap. SOH Init V SOC [%] SOH Batt. T [Co]

Test [kWh] [%] [V] Init End [%] Init End
FF10-1 20.4 88.6 309.1 3.8 94.7 91.8 23.7 15.6
FF10-2 20.6 89.6 305.4 3.4 94.3 91.7 26.8 14.9
FF10-3 20.5 89.0 292.4 3.4 N/A 91.9 26.3 N/A
FF10-4 20.5 89.0 298.7 4.3 94.5 92.3 20.2 15.5
FF07-1 20.7 90.2 290.0 2.5 92.0 90.0 36.6 19.6
FF07-2 20.8 90.5 299.0 3.5 95.2 90.0 26.6 15.7
FF02-1 19.6 85.3 302.6 3.6 94.8 89.2 16.6 14.8
FF02-2 19.9 86.7 291.5 3.6 94.8 89.2 16.6 15.5

The results of the repeated capacity tests differ of maximum
1% for FF10 and FF07 and 1.4% for FF02. Another
measurable quantity is the initial battery voltage, which being
related to the SOC, shows the minimum level the battery
was discharged to. The minimum voltage differs from test
to test, as the cell imbalance is slightly different each time.
A high minimum pack voltage is an indication that the
battery is degraded, because the cell imbalance increases
when individual cells degrade more than others. During the
first test, FF02-1 initial voltage was 302.6 V, while for the
second test it was 291.5 V. During the second test the voltage
increased quickly in the beginning, and after 46 seconds and
83 Wh the battery reached 302.6 V. The difference of the
minimum pack voltage therefore has a limited effect on the
measured battery capacity. The difference of the minimum
voltage is uncorrelated to the variations of the minimum SOC
(according to the BMS) read from the CAN-bus. According
to the CAN-bus reading, the battery stops the supply around
3% SOC, when limited by the lowest cell voltage. This limit
varies between tests, and the BMS stops the discharge when
the lowest cell voltage reaches a level between 2.8− 3.1 V.

It is not possible to measure the internal battery temperature
directly, but the BMS has three sensors located in the battery
pack that can be read from the CAN-bus. Table III provides
the average value of the three sensors, at the beginning and
at the end of the charging process. The initial temperature is
significantly higher if the EV has been discharged by driving,
compared to the slower stationary discharge via the auxiliary
system. However the difference in initial temperature does not
appear to have an effect on the measured capacity, which could
be explained by the battery being cooled down to 15oC at
the end of the charge. The two tests of FF02 had the largest
difference in initial temperature 36.6oC and 26.2oC, but the
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measured capacity was almost the same, with 20.7 kWh for
the warm test and 20.8 kWh for the cold.

The capacity measurement method is expected to be
applicable for all car brands that can be charged with
DC via an external charger. Nevertheless, complications in
understanding the results can occur in case, for certain car
models, the BMS makes more battery capacity available over
time. This aspect could be detected by a change in the
minimum or maximum voltage.

C. Model Simulation Results

In this subsection the model results from [28] are presented.
The model that has been built in a collaboration with the
Nissan Research Center is based on the theory provided
in Section II. The model results are compared with the
measurements, both from our empirical methodology and from
the CAN-bus. The input to the model is described in [28]. The
24 kWh EV, such as the ones used at FF, is subject to a year of
measured outside air temperature in Denmark and providing
FCR-N with ±10 kW V2G chargers when grid connected.
A representative 14-hour sample of the frequency measured
every second in Denmark is in the simulation repeated every
day for five years. The frequency sample is used to calculate
the power response of the EV according to the grid code which
resulted in a daily energy throughput of 38.9 kWh. The model
includes a daily driving consumption of 6.2 kWh followed by
a 6.2 kWh of charging, so the total throughput is 51.3 kWh,
corresponding to a 1.07 FEC per day. In [28], the given air
temperature and power profile result in an average 0.0021%
capacity loss per FEC during FCR-N provision.

Table IV shows the result of the industrial battery model.
For each year it is shown how much capacity loss the battery
experiences due to calendar ageing and cycle degradation. It
can be seen that for this application the calendar ageing is the
major factor, but that the contribution decreases with time and
mostly occurs in the first year. The capacity loss due to the
active usage is lower, but it is increasing as the capacity is
decreasing. After five years, the SOH is reduced with 15.73%
where two thirds of the capacity loss is due to calendar ageing
and one third is due to the cycling ageing.

In Fig. 8, it is shown how the SOH evolves over time due
to the isolated parts and the total degradation. It can be seen
that the SOH decreases faster in summer than in winter, which
is caused by the influence of the outside air temperature.

TABLE IV: Capacity loss due to cycle degradation and calendar ageing as
well as the total capacity loss; both per year and accumulated in the first 5
years of the EV life time.

Year Cal Cycle Total
∑

Cal
∑

Cycle
∑

Total
1 4.51% 0.81% 5.32% 4.51% 0.81% 5.32%
2 1.97% 0.88% 2.85% 6.48% 1.69% 8.17%
3 1.58% 0.96% 2.54% 8.06% 2.66% 10.72%
4 1.40% 1.05% 2.45% 9.46% 3.71% 13.17%
5 1.37% 1.18% 2.55% 10.83% 4.89% 15.73%

D. Capacity Measurements

The charge capacity of the ten EVs at FF was measured six
times over three years: September 2018, June 2019, October

Fig. 8: Modelled SOH of a 24 kWh EV, with 14 hours of FCR-N provision
and one hour of charging resulting in 1.07 FEC per day.

2019, May 2020, November 2020 and May 2021. The ten FF
EVs were driven to the lab at Technical University of Denmark
for capacity testing, as seen in Fig. 9.

Fig. 9: Capacity measurements at Technical University of Denmark - DTU
Risø Campus.

For each capacity test the measured SOH, SOHmeas, is
shown in Table V. In parenthesis the SOH read from the
CAN-bus (SOHcan) is also provided. The N/A in the table
is due to data acquisition errors.

The first two measurement sets were carried out at
the university laboratory, which means that most of the
discharging was done while driving 20 km from FF to DTU
Campus. The last four test rounds were performed at FF
with the discharging done stationary via the auxiliary loads.
Therefore, some of the EVs had higher initial temperatures
in the first tests, which can be seen in Table VI, where the
initial, Tinit, and end, Tend, temperatures are given for each
charge test (the end temperature in parenthesis). The reported
temperatures are the average of the three temperature sensor
values.

TABLE V: SOHmeas and (SOHcan) [%] of the 10 EVs at FF

Sep. 2018 June 2019 Oct. 2019 May 2020 Nov. 2020 May 2021
FF01 89.2(91.0) 88.0 (88.6) 84.5 (87.6) 85.3(87.5) 83.6(87.8) 82.7(86.9)
FF02 90.0(93.1) 91.2 (90.7) 84.4 (90.2) 85.3(89.2) 81.6(88.6) 81.7(88.6)
FF03 89.7(93.0) 90.6 (90.1) N/A (90.3) 84.3(90.3) 84.5(89.1) 82.7(88.8)
FF04 90.4(93.0) 89.7 (91.8) 84.6 (90.1) 86.5(89.3) 82.1(88.3) 81.1(89.0)
FF05 91.3(92.5) 91.5 (91.1) N/A (90.1) 85.8(89.2) 82.6(88.6) 83.9(88.2)
FF06 90.8(93.1) 90.0 (91.6) N/A (90.8) 87.5(90.5) 75.3(89.0) 82.5(89.2)
FF07 89.1(92.0) 90.2 (90.0) 84.3 (89.8) 84.6(89.2) 81.4(87.9) 81.8(88.3)
FF08 91.7(91.9) 90.8 (92.2) 85.2 (90.1) 84.2(89.0) 82.9(88.8) 83.9(88.1)
FF09 91.1(91.5) 86.7 (90.3) NA (89.0) 87.0(88.2) 81.9(87.4) 81.4(87.0)
FF10 88.6(91.8) 85.4 (91.3) 84.4 (89.8) 84.5(89.3) 81.7(89.0) 80.7(85.3)

In Fig. 10, the SOHmeas is plotted against the age of the
EV in days, together with the modelled SOH affected by the
total degradation (calendar and cycling). The modelled SOH



9

TABLE VI: Average battery temperature at the start Tinit and end (Tend) of
the charge, for the 10 EVs at FF

Sep. 2018 June 2019 Oct. 2019 May 2020 Nov. 2020 May 2021
FF01 28.5(16.3) 24.3 (15.4) 15.2 (15.7) 19.7(15.0) 17.8(15.2) 15.2(15.7)
FF02 24.2(N/A) 35.6 (15.2) 15.1 (15.6) 16.6(14.8) 9.1(14.9) 9.9(16.5)
FF03 24.4(14.7) 28.6 (16.7) N/A (N/A) 18.4(15.7) 15.0(N/A) 13.8(12.1)
FF04 25.9(16.1) 37.9 (18.3) 15.2 (15.7) 16.6(14.6) 9.7(15.3) 14.6(15.8)
FF05 27.1(15.9) 32.6 (17.1) N/A (N/A) 18.0(15.3) 8.0(N/A) 10.0(16.8)
FF06 29.4(15.8) 29.8 (16.6) N/A (N/A) 23.4(16.0) 8.1(N/A) 14.5(15.2)
FF07 21.9(14.9) 36.6 (19.6) 18.5 (14.9) 22.5(15.5) 8.3(14.6) 17.2(16.0)
FF08 25.7(15.3) 25.2 (19.2) 15.1 (15.3) 18.4(15.0) 13.8(18.0) 17.7(15.5)
FF09 23.9(15.0) N/A (15.6) N/A (N/A) 21.7(15.6) 8.6(14.8) 15.0(15.3)
FF10 23.7(15.6) 23.8 (19.2) 15.5 (15.6) 19.1(15.6) 12.6(N/A) 12.8(11.8)

matches the trend of the capacity measurements, but for most
of the EVs the measured degradation is worse.

The SOHcan is also plotted against the EV age, together
with the modelled SOH in Fig. 11. The SOHcan follows the
modelled results but generally is above the line.

Fig. 10: Comparison of measured SOH, SOHmeas, with the SOH model
output.

Fig. 11: Comparison of SOH reading from EV CAN-bus, SOHcan with SOH
model output.

The measured capacity loss appears to be accelerating
while the BMS estimates the opposite trend of less added
degradation. Fig. 12 compares SOHmeas vs. SOHcan and
clearly visualise that the BMS increasingly overestimates the
SOH.

E. Incremental Capacity Analysis

The ICA method as a SOH estimation tool for EVs has
been investigated. The ICA method has been applied to the
measured pack voltage and current during the full charges used
for the capacity measurements. The IC was calculated first

Fig. 12: Comparison of CAN-bus SOH reading, SOHcan, with the
SOH measurement, SOHmeas. The straight line shows the relationship
SOHcan/SOHmeas = 1.

for the base case Nissan e-NV200 Evalia to show the initial
peak and valley locations. Two vehicles (FF08 and FF10) were
chosen for ICA and the results are shown in Fig. 13b and 13a
with the corresponding SOH measurement shown in the figure
label.

There are characteristic peaks and valleys appearing when
performing ICA. The peak and valley locations on car level
are consistent with the measured SOH. The peaks lowers and
moves to the right when the ICA is done for the older battery
measured to have a lower capacity. For FF08 the ICA of the
last three charges are very similar corresponding to the small
difference in the result of the capacity test. It is an advantage
of the ICA method that the EV does not have to be completely
discharged as there are no valleys or peaks below 350 V.

F. Economic Cost of Degradation

There is an associated cost of the battery degradation as part
of the energy capacity is lost. Assuming a battery cost of 180
C/kWh [37], a 24 kWh EV would cost C4320. According to
the simulation result, there is a 1% capacity loss per year due
to the added energy throughput. This is related to the minimum
SOH of 50% of a second life application, where the battery
has lost all value, thus the yearly cost of battery degradation
due to FCR-N provision is found to be C86. This should be
compared with the FCR-N capacity payment of C1100 per
year and the cost of conversion losses. The average electricity
price for mid-sized industrial customers in Denmark is 0.08
C/kWh, so the 3.3 MWh of conversion losses per year results
in an electricity cost of C263. The FCR-N provision results
in a profit of 1100 − 263 − 86 =C751. This is however not
including the investment and maintenance cost.

VI. CONCLUSION

An empirical method to measure the battery capacity of
electric vehicles (EV) without violating the warranty of the
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(a) ICA of Evalia and FF10.

(b) ICA of Evalia and FF08.

Fig. 13: Incremental Capacity vs. terminal voltage during the constant current
phase of the Nissan e-NV200 Evalia and two FF EVs for each test round. The
SOH shown in the legend is the results of the charge capacity measurement.

battery is presented. The method requires a DC charger and
equipment to measure the voltage and current flow from the
charger to the EV and the low voltage consumption at the
auxiliary 12 V battery. The method is used to give a unique
empirical insight into what V2G can do to batteries performing
an energy demanding form of grid service. This is done by
measuring the capacity of a fleet of ten EVs that on average
delivers frequency-controlled normal operation reserve for 15
hours per day, and has a daily measured energy throughput of
50.6 kWh.

The battery capacity of the ten EVs is measured six times
over a period of three years, the last three years of the
five years of service operation. The usable battery capacity
was initially 23 kWh: after two years on average is reduced
to 20.7 and after five years is reduced to 18.9 kWh. The
separation of the capacity fade caused by the significant
energy throughput due to V2G service provision from the
unavoidable part caused by the battery ageing is provided from
the simulation of a industrial battery model. The measured
capacity is compared with the results of the model, which
predicts a similar degradation, but assigns two thirds of the
capacity loss to the ageing and one third to cycling. The
simulated SOH is, after five years of V2G services, predicted
to decrease to 84.3%, which corresponds to a remaining usable
capacity of 19.4 kWh.

As part of the investigation, the proposed method has
been discussed with reference to the ICA method. The ICA
was applied on the pack voltage and current during full

charges. Characteristic peaks and valleys corresponding to
the measured SOH are appearing when performing ICA. The
results obtained in this paper strongly indicates that the ICA
method can be applied on car level for EV battery pack SOH
estimation, but only when having real capacity measurements
of EVs with similar degradation as a reference.

Future work involves measuring the battery capacity of other
24 kWh Nissan e-NV200 EVs with the same age that have not
delivered frequency regulation, to validate the impact of the
increased energy throughput. The method is validated with
repeated tests on new and old Nissan e-NV200 as presented
here. Validation with Nissan LEAF EVs (24, 30, 40 kWh) has
been conducted and will be presented in future work of the
authors. Additional work should include the validation of the
method on EVs from other brands.
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Electrification of Personal Vehicle Travels in Cities
- Quantifying the Public Charging Demand

Andreas Thingvad, Peter Bach Andersen, Tim Unterluggauer, Chresten Træholt, Mattia Marinelli

Abstract—Charging electric vehicles is regarded as trivial with
chargers installed on private property, which could accommodate
the demand of 78% of the Danish cars. Hence, the owners would
rarely need to charge outside the household. Car owners in the
cities often do not have this option and must rely on the public
charging infrastructure. In this work we quantify the need, in
terms of energy demand, for public chargers on a national level
and in the largest Danish cities as a function of car ownership,
driving distance and household parking condition. We assess
the potential of destination charging at existing shared parking
facilities next to the household and the workplace to reduce the
public charging demand to be up to 87%. EVs with 300 km
range are able to complete the daily driving distance without
range extending charging in 98.4% days. The analysis relies
on driving and ownership data based on the Danish national
transport survey. Further, we identify suitable/optimal locations
for the necessary public chargers based on the total amount
of parking time spent by a car at different destinations and
the duration of a stay. We generalise the relationship between
publicly available information such as population density and
city size and the parameters that determine the public charging
demand. The systematic approach enables others to estimate the
demand in time and space for other cities or countries.

I. INTRODUCTION

The transportation sector accounts for 24% of the global
energy-related CO2 emissions. Private passenger vehicles
account for 45% of this [1]. Electrifying private transportation
enables the use of renewable resources in the mobility
area. Combining electric vehicles (EVs) with integration of
renewable energy sources may reduce the cost of electricity
and CO2 abatement [2, 3]. Due to national CO2 emission
targets, an increasing number of governments are setting
targets for reaching a certain penetration of EVs in the
transport sector and/or define deadlines for closing sales
of internal combustion engine (ICE) vehicles [4]. Studies
have pointed to an effective and sufficient public charging
infrastructure as being the main perquisites for achieving
large-scale electrification [5–8]. In Europe, the Alternative
Fuel Infrastructure (AFI) directive requires each national
member state to define targets for ”appropriate” public
charging infrastructure measured in terms of the ratio between
vehicles and public charging points (PCP). The European
average is today seven EVs/PCP and the member states
highest ratio is close to ten EVs/PCP [5]. A charging point
is considered publicly accessible if it can be used by an
unspecified group of EVs. In [7] it is recommended that the
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future charging infrastructure should not be based on a fixed
EVs/PCP ratio as countries differ regarding their framework
conditions and availability of home charging.

A. Order of Preferred Charging Options

In the following, the authors divide the PCPs into two
categories; destination charging and charging destinations.
Destination charging allows the EV owner to plug in at
locations where the vehicle would naturally be parked for an
extended duration as part of the owners behavioural pattern
e.g. shopping entertainment or sport. Destination charging
generally consist of slow AC chargers, defined as mode 3 by
the standard IEC 61851, which allows supply up to 43.5 kW.
On the EV side the capacity is limited by the on-board charger
to a range 3.7-22 kW [6]. Conversely, charging destinations are
locations that would require a dedicated trip with the primary
purpose of recharging the vehicle. Such a trip would involve
additional energy and time consumption. In cities charging
destinations can either be curbside AC chargers or range
extending fast DC chargers. DC chargers, defined as mode 4 by
IEC 61851, bypasses the on-board charger and can therefore
charge with higher power, available today with 50-350 kW
[6].

