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Abstract

As countries electrify road transport and decarbonise electricity, the demand for power is in-
creasing while generation becomes more intermittent due to renewable energy uptake. This
makes power system operation challenging and expensive. With expected high electric vehicle
load, coordinating charging and discharging to balance supply and demand for electricity is
important to avoid overburdening the network. Bidirectional charging through Vehicle-to-Grid
could unlock significant storage capacity from parked electric vehicles when they are plugged

n.

This thesis focuses on the opportunities presented by scheduling charging, discharging and
travel (trips) for commercial electric vehicle fleet operation to benefit both the fleet and network
operators. Opportunities for carbon emission reduction are also considered. Throughout, this
thesis integrates real-world data and learning from the Vehicle-to-Grid demonstrator project,
E-Flex, of which the author was a contributor. The study identifies economically efficient ways

in which a future system may operate, and highlights barriers to such implementation.

A foundational optimisation model is set out and an analysis of examined scenarios is produced,
covering various configurations for scheduling charging for 12 trial fleets. The multi-service
optimal charging scheduling model developed for this analysis is extended in two ways. Firstly,
a novel operational strategy integrating trip scheduling is implemented with future energy and
ancillary service prices to understand potential scenarios for commercial fleets. Secondly, to
account for randomness in prices and travel data, machine learning is applied to a multi-service
charging strategy, showing the benefits of real-time scheduling. This approach utilises the
rich data-set provided by the real world project and employs a novel reinforcement learning

environment.

The thesis contributes to understanding optimal operational strategies for electric vehicles with

Vehicle-to-Grid in the future power system, demonstrating the benefits of market participation.
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Chapter 1

Introduction

1.1 Context

Given the global agenda to reduce reliance on fossil fuels and reduce pollutants and carbon
emissions, the transition from internal combustion engine vehicles to electric vehicles (EVs)
is seen as an important one. In 2020, despite the Covid-19 pandemic, a record three million
new EVs were registered globally, a 41% increase from the previous year [1]. This brought the
total EVs on the road to a 1% stock share of vehicles [2]. By 2030, the global number of EVs
on the road is projected to reach 145 million, rising to potentially as much as 230 million, if

governments accelerate efforts to reach climate goals [1].

As policies globally drive the development and deployment of low carbon technologies [3], there
exist considerable effects on the power system. The integration of renewable energy sources on
the generation side of the system is challenging, as they are variable and difficult to control.
Utilizing low carbon devices on the demand side is also challenging, given that decarbonizing
the heat and transport sectors will potentially increase peak electrical load significantly. There
has been a particular focus on the adoption of electric vehicles (EVs) in the decarbonization
of the road transport sector and so this load must be carefully considered when making the
transition. This additional EV load, if uncoordinated, could lead to a host of issues, including

grid problems [4] likely necessitating network investments [5] and difficulties in stable operation

1



2 Chapter 1. Introduction

and the reliability of the power system [6].

At the same time as this transition in the road transport sector, the sources of energy gener-
ation are changing with the growth of variable renewable energy and inflexible nuclear power.
By 2030, energy production costs could be reduced by up to 50%, thanks to a higher pene-
tration of renewable energy [5]. However, the cost of flexibility services (services needed to
keep electricity supply and demand balanced) could increase by up to 15 times with respect
to current levels [5]. Although market design has historically focused on trading energy as a
basic commodity, services needed for stable operation (or balancing services) are still under

development and will need to adapt to these fast-changing market conditions.

The markets for energy and balancing services, as well as the emerging carbon market, could
provide a framework whereby novel technologies, such as EVs, can be utilised and help to
balance the power system [7]. This would have the added benefit of efficiently securing stable
system operation (free of black-outs), as well as incentivising off-peak usage or discharging

excess energy by end-users of EVs.

The provision of flexibility by EVs is an option that has been proposed in [8] and developed
for participation in various markets [9], for example the day ahead electricity market [10] and
in frequency response (FR) [11]. Reference [12] provides a review of work done to model EVs
participating in such markets, to realise their value to the power system and the EV user. More
recently, EV fleets with vehicle-to-grid (V2G) technology have been modelled to bring whole
system benefits in [13], taking into consideration the cost but also carbon emission savings of

EV deployment.

With many potential benefits identified, the implementation of V2G is not yet widespread,
mostly due to the market, regulatory and economic barriers that still exist. For current V2G
projects coming online worldwide, [14] is a useful reference. Of the Innovate UK funded projects
funded to assess the potential of this technology, E-Flex seeks to demonstrate the value of V2G
to fleets in current and future market conditions with real travel data. This is to pinpoint
which barriers to market still exist, and what steps need to be taken to overcome them [15]. At

the time this work was carried out, the EVs on project E-Flex were the first to have performed
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dynamic frequency response in the UK in 2021 [16], and it is with this real data set that the

case studies in this thesis are constructed.

1.2 Motivation

The global transport sector accounts for 25% of direct COy emissions from fossil-fuel based
combustion. Road vehicles make up the largest proportion of this contribution (almost three
quarters) [17]. In the UK, road transport makes up 91% of the total emissions from the
transport sector, which is responsible for 27% of the country’s total emissions. The energy
generation sector accounts for 21% [18]. It is the simultaneous decarbonisation of the transport
and energy sectors that poses a huge challenge because the electrification of the road transport
sector (i.e. a primary strategy to decarbonise) relies on the energy sector to charge vehicles. The
decarbonisation of the energy sector in turn relies on renewable energy, the generation of which
is difficult to accurately predict. With energy generation that is hard to predict and a higher
demand for energy by electric vehicles, more frequent system imbalances become inevitable.
With imbalances come higher costs of energy system operation, as well as network issues, such

as blackouts.