In Fig. 1 different charging locations are categorised
from left to right according to convenience. In this context
convenience is a function of the average time the cars
spend at each location. Destination charging is considered
most convenient since one would potentially avoid detours
as charging time spent at this location coincide with other
businesses, and thus largely eliminate the need for charging
elsewhere. For EV owners that park on their own property,
charging can be conducted with the installation of a private
charger. Car owners in the cities often do not have this
option and must rely on the public charging infrastructure.
For people living in a housing unit that occupies only part of
a building, like a housing tenure or apartment, there is often
a parking space next to the building. If the shared parking
facility has good parking conditions it would be possible to
charge if chargers were installed but it is not an individual
decision as it would be installed in a semi-public space
which requires a collective agreement. If it is not possible to
charge at the household, the most convenient location is the
workplace as the cars spend most of their time there outside the
household [9]. Available chargers at the workplace enables the
regularly visiting EV owners to meet almost all of their driving
consumption. The remaining EVs can use destination charging
if there are available chargers at the other locations they visit.
These other locations are the places of interest in the city
where the cars spend the most time outside the household and
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Destination Charging Charging Destinations

Charging 
Locations

Work Other Curbside Stations

11 kW              11-22 kW 11-50 kW 11-22 kW 50-350 kW

Convenience

Price

Home Private      Home Shared

11 kW

Fig. 1: Types of charging locations, with increasing price and consumer inconvenience from left to right.

workplace. The last alternative is to use charging destinations
in form of slow curbside chargers or fast chargers.

Installation costs, cost of charging as well as customer
inconvenience increase towards the right in Fig. 1. The cost of
installation and the cost of a curbside charger are three times
the cost of a home charger with the same power due to the
demand for increased durability of the former. For a curbside
charger this leads to a price tag of C4,000 per PCP with a
power of 11-22 kW [10]. Work charging could be cheaper than
home charging if it is subsidised by the workplace, but then
it would be a form of taxable income for the employee. DC
chargers are significantly more expensive than AC chargers
due to the increased demand of power electronics and grid
connection costs. In Denmark a 50 kW DC charger cost
C70,000, which is 17 times more expensive for only twice
the amount of power [10]. In Europe, a network of 350 kW
DC chargers are priced at C200,000 each [11]. Fast charging
stations will due to limitations in the EV battery characteristics
not reach a time consumption similar to refuelling at a gas
station and will in the foreseeable future require more than 15
minutes for a charge 10-80% SOC [12].

B. Utilisation of Public Charging Points

Beyond charging, public curbside chargers are also used
as a normal parking space, which results in a low utilisation
of the charger. Here utilisation expresses the share of time
that the PCP experiences an active power flow. The utilisation
describes the maximum energy supplied per PCP with a certain
power capacity. For example, an 11 kW PCP with a utilisation
of 15% can provide up to 39.5 kWh per day. Two studies
from cities in the Netherlands found that when EVs were
connected, only 12 - 18% of the time was used for charging,
leading to a utilisation of only 4 - 5% [13, 14]. Results
from a similar study in the United States (US) found that for
only 14% of the PCP connection time the connected EV was
actually charging, which resulted in a utilisation of 7% [15].
In China the utilisation of PCPs was estimated to be less than
15% [16]. Economically viable operation of public charging
infrastructure is highly dependent on the utilisation [17]. More
idle time is a growing trend in the Netherlands, which directly
impacts on the sizing of the infrastructure, hence its cost and
availability [18]. The chargers in Amsterdam would need to
deliver twice as much energy per day to be profitable [14].
In Germany, utilisation for 11 kW charging points needed

to exceed 60% for profitable operation [19]. The work in
[20] revealed that the profitability of charging infrastructure
was highly uncertain but that utilisation higher than 33% was
needed under unfavourable conditions to meet an amortisation
of the costs. Therefore, accurately quantifying the need for
public charging is crucial in order to develop a charging
infrastructure that is convenient, sufficient and economically
efficient.

C. Current Charging Behaviour

Several studies based on real EV data showed the
importance of home charging. In the early ramp up of the EV
market in California 50-80% of charging events were at home,
15-25% at work and less than 10% at public chargers [21]. In
a survey of 4,000 EVs in 12 states in the US it was found that
57% of users charged only at home, 40% used a combination
of home, workplace and public charging where charging away
from the household usually happened at work [22]. Similar
results were seen in a survey in California, where 53% of
the EV owners solely relied on home charging, 8% and 3%
relied on work or public charging respectively [23]. The same
results were found by a national survey in the US of 8,300 EV
owners in 22 states [24]. Regarding range extension charging,
it was found in [25] that fast chargers provided 4-6% of the
total electricity consumption for driving in Norway in 2019.
Telematics data of driving and charging behaviour collected
from 7,163 Nissan LEAF EVs in the US during a whole year
showed that EVs on average drives similar yearly distances as
ICE vehicles [26].

D. Driving Behaviour of Cars in General

The charging pattern might be different in the future when
transitioning from the market of early adopters to an EV
mass market penetration. Home charging availability depends
on socio-demographic and geographical characteristics and
differs from country to country. Building an EV charging
infrastructure based on an analysis of the general driving
behaviour presents an alternative to building it based on
historic charging data for EVs. Based on empirical data
retrieved from the German National Household Travel Survey
(NHTS) [19] estimated the average probability of private home
charging at 67% for metropolitan areas, 78% for urban, and
82% for rural areas. Using data from the US NHTS, [27]
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estimated that less than 60% of American homes in urban
areas can park on their own property, while this number
increased to around 80% in rural areas. Lack of access
to home charging determines the need for public charging
infrastructure. By using data from the US NHTS, [28] found
that charging outside the household was most likely to happen
at the workplace, followed by shopping and social destinations.
Assuming 100% EV penetration in Austria, [9] estimated that
88% of charging events would be carried out at home (the
share of the energy was not reported), 8.8% at the workplace
and only 1.7% of charging events take place at public slow
chargers and 1.5% at fast chargers [9]. However, articles
[9, 28] did not distinguish between parking on private property
at the household and on a parking lot/street near the household.
Quantifying the need for public charging infrastructure in the
metropolitan areas in the US and United Kingdom (UK),
[29, 30] similarly estimated that over 90% of the chargers and
more than 60% (UK) and 70% (US) of the required energy
could be provided by home charging.

The distribution of daily driving distances in the US was
analysed in [31], based on the US NHTS, where it was found
that a 55 kWh EV on an average day could match the range
of 98% of the cars and 80% of the driving distance. The
average driving distance was found to be significantly lower
in the cities than the rural areas, with small variations between
the cities, but the share of the long trips were the same. The
general charging demand was not investigated. The authors of
[8] analysed the distribution of long trips for 334 vehicles that
were tracked for a year in the Seattle metropolitan area. They
found that 12% of the cars could be electrified if they relied
on home charging only whereas adding workplace charging
would enable another 2% to be electrified. The study showed
that most drivers required access to range extension for a few
days per year to meet all of their driving demand, but the
energy demand from fast charging compared to home and
workplace charging was not analysed.

E. Objectives

This section has reviewed that the demand from range
extension is well documented as 1-2% of charge events/cars
in a day and 3-4% of the energy [9, 25, 31]. The main focus
of this study is on the bulk charging and not on the long
distance trips. From the above literature review we conclude
that while home charging remains the most prevalent mode
of charging - as EV penetration increases and as we seek
to electrify vehicles in urban environments - there is an
increased need for alternative charging solutions in order to
meet the demand from a full electrification of personal vehicle
travel. Concurrently some of the infrastructure established in
cities, especially curbside charging, are shown to exhibit low
utilisation, giving a low value/PCP, but also a high investment
cost, giving a high cost/PCP - exacerbating the challenge of
meeting the urban demand.

Using data from the Danish National Travel Survey
(NTS) this study adds to previous work by proposing a
quantitative methodology that provides as results; estimates
of the charging demand that public infrastructure will need to

meet; quantifying how much charging demand shared parking
facilities and workplace parking facilities can potentially
cover; and finally how much of the residual demand may
potentially be served using public destination charging at
points of interest in the cities. All calculations/estimates
are based on neutral regulatory condition, i.e., based on
the technical aspects. Regulatory frameworks and incentives
potentially impact and could ultimately shift around charging
preferences. The following three points constitute the main
novelties that addresses the gaps identified in the literature:

1) Generalising the relationship between publicly available
information such as population density, city sizes and
the resulting energy demand that needs to be served by
public chargers enable us to take a systematic approach
to accurately determining the demand in time and space
for a specific city or country.

2) The analysis is centred around the household and
workplace parking conditions. By identifying the
parking conditions, we can clearly classify home
charging into subgroups such as: charging on private
property and charging on a shared parking facility. In
the former, the installation of a charging station is
solely dependent on the property owner, while the latter
requires a collective agreement. This aspect was not
addressed in previous work.

3) Finally, we characterise the residual public charging
demand that can be met with destination charging at
points of interest in the city; shopping, entertainment
and sport.

The remainder of the paper is organised as follows. Section
II describes the method and assumptions on which the study
is based; Section III quantifies the public charging demand for
both long distance and daily driving. Section IV estimates to
what extent shared parking facilities and workplace charging
can meet this demand. Section V analyses the potential for
covering the residual charging demand with public destination
charging at points of interest. Finally, Section VI summarises
the findings and highlights relevant future work.

II. METHOD

The section below describes the method for calculating car
ownership, driving distance and household parking condition,
which determine the demand for public chargers.

A. Calculation of Demand for Public Chargers

When calculating the demand for public chargers several
assumptions have to be made, namely:

1) A 100% EV penetration scenario is assumed to avoid
selection bias due to early adopters, geographical
differences etc.

2) It is assumed that the overall transportation behaviour
will remain the same as for the ICE based driving, i.e.
as before the electrification of the vehicles.

3) An EV has an average energy consumption of 200 Wh
per km including losses during charging.
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4) Drivers that park on private property at the household
will install a charger and become almost self-sufficient
with electricity with regards to their driving needs.

5) The aggregated driving distance corresponding to people
with good parking conditions at shared parking facilities
at the household and at the workplace could be
electrified through the right incentives and regulatory
framework.

6) There is a need for range extension from fast chargers
for cars that drive more than 300 km in one day,
corresponding to a battery capacity of 60 kWh.

B. Driving Distance per Car

The Danish NTS is a person based (not household based)
interview survey which documents the travel patterns of the
Danish population [32]. It provides a consistent, statistical
picture of transport in Denmark for Danish residents age
10-84. Each interview, referred to as a session, in the survey
data describes the travelling of a single person during a single
day which may consist of multiple trips. The total travelled
distance by all the cars owned by the Danish households, λ,
is achieved by accumulating the distance of all the trips that
comply with the following conditions: the interviewed is the
driver (not the passenger) of a passenger car/van which is
owned by the household. This excludes all distances driven in
borrowed cars, employers cars, car sharing and rented cars, to
be consistent when dividing with the number of cars owned
by all the households.

All the sessions in one year are scaled with the session
weight, ρ, according to social, economic and geographical
characteristics, to give a snapshot of the population for that
year. When analysing the data for multiple years (2014-2019),
the distance is normalised by the duration (number of years
Ny = 6). Hence the total driven distance over N session, with
Mk trips per session is found with (1).

λ =
1

Ny

N∑
k=1

Mk∑
g=1

λk,g · ρk (1)

It then follows that the total number of cars owned by the
households, κ, is found as in (2). The car ownership of each
household, θk, is scaled with the session weight divided with
the number of people in the household, ξk.

κ =
1

Ny

N∑
k=1

θk · ρk/ξk (2)

Considering a uniform distribution of energy consumption,
with a mean value η = 200 Wh/km, the mean daily energy
consumption, ε, can be estimated by (3). The mean energy
consumption quoted above accounts for the overall energy
use per driven kilometre and includes the efficiency of the
drive train, the charger conversion losses and the electricity
consumption for the EV auxiliary systems like heating [33].
The energy consumption is the average over the year which

means that it would be higher in the winter and lower in the
summer. The energy demand is normalised per car in (4).

ε = λ · η (3)
φ = λ/κ · η (4)

C. Parking Conditions

The parking conditions at the household determine the
potential for home charging. Since it is not the whole
population that lives in a household with a car, the parking
conditions are found for people who live in a household with
a car ownership of minimum one. Those that can park on their
own private property as a fraction of the whole population is
referred to as µpriv = N priv/N t where N priv is the population
in the group that can park on their own property and N t is
the total population. Similarly the ratio of the population with
good parking conditions on a shared facility at the household
is called µsh. The good parking conditions are described as;
always or normally available space, free and time unlimited.
If it is technically possible to install chargers at these parking
lots it would be possible for the residents to cover their every
day driving needs at the household.

The NTS also describes the parking conditions at the place
of occupation for employees, the self-employed and those
seeking education. The workplace is the prevalent location
regarding transportation by car compared to educational
locations. 25% of the total driving distance by car involves
commuting to a workplace and only 2% is for educational
purposes. It is therefore referred to as the workplace. The
fraction of the population that has good parking conditions at
the workplace is referred to as µwork. The parking conditions
at the workplace is only relevant for people with a workplace
different from the place of residence, but µwork, is calculated
as the fraction of the whole population.

D. Distribution of Energy Demand per Parking Condition

The distribution of the charging demand is described in four
scenarios. The base case (scenario 1) is that everyone that can
not park on their own property must rely on public charging
infrastructure. Some of this public demand could be reduced
by instead either charging at the shared parking facilities at
the household (scenario 2) or at the relevant parking lots at
the workplace (scenario 3) or a combination of both (scenario
4).

The fraction of the population with certain parking
conditions at the household and at the workplace (µpriv, µsh

and µwork) is compared with the fraction of the distance driven
by the specific cars with those parking conditions. The cars
that can park on private property at the household drives a part
of the total driving distance, νpriv = λpriv/λ where λpriv is the
distance driven by the population in the group that can park on
their own property. Similarly the cars that can park on a shared
parking facility at the household drives a part, νsh, of the total
driving distance. The cars that have good parking conditions
at the workplace and can not park on private property at the
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household (scenario 3), drives a portion, νwork1 , of the total
driving distance. The cars that have good parking conditions
at the workplace and has generally poor parking conditions at
the household (scenario 4), drives a part, νwork2 , of the total
driving distance.

On an average day, the majority of the population is not
the driver of a car. Thus more data is available to describe
the fraction of the population with certain parking conditions
(µpriv, µsh and µwork), than is available to describe the ratio of
the distance driven by the specific cars with certain parking
conditions (νpriv, νsh, νwork1 and νwork2 ). When insufficient
data is available the fraction of the distance can be estimated
based on the fraction of the population and νwork1 can be
estimated as (1 − µpriv) · µwork and νwork2 can be estimated
as (1− µpriv − µsh) · µwork.

The energy consumption associated with each segment
under consideration can be estimated by considering the
product between the total energy consumption with the
fraction of total driven distance by the given segment, namely:

εpriv = ε · νpriv (5)

εsh = ε · νsh (6)

εwork1 = ε · νwork1 (7)

εwork2 = ε · νwork2 (8)
(9)

The residual public charging demand in scenario 1 to 4 is
found with (10)-13

εpub1 = ε− εpriv (10)

εpub2 = ε− εprivate − εsh (11)

εpub3 = ε− εpriv − εwork1 (12)

εpub4 = ε− εpriv − εsh − εwork2 (13)

E. Destination Layover Time

The total time cars spend at different locations outside the
household and workplace, τ , is calculated with (14), where
τk,g is the time the respondent spent during each visit a
specific type of location. Layover time is only counted if the
respondent travelled to the destination by a car/van owned by
the household where the respondent was the driver (not the
passenger). There can be up to Mk visits at each location, so
the time spent is the sum of the duration of the individual visits
by the same respondent multiplied with the session weight.

The number of cars that visits the specific location by car
in a day is called κloc. The average time spent per visiting car
is called π and is calculated with (15). The average time a
car spends per week at the specific location is called ψ and is
calculated with (16) by dividing with the total number of cars
and multiplying with the number of days in a week, Nw = 7.

The average number of days between a car visits one of the
locations, σ, is found with (17).

τ =
1

Ny

N∑
k=1

Mk∑
g=1

τk,g · ρk (14)

π = τ/κloc (15)
ψ = τ ·Nw/κ (16)

σ = κ/κloc (17)

III. PUBLIC CHARGING DEMAND ON NATIONAL AND
CITY LEVEL

A. The Danish National Household Travel Survey

The analysis is based on the TU0619v2[32] version of
the NTS. The most recent six years, before the impact of
COVID-19, (2014-2019) of data where the NTS included
questions about parking conditions at the household and
workplace was analysed. In the period there was on average
9388 sessions per year and the total number of sessions for the
six-year period is N=56328. The NTS estimates the population
size with a margin of 0.1-0.4% for the individual years,
compared to the National Government Statistics Denmark
(DST). The remaining paper does not differentiate between
individual years and analyses all of the 56328 sessions together
as an average year. There is a similar growth in car ownership
and driving distance in the period, which does not affect the
results. The home address of the respondent is identified by a
city code and a municipality code, which are used to group the
sessions. DST uses a combination of municipality codes and
city codes, with large cities comprising several municipalities
divided at the municipality border. Information about the
population density of the individual cities is taken from DST
so the NTS data has been grouped in the same way. This
means that the urban area of Greater Copenhagen which covers
several municipalities is divided into several cities according
to the municipality border. All statistical calculations are made
with a minimum of 1000 samples, which limits the calculation
of (µpriv, µshared and µwork) in individual cities to the 27 largest
cities in Denmark (C27), and limits the calculation of (νpriv,
νshared, νwork1 and νwork2) to the national level and the capitol
Copenhagen. To be able to analyse the situation in the more
rural parts of the country where there are fewer sessions
per town, every city/town has been grouped according to the
population rounded to the nearest step of either 1000 or 5000
people. The groups are chosen so that each group includes a
minimum of 1000 sessions.

B. Demand for Average Driving Days

The six year average figures for the Danish population
indicate a total population of N t = 5.73 million people, living
in 2.56 million households, owning 2.74 million vehicles.
This yields a car ownership of 0.47 cars per person and 1.07
cars per household. The cars are however not evenly spread
between the households as 23% of the households do not own
a car, 51% own one car and 22% own two cars. Ref. [34] has
shown a similar distribution of car ownership in Scotland. Car
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ownership for C27 is depicted in Fig. 2a, where the area of
the circles is proportional to the population size of the city,
which for the seven largest cities is also given in the colour
coded legend. The red line shows the national average. The
car ownership is closely related to the population density and
it is close to twice as high in the least dense cities compared
to Copenhagen but in all cases significantly below the national
average. The car ownership also depends on the income
level as can be seen for Frederiksberg. The municipality of
Frederiksberg is located in the centre of the municipality of
Copenhagen but the average disposable income is 21% higher
than in the municipality of Copenhagen, which results in a
higher car ownership despite a significantly higher population
density [35]. All cities considered are significantly below the
national average for car ownership.

On a weighted average day the cars are driving 123.29
million km corresponding to 45 km per car. The cars are not
all driven daily and on an average day only 84% of the Danish
cars are driven, equal to 2.1 million cars, driving 55 km each.
The cars on average are driving 47 minutes per day, which
means they are parked 96.6% of the time. Not only are there
fewer cars in the more densely populated cities but they also
drive shorter distances, as shown in Fig. 2b for C27. The red
line shows the national average. On an average day the cars
in Frederiksberg and Copenhagen drive 26% and 20% shorter
than the national average. The less dense cities are spread
around the national average and the lowest numbers are seen
for cities close to Copenhagen.

(a) Car ownership vs. population density.

(b) Driving distance vs. population density.

Fig. 2: (a) Car ownership and (b) Driving distance vs. population density for
the 27 largest cities in Denmark. The area of the circle is proportional to the
population.

The NTS sessions are spread throughout the year so the
different behaviour of the different days are taken into account.
This study is based on a weighted average day, which means

that some days will have a lower or higher driving distance.
The days are categorised as different day types shown in
Table I. The largest driving distances are seen on Fridays and
weekdays before a public holiday, where the distance is 14%
higher compared to the weighted average. This means that the
busy driving days will only cause an increase of electricity
consumption of up to 14%.

Description Days Distance
Normal weekday ”Mon-Thur” 191 49 km (110%)
Friday and weekday before public holiday 50 51 km (114%)
Special weekdays (most workplaces are closed) 8 44 km (97%)
Saturday 53 36 km (79%)
Sunday and last public holiday before weekday 53 36 km (79%)
Holiday/Sunday - next day is Sat/Sun/holiday 10 31 km (68%)

TABLE I: Day types and average driving distance in km and in percent of
the weighted average.

Several studies have shown that EV owners rarely charge
their EV every day, unless it is necessary [26, 36]. By looking
at the distribution of daily driving distances, shown in Fig. 3a,
it can be seen that few cars need to be charged daily. On an
average day, 66% of the cars that drive will drive less than 50
km and 86% will drive less than 100 km.

(a) Distribution of cars (left) and cumulated share (right) vs. the driving distance.

(b) Share of driven vehicles in Denmark and the 7 largest cities with insufficient range
on a log–linear scale vs. the Vehicle Driving Range.

Fig. 3: Distribution of the driving distances of privately owned cars during a
single day.

Considering a hypothetical mean range of 300 km, only
14% would need to charge more than every third day.
Therefore it can be assumed that the difference in driving
distance of individual days does not result in the same
difference in electricity consumption as the charging behaviour
has a smoothing effect.
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C. Demand for Long-Haul Driving Days

The share of the cars not having enough range for a full day
of driving depends on the total range of the car. Fig. 3b shows
the share of the cars that that during a single day would need
to stop to charge vs. the driving range of the vehicle. This
share is shown for all of Denmark and for the residents of
the seven largest cities. Even though the cars in the cities on
average drive less, the share of the long trips is the same,
resulting in the same need for fast chargers.

On an average day, 1.4% of the cars will drive longer
than 300 km, which means that they would need to charge
during the day to complete the trip. As shown in Fig. 3a, it
is important to electrify this group as they drive 13% of the
total distance of all cars. Those findings are consistent with
results of [9, 31]. The charging demand can be met with a
network of fast chargers that can deliver the missing range
beyond 300 km to reach the destination. The 1.4% of long-haul
cars on average drive 404.8 km (81.6 kWh), resulting in an
average need of extra supply of 104.8 km range (21.6 kWh) to
reach their destination. Differences in the driving consumption
caused by higher driving speed for the long distance trips is not
taken into account. On the national level the range extension
would account for 0.86 GWh per day or 3.36% of the total
consumption. For the residents in Copenhagen, it would be
3.62% of the driving consumption. This is close to the situation
today in Norway [25].

D. Parking on Private Property at the Household

The share of people, living in a household with a car
ownership of minimum one, that can park on their own
property is shown in Fig. 4a for C27 vs. the population
density. The red line indicates the national average of µpriv =
77.5%. The least densely populated cities have a share
above 80% and are in general above 50%. Only Copenhagen
and Frederiksberg significantly stand out at 23% and 17%
respectively.

In Fig. 4b the smaller and less densely populated areas of
Denmark have been investigated by grouping the sessions with
a similar city size. In towns with a population around 500
people, 98% are able to park on their own property. The share
gradually decreases for cities with a larger population. The
population size and density are related and can both be used
to describe the share of population that can park on their own
property. For the case of Frederiksberg, which can be seen in
both Fig. 4a and 4b, it does not follow the trend for the city
size due to the high population density.

E. Charging Demand Outside the Household

The national average daily energy consumption is φ = 9
kWh per car. The fraction of the population parking on private
property is µpriv = 77.5%. The cars that can park on private
property drives a larger share of νpriv = 80.9% of the total
driving distance, because of the differences between urban and
rural areas where the areas with the best parking conditions
have the highest car ownership and drive longer distances per
car and thus have a larger weight. For Copenhagen the share

(a) µpriv vs. population density for the 27 largest cities in Denmark. The area of the
circle is proportional to the population.

(b) µpriv vs. city size for all of Denmark.

Fig. 4: The fraction of the population that park on their own property vs. (a)
population density in C27 and (b) city size.

of the population µpriv = 22% is higher than their share of the
distance νpriv = 19%.

In Fig. 5 is shown the public charging demand normalised
per car φpub1 calculated as φ · (1− µpriv) for each city in C27
and the national average of 2 kWh per car. The public charging
demand is increasing with the population density, despite the
average driving distance showing the opposite trend.

Fig. 5: φpub1 calculated as φ · (1 − µpriv) vs. population density for the
27 largest cities in Denmark. The area of the circle is proportional to the
population.

Table II depicts the daily energy consumption for personal
transportation in all of Denmark and for the largest city
Copenhagen. Copenhagen has 153,000 cars that on average
drive 35 km/day with a consumption of 7.01 kWh/day per
car. Only 22% of the cars can park on private property at
the household, so situation is reversed compared to all of
Denmark. It can be seen that the overall demand per car in
Copenhagen, 7 kWh per day, is lower than the national average
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of 9 kWh per car. However, the parking conditions cause a
significantly higher public charging need. With 5.70 kWh, the
public charging demand in Copenhagen is 331% higher than
the national average of 1.72 kWh per car. ε, is all the energy
demand, including the share of the long trips with a distance
above 300 km, which should be delivered by range extension
chargers.

Denmark Copenhagen
ε (φ) 24.66 GWh (9.0 kWh) 1.07 GWh (7.0 kWh)

εpriv (φpriv) 19.95 GWh (7.3 kWh) 0.20 GWh (1.3 kWh)
εpub1 (φpub1 ) 4.70 GWh (1.72 kWh) 0.87 GWh (5.7 kWh)

TABLE II: Daily energy consumption, ε, and per car, φ, in Denmark and
Copenhagen, in total and divided in the cars that park on private property and
those that does not.

IV. ROLE OF SHARED PARKING FACILITIES AT THE
HOUSEHOLD AND THE WORK PLACE

We here determine how much the residual public charging
demand can be reduced by fully utilising charging options at
the workplace and shared facilities at the household.

A. Parking on a Shared Facility at the Household

The share of the population with good parking conditions
on a shared parking facility at the household is shown in
Fig. 6a for C27. The fraction is around 20% across the 27
cities and is independent of the population density, because
it excludes people with poor parking conditions. The poor
parking conditions on a shared facility at the household are
described as either rarely/never space, time-limited or against
payment. More people parks on shared facilities in the more
densely populated cities but the larger share mostly consist of
facilities with poor parking conditions. On the national level
14.7% of the population parks on a shared facility next to
their household and 12.9% (88% of them) have good parking
conditions.

The share of people parking on a shared facility at the
household in all of Denmark, grouped by city size, can be
seen in Fig. 6b. There is a clear trend of less people parking
on a shared facility in smaller towns. Assuming that the
µsh = 12.9% of people parking on a shared facility at the
household also drives 12.9% of the distance, it shows that up
to µsh/(1 − µpriv) = 57% of the public charging need can
potentially be covered by installing chargers at shared parking
facilities.

B. Parking at the Workplace

The share of the population in Denmark that has good
parking conditions at the workplace is µwork = 55.5%. The
remaining 44.5% either have poor parking conditions or do
not have a relevant workplace. In Fig. 7a, it is shown how the
share of the population with good parking conditions at the
workplace is lower in cities with higher population density, but
there is a relatively low difference between the highest 62%
in Esbjerg and the lowest 40% at Frederiksberg. The parking
conditions at the workplace are similar in the rural and mid

(a) µsh vs. population density for the 27 largest cities in Denmark. The area of the circle
is proportional to the population.

(b) µsh vs. city size for all of Denmark.

Fig. 6: The fraction of the population that has good parking conditions on a
shared facility next to their household vs. (a) population density in C27 and
(b) city size.

size cities but decrease in the largest cities as shown in Fig. 7b.
Charging at the workplace has a large potential throughout the
country with most places being close to the national average
of 55.5% and is expected to have the potential of reducing the
public demand with a similar share.

C. Distribution of Charging Demand

The cars with the best parking conditions are driven more
than the cars with poor parking conditions which causes the
share of the population to deviate from the share of the
distance. The average driving distance per car in each group is
shown for each scenario in Table III. The scenarios are defined
in subsection II-D.

Scenario 1 2 3 4
Private 46.67 46.67 46.67 46.67
Shared 40.14 40.14
Work 50.84 50.41
Public 39.17 37.89 26.26 24.11

TABLE III: Average daily driving distance (km/day) of cars with different
parking conditions in scenario 1-4.

Fig. 8 illustrates the share of the total driving distance that
potentially could be covered at different locations according
to scenario 1 and 4 as found with (6)-13 for all of Denmark
(left) and the city of Copenhagen (right). The demand for
range extension has been taken into account. The main pie
chart depicts the distribution in the base case, scenario 1,
where the charging demand only is divided in εpriv, εpub1 and
range extension. The subset of the pie chart shows how much
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(a) µwork vs. population density for the 27 largest cities in Denmark. The area of the
circle is proportional to the population.

(b) µwork vs. city size for all of Denmark.

Fig. 7: The fraction of the population that has good parking conditions at the
workplace vs. (a) population density in C27 and (b) city size.

εpub1 could be reduced by meeting as much of the demand as
possible with εsh and εwork2 . Thus resulting in the minimum
demand for public charging εpub4 .

Range Extension
3.36%

Private
78.18%

Shared
10.73%

Work
5.39%

Public4
2.34%

Public1
18.46%

Denmark

Range Extension
3.62%

Private
17.94%

Shared
23.15%

Work
33.76%

Public4
21.53%

Public1
78.44%

Copenhagen

Fig. 8: Share of driving distance in Denmark (left) and in Copenhagen (right)
that can be supplied at different locations in scenario 1 (main pie chart) and
4 (subset pie chart).

1) Denmark: The starting point is scenario 1 where 81%
of the daily distance is driven by cars that can park on
their own property, when subtracting the demand for range
extension 78% will be charged at home on private property.
The remaining 18% of the driving demand has to be delivered
outside the household. The cars that park on a shared facility at
the household with good parking conditions drive νsh = 11%
of the total distance, close to the share of the population
µsh = 13%. Parking lots with good parking conditions can
potentially reduce the public charging need by 58%. The cars
that can not park on private property but have good parking
conditions at the workplace (scenario 3) drive νwork1 = 13%
of the total daily driving distances. Therefore, work charging
could potentially contribute to reducing public charging need
by up to 68%, which is more than that of the shared facilities
at the households. The cars in scenario 4 that have poor
parking conditions at the household but good conditions at
the workplace drive νwork2 = 5% of the total driving distances.

Going from scenario 2 to 4, adding the workplace charging
on top of the charging at the shared parking facilities at the
household have the potential of reducing the public charging
need with 60.2%. The combined use of both the shared
facilities at the household and at the workplace could supply
16% of the total driving distances. In scenario 4 the public
charging need is reduced by 87% compared to scenario 1 to
the minimum level of 2% or φpub4 = 0.22 kWh per EV per
day. The reduction potential from workplace charging of 68%
and 60% is higher than the 55.5% that was calculated based
on the national value of µwork. The cars with good parking
conditions at the workplace are driven twice as far per day
than the cars that do not have good parking conditions and
therefore are counted with a higher weight.

2) Copenhagen: As shown in the right part of Fig. 8,
Copenhagen initially (scenario 1) has the opposite distribution
than the national as only νpriv = 18% of the distance is driven
by cars that are able to charge on private property and 78%
of the energy has to be delivered outside the household. The
fraction of people is µpriv = 22%. The potential for providing
the residual energy by the shared facilities (scenario 2) is
twice as large as the national level and νsh = 22% of the
distance is driven by those cars. The fraction of people is also
µsh = 22%. The potential of instead providing the residual
energy with workplace charging (scenario 3) is also more
than double compared to the national level as the workplace
charging has a potential to cover νwork1 = 51% of the distance,
corresponding to a reduction of the public charging demand
of 63%. When adding workplace charging on top of charging
at the shared parking facilities at the household (scenario 4),
work charging could meet νwork2 = 34% of the demand and
reduce the public demand with 61% compared to scenario
2. In scenario 4 the combined use of shared facilities and
workplace charging can cover up 57% of the total demand
and reduce the public charging need to 22%. This is a 73%
reduction compared to scenario 1. The reduction potential of
workplace charging is significantly higher than the share of the
people µwork = 46.35%. In scenario 4, 40% of the national
public charging need is in Copenhagen, despite the cars in
Copenhagen only drive 4% of the overall distance.

V. POTENTIAL OF PUBLIC DESTINATION CHARGING

A. Distribution of Visit Duration

This residual public driving demand can to some extent be
supplied with destination charging at other locations where the
cars spend most time. The locations are grouped according to
the purpose of the visit. The three most common purposes of a
visit to a location, excluding the household and the workplace,
are in descending order: shopping; entertainment (cinema,
cafe, restaurant, sport spectator, church, etc.) and participation
in sports. The average time spent, π, when visiting the location
indicates the amount of energy that can be charged per plug-in
session. The visit must be of certain duration before it is
beneficial, in terms of received energy, for the EV owner to
make the effort of plugging in. How much time cars generally
spend per week at the location, ψ, also depends on the number
of days between a visit, σ. Given a certain charging power, ψ
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represents the amount of energy that can be charged from the
location type per week if there are available chargers. Table
IV shows π, ψ and σ for the three different locations.

Purpose N π ψ σ
Shopping 29872 39 minutes 94 minutes 2.9 days
Entertainment 5270 161 minutes 72 minutes 15.7 days
Sport 5086 130 minutes 55 minutes 16.5 days

TABLE IV: Average time spent during a visiting day (π), the average time
spend during a week (ψ) and the number of days between a visit (σ) at the
most common purpose of a visit to a location, excluding the household and
the workplace.

A car in Denmark on average spends 94 minutes per week at
locations with a shopping purpose. On the days the car is used
for shopping it stays on average 39 minutes at the location,
which means that it is used for shopping once every 2.9 days.
When the cars are used to visit a location with the purpose
of entertainment or sport, the visits are generally longer but
since they have a lower occurrence of only one visit per 15.7
or 16.5 days, overall less time is spend there. Fig. 9a shows
the cumulative share of the visits with different duration and
the cumulative share of the total time spent. 86% of visits
with the purpose of shopping last less than one hour, while
84% and 78% of visits at entertainment and sport facilities
last more than one hour. A share of the visits are very short
and would not be suitable for charging. The threshold below
which it does not make sense to plug in is chosen as visits
of less than 15 minutes duration, which accounts for 25% of
shopping visits but only 6% of the time spent at a shopping
location. The short visits accounts for only 0.2% and 0.1% of
the time spent at entertainment and sport.