Upon closer examination, there exists an opportunity to put mechanisms in place that maximise

on the new source of flexibility EVs have to offer. Flexibility, here, depends on the technology:

e Chargers that have uni-directional power flow from the source to the electric vehicle are
commonly referred to (and referred to in thise thesis) as Grid-to-Vehicle (G2V), smart
chargers, or V1G chargers. Here, their flexibility comes from the ability to control the

timing of the charging and the power level at which the charging is performed.

e Chargers that have bi-directional power flow and can charge the vehicle as well as dis-
charge the vehicle are commonly referred to as Vehicle-to-Grid (V2G) or, more recently,
Vehicle-to-Everything (V2X) chargers. In this thesis, they are referred to as V2G charg-

ers, and their flexibility comes from the ability to control the timing of their charging and
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discharging timing, as well as charging and discharging power levels.

This flexibility could allow for a higher level of renewable energy for the power system in Great
Britain, creating a win-win scenario; the electrification of road transport will reduce direct
emissions from vehicles, while more renewable energy will reduce the emissions from the energy
sector. In order to make this solution feasible and sustainable, appropriate financial incentives
need to be in place to encourage the utilisation of flexibility from EVs. Research into incentives
for EVs is very important moving forward, while there exists a gap concerning this issue in the
literature. This includes the need to quantify potential revenues for EV users under current
and future scenarios, investigate optimal EV operation to maximise revenues and address the
uncertainties in such operation coming from unpredictable travel patterns and prices. Once it
is financially beneficial and practical for EVs to offer their flexibility through relevant market
mechanisms and operational strategies, the road transport sector’s decarbonisation and the

energy system’s decarbonisation can happen in a more synchronised and effective way.

This thesis seeks to investigate this potential role that EVs could play in the simultaneous
decarbonisation of road transport and energy, and to address gaps identified in the literature.
An EV fleet operator’s perspective is chosen because at an aggregated level (of, e.g. hundreds
of vehicles), more coordination and scale is achievable, allowing for more impact at the energy
system level. Hence, this thesis presents research into commercial EV fleet operation with
Vehicle-to-Grid (V2G) technology in the current and future power system. It provides insights
into which strategies commercial EV fleets can take in order to put this win-win scenario in
action. By modelling charging, discharging and travel (or trip) schedules using real-world data,
the potential of EV fleets in the future electricity system in GB is investigated. This is done by
quantifying revenues of different operational scenarios for EV fleet operators using optimisation,
and then by proposing real-time optimal control of fleet charging and discharging using machine
learning. The latter is an application that brings several significant benefits to EV charging

and discharging operation, offering a practical way to implement this work in the real world.
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1.3 Research Questions

In order to investigate the role of EVs in decarbonising the road transport and energy sectors,
coordinating when EVs charge (and discharging where discharging is feasible) needs to be care-
fully considered and modelled. It is this timing that - through market mechanisms - will yield
financial rewards. To evaluate the different strategies for revenue generation for commercial
EV fleets given current market conditions, the following core research question is answered in

Chapters 3 and 4 using optimisation:

What are the optimum charging, discharging and travel (trip) schedules to mazimise revenues

for EV fleet operators?

As the GB power system incorporates more renewable energy, its inertia, meaning the physical
inertia of rotating masses in thermal plants (further described in Section 2.3.1 of Chapter 2),
will decrease. This will have an impact on energy and balancing service prices, which in turn
will affect the revenues and charging strategies of EV fleet operators. To investigate these

effects, the next question this thesis seeks to answer in Chapter 4 is:
How will these schedules likely change in a low-inertia system in the future?

With a view to explore the potential for further integration of EVs into the power system, the
next question lies at the intersection of electrical engineering and transport studies. In Chapter

4, the following question is also answered:

What will the value of simultaneously scheduling both EV charging and trips be in the future

power system?

Lastly, the uncertainties around travel patterns and service market prices will need to be taken
into consideration for the real world application of these charging schedules. A novel, data-
driven machine learning approach to solving this problem is proposed in Chapter 5, addressing

the following question:

How can fleet operators account for uncertainty in travel patterns and service prices to schedule
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EV charging and discharging with V2G in real-time using machine learning?

1.4 Thesis Structure and Original Contributions

This thesis is structured as follows:

e Chapter 2 provides a background to the need for flexibility as various sectors are decar-
bonised. It gives details of the markets already in place, and ones that are emerging, to
manage this transition. These include the energy market, Transmission System Operator
(TSO) service market, Distribution System Operator (DSO) services market, and the

carbon market.

e Chapter 3 presents a foundational mathematical framework, along with a set of exam-
ined scenarios, from which the rest of the thesis is built or expanded on. Detailed results
of examined scenarios for charging strategies for multiple real-world commercial EV fleets

are presented and analysed. The contributions of this chapter are:

— Accurate characterisation of flexibility of commercial EV fleets participating in an-
cillary service markets, using real world data from a V2G demonstration project in

the UK; and

— Comprehensive assessment of revenues of commercial V1G and V2G fleets consider-

ing present GB scenario with a carbon price sensitivity analysis.

e The foundational models are expanded on in Chapter 4 to incorporate travel (trip)
scheduling in a current and future market scenario. Future summer and winter conditions
are modelled, including projected higher renewable uptake, to understand the future role
of EVs with V1G and V2G capability. This chapter forms the basis of work that has been

published in [19]. Contributions of this chapter include:

— Novel scheduling approach for EV fleet operators that includes both charging and
trip times, generating additional revenues and exploiting synergies between the power

system and road transport system;
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— Quantification of the value of scheduling optimal journey times accounting for fre-
quency response prices, limiting battery degradation and accurately capturing pro-

vision both from reducing charging and increasing discharging;