B. Coverage of Driving Demand

Unlike the household and the workplace, the time the cars
spends at the three investigated locations is not abundant. It
is therefore necessary to assume a specific charging power
that determines the needed charging time to cover the driving
demand. An example is given for an 11 kW AC charger. It
can be seen in Table III (scenario 4) that the cars that neither
are able to charge at the household nor at the workplace on
average drive 24.11 km per day. Thus resulting in a driving
consumption of 4.8 kWh/day or 33.8 kWh/week. Using an
11 kW charger, the consumption could be covered with 185
minutes of charging per week. Assuming available chargers
at all three types of locations, the average EV owner could
charge 16.2 kWh (excluding visits of < 15 minutes duration)
at shopping, 13.2 kWh at entertainment and 10.1 kWh at sport
per week. The sum of the potential destination charging is 39.5
kWh per week, which is 117% of the energy need.

Destination charging is in this case limited in time by
the natural duration of the visit. Thus the utilisation and the
energy that can be delivered per charge point per day at these
locations is determined by the distributions of the visits. If
all the cars visit at the same time there can only be a single
charging session per day, while if the visits are spread equally
throughout the day, there can be multiple consecutive charging
sessions with low charger idle time. Fig. 9b shows the share
of active visits during the day. The behaviour at specific

times during the day differ between weekdays and weekend
so Fig. 9b is only based on weekdays (Monday-Friday). The
maximum share of active visits in a day, ζ, for shopping is
ζ = 8.8%. For entertainment it is ζ = 34.9% and for sport it
is ζ = 27.4%.

(a) Cumulative distribution of daily visits and time spent at different types of location.

(b) Share of active visits at the same time of all visits throughout the day.

Fig. 9: (a) Cumulative distribution of daily visits and time spent and (b) share
of active visits at locations with the purpose of shopping, entertainment and
to participate in sport.

The necessary amount of chargers to install at the different
locations depends on the maximum share of all the cars that
are at the location at the same time, α. The maximum share
of the visiting cars that are at the locations at the same time ζ
is multiplied with the share of all the cars that visit a location
during a day 1/σ in (18).

α = ζ/α (18)

The peak share of all cars visiting shopping locations is
calculated as α = 8.8%/2.9 = 3.0%, which means that the
charging demand can be covered by one charger for every 33
cars in Denmark. The EVs/PCP ratio is found with (19).

EVs/PCP = 100%/α (19)

The peak visits at Entertainment locations are 2.2% of all
the cars which requires one charger per 44 cars. The peak
visits at sport locations are 1.7% of all the cars which requires
one charger per 60 cars to meet the demand. The ratios are
significantly higher than the current situation in Europe where
the ratio is 7-10 EVs/PCP, which indicates that the profitability
of each PCP could be improved significantly by optimally
choosing the location. If the chargers only were used by the
residual cars in scenario 4, they would supply the charging



11

need for 123,783 cars. To meet this demand at shopping
locations would require 123, 783/33 = 3713 charge points,
supplying 77.2 kWh/day each. The entertainment locations
would need 2752 charge points, delivering 84.8 kWh/day each
and sport locations would need 2056 charge points, supplying
86.9 kWh/day each. Assuming a constant power of 11 kW,
supplying 77.2-86.9 kWh/day would require a utilisation of
29-33%.

The visits at shopping locations are spread out evenly
between 10:00 in the morning and 17:00 in the evening, where
5 − 8.8% of the cars are shopping at the same time. The
spread of visits during the day together with the duration of
the visits from Fig. 9a could enable a very high utilisation.
The low number of days between shopping might enable the
owner in having a cheaper EV with less range as there is a
potential for charging regularly. The long time between visits
at entertainment and sport locations could indicate that they
contain separate sub-distributions of some cars that weekly
are driving with the specific purpose and others that never
do. Thus the ratio would be reduced to half the calculated
value. If there is a homogeneous distribution of visits to
entertainment and sport, the long time between visits could
also be problematic as an EV with 60 kWh capacity - if driving
more than the average distance during a week - would run out
of charge. Finally the very long visits might be more than
the needed charging time and together with the higher peak
correlating visits could result in a significantly lower utilisation
compared to shopping.

VI. CONCLUSION

The role of DC fast charging amounts to 3% of the total
driving demand which corresponds to supplying the range
extension for daily driving distance above 300 km. The fast
charging infrastructure is not seen as a direct competitor to
destination charging due to the significantly higher cost and
the increased inconvenience for the EV owner to go out of
their way to charge and due to the duration of a 10-80% charge
being above 15 minutes.

For Denmark it is found that 78% of the energy for
driving can be covered by charging on private property at the
household, while the residual must be supplied outside the
household. 11% of the energy consumption can be covered
by charging on shared parking facility at the household.
Providing chargers at these locations can reduce the need for
public charging points (PCP) with up to 58%. For commuters
without a home charging option, workplace charging plays
an important role which could reduce the need for PCPs
with 68%. With the right regulatory framework and incentives
which both enable the charging at the shared parking facilities
at the household and at the workplace there is a potential
to reduce the need for public charging with 87%, ultimately
leaving only 2.4% of all driving distance to be served by
PCPs. In this case 40% of the residual national public charging
need is in the city of Copenhagen, despite the residents in
Copenhagen only drives 4% of the overall distances. Public
slow charging infrastructure will mainly play an important role
in urban areas and to a lesser degree in rural areas. In this study

it is demonstrated how the residual public charging demand for
a specific city can be calculated based on the average driving
distance, car ownership and the average parking condition
at the household and the workplace. It is then shown how
these key figures can be related to the population density
and the city size, thus demonstrating a way to generalise the
applied method to other cities with similar or less available
information. The residual demand for charging that is neither
covered by charging at the household nor the workplace
can to a large extend be provided with destination charging
where cars spend the most time. Those locations are shopping,
entertainment and sports facilities. Based on the average time
a car spends at these locations during a week it is possible
to cover charging corresponding to more than the full driving
demand.

Future work involves taking socio-economic aspects into
account, since high income households are expected to be
more likely to buy a long range EV. Future work should also
involve assessing the efficacy of specific regulatory framework
and incentives to accommodate the charging infrastructure
development.
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ABSTRACT: Researchers worldwide are investigating whether electric vehicles (EV) Vehicle-to-Grid (V2G)  services can be profitable 

for both customer and involved stakeholders. However, marginal consideration has been given so far to the possible wear of the EV battery 

while providing energy intense services. This paper intends to clearly distinguish and quantify the impact on the battery life time because 

of normal driving and frequency based service. A representative 40 kWh EV with battery characteristics modelled as Lithium Nickel 

Manganese Cobalt Oxide batteries is taken as reference, being subject to realistic driving patterns in the Danish island of Bornholm and 

providing V2G service with 10 kW fast chargers when grid connected. It is shown that if the service energy requirements are relatively 

low, short term power flows have limited effect on the battery degradation and despite very long provision periods the degradation is not 

much higher than from normal driving usage. 
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1. INTRODUCTION 

In the transportation sector the decreasing prices of Lithium-ion 

(li-ion) batteries are making the electrical vehicles (EV)s an 

increasingly more viable solution. By allowing the idle EV to 

perform ancillary services for the Transmission System Operator 

(TSO) or Distribution System Operator (DSO), it is possible to 

create value for the owner [1, 2]. At the same time, the TSO can 

maintain stable operation with an increasing share of renewable 

energy sources.  The risk of rapidly increasing battery degradation 

is often seen as a main barrier for using EVs for ancillary grid 

services involving both charging and discharging the EV, also 

referred to as vehicle-to-grid (V2G). There are however very little 

quantification of how much additional degradation that occurs on 

top of what is caused by the normal usage for driving. This study, 

[3], finds that providing V2G frequency regulation  in the PJM 

area from 9pm to 5am every day would give approximately 8% 

additional degradation after 5 years compared to only driving. In 

[3] it is unclear which battery type is used, how much energy is 

required for this service as well as for driving which the study by 

itself found to be 17% in 5 years. The present manuscript, presents 

EV battery degradation from similar service provision times but 

with a higher focus on the delivered energy, which is found to be 

the most important factor. Using a 10 kW external charger that can 

deliver a bidirectional power flow to and from the grid, the EV can 

deliver primary frequency control (PFC) and generate a revenue 

exceeding all costs of driving [4]. The bidirectional power flow 

from PFC is similar to what the battery is experiencing during 

driving where there are short term high power during acceleration 

and regenerative braking. A previous study have found that the 

power from regenerative braking is reducing the battery 

degradation of electrical vehicles as it is depth of discharge which 

is the main driver for degradation [5]. It is found that the PFC 

service in the Nordic power system involves large amounts of 

energy, which can potentially wear the battery [6]. Battery 

degradation, resulting in a lower capacity, is the main concern 

when discussing PFC with EVs [7]. The reduction of the energy 

capacity is an additional cost that has to be accounted in the 

revenue of the delivered grid services and can be included in an 

optimisation if the cost is known. The wear of Li-ion batteries can 

be separated into two main components, calendar aging and cycle 

loss. Both depends on a large number of factors, which can be fully 

grasped only by mean of extensive simulations and experimental 

validation [8]. The present manuscript quantifies the potential 

degradation due to the individual wearing factors: namely aging 

and cyclying. A clear distinction is made in order to assess the 

cycling due to driving and the one due to grid services, namely 
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frequency provision. The degradation impact of the PFC service is 

compared with a base case of average driving and charging in 

Danish climate conditions. The analysis is based on data from the 

Danish island of Bornholm. The island, which has been recently 

selected as national test zone, offers several advantages. While 

normally synchronized to the rest of the Nordic area via a 60 MVA 

cable, it is capable of running in islanded mode. The Bornholm 

power system has a representative distribution grid up to 60 kV 

and is about 1 % of the size of Denmark, in terms of area and 

population. It has been used as a test case for several large 

European research projects as well as well as the Danish EV 

project Across Continents Electric Vehicle Services (ACES) [9, 

10, 11]. The ACES project includes elements of field testing, 

thanks to the 20 bidirectional 10 kW V2G chargers installed at the 

municipality premises. The chargers are used to deliver PFC 

during the night when the 20 EVs are not used for driving. The 

vehicles are delivering PFC up to 14 hours per day, but on 

Bornholm as well as in Denmark, the cars on average are parked 

more than 97 % of the time. On a large scale, a significant number 

of EVs could provide a significant storing capacity at the disposal 

of the grid operators [12]. The main objective of the EV is driving 

so it is important to account the potential degradation due to 

driving and the additional wear caused by grid service provision. 

The results of the case study is intended to quantify EV battery 

degradation from pure calendar aging, driving only vs. driving and 

high utilisation V2G service, based on a semi-empirical lithium-

ion battery capacity fade model is presented. 

The remainder of the paper is structured as follows: 

Methodology: Describes the model and the different input data 

and parameters. 

Results: Describes the accumulating degradation over time in the 

different scenarios 

Conclusion: Contains the conclusion of the study. 

2. METHODOLOGY 

The methodology adopted in the paper relies on a generic 

industrial battery model with parameters based on Lithium Nickel 

Manganese Cobalt Oxide (NMC) 18650 cells. It is complemented 

with input data, such as ambient temperature, driving and grid 

frequency from the island of Bornholm. Different kinds of NMC 

batteries are used in various automotive batteries and 18650 is 

found to to have similar degradation characteristics as flat cells 

[13]. 

The permanent reduction or loss of energy capacity in percent of 

the initial capacity is called delta loss (l). The State of Health 

(SOH) of the battery is defined as the remaining of the energy 

capacity normalised to the capacity of a new battery which has a 

SOHt=1=100% [3]. The SOH at a given time is found by 

subtracting the delta loss from the initial capaticy SOH=100%-l. 

The different dynamics that are taken into account in this study are 

shown in Fig. 1. The parameters describing the effect of the battery 

temperature and the state of charge (SOC) on calendar aging and 

cycle loss are described in this section. In the simulations it is 

assumed that the temperature and the SOC of the individual cells 

in the battery is equal and homogeneous.  

 

 

Fig. 1 Input data, parameters and output data of degradation 

model. 

2.1 Calendar aging 

The SOH will not remain constant when the EV is idle, as it is 

affected by calendar aging [14]. The calendar aging is the capacity 

loss that occurs as a function of time passed since the production, 

independent of its utilization.  

The amount of degradation that occurs per unit of time is highly 

dependant on the battery temperature (Tbat) and the SOC. Such 

dependacies get stronger with their increase, as seen in Fig. 2.  

The model calculates the calendar aging on a second basis, 

considering SOC and battery temperature at the specific time. 

 

 

Fig. 2 Calendar aging of NMC cells dependency on SOC and 

temperature [15] 



 

 

2.2 Thermal modeling 

The temperature, Tbat, in Fig. 2 represent the internal average 

temperature of the battery and is calculated in the dynamic 

simulation with a thermal model, whose input are the outside air 

temperature (OAT) and the power profile. The dynamics 

implemented include the thermal balance between generated heat 

because of Joule losses and the natural cooling of the battery 

casing. The thermodynamics are a part of the industrial model and 

is based on a series produced EV. The OAT  used in the simulation, 

shown in Fig. 3, is measured in Denmark every hour during 2017. 

The climate conditions in Denmark are close to optimal for the 

calendar aging of automotive batteries as such degradation 

mechanism is less intense in colder climates [16]. On the other 

hand the range of the vehicle is shorter when in colder climates as 

the usable battery capacity is reduced and some energy is used for 

heating. 

 

Fig. 3 Outside air temperature in Denmark  during 2017. 

2.3 SOC dynamic 

The SOC of the battery is calculated based on the power flow 

determined by both driving and grid services and divided by the 

battery size of 40 kWh. In this simulation the battery size only has 

an effect on the cycle loss as the same energy results in fewer 

cycles for a larger battery. 

An initial SOC of 80% is chosen to avoid unnecessary high 

degradation. As the daily driving distance only is 39 km, it is not 

necessary to fully charge the EV so it is assumed to be charged 

daily to the reference of 80%, which also is a standard option for 

some EV models. The specific daily  actual behaviour of the SOC 

is shown in the result section. 

2.4 Cycle degradation 

The capacity loss caused by the amount of energy cycled through 

the battery is called the cycle loss. It is a function of the total 

evolution of the SOC quantified as equivalent full 

charge/discharge cycles: for example 10 driving trips using 10 % 

SOC results in one full cycle. This energy usage is either for 

driving or for frequency regulation depending on the investigated 

case. The power during driving is based on a measured sample, 

where both the speed and battery power are measured. The power 

flow during PFC depends on the specific hardware, the grid code 

and the specific frequency which also is presented in the following 

section. The effect of each full cycle equivalent on the SOH is also 

a function of Tbat as shown in Fig. 4. 

 

Fig. 4 SOH degradation dependency on battery temperature [16]. 

The OAT, the driving speed and the PFC power are the inputs to 

the model, which internally calculates Tbat and the SOC during the 

days and uses the parameters from Fig. 3 and 4 to estimate the 

evolution of the SOH over five years.  

2.5 Primary Frequency Control in the Nordic countries 

The TSOs of RG-N have a shared set of grid codes with the 

purpose of maintaining system stability. PFC is called, Frequency 

Normal-operation Reserve and is a symmetrical service activated 

for all system frequency deviations (f) up to 100 mHz. It is a 

fitting reserve for EVs, as the EV both would charge and discharge, 

depending on the frequency, and thereby be a source of short term 

power rather than energy. The TSOs in RG-N are jointly 

responsible for constantly procuring 600 MW of  normal operation 

reserve, proportional to each TSO's share of the production. 

FNR is a symmetrical service, which requires the provider to offer 

the same power capacity for upwards and downwards regulation. 

Frequency reserves must be provided linearly, with full activation 

for deviations of 100 mHz. 

Battery degradation is a function of both depth of discharge and 

number of full charge and discharge cycles [17] . However, PFC 

in the Nordic area requires continuous regulation with limited 

amount of power due to fluctuations around 50 Hz [6]. This power 

behaviour would cause a series of small charges and discharges. 

These micro-cycles are also experienced when driving with 

regenerative breaking, creating reverse power flow and are 

therefore not very different from the intended use of the battery. 

2.6 PFC based power flow 

The power flow from PFC depends on the amount of activation as 

linear function of f. A representative 14 hour sample of the 

frequency measured every second on Bornholm from 12th 



 

 

September 2017 17:00:00 to 13th September 2017 07:00:00 is 

shown in Fig. 5. 

 

 

Fig. 5 Frequency measurement during period 17:00-07:00.  

The frequency is Gaussian distributed but the average is higher 

than the nominal value of 50 Hz, as shown in Fig. 6.  

 
Fig. 6 Frequency distribution with mean and standard deviation  

=50.0047 Hz, =0.0424 Hz. 

The EV is therefore expected to charge a positive amount of 

energy during the 14 hour period. The frequency deviation is 

calculated by subtracting 50 Hz from the frequency measurement 

as  

∆𝑓 = 𝑓𝑡 − 50 𝐻𝑧 
 

The energy company ENEL has developed a V2G charger that has 

a rated charging power of 10 kW and discharging power of 9 kW, 

measured at the grid connection on the AC side. Using this charger, 

series produced EVs with the CHAdeMO plug can be used for 

V2G services such as PFC. When providing PFC, a symmetrical 

response is required, so if the average deviation is zero there would 

be a zero energy balance with the grid. However, the service 

obligation is from the grid side which means that when taking the 

efficiency of the charger into account the resulting energy loss 

must be covered by discharging the battery. The efficiency of the 

specific charger can be seen in table 1 and is also presented in [6] 

with a more thorough description of the service. 

Table 1: Average efficiency in p.u. for AC power flows in kW in 

different ranges [6].

 

To avoid that the losses discharges the battery, the setpoint can be 

set with an offset such that the power measured on the battery side 

over a long period on average is zero. Another and more 

problematic issue is that the frequency often has an average 

significantly above or below 50 Hz for several consecutive hours, 

resulting in the EV being potentially fully charged or depleted. 