— Accurate characterisation of flexibility of commercial EV fleets (i.e. hundreds of
EVs) participating in ancillary service markets, inferred from real world data from

a V2G demonstration project in the UK; and

— Comprehensive assessment of revenues of commercial V2G fleets considering present
and future GB scenarios with various sensitivities, including societal benefits in terms

of carbon emissions avoided.

e In order to investigate real-time charging scheduling and address the issue of uncertainties
in travel patterns and prices, state of the art Machine Learning (ML) is applied to the

EV charging scheduling problem in Chapter 5. The contributions of this chapter are:

— The energy and balancing services provision scheduling problem of an EV with V1G
and V2G capability formulated as a Markov decision process (MDP), which does not
require knowledge of the EVs’ physical operating models and technical parameters,

and factors uncertainties associated with traveling patterns and market prices;

— A novel Deep RL method to address the formulated problem, namely Proximal Policy
Optimisation (PPO), which allows for continuous state and action spaces, has high

sampling efficiency (reflected in a fast training process), and ease of implementation;

— In contrast to previous works using synthetic data for EV travel patterns (usually
based on normal distributions around expected values), use of real-world commercial
EV fleet data from the E-Flex demonstration project to train and test the examined

learning methodologies; and

— Case studies employing this real-world data to demonstrate the advantages of the
proposed approach over other state-of-the-art methods (Deep Q-Network and Deep

Deterministic Policy Gradient).

The work in this chapter is to be submitted to the Sustainable Energy, Grids and Networks

journal.
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e Conclusions and future work are discussed in Chapter 6.

e A sample of the raw EV data used throughout is included in Appendix A.

e Detailed and extended results from the nine fleets not included in Chapter 3 are shown

in Appendix B.

1.5 Publications and Presentations

1.5.1 Journal Papers

A. Blatiak, F. Bellizio, L. Badesa & G. Strbac. Value of Optimal Trip and Charging Scheduling
of Commercial Electric Vehicle Fleets with Vehicle-to-Grid in Future Low Inertia Systems.

Sustainable Energy, Grids and Networks, May 2022 [19]

A. Blatiak, D. Qiu, D. Papadaskalopoulos & G. Strbac. Multi-Service Real-Time Scheduling
of Commercial Electric Vehicle Fleet with V2G Using Deep Reinforcement Learning. 7o be

submitted to Sustainable Energy, Grids and Networks Journal

1.5.2 Relevant Presentations

A. Blatiak, D. Papadaskalopous & G. Strbac, “Optimising EVs on the Grid with V2G”, Low
Carbon Vehicle Conference, Millbrook, UK, 22-23 September 2021

A. Blatiak, D. Papadaskalopous, R. Moreira & G. Strbac, “Business Case for Flexibility
Services from Electric Vehicle Car Clubs”, UK Energy Storage Conference, Newcastle, UK, 3-9

September 2019

A. Blatiak, D. Papadaskalopous & G. Strbac, “Results from the E-Flex Project”, Energy

Saving Trust: Fleet Decarbonisation Forum, 7 July 2022
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Chapter 2

Background

As energy systems across the globe decarbonise to meet ambitious internationally recognised
government targets, the UK is the first government in the world to make a commitment to bring
greenhouse gas (GHG) emissions to net-zero by 2050 by law [20]. In the Sixth Carbon Budget
set by the Climate Change Committee (CCC), the target for GHG emission reduction was set
at 80% by 2035 relative to 1990 levels [21]. The same document outlines the expectation that
electricity should have net-zero carbon emissions by 2035, while accounting for large volumes

of electric vehicle charging and electrified heating of building.

The whole system benefits of V2G services from EV fleets have been quantified [13], although
without considering specific features of markets for energy, Frequency Response (FR) or Distri-
bution System Operator (DSO) services that could enable this. In this chapter, these markets
are discussed, in order to review background and context for incentives for EV fleet operators

to offer flexibility.

2.1 The Need for Flexibility

The UK Government has committed to bring the UK’s emissions to net zero by 2050, outlining

its strategy in the Net Zero Strategy: Build Back Greener policy paper [22]. The core source

10
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of generation of the power system in Great Britain is set to become offshore wind, according to
the UK Government’s Ten Point Plan for 40 GW of offshore wind by 2030 [23], coupled with

large scale energy storage (batteries).

To date, there has been a significant reduction in the carbon intensity of generation in GB from
500 gCO2/kWh a decade ago to 177 gCOy/kWh [24], [25], due to the increase in renewable

energy sources and reduction of the percentage of coal generation used.

Energy system flexibility has been defined as the ability to adjust supply and demand to achieve
an energy balance in the energy system [26]. In a power system specifically, it is the ability to
respond to changes in demand and supply [27]. In a power system such as that of GB, with more
renewable energy connecting to the grid, which is intermittent and not easily predictable, along
with more demand from the electrification of the heat and road transport sectors, flexibility is
critical. Flexibility enables cost-efficient decarbonisation by adapting to these changes in the
supply and demand of electricity. Some research had indicated the value of flexibility in GB

could be worth up to £8 billion a year by 2030 [5].

A white paper from the Integrated Development of Low-carbon Energy Systems (IDLES)
project entitled ”Net-zero GB electricity: cost-optimal generation and storage mix” [28] pro-
vides quantitative evidence on how a net-zero (or even net-negative) carbon electricity system
could be configured in terms of capacities of various generation types and energy storage. The
white paper highlights the key role of flexibility, identifying the need for 142GW of energy
storage in a net-zero system where offshore wind fulfils 75% of annual electricity generation
with an installed capacity of 108GW. This storage is needed to balance variations in renewable
output, avoid grid reinforcement and provide the energy required to meet peak demand. It has

been estimated that EV batteries could displace up to 35 GW of battery storage [29].