Service provision would therefore be compromised, especially 

when bidding the full capacity. In Fig. 7 is shown how the energy 

exchange with the grid would evolve if PFC is provided for 24 

hours with 9 kW starting at midnight every day of the week from 

which the sample was taken. The energy exchange is calculated by 

integrating the power responses up to time t and divide with the 

number samples per hour, 𝑇. The reserve capacity is Pcap=9 kW 

and the full reserve is implemented for 100 mHz deviations. 

𝐸𝑥𝑐ℎ𝑡 =
1

𝑇
∑

f

100mHz
∗ Pcap 

𝑡

0

 

It can be seen that during just one week the EV could have been 

asked to charge  charge up to 20 kWh or discharge up to 25 kWh 

in the time of one day. 

Fig. 7 Energy exchange with the grid when providing PFC with 9 

kW during one day. 

This issue can be handled by bidding less than the full power 

capacity such that the remaining power can be used for changing 

the setpoint during the service provision. These setpoint changes 

can be implemented in several ways that influence the SOC. For 

this analysis is instead chosen a period where the frequency over 

the entire period is close to being balanced, thereby avoiding any 

control algorithm running simultaneously to maintain an 

acceptable SOC range. The PFC power is chosen to 9 kW during 

the whole period of 14 hours. In the sample shown in Fig. 6, since 

the frequency on average is higher than 50 Hz the EV will charge 

from the grid. Given the average deviation of 4.7 mHz and Pcap=9 

kW reserve in 14 hours result in the charged energy   

4.7𝑚𝐻𝑧

100𝐻𝑧
∗ 𝑃𝑐𝑎𝑝 ∗ 14 ℎ𝑜𝑢𝑟𝑠 = 5.9 𝑘𝑊ℎ 

The 5.9 kWh covers a bit more than half of the efficiency losses 

when using the charger efficiency from table 1 as a look-up table. 

It is therefore only necessary to set the offset to 0.35 kW and not 

0.77 kW which is the average loss. At the end of the period the 



 

 

SOC is 0.15 kWh or 0.38% higher than in the beginning as shown 

in Fig. 8. By integrating the absolute power, the overall energy 

throughput of the battery is calculated to be 38.9 kWh of absolute 

energy flow. The power delivery to the grid is calculated with 

Poffset=0.35 kW, after f has been truncated to maximum 100 mHz 

𝑃𝑃𝐹𝐶 =
f

100mHz
∗ 𝑃𝑐𝑎𝑝 + 𝑃𝑜𝑓𝑓𝑠𝑒𝑡 

Fig. 8 shows the DC power on the battery side of the V2G charger 

including the offset and the efficiency look-up table in table 1.  

 
Fig. 8 DC Power and SOC of the battery during PFC provision 

with 9 kW for 14 hours. 

2.7. Driving based power flow  

The national Danish transport survey consists of 110,000 

interviews conducted in Denmark over the last 10 years, 

describing the daily travelling [12]. It is found that cars in 

Denmark on average drives 45 km per day while the cars on 

Bornholm only drives 34 km per day caused by the limited size of 

the island. 

The overall commuting is thus split in two trips per day each of 

nearly 20 km: the morning commute is at 8:00-8:30, while the 

return is at 16:30-17:00. The work time in Denmark is 8 hours per 

day which is assumed be the period 08:30-16:30. The average 

distance driven per car on Bornholm is higher on the work days 

than in the weekend, but the distance for an average day is used so 

the simulation is not differentiating between workdays and 

weekend.  

The magnitude of the power during acceleration and braking 

depends on the internal power converter, the driven route and the 

driving style. The top graph of Fig. 8 shows the measured speed 

during a 39 km drive, including both city driving and highway. 

The bottom graph shows as a yellow line the powerflow measured 

at the battery during the drive by the Battery Management System 

and read through the Onboard Diagnostics-port.  The blue and red 

line shows the calculated power consumption from the same 

industrial model based on the speed measurements and 

characteristics such as the weight and drag of the vehicle and the 

efficiency of the motor. The blue line is calculated for a summer 

day while the red line is calculated for a winter day where the cabin 

heating is considered. 

The measurements and calculated result are similar during 

acceleration but differentiates at higher and constant speed, 

because the specific temperature, wind speed and changing 

altitude that has a large effect on the measurements and not are 

taken into account in the calculations. Additionally the EV is using 

power for heating as the drive was made during the winter in 

December 2017. When the electric heater is on during driving, it 

is supplied by the 12V auxillary battery which is supplied by the 

main battery via a DC/DC converter [18]. According to the 

measurements the drive has resulted in a consumption of 8.7 kWh 

while the calculated power flow only gives a consumption of 4.4 

kWh for pure driving and 6.2 kWh when including an average of 

2.5 kW for heating. The measured power flow is used as it is more 

comprehensive, but the trip is split in two trips such that the 

driving pattern in Fig. 9 is including both trip to work and return.  

 

Fig. 9 Power consumption and speed from 39 km drive in 

December 2017. 

In the only driving scenario the charging is conducted when the 

EV returns home while in the driving and V2G scenario the 

charging is conducted before leaving for work as seen in Table 2. 

Table 2. Applied schedule 
Only driving Driving and PFC 

Driving 08:00-8:30 (0.5 h) Charging 07:00-08:00 (1h) 

Work 8:30-16:30 (8 h) Driving 08:00-8:30 (0.5 h) 

Driving 16:30-17:00 (0.5 h) Work 8:30-16:30 (8 h) 

Charging 17:00-18:00 (1 h)  Driving 16:30-17:00 (0.5 h) 

 Frequency reg 17:00-7:00 (14 h) 



 

 

 

3. RESULTS 

The degradation is investigated for the following three cases, 

showing the effect of calendar aging, driving and PFC over a 

period of 5 years. 

3.1 Calendar aging 

When investigating the effect of pure calendar aging, the SOC is 

initially set to 80% and kept constant for 5 years. Tbat is only 

affected by the OAT and is following with a delay as it has a large 

thermal inertia. The calendar loss is not occurring linearly but 

more in the beginning with a capacity loss from calendar aging 

alone of 0.1254% on the first day while the last day only gives an 

additional loss of 0.0010% of the original capacity. The difference 

of the OAT between winter and summer means that the calendar 

aging increases most in the summer and is close to constant in the 

winter. After 5 years the calendar aging has increased to l=6.1%, 

reducing the SOH to 93.9%. 

3.2 Cycle loss from driving 

In the base case where the EV only is used to drive the average 

distance per day, the power and the SOC is shown in the top graph 

of Fig. 10. The EV is charged with 10 kW once per day when it 

returns home, as can be seen by the constant negative power flow 

from 17:00 to18:00. The SOC is after the second drive reduced 

from SOC=80% to 55%, giving a reduction of 25%. 

 

 

Fig. 10 Power, SOC, OAT and Tbat during a daily drive and 

charge pattern 

The battery temperature depends both on the power and the OAT 

as seen in the bottom graph of Fig. 10. Tbat increases both during 

driving and charging. Since the battery is conceiled in the EV, it 

takes about half a day before the temperature returns to the OAT, 

even though the surroundings during the night are up to 10oC 

colder. Tbat is in the beginning of the shown period higher than the 

OAT because of the charging of the previous day.  

The cycle loss from driving increases linearly with the number of 

cycles, which increases linearly with time. On the first day there is 

a reduction of the capacity of 0.0003%. Considering that the daily 

driving corresponds to 25% of a full cycle, each full cycle causes 

to 0.0012% degradation. 

After 5 years, the degradation caused by pure driving is 0.8% 

compared to just being parked. 

3.3 Cycle loss from PFC provision 

Fig. 12 shows how the equivalent full cycles accumulate when the 

SOC is decreasing. During the PFC provision the battery 

experiences 20% acumulated cycle resulting in a degradation of 

0.0011% per 14 hour period, which also scales linearly per period. 

Even though the total energy throughput is close to a full cycle it 

is only the actual movement of the SOC that increases the 

degradation and since most of the power cancels out the result is 

only 20% equivalent cycle during the 14 hours. 

The added degradation of 14 hours of PFC with 9 kW every day 

for 5 years is 2%. 

 

 

Fig. 11 SOC, accumulated discharge and corresponding cycle 

degradation 

 

Fig. 12 Battery degradation of each factor. 

Fig. 12 reports  the combined degradation from both calendar 

aging and driving and PFC provision. The calendar loss will 

always occur but the other cycle losses depends on the amount of 

usage. By only using the EV for driving the SOH will after 5 years 



 

 

be reduced with 7% to 93%, while if the EV also is used to perform 

PFC it would be reduced with 9% to 91% SOH.  

 

 

Fig. 13 Battery degradation during the first 5 years. 

CONCLUSION 

It is found that the dominant degradation comes from calendar 

aging which over 5 years results l=6.1%, reducing the SOH to 

93.9% and that the usage has a minor impact compared to this. 

From using 8.7 kWh equal to 39 km per day or 14,235 km per year  

for driving with a 40 kWh EV the added cycle loss is equal to 0.8% 

compared to the situation when the EV just is parked. The cycle 

loss from PFC is more than twice as high and results in 2% added 

degradation over 5 years. It has to be remarked though, that the 

simulated service is rather intense in terms of power and provision 

time. Based on this initial assessment, the authors claim that PFC 

service is not causing a significant additional wear on the battery 

life.  

The degradation is calculated based on full cycle equivalents with 

degradation empirically found by full charge cycles 0-100%, but 

the degradation from an equivalent cycle that only moves within a 

small SOC range is found to be significantly lower [16]. On the 

other hand, choosing another frequency sample could have led to 

significantly more cycles per period so future works intend to 

investigate the degradation when the service is provided every day 

with a new set of frequencies. Additionally such analysis should 

extend over different services, less energy intense but nevertheless 

valuable for the grid operators. Moreover, the economic impact of 

such degradation on the service probitability will be evaluated.  
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Abstract—Electric Vehicles (EVs) can, when they are not used
for driving, create value for the EV owner, by delivering ancillary
services to the transmission system operator. Calculating
potential earnings from grid services and charging strategies
highly depends on the driving time, driving distance, and time
spent at different locations. While few datasets describing EV
usage exist, this work is based on one of the most extensive
datasets gathered from 7,163 Nissan LEAFs. Using the real
driving and charging data it was possible to calculate the value of
a specific charging strategy for the individual EV. The EV dataset
was used in a simulation based on British electricity transmission
network operating codes and frequency measurement data. The
outcome is the profit from frequency regulation for each EV in
the data-set, which is found to range between 50 and 350 £/year,
because of the large difference in the EV usage.

Index Terms—Ancillary Services, Battery degradation, Electric
Vehicles, Frequency Control, Vehicle-to-Grid

I. INTRODUCTION

The research area of Vehicle-Grid Integration (VGI) deals
simultaneously with addressing the self-induced adverse
effects that the transportation sector may introduce in the
system in terms of congestion and voltage issues, while also
seeking to fully utilise Electric vehicles (EVs), to support
a stable and economic power system based on renewables.
Frequency Regulation is the service that has been deeply
explored in connection with the existing dispatching strategies
of EVs, as possibility of solving stability and economy
problems [1]. It has been experimentally demonstrated that
frequency regulation can be delivered by modulating the
unidirectional charging flow, for a profit of 44 £/year in
the Nordic grid [2]. Especially the technical support of
Vehicle-to-Grid (V2G), i.e. the support of bi-directional
power-flow, aids the vehicles in supporting this category
of services. Bidirectional V2G frequency regulation can in
the Nordic grid give a 17 times higher profit than the
unidirectional case [3], considering the external DC charger
from [4], with a power capacity of ±10 kW.

The revenue from frequency regulation depends on many
parameters such as electricity and regulation market prices,
plugin hours, power capacity of the charger etc. [5]. In France
EVs, with simplified trips only between home and work, are

found to have a revenue of approximately 86 £/year [6], in
Germany the average revenue is found to be 172 £/year [7].
It has been found that through analysing plugin and usage
behaviour, it may be possible to assess and fully utilise the
availability of the EVs without adverse effects to driving needs
[8].

The typical availability of EVs to provide frequency
regulation is provided by a large (n = 7163) data-set based on
Nissan Leafs driving in the United States (US). To this end,
the requirements and characteristics of the available frequency
regulation products are described in Section II and the driving
characteristics of real users are derived in Section III-A. To
better understand the limits and cost of providing the service,
is important parameters such as the frequency energy content
and the EVs energy constraints which will ultimately influence
the profit also carefully investigated in Section III. Finally the
study describes the distribution of revenue and profit that an
EV may receive in the GB before concluding the paper with
a brief conclusion and discussion.

II. FREQUENCY REGULATION IN UNITED KINGDOM

A. Service Specification

The Transmission System Operator (TSO) in the GB,
National Grid Electricity System Operator (NGESO), procures
Firm Frequency Response (FFR) reserve via an open market.
FFR consist of 3 services, Primary, Secondary and High. In
the case of an under-frequency event, the Primary should
react within 2 s and deliver the full response within 10 s and
sustain the response for 20 additional seconds. Within 30 s of
the event, the Secondary should be started and maintain the
response for 30 minutes. In the event of an over-frequency
evenet the High Frequency Response should deploy its full
response within 10 but maintain the response indefinitely,
unless agreed otherwise. A frequency event is defined as when
the frequency leaves the dead-band of ±0.015 Hz, and over
and under-frequency event is when the frequency is higher
than 0.015 Hz or lower than −0.015 Hz.

FFR has a minimum bid size of 1 MW, which can be from a
single unit or aggregated from several smaller units. Primary,



TABLE I
CHARACTERISTICS OF FREQUENCY REGULATION SERVICES

Response Duration of Response max
time activation @ Hz deviation

Primary 10 s 30 s -0.2, -0.5, -0.8
Secondary 30 s 30 min -0.2, -0.5

High 10 s Indefinite 0.2, 0.5

TABLE II
VOLUME OF TRADED SERVICE IN DIFFERENT PRICE RANGES FOR

DECEMBER 2018 AND (2014)

Price band Primary Secondary High
[£/MW/h] Volume [GW-h] Volume [GW-h] Volume [GW-h]

0 to 2 172 (55) 107 (127) 0 (138)
2 to 4 25 (207) 0 (48) 351 (63)
4 to 6 0 (13) 0 (221) 15 (257)
6 to 8 0 (1) 0 (0) 0 (8)
> 8 0 (0) 0 (0) 2 (26)

Secondary and High are dynamic services where the response
should be proportional to the frequency deviations with the
maximum power at a deviation of either 0.2, 0.5 or 0.8 Hz,
as seen in Table I.

A combination of Primary, Secondary and High (PSH)
service with a full response at ±0.2 Hz is considered.
A combined PSH delivery means that the EV responds
symmetrically to over and under frequencies outside the
deadband as shown in Eq. (1).

For a frequency value ft at time t, the normalised response
yt is calculated as

yt =


−1, if ft < 49.8 Hz

(ft − 50)/0.2, if 49.8 Hz ≤ ft ≤ 49.985 Hz
0, if 49.985 Hz ≤ ft ≤ 50.015 Hz

(ft − 50)/0.2, if 50.015 Hz ≤ ft ≤ 50.2 Hz
1, if ft > 50.2 Hz

(1)
The power required by the service provider at time t is
calculated as

Pt = Pcap · yt (2)

B. Contract and bidding

The first business day of each month is the deadline for
services starting on the following month i.e. January 1st for
service start on February 1st. The contract periods are based
on the Electricity Forward Agreement (EFA) which means that
it is traded in 6 four-hour blocks per day. Tenders must only
start, and end, at the following times: 23:00, 03:00, 07:00,
11:00, 15:00 and 19:00.

NGESO makes a monthly report stating how much capacity
purchased at each price range, which are shown in Table II
for December 2018 and December 2014 in parenthesis. In this
analysis it is assumed that PSH with full response at ±0.2 Hz
deviation is paid with 2 + 2+ = 8 £/MW/h, as it is the prices
that Primary (2 £/MW/h), Secondary (2 £/MW/h) and High (4
£/MW/h) mostly is traded at. The NGESO regulation prices are
very low compared to the Nordic grid where the availability

payment for primary frequency regulation on average is 20.7
£/MW/h [3]. It is unknown how the prices will change in the
future.

III. METHOD

The driving data is gathered from EVs in the US. To justify
the applicability of the US dataset to a GB case study, driving
behaviour data from the UK and DK is analysed. The driving
behaviour was similar across the 3 countries.

A. Electric Vehicle Telematics Data

The telematics data is collected in a data-set with all drive
and charge events of 7163 Nissan 24 kWh LEAFs in the US. It
is collected from EVs where the owner has accepted to share
data at the time of purchase, and corresponds to 50% of the
sold EVs of the specific model. The data is anonymized but
shows the daily behaviour of each EV during 2015 and 2016.

A time vector is generated for each EV with a value every
15 minute interval during the year, which specifies if the EV is
driving or parked at the household, the work place or another
location, as well as the the driving distance and the charging
power.

The driving behaviour in the US is compared with a GB and
Danish driving behaviour metrics to show that the findings
are general. The national Danish Travel Survey is based on
conventional vehicles in Denmark but it is found that the
driving behaviour is similar. Fig. 2 shows the distribution of
the accumulated driving distance for each EV in one year. The
average driving distance is 17200 km/year equal 47 km/day
which is a bit higher than in Denmark, where the average
driving distance is 45 km/day [9] and in GB where it is 34
km/day [10].

The average driving time is 228 hours giving an average
utilisation of 2.6%, which is also the same in Denmark and
GB.