With smart charging (or V1G) technology, EVs can be providers of flexibility by charging at
times of high renewable energy output. With Vehicle-to-Grid (V2G), or bi-directional chargers,
EVs are even more capable of providing flexibility to the power system. V2G chargers are
becoming more widespread, having recently been demonstrated in the UK through projects

such as E-Flex [15] and e4future [30]. There is a growing list of V2G projects available showing
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various trials and analysis on V2G Hub [14].

This view for EVs to be providers of flexibility is in line with that of National Grid, the
Energy System Operator (ESO) in GB. In the Future Energy Scenarios (FES) report, the
ESO sets out a consumer transformation scenario whereby it expects that by 2050, 68% of EV
charging demand is shifted away from peak hours and 5 million (out of approximately 30 million)
privately owned EVs provide flexibility by the means of V2G-enabled services [31]. Previous
research has demonstrated that the impact of accelerated road transport sector electrification
on the whole system, as well as local distribution networks, can be achieved most effectively if

the flexibility of EVs is sufficiently utilised [29].

2.2 Energy Markets

The UK Government has mandated that all new charge points sold in GB for private (domestic
or workplace) use must have smart functionality. This includes communication with and from
the charger, reducing charging rate (i.e. charging power levels) when needed, timing charging

and being able to provide demand side response (DSR) services [32].

National Grid ESO states in its FES report that for passenger and commercial EVs, consumer
engagement in smart charging and V2G technology will be key to minimising increases in peak
electricity demand and mitigating the need for expensive network reinforcement [31]. Yet, under
current arrangements, EVs are connected at the very end of distribution networks, meaning they
participate largely in the retail segment of the electricity market. They are mostly treated like
traditional passive domestic or industrial loads. At best, they are treated like smart devices and
offered specific tariffs, incentivising them to charge at times of low cost (e.g. Octopus Energy
[33]). Despite their smart functionality, a lot of EV owners (through their chargers) do not
currently have access to the wholesale market, so do not benefit from choosing when to charge.
This limitation is a key challenge that needs to be overcome in order to tap into the flexibility

EVs have to offer the power system.

When considering the ability of EVs to discharge with the use of a Vehicle-to-Grid (V2G)
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charger, this potential flexibility in the energy market context becomes significant. Currently,
the technology exists in order to be able to fully access the energy stored in EVs to charge at
times of cheap, renewable energy generation and discharge at times of peak, fossil-fuel based
generation (i.e. perform energy arbitrage). The first limitation is the lack of capacity, as V2G
chargers are still not an established technology in GB, although this is expected to improve
in the coming years. The second limitation is the lack of incentives for EV drivers to perform
this arbitrage, which would smooth the demand for energy and mitigate the effects of increased
electricity demand from the electrification of the road transport sector. This limitation relates
to the previous description of current market arrangement for EVs. Again, Octopus Energy is
the only energy supplier at the time of writing that offers an export tariff to EVs [34]. The
third limitation is due to the lack of available, established research into the effects of energy

arbitrage on battery degradation, often being cited as a concern for EV owners [35].

2.3 Ancillary Service Markets

2.3.1 Transmission System Operator Services

A transmission system operator (or energy system operator in GB, National Grid) must main-
tain stable and secure grid operation. Inertia, which refers to the physical inertia of rotating
masses in thermal plants, prevents blackouts from unexpected generation outages by acting as
a store of energy. With the integration of more RES, as described above, and the reduction of
fossil fuel generation, lower system inertia means less of this valuable buffer energy being avail-
able. The system operator must account for lower inertia by procuring more ancillary services,
such as Frequency Response (FR). Such FR services are balancing services which react in the

short term to frequency deviations caused by a mismatch in supply and demand [36].

Traditionally, National Grid ESO has procured FR in annual time-frames from generators,
demand response and storage devices. This is because generation has largely been flexible and

controllable, and demand has followed a variable but predictable shape. Now and in the future,
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the GB system will consist of an increasing amount of intermittent RES and a lower level of
system inertia. As a result, costs will move from fuel for energy production (as RES has no fuel
cost) to operation of this increasingly difficult to balance system. The total cost of providing

frequency services (including FR) could reach up to 10% of overall costs [37].

In order to efficiently procure FR services, National Grid has begun to move its procurement
horizon closer to real-time in order to give providers a level playing field. This is because
some providers of flexibility cannot predict their availability very far into the future (including
EVs). National Grid currently procures Firm Frequency Response via monthly tender and has
recently completed a weekly auction trial [38]. National Grid is now procuring a new suite of
faster-acting frequency services, in order to support operation of an increasingly decarbonised
system. The first of these products includes Dynamic Containment (DC), which is procured
via a day-ahead auction [39]. It is this FR product, DC, along with the weekly auction trial
products, that are used throughout this thesis as balancing service or ancillary service prices.

This was the only price data available at the time of conducting the analysis.

There are barriers EVs face to providing balancing services, which are acknowledged through-
out the thesis [16]. The technical requirements of providing Dynamic Containment include a
1 second response time, where currently EV charging hardware does not always comply. The
minimum bid-size for market participation has been 1 MW in the past, however at the time of
writing this is under review, to allow more devices the ability to participate. Nevertheless, there
needs to be a sufficient amount of aggregation of EVs in order to participate in these markets.
Finally, the level of uncertainty around EV plug-in times and energy usage means that although
the day-ahead horizon is more manageable than the yearly, monthly or even weekly one, there
are still complexities around forecasting and controlling a high volume of EVs reliably. If the
bidding horizon is shorter, this will allow more EVs to participate. Throughout the thesis
case studies, the 'upward’ or "high” FR or DC product has been assumed, i.e. responding to a
low-frequency event, or a loss of generation on the system, by discharging. However, the math-
ematical formulations account for both upward and downward events (i.e. where the opposite

is required).
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2.3.2 Distribution System Operator Services

It is not only for transmission system operation that flexibility is needed, but at a local distri-
bution network level, too. Managing congestion is of great importance to Distribution Network
Operators (DNOs) in the UK, as increasing numbers of EVs and heat-pumps are installed.
Britain’s local flexibility markets are the largest in the world, with an increasing volume of
flexibility being tendered and contracted every year. In the 2021/2022 period, 3.63 GW of
flexibility were tendered, compared to 2.76 GW in 2021 and 2.1 GW in 2020 [40].