In Fig. 1 is shown the group behaviour during a work day
in 2016, as a representative day, not an hourly average. The
blue line shows the share of the EVs that are driving during
the day and the red line shows the share of the EVs that are
charging simultaneously. The charging peak is very similar
for every workday is but lower in the weekend. It can be seen
that despite the data being from EVs with only 24 kWh battery
capacity, the simultaneous charging peak is only 18%. From
the driving curve, the rush hour peak times can be identified
as 07:00 and 17:30, which are the same in Denmark [11].

Being personal vehicles parked 97.4% of the time, for the
EVs this is a huge potential for utilising the battery capacity
during the idle time. The EV is however only available for the
grid when the owner plugs it in, which does not happen every
day as seen in Fig. 1.

We are making the assumption that people are going to plug
in their EV every time they park them ( at home and at work);
which is unlikely to be the case unless the users are properly
incentivised to plug their EV.



Fig. 1. Share of EVs driving and charging during Thursday 21st of January
2016.

Fig. 2. Distribution of the yearly driving Distance.

B. United Kingdom Spot Market Price Model

In Fig. 3 is shown the spot prices every day of 2018, which
has an average of 57 £/MWh. When adding network tariffs
and taxes the average domestic cost is 161 £/MWh while the
industrial electricity cost only is 117 £/MWh [12]. A simple
tariff model is made by calculating the difference between the
average spot price and the average industrial electricity price,
Tariffindustry = 117 − 57 = 60 £/MWh. It is assumed that the
energy consumption caused by conversion losses for service
provision is paid with the industrial electricity price.

Fig. 3. GB spot market prices every day of 2018.

C. Energy Content of GB System Frequency

When a storage resource is delivering PSH, it will either
deliver or receive energy to or from the grid depending on
if there is an under or over frequency. This is referred to
as the energy content and can be calculated by integrating
the frequency deviations during a certain period. The energy
content is calculated for every 15-minute period of the year
so it has the same time resolution as the consumption from
driving and can be used to calculate the State of charge (SOC).

The following analysis is based on grid frequency
measurements from GB power system during all of 2018 with
a sample rate of 1 s, measured by NGESO. The integration of
frequency deviations of a given 15-minute period n, referred to
as the energy content or energy bias of that period, is denoted
by ebias

n . For a sample rate of ts = 1 s, the number of samples
per 15-minutes period is equal to Np = 900. The sum is
divided with the number of samples per hour, Nh = 3600 for
a unit in kWh. The per unit energy content (normalised per
kW of regulation capacity), is given by

ebias
n =

1

Nh

n·Np∑
t=Np·(n−1)+1

yt · ts (3)

The energy content of the GB frequency is a bit higher
than in the North European power system (ENTSO-E Regional
Group Nordic), which is known to have a very high energy
content [13]. This is caused by the small size of the system
and the large amount of renewable energy production. Because
the full response is given for a deviation of ±0.2 Hz and not
±0.1 Hz, which is the case in the Nordic grid, the variance
of the experienced energy content is a bit lower. Fig. 4 shows
the energy balance since the beginning of service provision
for every day in 2018 assuming a 24-hour service period with
P r = 10 kW, without conversion losses. When adding the
conversion losses the energy balance is moved to the negative
side but the variance whihch is the main problem, remains
the same. More than 99% of the cases ends up within ±20
kWh, which indicates that the service can be delivered with an
EV with a 40 kWh battery and an initial SOC of 50% as the
service rarely is being delivered continuously for such long
periods.

D. Capacity Payment

Initially it is calculated how large a revenue the EVs can
generate in one year if they deliver High regulation in all
the EFA periods where they are parked during the whole
4-hour period. This is calculated without considering the
energy storage constraints by assuming that there either is an
available ±10 kW V2G charger at the household or both at
the household and the workplace and making the assumption
that people are plugging the EV once they park.

E. Energy model

The next step is to model the SOC of the EVs. It is assumed
that all the EVs have a battery capacity of Qn = 40 kWh
like the 2018 model Nissan LEAF. The energy for driving in



Fig. 4. Evolution of energy balance when delivering frequency regulation
every day in 2018 with P r = 10 kW and no conversion losses.

period n, Edrive
n is based on the driving distance of each trip

considering a driving efficiency of 5 km/kWh. The charging,
Echarge
n , is scheduled just before each trip, with a charge power

of 10 kW, in order to give maximum time for PSH. The EFA
period where the EV is charging is not counted for PSH.

Because of the large energy content of PSH with P r = 10
kW often results in energy constraint violations. By bidding
P r = 8 kW and allocating a correcting power, P cor = 2 kW,
the PSH range can either be [−8 to 8], [−6 to 10] or [−10 to 6]
kW, depending on the SOC. A regulation capacity of P r = 8
kW is the maximum that does not result in SOC violations
caused by the combination of the driving consumption and
frequency energy content. A similar maximum of 7 kW is
in Ref. [3], found for the Nordic Grid because of the more
strict service requirements. The correcting power, P cor, is
applied when the energy balance, ∆E leaves the acceptable
window during service provision. ∆E is the summarised
energy received or delivered since the start of the simulation.

Ecor
n =

{
P cor if ∆En < −10 kWh
−P cor if ∆En > 10 kWh (4)

The contracted energy at period n, on the grid side of the
charger is calculated as

Egrid
n = Echarge

h + P r
n · ebias

n + Ecor
n (5)

It is assumed that there is a conversion loss of 10% in both
directions. A constant efficiency of η = 0.9, is assumed for
all loading levels. The energy on the battery side, Ebat

n , will
either be higher or lower than on the grid side depending on
if the EV is discharging or charging.

Ebat
n =

{
Egrid
n · η if Egrid

n > 0

Egrid
n · 1η if Egrid

n < 0
(6)

The energy balance since the beginning of the simulation,
∆E, is in kWh and calculated by integrating the positive and
negative energy flows over time, where Ebat

n and Edrive
n never

are nonzero at the same time. ∆En would finally need to be
evaluated against the battery capacity and the initial SOC.

∆En = ∆En−1 + (Ebat
n − Edrive

n ) (7)

The cost of energy is calculated based on the spot price
every hour + the industrial tariffs. The spot prices are the
same for the whole hour even though the cost is calculated
for each 15-minute.

Cost =

366·24·4∑
n=0

(P r
n · ebias

n +Ecor
n ) · (Spotn + Tariffindustry) (8)

IV. RESULTS

A. Pure Power Constraints

The average yearly revenue of all the EVs considering P r =
10 kW regulation in all the full EFA blocks parked at home
and work is 390 £/year or only at home is 370 £/year. The
revenue ranges between 100 and 650 £/year, depending on
how much the EV is driven. The full revenue can be obtained
only if V2G chargers are installed both at home and at work.
However, to apply the most cost-efficient solution only service
provision from the household will be considered.

B. Power and Energy Constraints

Fig 5 Shows the lowest, highest, 1st and 99th percentile
of the energy balance of the 7163 EVs every 15-minute of
the year, when the EVs are affected by driving consumption,
charging and energy content of the frequency with the
suggested control strategy. The energy balance ranges between
−10 and +15 kWh, so for a 40 kWh EV with an initial SOC
of 50% it corresponds to a SOC range of 10− 35 kWh. The
control strategy described in Eq. (4) tries to maintain it within
±10 kWh but if the regulation period is followed by a long
drive, it will charge to a higher level to accommodate that
consumption. This shows that it is a realistic charging and
regulation strategy for an EV with that battery size.

Fig. 5. Lowest, highest, 1st and 99th percentile of the energy balance, ∆E
of the 7163 EVs, every hour of the year.

With time for charging allocated and a suitable bidding
strategy found, it is possible to calculate a more realistic
revenue for a bid of P r = 8 kW, still with a capacity payment
of 8 £/MW/h. The costs calculated in Eq. 8, are subtracted
from the revenue to find the yearly profit for each EV. It is



assumed that there is a net metering tariff scheme where the
tariffs paid for charging are returned when discharging.

Fig. 6. Revenue (avg. 287.1 £/year) and profit (avg. 204.4 £/year)

The energy charged from the grid is paid with the electricity
price of that hour including the low industrial tariffs with the
average of 117 £/MWh. The distribution of the revenue is
shown in Fig. 6 and now spreads from 100 to 500 £/year
with an average of 287 £/year which is 83 £ lower than the
initial estimate. The EVs that provide HFR for most hours
also has the highest energy loss, so the remaining profit after
subtracting the individual charging cost has a lower spread
between 80 and 380 £/year. On average the cost of energy
losses is 30% of the revenue and result in an average profit
of 204 £/year. If the efficiency is increased to 95%, it gives a
reduction of the losses by 50%.

Fig. 7. Yearly energy throughput of the battery for driving (avg. 3.1 MWh),
frequency regulation (avg. 6.7 MWh) and both (avg. 9.8 MWh)

The profit is calculated by only considering the cost for
electricity and does not include the cost for installation
and maintenance of the charger, as well as the added wear
of the battery. In Fig. 7 is shown the distribution of the
energy throughput caused by the individual users driving
behaviour and the added throughput from delivering frequency
regulation. The throughput increases on average 517% when
going from just driving to also delivering frequency regulation.
Considering a 40 kWh battery, a throughput of 10 MWh is
only 125 full equivalent charge cycles per year. In [14], the
battery degradation of a similar setup was modelled and it
was found that 182 full equivalent cycles would only result in
0.4% increased capacity loss per year.

V. CONCLUSION

It is found that with a 40 kWh EV, the service continuously
can be delivered with ±8 kW regulation capacity with ±2
kW in reserve for maintaining the SOC. There is a large
variation in how much time an EV is used for driving and
how much time it is parked at the household, which results in
a spread of the revenue between 100 and 500 £/year with an
average of 287 £/year. It is necessary to analyse the frequency
behaviour to get a realistic estimate of the earnings from
frequency regulation, as it affects the cost of energy losses
and the energy storage requirements. A charger efficiency of
90% results in an average cost of lost energy of 83 £/year
that reduces the profit with 30% to an average of 204 £/year.
The service results on average in 517% increase of the energy
throughput of the EV battery. The throughput from frequency
regulation is on average 6.7 MWh per year, which for a 40
kWh battery corresponds to 83 full equivalent charge cycles,
but can be up to twice as much depending on the usage.
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a b s t r a c t

A combined delivery of frequency containment reserve (FCR) from a fleet of electric vehicles (EVs)
and a large-scale heat pump is proposed to exploit synergies between the fast regulating batteries
and the large heat storage capacity of the thermal system. The feasibility of the proposed strategy
is assessed with a state of charge model for the EVs delivering FCR, based on one year of system
frequency measurements including the conversion losses in the charger and a dynamic model of the
heat pump system. Both models were previously validated against experimental data. The proposed
operation of the EVs was experimentally validated as part of this study. The heat pump offsets the
energy content of the frequency deviations for 25 EVs and thereby enables them to bid a larger power
capacity on the FCR market without violating energy constraints of the battery capacity. For the case
of 2018 an additional income from capacity and power price payments was obtained that could not be
generated by the EVs or the heat pump alone. This synergy effect was shown to be highly dependent
on the achievable capacity payments, which were relatively high for the 2018 case.

© 2020 Published by Elsevier Ltd.

1. Introduction

The future energy system will have to accommodate a higher
share of distributed energy resources (DER) than today. At the
same time, synergies can be found among the different sectors
to secure the integration of DER and achieve a coordinated op-
eration. An integrated energy system consisting of electricity,
heat and transportation is increasingly recognised as the research
paradigm to address these challenges [1,2]. It involves increasing
interactions across energy infrastructures and optimising this
integration to provide services at supply and demand level. Due
to the increased share of intermittent DER that needs to be
accommodated in the energy system, and the replacement of
conventional thermal power plants, ancillary services have to
be delivered by new actors in the system. One option is to
use demand side management to supply frequency containment
reserve (FCR) to the grid. Demand side units often provide a
link to a neighbouring energy sector with certain requirements
and constraints [3]. This requires a well coordinated operation of
these demand side units in order to be able to supply both the
ancillary service and the primary service of the unit. In order to

∗ Corresponding author.
E-mail address: wmeese@mek.dtu.dk (W. Meesenburg).

characterise the capability of different systems to provide op-
erational flexibility, the following parameters can be used, as
proposed by Makarov et al. [4] and modified by Ulbig & Anders-
son [5]:

• The power provision capacity, i.e. the load by which the cur-
rent power uptake or supply of the unit may be decreased
or increased

• The power ramp rate, which defines how fast a unit is able
to change the power uptake or supply

• The energy provision capacity, which defines for how long
the change in power uptake or supply can be maintained
and thereby is a measure of the storage capacity of the
system.

They show that combining different types of units results in
combination of the strengths of the individual units. In the cur-
rent study, it is proposed to deliver FCR from a combination of
different demand side units. This approach is demonstrated for a
combination of electric vehicles (EVs), which are able to regulate
their power within seconds and alternate between production
and consumption, and large-scale heat pumps, which can access
a large storage capacity. It is expected that in this way it may be
possible to create a combined system, which can regulate fast and
has a large storage capacity.

https://doi.org/10.1016/j.segan.2020.100382
2352-4677/© 2020 Published by Elsevier Ltd.
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1.1. Frequency regulation supplied by EVs

The transportation sector accounts for 25% of the global
energy-related CO2 emissions of which light-weight passenger
vehicles account for over half [6]. Electrifying the private trans-
portation sector allows to use renewable electricity as fuel and
thereby it is expected to considerably reduce the transport related
CO2 emissions. Vehicle-to-Grid (V2G) research may serve to limit
the self-induced adverse effects of EVs in terms of additional grid
loading, but also to make the EV an active asset in supporting a
stable, economic power system based on renewable energy. By
controlling the charging power, it is possible to minimise the
energy costs through adaptive or predictive charging [7]. The
use of EVs for providing ancillary services to the power system
can be an additional revenue for EV owners and can assist the
integration of larger amounts of renewable sources [8,9]. A high
speed response of distributed battery-based energy resources can
cover the regulation requirements of significantly larger thermal
power plants with slower ramp rates, which are decreasing in
numbers, as the generation is transitioning towards renewable
production [10]. EVs that charge using power electronics can
regulate their power uptake quickly during the grid connected
hours. However, an EV battery has a limited energy provision
capacity and thus availability for frequency regulation delivery.
Thingvad et al. [11] showed that it is necessary to reserve part
of the maximum charging power capacity to be able to re-
balance the state of charge (SOC) of the battery when delivering
frequency regulation. This is necessary, as the grid frequency is
often too high or too low during consecutive hours, leading to
continuous charging or discharging of the battery as response to
the frequency deviation. This may be avoided by bidding only
a part of the capacity for frequency regulation and using the
remainder for maintaining the SOC within a bounded range This
would however result in a reduction of the possible revenues
from capacity payments.

1.2. Frequency regulation supplied by large-scale heat pumps

The heating and cooling sector is responsible for ca. 50% of the
final energy consumption in Europe, of which the largest share is
still supplied by fossil fuels [12]. Different strategies have been
proposed on how the European target of 80% reduction in annual
greenhouse gas emissions in 2050 compared to 1990 levels can be
reached [13,14]. According to these, large-scale and domestic heat
pumps are expected to play a key role in the future heat supply,
as they enable the exploitation of low-temperature ambient or
excess heat sources and provide a link to the electricity sector.
Thereby, they unlock the thermal storage potential for providing
flexibility, e.g. as ancillary services to the power sector. Large-
scale heat pumps can access a large thermal storage potential that
can be found in district heating networks [15], thermal storage
and the buildings’ thermal mass [16]. This may be used to provide
flexibility to the electricity sector [17] by shifting the time of
operation of the heat pump or by adapting the heat pump load.
However, large-scale heat pumps are typically optimised to reach
maximum energy efficiency and operate continuously in base-
load, not to be able to change their load quickly. In order to secure
safe operation, most large-scale heat pumps will take minutes to
start up or change load. In Denmark, large-scale heat pumps typ-
ically use ammonia as refrigerant [18], as it provides a relatively
high coefficient of performance (COP) while having no ozone
depletion potential and no global warming potential [19]. In order
to deliver district heating at forward temperatures of 60 ◦C to
90 ◦C, ammonia heat pumps are typically built as two-stage heat
pumps with flooded evaporators. A previous study showed that
the achievable ramping rates in this kind of system is limited by

waiting times of the compressors which ensure a stable operation
of the heat pump, and by the risk of condensation in the suction
line during ramp-down [20]. Without further adaption of the
system design and the control strategy, this kind of heat pump
is expected to regulate too slowly to provide FCR directly, i.e. the
regulation time is larger than 150 s. However, as they are coupled
to a large storage capacity on the thermal side they may still have
a large potential to provide energy flexibility.

1.3. Scope of this study

The aim of this study was to assess the feasibility of combined
supply of FCR using two different technologies, each with their
individual characteristics with respect to the system demand.
This approach was applied to a specific case of a fast reacting
pool of EVs with low energy capacity, and a slower large-scale
heat pump integrated with the district heating network and a
thermal storage tank, which provides a large storage capacity.
The service supplied by the combined system was the Danish fre-
quency containment reserve — normal operation (FCR-N), which
is a frequency controlled service that requires ramping times
below 150 s and is described in more detail in Section 2. The EV
pool consist of 25 vehicles that are charged in an orchestrated
way to allow for FCR-N delivery. The batteries of the V2G EVs
should react quickly to changes in the grid frequency, while the
heat pump should outbalance the energy bias of the frequency
deviations, ebiasn , to avoid that the EVs become fully charged or
depleted. Thereby, the combination with the large-scale heat
pump is expected to allow to bid the full EV power capacity for
FCR-N, despite the heat pump not being fast enough to deliver
FCR-N by itself. The aim was to identify whether a combined
operation of these units may lead to increased provision of FCR-N,
what constrains the combined operation, and whether a com-
bined operation is economically feasible. In order to answer these
questions, a model of the charging of 25 EVs and a model of a
large-scale heat pump system were used to assess the feasibility
of providing a combined service for one year of operation using
2018 data. The work was conducted in five steps:

• Analysis of the consumption of a district heating (DH) net-
work in Copenhagen to calculate the number of hours that
the heat pump is available to deliver offset electricity to
the EV batteries, i.e. to balance out the energy bias of the
frequency deviation.