The Energy Networks Association, as part of its Open Networks Project, has set out a group
of standard Distribution System Operator (DSO) services, each catering to different network
needs. Several DNOs have collaborated to form Flexible Power, which has aligned itself with

these guidelines to procure these local services [41], described below.

The first local service is the Secure Service, also known as pre-fault constraint management,
is designed to mitigate faults by preemptively reducing network load. It is procured in the
week ahead horizon and is expected to be needed on weekday evenings. Payment is made
upon committing the availability of the flexible capacity, as well as a utilisation fee on delivery.
This is similar to the FR service described in Section 2.3.1, however, utilisation is planned and

flexibility providers are notified a week ahead.

The second local service, Dynamic Service, supports the network during fault conditions (i.e.
planned outages), which could be during summer maintenance work. It is also procured in the
week ahead horizon, includes an availability and utilisation fee, but providers are notified 15

minutes ahead of requirement / utilisation.

The third service procured by Flexible Power is the Restore Service, used for restoring the
network in rare, unexpected fault conditions. This is a utilisation-only service, with no payment
for declaring availability a week ahead, and providers are expected to respond within 15 minutes

of a utilisation call.

EVs need to be aggregated in order to offer availability for these DSO services, which typically
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require a minimum capacity of several hundred kilowatts in one zone or group of postcodes.
As DSO services are highly postcode dependent, this creates a challenge for aggregators of
EVs, whose capacity of flexibility varies geographically. Similar to TSO services, the capacity
EVs can offer with smart chargers is limited to the available reduction in charging rate during
certain hours, i.e. a reduction from the baseline, which would be evidence for the TSO of
the utilisation if this service is called on. With a V2G charger, the capacity offered to DSOs
significantly increases, as not only are the EVs available to reduce their charging relative to
baseline, but also to inject power to further relieve network congestion during procurement

windows.

2.4 Carbon Market

With over half of the FTSE100 companies in the UK committed to eliminating their contribu-
tion to climate change by 2050 [42], quantifying the carbon emission reductions achieved by the
adoption of EVs is of growing interest. The UK government is also incentivising the transition
to EVs by businesses and local authorities [43]. The UK government itself has committed that
all central government cars and vans will be zero emission vehicles by 2027. The UK Govern-
ment has also released a local authority toolkit, encouraging local authorities to identify fleets

for electrification, procuring them and the charge-points required [44].

The carbon emissions from EVs must consider the carbon intensity of generation at time of
charging the EVs. This data is provided by National Grid ESO [45] on a half hourly basis.
However, there are currently no market mechanisms to reflect the value of optimising charging
for times of low carbon intensity of generation. This could be of particular value where elec-
tricity tariffs are not time-of-use (TOU). One mechanism through which this could be achieved
is through the carbon market. At the time the analysis of this thesis was carried out, the price
of COy was £50 / tCO4 equivalent (and hence this is the price used in Chapter 3). The carbon
price, set via carbon taxes and Emissions Trading Schemes (ETSs) has been rising, due to

ambitious climate policies and global energy commodity prices. However, carbon market devel-
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opments worldwide have not been adequate, according to the World Bank [46]. In the UK, the
ETS is the established mechanism, with participation limited to energy intensive industries,

the power generation sector and aviation.

Some progress has been made by the introduction of a voluntary carbon with carbon credits,
which presents a mechanism for high carbon-emitting businesses to offset their emissions by
purchasing credits by those who are reducing theirs. The global voluntary carbon market is
currently valued at $300 million [47], compared to the actual carbon market value of $851 billion
[48]. Through the voluntary carbon market, privately owned EVs fleets could offer carbon
credits to offset carbon emissions elsewhere. However, this is not yet established and it is

unclear whether this mechanism will become widely recognised and adopted by EV fleets.



Chapter 3

Optimal Charging Scheduling of

Electric Vehicles with V2G Capability

3.1 Introduction

Storage is one of the available options to help with the adjustment of energy generation or
consumption, to ensure that the future low-carbon power system can maintain secure opera-
tion. Bidirectional charging, enabled through Vehicle-to-Grid (V2G) technology, can unlock
significant storage capacity from stationary EVs that are plugged in. This would result in an
improved utilisation of the existing grid assets and in a reduction of the infrastructure invest-
ment costs as no redundant equipment would be needed to maintain the system within adequate
security levels. Therefore, carbon emissions targets can be achieved, while making significant
savings by reducing the need for investment in low-carbon generation, reducing system oper-
ating costs and also reducing network reinforcement costs [5]. During the Covid-19 pandemic,
a glimpse of this future power system was seen, due to the lower demand and high renewable
generation seen in May to July, 2020, in Great Britain (GB). Operating costs in the form of
ancillary services increased by £200m compared to the same period in 2019. Research in [49]
also indicated that in the 2030 future power system, these ancillary service costs could reach

35% of total operating costs.
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In this chapter, a foundational mathematical framework is presented, which optimises the
revenues for fleet operators participating in various markets and under different scenarios.
Detailed results using real world data are analysed, many of which are included in Appendix B.
Conclusions are drawn around the important characteristics of EV fleets that maximise their
revenue and make them suitable for V2G operation. In particular, the energy tariff and driving
behaviour and their impacts on revenues are highlighted. Carbon emissions are also quantified
in the given scenarios, as this is a key metric of how effective a charging schedule is. The way
this chapter links to the overall thesis aims is through quantifying the revenues and carbon
emissions of EV fleet operation, given current energy and balancing service prices. This can
lead to a greater understanding of how EV fleets can operate optimally, providing incentives

for the effective decarbonisation of road transport.

3.1.1 Related Work

There has been significant research in the field of modern power systems, investigating how
to take advantage of the flexibility EVs have to offer. Often, this is from a power system
perspective, where EV charging scheduling, i.e. optimising charging or discharging schedules
according to either energy arbitrage or balancing service provision, has been a focus. Early work
in this area was developed in [50], which calculated the potential capacity and net revenues
for EVs supporting the grid with Vehicle-to-Grid (V2G) technology. The potential for EVs to
provide grid services such as peak power, spinning reserves and regulation, was outlined and the
societal benefits also discussed. An optimal bidding strategy of EVs participating in electricity
markets was formulated in [51], where an aggregator of EVs bids strategically, considering
uncertainties in price and driving behaviour. The role of aggregators in the power system
is reviewed in [52]. Another operational tool was developed in [11], allowing the aggregator
to optimise energy and ancillary services scheduling together. This would allow for higher
profits for aggregators, as well as lower costs of EV charging for the customers. EV charging is
optimised to minimise carbon emissions and wind curtailment in [53], showing EVs can absorb

excess wind generation in GB. More recently, EVs have also been studied as a potential source



20 Chapter 3. Optimal Charging Scheduling of Electric Vehicles with V2G Capability

of synthetic inertia for low inertia power systems [54] and of reactive power [55]. A technical
review on approaches for EV demand management is provided in [12] and covers multiple

electric power markets.

A recent review of progress in utilizing EVs for ancillary services is presented in [56] and is done
so from several perspectives, including state of the art technology and control methods. An
extensive review of charging and discharging strategies, including various objective functions
for optimising EVs in the power system, has been carried out in [57]. A common objective
function identified in the literature is maximising revenue for the EV owners, fleet operators
or aggregators participating in the energy and balancing service markets. In terms of physical
constraints and market participation, the basis of modelling EVs as storage is similar to energy
storage systems, for example in [58]. It is worth noting that in most power system related
studies, the driving behaviour of the EVs is not a focus, rather a predetermined input and
often fits a Gaussian distribution based on trends in driving pattern data (examples [51], [59]).
This is probably due to the limited real world data available, especially from commercial fleets.

In this chapter, real world data leads to detailed insights of fleet operation.

Balancing (or ancillary) services, including frequency response (FR), have also been of particular
interest because of their market value [50] and the minimal stress on EV batteries (i.e. when
providing availability for the majority of the time, thereby reducing the charge cycling). Utility
fleets, with their ease of aggregation by fleet operators or aggregators, can provide the minimum
bidding capacity in order to participate in the frequency response market, currently set to IMW.
These fleets are also highly predictable, allowing for a greater certainty that the capacity offered
will be met, compared to, for example, aggregating private vehicle fleets [60]. This is another
reasons the commercial EV fleet data and EV fleet operator perspective were chosen for this

chapter and throughout the thesis.

3.1.2 Motivation and Contributions

In this chapter, a Mixed Integer Linear Programming approach is used to maximise revenues

for EV fleet operators and quantify the revenues, carbon emissions and other metrics associated
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with various EV fleet types and scenarios. It is structured as follows: examined scenarios for
commercial EV fleets are outlined in Section 3.2, followed by the mathematical formulations
of the models used in Section 3.3. These models include the energy only model, energy and
balancing service model, energy and carbon model and multi-service model. In Section 3.4, case
studies including results from three selected fleets with three tariff arrangements are presented
and discussed. A sensitivity analysis on the carbon price is performed in Section 3.5, and a final
conclusion is presented in Section 3.6. Sample raw data used is included in Appendix A, and

full results tables of all 12 fleets used in the demonstrator project are included in Appendix B.

In light of the identified suitability of commercial fleets to potentially benefit from V2G tech-
nology, Innovate UK has funded the demonstrator project E-Flex [15]. The data and experience
from this project, including travel patterns and energy tariff information, are all integrated into

this work.

To the best of the author’s knowledge, the main contributions of this chapter are:

e Accurate characterisation of flexibility of commercial EV fleets participating in ancillary

service markets, using real world data from a V2G demonstration project in the UK

e Comprehensive assessment of revenues of commercial V1G and V2G fleets considering

the present GB scenario

3.2 Examined Scenarios

Four models were formulated to reflect and examine the potential modes of operation of an
EV fleet. All of these models were used to produce the results discussed in the Case Study
Section 3.4 for two modes, smart charging (or V1G) and V2G. The baseline model is dumb
charging, where EVs plug in and charge on arrival, was used to demonstrate the added benefit

of each of the different examined scenarios. The models are described below:

e Dumb Charging (Baseline): this most simplistic mode assumes EVs return to the

charger / depot and immediately start to charge up to the required level for the next day.
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e Energy model: this model optimises for revenue using an import and export energy

price. In V1G mode, this means charging when the import energy price is the cheapest.
In V2G mode and with a sell price that is significant, EVs will charge when the energy

price is lowest and export when the energy price is highest, if it is profitable to do so.

Energy and Balancing service model: this model incorporates both the functionality
of the energy model, as well as a balancing service availability. The EVs are paid the
availability price when they are plugged in and able to provide the energy if called on.
For the V1G case and if the balancing service is upward (meaning generation turn up or
demand turn down), the availability is limited and only considers the ability to reduce
charging. In V2G mode, fleets are able to offer availability to both discharge and reduce

their charging levels if called upon.