• One year of grid frequency measurements and a stochastic
driving consumption was used to calculate the SOC of 25
EVs. A SOC control strategy was implemented to change
the base line power on an hourly basis according to SOC
constraints. The control strategy was used to generate the
offset schedule for the heat pump.

• The yearly heat pump operating cost was calculated using
a thermodynamic system model and electricity spot market
prices. It was compared to the cost of operating the heat
pump according to the optimised schedule used by the
operators.

• The income from supplying FCR-N service was calculated for
delivering FCR-N from the EVs alone and combined with the
heat pump. Additional operation cost and battery degrada-
tion were considered.

• The control method for maintaining the SOC was exper-
imentally validated by delivering FCR-N with a single EV
during 15 h.

A description of the market framework for FCR-N, an overview of
the different models used and the simulation approach is given
in Section 2, together with a description of the assessed EV and
heat pump system, model descriptions and experimental set-up.
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The results for the available offset power from the heat pump,
the experimental test of following a given frequency pattern with
an EV, and the economic analysis for the combined delivery of
FCR-N are presented in Section 3, the discussion may be found in
Section 4 and the conclusion in Section 5.

2. Methods

2.1. Market framework for frequency containment reserve normal
operation

One of the most critical ancillary services for the stability of
the power system is the frequency containment reserve, which
maintains the system frequency close to the nominal value by
balancing the production with the consumption on the second
time scale. Frequency Containment Reserve-Normal operation
(FCR-N) is a primary frequency regulation reserve in Eastern
Denmark. It has to be delivered within 150 s, and the minimum
bid size is 0.3 MW, which can be delivered by both consumption
and production units [21]. Because of the minimum bid size, the
power of each EV has to be pooled to a combined delivery, by an
actor called the aggregator.

FCR-N is a symmetrical service, which requires the provider
to offer the same power capacity for upwards and downwards
regulation. The service is paid for availability per power capacity
[e/MW] per hour, independently of the actual amount of acti-
vation. Frequency reserves must be provided linearly, with full
activation for deviations of ± 100 mHz, without a deadband. For
a frequency value ft in the range 49.9 Hz to 50.1 Hz at time t , the
normalised response yt is calculated as yt = (ft − 50 Hz)/0.1 Hz.

The power required by the service provider at time t is calcu-
lated as Pt = Pcap

h · yt + Pbase
h .

The value Pbase
h is the scheduled power consumption or pro-

duction, based on the traded energy in MWh/h at the day ahead
spot market or alternatively at the intra-day market. Pcap

h is the
power capacity contracted for FCR-N, and is constant over the
hour, h.

Despite FCR-N being a power service, it involves an electric
energy uptake or delivery by the service providing unit, as the
frequency can be too high or too low for continuous hours,
representing a higher or lower electricity production compared
to the consumption, respectively. This energy content or energy
bias of the frequency is calculated by the TSO by integrating the
frequency deviations for each hour. The energy bias of hour n,
ebiasn , is calculated with Eq. (1), with a sample rate of ts = 1 s and
the number of samples per hour N = 3600 [22].

ebiasn =
1
N

n·N∑
t=N·(n−1)+1

yt · ts (1)

The energy content is given per unit so the energy in MWh is
found by multiplying with the regulation capacity, Pcap

h . Consid-
ering demand side service providers, a negative energy content
means that the service provider has been a net energy provider
to the power system and is compensated with the price of the
upwards regulation power price [e/MWh][21], which is equal or
higher than the spot price. A positive energy content means that
the service provider will have consumed more energy than sched-
uled, and has to pay the price for downwards regulation power
[e/MWh] for the imbalance to the transmission system operator
(TSO). This is equal or lower than the spot price. That means that
the price of the additional energy uptake is lower than the spot
market price and the price of energy delivered back to the grid is
higher than the spot market price. This compensation scheme is
therefore giving a reduced cost for the service provider. The value
is quantified in the result section. Since the frequency deviations

Fig. 1. Sketch of the heat pump system including heat pump, storage tank,
electric boiler, groundwater pump, district heating pump and district heating
network (heat demand).

in the long term should be equal to zero and the energy bias
equals out, the use of upwards and downwards regulation power
prices reduces the cost of delivering the service, but the actual
revenue for service providers comes from the capacity payment.

2.2. Case description

2.2.1. EV case description
For the following analysis it was assumed that the local utility

company, which owns and operates a large-scale heat pump
for district heating supply, also owns a fleet of 25 EVs. This is
assumed to be operated every day including weekends. Therefore,
no differentiation between weekdays and weekends was consid-
ered. It was assumed that the EVs are grid-connected between
outside normal working hours (16:00-07:00) with a bidirectional
V2G charger that can charge up to 10 kW from the grid or
discharge up to 9 kW to the grid [23]. During this period they are
available for delivering FCR-N. A similar case was demonstrated
in the municipality of Bornholm [24] and by the utility company
Frederiksberg Forsyning, Denmark [25].

The EVs were assumed to all have a battery capacity of
40 kWh. The daily electricity consumption for driving daily was
assumed to be distributed according to a Gaussian distribution.
The mean value was chosen equal to the average consumption of
privately owned vehicles in Denmark, as corresponding data for
the utility owned cars was missing, i.e. 9 kWh corresponding to
45 km per day [26] with a standard deviation of 1 kWh. Every EV
should therefore have a high enough SOC at the end of the grid-
connected period to ensure enough capacity for a higher driving
consumption.

2.2.2. Heat pump system description
The heat pump system comprised the heat pump itself, a hot

water storage tank with a storage volume of 100 m3 and two
electric boilers downstream of the storage with a capacity of 100
kW each. Fig. 1 shows a sketch of the system. The system supplies
heat to a small scale DH network with heat for space heating and
domestic hot water. The heat pump assessed in the current study
was a two-stage ammonia heat pump, with a heating capacity
of 800 kW, corresponding to a rated power of 250 kW. The heat
pump used groundwater at 10.5 ◦C as a heat source. The heat
pump could supply forward temperatures of 60 ◦C to 84 ◦C. The
load could be varied between 100% and 40% of full load, i.e. a
power uptake of 250 kW down to 100 kW.
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2.3. Modelling of EVs and heat pump

Fig. 2 gives an overview of the different models and cal-
culation steps conducted in this study and how information is
interchanged between these.

2.3.1. EV model: Dispatching strategy
The following SOC-simulation is intended to calculate the SOC

of each EV during the entire year of operation to verify that
the bidding/dispatching strategy does not result in violation of
the energy constraints. The future frequency deviations cannot
be predicted and thereby the future energy bias is not known.
Therefore, the aggregator can only react to the current SOC.

Initially the baseline power, Pbase, is set equal to zero. The
proposed dispatching strategy is to change Pbase to a negative or
positive value when the SOC reaches an upper or lower threshold.
This means that the EV is delivering or receiving energy to or
from the grid over time, and accordingly the SOC decreases or
increases. The sum of Pbase and the bid power capacity Pcap can
however not be higher than the power capacity of the charger.
Since the used V2G charger can only discharge with 9 kW, Pbase+
Pcap ≤ 9 kW.

An FCR-N capacity of Pcap = 6 kW is bid for each EV, such that
it can maintain the SOC using the remaining ±3 kW or less. The
amount of power that is needed to contain the SOC within the
allowable range highly depends on the ratio between the power
capacity and the battery capacity in kWh. In a previous study,
it was shown that this offset of ±3 kW is enough to cancel out
the energy content for Pcap = 6 kW and battery capacity of 40
kWh [11]. The present manuscript uses a data set of frequency
measurements of 2018 [27].

For each EV, the SOC of the battery is simulated in a continu-
ous simulation for one year, Eq. (2). The SOC is calculated with
a time resolution ∆t of one hour like the spot and the FCR-N
markets. The initial SOC of the first day was set to SOC1 = 0.5.
Pbase is split up in a vector for charging, Pc

h , and a vector for
discharging, Pd

h , for each hour, h.
The average charging and discharging efficiencies, ηc = ηd,

of the chargers used for the experiment are only 80% [23]. Since
the specific V2G chargers used in [23] are first generation, here
we assumed a higher efficiency of 90%, corresponding to state-of-
the-art chargers [7].

To capture the negative influence of conversion losses on the
energy bias, the energy content was calculated from the bat-
tery perspective (ebatn ), instead of the grid. ebatn is calculated with
Eq. (4), integrating the power seen by the battery to an hourly
energy content. The battery power in each second is calculated
using Eq. (3).

The daily energy for driving, Edrive
h , is consumed at the time

when the work day starts and the EV is out of the aggregator’s
control, as shown in Eq. (5).

SOCh = SOCh−1 +

(
Pc
hηc + ebath Pcap

h − Pd
h
1
ηd

− Edrive
h

)
∆t
Pcap . (2)

ŷt =

{
ytηc, if yt ≥ 0

yt 1
ηd

, if yt < 0
(3)

ebatn =
1
N

n·N∑
t=N·(n−1)+1

ŷt · ts (4)

Edrive
h =

{
∼ N (µ, σ 2) , if h = 7 + (day · 24)
0, else

(5)

The baseline power was allocated according to the control
strategy shown in Eq. (6). If the SOC was higher than the upper
threshold, ut , Pbase was set to 3 kW of discharging. If the SOC

Fig. 2. Overview of the workflow, including inputs, models and interaction
between these.

was lower than the lower threshold, lt , Pbase was set to 4 kW
of charging. This asymmetry was caused by the charger that can
charge with 10 kW but only discharge with 9 kW. So, when 6 kW
is contracted for FCR-N, there is 4 kW left for charging and 3 for
discharging to correct the SOC.

Pbase
n =

{
4 kW if SOCh < lt

−3 kW if SOCh > ut (6)

If the base power is set to charging, the EV will on average over
several hours be receiving more energy than it is delivering to the
grid. The frequency can however for extended periods be too low
and result in continuous discharging of the EV. In this case the EV
will not be receiving energy before the under frequency period
is over. Since the energy content of the frequency can be up to 6
kWh during one hour but the balancing power can only shift up to
4 kWh during one hour, it can take several hours before the SOC
starts moving in the wanted direction. It is therefore necessary
to change the baseline before the SOC reaches the actual limits.
The thresholds are presented in the results section. These were
found by simulating the SOC for one year and choosing the ones
that maximise the allowable SOC range without corrective action,
while always maintaining the SOC in an acceptable region.

The combined delivery involves that the heat pump can cancel
out the 3 kW baseline change by increasing its consumption when
the EV needs to reduce its consumption. This makes it possible to
bid Pcap

= 9 kW and still be able to maintain the SOC. The number
of hours that the heat pump can consume power during each
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night depends on the heat consumption of the area, i.e. it varies
over the year. The FCR-N capacity is therefore Pcap

h = 6 kW+Php
h ,

where Php
n is either 0 kW or 3 kW per vehicle.

2.3.2. Modelling of heat pump system
In order to assess the availability for offset power delivered

from the heat pump and to assess the economic feasibility of sup-
plying combined frequency regulation, a thermodynamic model
of the heat pump system was used. This model was used to sim-
ulate the operation and the corresponding total heat production
cost of one year. The system model was built using the object-
oriented programming language Modelica. It is described in detail
in a previous publication by Meesenburg et al. [28]. The model
comprised submodels of the heat pump, the storage tank, the
electric boiler and the heat demand. All models were based on
dynamic energy balance equations and steady-state mass and
impulse balance equations. Only the storage tank model also
comprised dynamic mass balance equations. Further, the model
included cost balances for all components, which can be used
to calculate the total production cost, including investment cost,
capital cost, operation and maintenance cost and electricity cost.

Heat pump model and electric boiler model
The heat pump model was a grey box model, based on a

COP that is given as a function of the load and the sink- and
source temperatures. In this specific case the source temperature
is directly correlated with the heat pump load, due to the control
strategy in place and that the district heating return temperature
was assumed to be constant. Thus, the COP function could be
simplified to only be dependent on the load and the district
heating forward temperature. The COP of the heat pump was
defined as

COP = Q̇tot/Ẇtot (7)

where Q̇tot denoted the heat flow rate supplied by the heat pump
and Ẇtot denoted the sum of the power uptake of both compres-
sors in the heat pump. This function was obtained from a detailed
dynamic model of the heat pump, described in [20] and validated
against measured COP data, as presented in Fig. 3. The dynamic
response of the heat pump to load changes was approximated as
a first order behaviour, where the time constants were fitted to
suit the experimental data of the heat pump. The electric boiler
is represented as a simple control volume, with a power to heat
conversion efficiency of 1.

Storage tank model
The heat storage tank model was discretised into 100 layers

from top to bottom, to represent the thermal stratification in
the tank. Heat transfer between layers was included. Mixing
between layers and heat loss to the environment was considered
as described in [28].

District heating network
The DH network supplied by the heat pump system was

not modelled in detail. It was represented as a heat demand,
including heat losses from the system. The pressure drop was
calculated from the known pipe geometries in the network. It was
assumed that the substations were controlled to always deliver
a return temperature of 34 ◦C. This denotes a simplification, as
in practice this value would vary according to heat demand and
supply temperatures.

Control of the system
The control of the components of the system was coordinated

using a central controller model. This was used to control the
power uptake of the heat pumps and the electric boiler, the water
mass flow through the heat pump and the charging/discharging
of the storage tank. It was assumed that the power uptake of the
heat pump can be controlled directly. The charging and discharg-
ing of the tank was controlled via the three-way-valve at the top
of the tank.

Fig. 3. COP curves for 60 ◦C, 70 ◦C and 80 ◦C from the function used in the
model compared to experimental data, the step in the model function occurs
assuming that half of the compressor cylinders are decoupled at 50% load.

Heat demand data
The heat demand data for the entire network including heat

losses was obtained from measurements of the real system taken
for the year 2018. The necessary supply temperatures were de-
termined from the outdoor temperature for the Nordhavn area
in Copenhagen [29], assuming that weather compensation of the
supply temperature is needed below 14 ◦C. Both, the required
supply temperature at the last customer and the temperature
supplied by the heat pump system as a function of the outdoor
temperature are depicted in Fig. 4.

Determination of available heat pump offset operation
The available time per day toffset, where the heat pump can

be available to offset the EV electricity consumption is limited
by the heat demand, the heat storage capacity and the minimum
and maximum power uptake, which depend on the heat pump
COP. The minimum and maximum power uptake was calculated
from the given heat demand using Eq. (7), taking into account
that the COP varies with necessary DH forward temperature.
It was assumed that the minimum load is fixed to 40% of full
load for all forward temperatures. It was assumed that the heat
pump should be available for offsetting the EV operation every
night. Accordingly, the maximum heat produced during offset
operation needs to be less than or equal to the heat demand
of the respective day, as a higher heat production would reduce
the available offset operation time of the following day. Further,
the heat produced during the offset operation cannot be higher
than the sum of the demand during these hours and the available
storage capacity. The corresponding minimum number of offset
hours was rounded downwards to full hours.

toffset ≤ min

(
Qdemand,day

Q̇fullload
,
(Qcap,storage −

∑t
i Qdemand,i)

Q̇fullload

)
(8)

Due to the limitations of the storage capacity within the dis-
trict heating system and to avoid using the back-up electricity
boiler, the heat pump was set to operate at the intermediate load
between minimum part load and full load, that is:

Ẇset,nom = (Ẇmin + Ẇfullload)/2 = 175 kW (9)
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Table 1
Economic heat pump data used for the analysis.
Unit Total capital

investment [e]
Economic lifetime [a] Assumed average

operation hours [h/a]
Fixed O&M cost [e/a] Source

Heat pump 75300 25 6917 403 [30]
Electric heater 20200 20 3000 30 [30]
DH pump 4030 10 8760 59 [31]
GW pump 5380 10 6917 59 [32]
Storage tank 4190 40 8760 94 [30]
GW drilling 121000 40 6917 2420 [33]

Fig. 4. Required supply temperature at the last customer and corresponding
temperature supplied by the heat pump system dependent on the outdoor
temperature.

The load is changed upwards or downwards when a load shift
is required by the SOC of the vehicle batteries. This results in a
maximum absolute load shift of 75 kW, which is equivalent to a
correction power of 3 kW, up or down, for 25 vehicles.

2.4. Economic evaluation of the system

2.4.1. Calculation of heat production cost
The combined provision of frequency regulation can only be

feasible if the additional cost of both the HP system and the EVs
can be covered. The additional income would reduce the heat
generation cost. Therefore the heat cost was chosen as decisive
parameter. The economic performance of the HP was evaluated
using three different measures. The first one was the fuel cost
of the system, i.e. the weighted average electricity price over
the simulated one year period. It was calculated as the overall
electricity cost divided by the overall electricity consumption in
the same period.

c̄el = Cel,tot/Wtot (10)

The second one is the operational specific heat cost, which was
calculated as the total electricity cost for one year divided by the
total amount of heat delivered to the district heating customers.

c̄heat,el = Cel,tot/Qtot (11)

The third measure is the total specific heat cost. This includes fuel
cost, investment cost, capital cost and operation and maintenance
cost of the components in the system. It is calculated using the
model, as described in detail in [28]. The assumed values are
summarised in Table 1.

Table 2
Taxes and tariffs on electricity for heat production in Denmark for 2018 and
2022.
Type Unit 2018 2022

PSO-tariff e/MWh 13.58 0.00
TSO-tariff e/MWh 5.11 5.11
System tariff e/MWh 5.65 5.65
Reduced energy tax e/MWh 34.54 20.83
Balance tariff e/MWh 0.13 0.13
Distribution price (2018 average values) e/MWh 15.73 15.73

To calculate the total specific heat cost, the obtained total
yearly cost was divided by the overall amount of heat delivered
per year to the customers.

c̄heat,tot = Cheat,tot/Qtot (12)

The electricity price used was the historic electricity spot market
prices for Eastern Denmark for the year 2018 [34], including taxes
and tariffs, as summarised in Table 2. The expected values for
2022 are given, too, as the public service obligation (PSO) fee is
being phased out before 2022 and the energy tax on electricity is
reduced, according to a political agreement.

2.4.2. Calculation of V2G operation cost
V2G chargers contain more power electronics than unidirec-

tional DC chargers and are therefore expected to be more expen-
sive. The additional cost was neglected since expected price and
lifetime for mass produced components was unknown.

The most dominant cost regarding the service provision is the
conversion loss during continuous charging and discharging. The
overall electricity consumption is calculated by integrating the
frequency bias including conversion losses seen from the battery
over the number of hours per year Nh = 8760, scaled with the
regulation capacity in the respective hour, Eq. (13).

Eloss =

Nh∑
h=1

ebath · Pcap
h ∆t (13)

The energy throughput of the battery is calculated as the sum
of charged and discharged energy in absolute terms on an hourly
basis. To calculate the corresponding battery degradation, the
throughput is divided by two times the EV nominal capacity (40
kWh), corresponding to the charging and discharging energy, to
find the equivalent number of cycles of full charge and discharge.
Thingvad and Marinelli [35] have modelled the battery degrada-
tion of the same setup as presented in the present manuscript
and the result is an average 0.0022% capacity fade per equivalent
charge/discharge cycle during FCR-N provision.

The capacity loss is proportional to the cost of using the bat-
tery. The Lithium Nickel-Manganese-Cobalt Oxides (NMC) battery
which is used by most EV manufactures, has a battery pack
cost around 180 EUR/kWh [36]. Assuming the use in a second
life application as a stationary storage, a minimum acceptable
capacity, or end-of-life (EOL) of 50% of the original value was
assumed.
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The price of the battery degradation, cdeg, was therefore

cdeg =
Pcap
lost

EOL
· cpack (14)

2.4.3. Calculation of income from FCR-N provision
To calculate the income from capacity payments, historic FCR-

N capacity payment prices for 2018 were used [21]. The EVs
receive the capacity payment for the 6 kW of FCR-N that they
could deliver alone, without the heat pump plus reimbursement
of the additional cost for EV operation. The remaining income
from capacity payments is assigned to the heat pump operation.
The yearly performance of the heat pump system according to
the schedule derived from the EV model was compared to an
optimised schedule without regulation power services from 2018.
This schedule was provided by the utility company owning the
heat pump [37]. The difference in specific heat cost plus the
additional cost of battery degradation was used to define the
minimum capacity price that the system can bid into the FCR-N
market. To calculate the income from capacity payments, a simple
bidding strategy was applied. It was based on the assumption that
the expected price in one specific hour is similar to the price in
the same hour of the day before. It was assumed that in all hours,
where the service could be provided the historic average value
could be gained. This was a conservative assumption, as it might
be possible to bid higher than average prices in the market. The
same bidding strategy was assumed for combined operation and
service provision of the electric vehicles alone.

2.5. Experimental demonstration of operation mode

It has previously been shown that the heat pump can ramp
from low to high load within three to five minutes, and it can
ramp downwards in four to seven minutes [38], if the power
uptake is controlled directly.

The dispatching strategy to maintain the SOC was validated as
part of this study. The experiment was conducted for a winter
day, where the heat pump was assumed to be available for the
complete regulation period, i.e. the EV could deliver FCR-N with
the full capacity of 9 kW.

The experiment was conducted on a single 40 kWh Nissan
EV using the described V2G charger. The frequency metre was
located ca. 30 km from the installation, such that the inherent
communication delay of the internet communication were cap-
tured. The frequency was measured and uploaded to a MQTT
(Message Queuing Telemetry Transport) broker every 0.5 s. The
controller was reacting to the measurement and calculated a
setpoint for the charger. The SOC of the EV was read from the
charger with the same interval. The active power was measured
on the grid side and the timestamp of the local device was used
for benchmarking the reaction time.

3. Results

3.1. Offset power from heat pump

When available for supporting the EVs, the heat pump would
run at 175 kW power uptake as a default if no offset power
is required. The heat pump supported 25 EVs with 3 kW each
and thus consumed 175 ± 75 kW. The 25 EVs’ daily driving
consumption is randomly spread. Thus, the initial daily SOC will
differ for all EVs. When delivering FCR-N, all EVs are experiencing
the same frequency which means that they are asked to charge or
discharge the same amount. This makes the SOCs of all vehicles
move in parallel, but as they do not reach the upper or lower
threshold at the same time, it is not always all of them that
need compensation from the heat pump. Therefore, the offset

Fig. 5. Power uptake of the heat pump during every 15-h regulation period
(16:00-07:00) for one year. Minimum power uptake is 100 kW, white colour
means that the heat pump is turned off.

power could be less than 75 kW, as not all EVs needed support
at the same time. The resulting power uptake of the heat pump
is presented in Fig. 5. In the hours shown as the white area, no
supporting power could be guaranteed from the heat pump. The
heat pump was always supporting the EVs during the last part
of the 15-h regulation period and was at least available for one
hour between 06:00 and 07:00. In the first three hours of the
regulation period the heat pump mostly ran at 175 kW, meaning
no offset was required. A positive offset of 75 kW occurred most
often between 23:00 and 01:00. While around 03:00 in the morn-
ing the heat pump operated most often at 100 kW power uptake,
i.e. negative offset of 75 kW for the EVs. This can be explained by
the shift in upper and lower SOC threshold at this time that can
be observed in Fig. 6. This shift as introduced to ensure, that the
SOC was high enough at the end of the charging period.

The simulation of the heat pump system showed that the
system was available for offset power delivery in 2696 h in the
case of 2018, compared to 5475 h of availability of the EVs,
i.e. the heat pump was available in 49% of the hours, where FCR-N
provision was scheduled for the EVs.

3.2. EV dispatching strategy

In Fig. 6 the SOC of one EV during every 15-h regulation
period (16:00-07:00) for 1 year is shown. As described in Sec-
tion 2.2.1, the EV experiences a new frequency pattern every
night corresponding to the real period. After each regulation
period and before the following 15-h regulation period begins, an
energy consumption with a Gaussian distribution with an average
of 9 kWh and a standard deviation of 1 kWh is subtracted to
simulate the driving consumption. The initial SOC of each period
is therefore on average 22.5% lower than the final SOC.

The upper and lower SOC threshold, ut and lt, are shown as the
thick lines in Fig. 6. The thresholds found were a lower threshold
of 60% for the first eleven hours and 70% for the last four hours
of the scheduled regulation period to ensure that the cars were
sufficiently charged in the morning to accommodate the driving
consumption. The upper threshold followed the same pattern and
increases from 80% to 90% in the last four hours. The SOC is often
below the lower threshold when it is plugged in after driving and
is then increasing to the wanted region. How long time it takes
to reach the wanted region depends on the frequency behaviour.

The SOC constraints are only violated when the simulated
value falls below 0% or rises above 100%. This is due to the
unpredictable behaviour of the frequency. As it is impossible to
completely avoid SOC violations, they should thus be viewed as
a stochastic problem, where the risk of violating the constraints
should be below a certain probability. Here, the risk of saturation
or depletion was below 1%.
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Fig. 6. SOC of 1 EV during every 15-h regulation period (16:00-07:00) for 1 year,
with real frequency data every period and a Gaussian driving consumption. The
black lines denote the upper threshold ut and lower threshold lt of the SOC.

Fig. 7. Measurement of power, soc and offset for one EV during a 15-hs
regulation period.

3.3. Experimental demonstration of operation mode

The ideal power response – calculated based on the frequency
measurements – is seen together with the measured Pt and the
calculated Pbase

h in the top plot of Fig. 7, while the bottom plot
shows the SOC of the EV. The experiment was run for a 15-
h period from 16:00 to 07:00, and shows how a single EV is
reacting to the frequency measurements and the SOC. The loss in
the power converter amounts to 9.4 kWh for the 15-h regulation
period or 0.63 kWh per hour.

There was only 2 s delay between a frequency change and
measurement of the power response on the grid side of the
charger. The response speed had a large effect on the linearity of
the droop curve, where the active power is plotted against the
grid frequency at the same time. The top plot in Fig. 8 shows
the standalone measured power of the EV vs. the frequency.
The response is linear but two additional lines occur, where the
frequency power response was shifted up or down. The bottom
plot shows the response when the heat pump cancelled out the
EVs baseline change by making the opposite change.

Fig. 8. Measured AC Power vs. Frequency with and without the heat pump.

3.4. Economic analysis of proposed operation mode

To evaluate the economic feasibility of the proposed operation
strategy, the operation was simulated for the year 2018 and
compared to the results of the optimally scheduled heat pump
operation and FCR-N delivery from the EVs alone. The combined
operation of heat pump and EVs would only be feasible if the total
heat price could be reduced compared to the optimal operation
schedule, and the additional cost due to increased throughput
of the battery can be covered. Table 3 compares the overall
heat, electricity uptake and the total yearly cost for the proposed
provision of offset power with the optimally scheduled HP. The
total fuel cost and total cost are lowest for the optimal opera-
tion schedule, as expected. However, the income from frequency
regulation was high enough to outweigh the additional cost and
resulted in a reduced overall cost when these revenues were
taken into account. With the assumed bidding strategy, 2129 e/a
could be saved, considering the data from 2018. This value results
from an additional income from capacity payments of 4435 e/a,
from 305 e/a balance power price saving and additional cost of
750 e/a for additional battery operation cost and 2961 e/a total
additional HP cost. These were caused by an increased heat loss in
the system, as the heat production was not optimised with regard
to the heat demand. Further, the operation of the heat pump was
not optimised with regard to COP, as the heat pump reacted to
the requirements of the grid.

Fig. 9 compares the resulting average specific electricity price,
operational specific heat cost and total specific heat cost for the
offset operation and the optimal operation, both excluding and
including the income from frequency regulation service provision
and coverage of additional EV cost.

Table 4 shows revenue and the additional losses in the battery
and the corresponding cost for the combined operation compared
to provision of frequency regulation from the EVs alone. The
results are shown per EV. Over the year, the conversion loss was
1.35 MWh when delivering FCR-N with a capacity of 6 kW from
the EVs alone. This value increased to 1.59 MWh for the combined
operation as the delivered power capacity increased. The EVs ex-
perience a yearly throughput of 7.67 MWh which also increased
for the combined operation. The throughput was proportional to
the added cycle degradation of the battery that was found to
be 0.21–0.24% per year and resulted in a yearly cost of battery
degradation of only 30−35 e. The cost of electricity was 138 and
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Table 3
Results for heat pump system.

Offset Optimal

Energy related figures

Total heat delivered MWh 1925 1925
- Total heat delivered by HP MWh 1916 1918
Total electricity uptake MWh 637 637
- Total electricity uptake HP MWh 540 543
- Total electricity uptake EB MWh 12 10
COP HP – 3.55 3.54
COP system – 3.02 3.02

Economic figures

Total yearly electricity cost e 64893 62406
Total yearly cost e 80090 77128
HP revenues from FCR-N e 4435 + 305 0
FCR-N operation hours HP h 1858 0
Weighted average FCR-N capacity price e/MW 35.8 0
Total cost incl. FCR-N revenue and payments to EVs e 74999 77128

Table 4
Results per EV for FCR-N operation.

Only EVs Combined

Conversion losses MWh 1.35 1.59
Energy throughput MWh 7.67 8.92
Battery capacity loss % 0.21 0.24
Cost of electricity e 138.00 163.00
Cost of battery degradation e 30.24 35.20
Capacity payment e 1420.00 1420.00
Regulation power prices e 24.16 24.16

Profit e 1277.00 1246.00

Fig. 9. Average specific electricity price, average specific operational heat cost,
average specific total heat cost, excl. and incl. income from FCR-N delivery.

163 e per year for EV only and combined operation, respectively.
A revenue of 24.16 e was obtained from the regulation power
prices paid as compensation for the delivered energy content.
Since the revenue for the EVs was calculated for only 6 kW of
FCR-N in both cases, it is in both cases equal to 1420 e. That
means that the profit would decrease from 1277 to 1246 e for
the combined operation. To compensate this decrease in income,
the difference of 31 e per EV needs to be covered by the heat
pump operation.

Fig. 10. Total and operational heat production cost including income from FCR-N
for varying average FCR-N prices.

As the capacity payments varied strongly over the last couple
of years, a sensitivity analysis was conducted. This was done by
assuming the same average FCR-N capacity price for all operation
hours and varying this FCR-N capacity price. The available hours
for offset power were kept constant, and it was assumed that
the operation schedules for EVs and HP were kept the same.
The results are presented in Fig. 10 together with the break
even between the offset and optimal operation, and the weighted
average FCR-N capacity price for the calculated offset strategy in
2018. The average FCR-N capacity price in 2018 was 43.25 e/MW
per hour. The obtained weighted average price was considerably
lower, as the highest prices may be obtained during summer,
where the HP is seldom available for offset power delivery.

4. Discussion

The current study aimed at identifying the potential of com-
bined provision of primary frequency regulation from electric
vehicles and a large-scale heat pump. The study was conducted
for a Danish case using data from 2018. The required regulation
time for the FCR-N frequency regulation service in Eastern Den-
mark is 150 s, which is high compared to other primary frequency
regulation services. Based on the demonstrated fast regulation
times of the EVs, it is expected that the proposed operation strat-
egy would also be valid for other primary frequency regulation
services, that require faster ramping.

The year 2018 was a hot and dry summer, and it had the
highest average FCR-N prices of the last years [29,34]. It may
thus be expected that in colder years, the heat pump is available
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for offset operation for more hours, especially in early and late
summer compared to the results for 2018. This would result
in larger amounts of capacity payments and thus an increased
income. Further, the available offset time was calculated from
the maximum power uptake, i.e. full load conditions to avoid
overcharging the heat storage tank. The resulting number of
hours was a conservative estimate for winter days, where the
heat pump is available many consecutive hours, as it is un-
likely that the heat pump would be required to run at full load
for the whole period. For future practical implementation this
scheduling approach may be improved using statistical methods
or machine learning. The need for offset power further depends
on the requirement of charging the EV batteries. However, the
daily driving consumption was estimated to be the same for all
days of the year and the additional energy content of the batteries
that might need to be offset by the HP due to missing driving
consumption was disregarded. Accordingly, the heat pump offset
operation might be further optimised by taking weekends and
holidays into account for the EV modelling. Further, the assumed
standard deviation might be too low for other EV pools. This
needs to be evaluated when applying the proposed strategy to
other cases. To test the influence of the average FCR-N price on
the feasibility of combined FCR-N provision a simple sensitivity
study was conducted. This showed, that the average FCR-N price
could be reduced by 26% before the combined provision of fre-
quency regulation results in a negative business case. Considering
that the average capacity prices in the three preceding years
were 63%, 32% and 37% lower respectively, this buffer cannot
be considered sufficient. This means that future applications of
the proposed operation strategies, should be able to switch back
to the normal spot market optimal operation strategy, when
the FCR-N capacity payments are too low. It also means that
this operation strategy is best suited for heat pumps that are
already equipped with the necessary communication interface for
frequency regulation services. This would help to minimise the
additional investment cost. The offset operation of the heat pump
resulted in additional cost due to higher average electricity prices
and due to an increased electricity consumption. This additional
cost would however be reduced in future due to the expected
decrease in PSO tariff and electricity tax, and thereby it would
benefit the feasibility of combined FCR-N provision from EVs and
large-scale HP.

In the current study, it was assumed that the electric vehicles
were owned by the same company as the heat pump and thus it
was not further analysed, how the income from combined oper-
ation should be divided between the EV owners, HP owner and
aggregator. This is however expected to be a relevant question
that has to be answered for future implementations. Different
division strategies are possible, e.g. proportional to additional
operation cost, a division based on factors for the different flexi-
bility parameters, or simpler approaches. The assessment of these
different strategies was beyond the scope of the current study and
should be assessed in future work.

5. Conclusion

The current study proposed a combined delivery of primary
frequency regulation (FCR-N in ENTSO-E Regional Group-Nordic)
using EVs and a large-scale heat pump to exploit synergies be-
tween the ability of fast regulation of batteries and the large
storage capacity of thermal system. The feasibility was assessed
using a model of the SOC of the EV batteries based on the
frequency energy content model and a dynamic model of the
heat pump system, which was previously validated against exper-
imental data. The proposed operation of EVs was experimentally
validated as part of this study. The results for the case of 2018

showed that the EVs can bid a higher capacity on the FCR-
N market when the heat pump is available for offsetting the
energy content of the frequency deviation. This is necessary as
the allowable range of SOC of the batteries is constrained, and
it has to be ensured that the EVs are sufficiently charged in
the mornings. The combined operation provided an additional
income from capacity payments, which could not be generated
by the EVs or the heat pump alone. This additional income was
4740 e/a. This was enough to outweigh additional operation cost
of 2961 e/a for the heat pump operation and 750 e/a for the
increased battery losses and resulted in a net surplus of 2129 e/a
from the additional service. The observed synergy effect could
be obtained, due to relatively high capacity payments in 2018
compared to previous years. The future economic feasibility is
thus dependent on the development of the respective capacity
payment level.
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