Energy and Carbon model: this model incorporates the carbon price, as well as energy
price, and maximises revenues for the EV fleet. Carbon is accounted for by considering
the price of carbon (i.e. pounds per tonne) multiplied by the carbon intensity of the grid
when charging / discharging (the unit of which is grams of COy per kWh). Hence, the

cost of carbon is considered and is high when the carbon intensity of generation is high.

Multi-service model: this model considers all elements of the energy and balancing
service models, as well as the carbon price. The overall objective is to maximise revenues
considering these different services. As with the other models, there are two modes, V1G

and V2G.

In summary, the examined scenarios based on the models described are summarised in Table 3.1.

3.3 Mathematical Formulation

Here, the general models outlined in Section 3.2 are formulated as mixed-integer linear pro-

grams.
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Table 3.1: Summary of Various Models and Examined Scenarios

Model Charging Mode | Scenario
Baseline Dumb Charging 1

Encrey sfrggrt Charging gi
Energy and Balancing Services E/I;grt Charging gi
Energy and Carbon sglgrt Charging i]?;
Multi-Service Model E/I;grt Charging g]?;

The charging / discharging power of all EVs can be continuously regulated between 0 and a
maximum charging power level and discharging power allowed by the charger, and they need
to fulfill a predetermined energy requirement for the scheduled journey within the interval T
The trips that the EVs of the commercial fleet need to take, including the length of the trip
in hours and the energy required (i.e. the distance), are known ahead of time. This ensures
the user experience is not affected, i.e. the fleet operator will input the trip distance and
duration for the EV, according to the work schedule, and the optimal charging schedule will
be determined. The energy, balancing service and carbon prices are also known ahead of the
one-day time horizon. Although this is in line with the current wholesale energy and balancing
service market arrangements, the carbon market is still immature (see Section 2.4) and hence

a fixed price is assumed, in line with the current price for carbon.

3.3.1 Energy Model: Scenarios 2a and 2b

The charging schedule for a commercial EV fleet (consisting of EVs denoted by ¢ in fleet ) is
optimised over a day-ahead 24-hour horizon of half-hourly time steps ¢ in total time period 7'
The EV can charge (Cy;) and discharge (Dy;), acquiring energy needed for travel (£};). In this
simplest model, revenues from energy are maximised, according to the objective function (3.1).

This considers the buy price for energy per time step (7?) and the sell price for energy per time

step (7).
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maximisez (Z(—Cm w4+ Dy -l - 0.5h> (3.1)

The operating model of the EV includes several constraints. Constraint (3.2) corresponds to
the EV battery’s energy balance, taking into account the energy needed for travel purposes as

well as the losses caused by charging efficiency (7.) and discharging efficiency (ny).

E,=E_1;,+(Cyi-n.— 137;1) -0.5h — Ettf;-,Vt el \Viel (3.2)
Each EV is assumed to depart from its grid connection point up to once within the time horizon
and subsequently arrive back to its grid connection point only once during the same horizon.
This is in line with the trend clearly seen in the real world data, whereby the commercial
vehicles follow a schedule of one extended trip from the depot in one day. Outside of this single
trip, the EVs are otherwise assumed to be connected to the grid, the hours of which constitute
the time period 79", When the EVs are not connected to the grid, the charging, discharging

and balancing services is zero, as per constraint (3.3).

Cii=Dy; =0t ¢ T Vicl (3.3)

Constraint (3.4) expresses the lower (E,,;,) and upper (E,,q,) bounds of the battery’s energy

content, assumed to be the same for each EV.

Erin < Eii < Epge,Vt e T\Vie ] (3.4)

Constraint (3.5) ensures that the energy level of the EV at the start of the day before trips are
made (E;,,,,) is at the required level (E"°?) set by the fleet operator, in order to ensure the EV
can carry out its work trip.

E,, ;=E*“Yiel (3.5)

sta'rti
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Constraint (3.6) states that at the end of a 24 hour horizon, the energy level will return (i.e. be
charged up) to the starting energy level. This still allows for different trip lengths and travel
patterns on different days.

Eo; = Egi, Vi€l (3.6)

Constraints (3.7) and (3.8) represent the limits of the battery’s charging power (P*™%) and
discharging power (P%™%)  The binary variable y ensures that charging and discharging do

not happen simultaneously.

Cii <y~ P Yt € T Vi€ [ (3.7)

Dy < (1—y)-PEmer gt € T i € [ (3.8)

3.3.2 Energy and Balancing Service Model

The operating model of the EV includes all energy related constraints described in the Energy

Model, constraint (3.2) to (3.8), inclusive.

In addition to the energy optimisation, this model allows EVs to provide an upward balanc-
ing service (BS;}) by reducing charging or increasing discharging in the form of availability.
A downward balancing service (BSg;”) is also considered, where the EVs can increase their
charging or decrease their discharging. The objective function (3.9) maximises revenues from
balancing services considering charging costs, while meeting the EV trip requirement for en-

ergy for travel. Revenues from balancing services are from the availability of upward balancing

service multiplied by the upward balancing service price (Wf Sup ), as well as the downward
balancing service multiplied by the downward balancing service price (wZ%).
maximise Z (Z(BS;? e BS{ - w P — Gy + Dy - my) - 0.5h) (3.9)
iel teT

In addition to constraint (3.3), no balancing services are provided when the EVs are not con-
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nected to the grid. This is summarised in constraint (3.10).

Cii = Dy = BS;Y = BS}Y =0,Vt ¢ T Vi € I (3.10)

Constraints (3.11 - (3.12)) ensure that the balancing service availability committed takes into

account the maximum power of the charger and whether the EV is charging or discharging.
BST < PY — Dy + Cyy VE€ T Vi€ T (3.11)

BS < PO 4 Dy — Gy Vi€ 1 (3.12)

When committing balancing service availability, it is important to ensure that the energy is
available for the service to be sustained for the minimum required time () if this service was
called on. This is captured in constraint (3.13) by considering the state of charge of the battery
at the beginning and at the end of the time step. The balancing service provision from EVs
only considers availability, rather than utilisation, which is assumed to occur infrequently [13].
Based on this assumption, there is also no penalty applied, should the EVs not meet balancing
service utilisation requirements. This is because the constraints in the models used do not

consider utilisation, and hence this scenario is not considered.

. BS" -t 0
Emin S mln(Em, Etfl,i) — ’—,Vt S ,VZ el (313)
Nd
Epaw > max(Ey;, Ey_1;) + BS{Y - ne - t,Vt € T Vi€ I (3.14)

3.3.3 Carbon Model

In this model, revenues are maximised according to objective function (3.15). The carbon

intensity of the grid generation (rC??) is included as an input, which is multiplied by the price
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of carbon (7&?).

minimizez<2((cm Dy;) - 107 1f02) . 05h> (3.15)

This model has the same energy constraints as the model described in 3.3.1, namely con-

straints (3.2) to (3.8).

3.3.4 Multi-Service Model

The multi-service model includes energy, balancing services and carbon costs, in order to provide

multiple services and produce a charging schedule according to maximum revenues.

maximisez <Z (( BSY . pPSw 4 pgdv . pbSdu
“ (3.16)
—C - W? + Dy - ) + (Dt i —Chi)- 7'tCO2 Wf02)> -0.5h

As this model does not introduce any new decision variables or operational changes, all the
constraints that apply to the energy and balancing service model apply, namely constraints (3.2)

o (3.14).

3.3.5 Scenario Specific Constraints

Charging Mode

For the smart charging or V1G Scenarios 2a, 3a, 4a and ba, the EVs are not able to discharge,

as the charger discharge power is set to zero. Constraint (3.17) applies.

phmar — 0 vt € TI9"4 i ¢ | (3.17)
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For the full V2G Scenarios 2b, 3b, 4b and 5b, the discharging of the EVs is only limited by the

maximum discharging power of the chargers, as expressed in constraint (3.8).

3.4 Case Study Results and Discussion

In this section, case studies based on the models described in Section 3.3 and examined sce-
narios summarised in 3.1 using real world data are presented. The data sets are described and

sensitivity analysis is also performed.

3.4.1 Case Study Input Data and Assumptions

Driving Pattern Data Set

The full original data set has driving patterns for 12 fleets that were in the Innovate UK funded
V2G trial, project E-Flex [15]. Travel data for all fleets is summarised in Table 3.2, which
characterises the trip start and end times, and Table 3.3, which characterises the trip lengths
and energy used for trips. Lastly, Table 3.4 gives the percentage of total time the EVs in the
fleet were connected (plugged in) in the nine month trial period. With reference to Table 3.3,
it should be noted that trips are recorded as time away from the base depot of the fleet, where
the chargers are located. Due to Covid-19, some drivers / employees took the vehicles home
and charged them elsewhere. These charging events were not recorded, and instead this stay
away from the depot was recorded as an entire trip (which lasted for several days in some
cases). The energy used was also counted as one trip, and hence the maximum energy in the
data presented is limited to the battery capacity, 40 kWh. It is also worth noting that this

data includes weekends and holidays.

It was assumed that all vehicles had a 40 kWh battery for modelling purposes, which was
almost always the case. Data is summarised and anonymised for commercial sensitivity and

privacy reasons, however, the usefulness for modelling purposes is retained.
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Trip Start Time (HH:MM:SS) Trip End Time (HH:MM:SS)
Fleet | u o Minimum Maximum | y o Minimum Maximum
A 9:13:24 2:19:29 6:05:53 15:07:34 13:32:13  1:38:46 6:56:23 16:11:45
B 10:55:13  2:34:04 6:36:30 16:32:00 12:16:20 2:39:33  6:47:20 18:37:40
C 12:24:02  2:56:36  6:36:10 18:43:08 10:57:57 3:24:30 4:56:00 19:12:30
D 10:27:40 2:16:00 6:06:18 15:57:23 11:49:27 2:49:31 6:16:57 18:59:49
E 11:08:50 2:03:31 7:27:41 15:33:06 14:29:46 1:48:05 &:13:37 17:18:37
F 12:32:52  4:43:20 0:05:17 23:48:04 12:16:24 5:16:35 0:45:04 23:53:52
G 9:30:23  2:14:44 6:00:39 19:57:52 13:04:12  2:16:17 4:59:45 19:46:14
H 11:20:54 2:14:24 7:06:12 17:09:14 12:41:36  2:08:02 7:48:34 17:36:29
I 10:43:10 2:31:30 0:20:32 22:28:38 13:17:15  2:15:24  7:02:04 19:55:28
J 11:38:21  2:44:43 7:09:12 19:33:13 13:15:44  2:42:51 6:52:42 19:44:48
K 12:00:26 2:48:54 6:28:40 18:09:00 11:05:24 2:38:00 7:02:00 17:55:50
L 6:09:30  5:41:15 0:00:34 23:57:39 11:20:19 5:16:13 0:02:57 23:59:59
Table 3.2: All Fleets Trip Start and End Data Summary
Trip Length (days HH:MM:SS) Trip Energy Used (kWh)

Fleet | 1 o Minimum Maximum |y o Minimum Maximum
A 7:37:07 22:26:37 0:04:17 12 d 05:14:13 | 3.62 224  0.28 10.24

B 4:53:52 15:27:38 0:04:10 16 d 01:50:50 | 1.16  1.26  0.10 11.93

C 1d17:36:45 4 d 10:30:11 0:04:14 65 d 06:08:30 | 13.84 25.54 0.09 40.00

D 22:23:41 2d 14:29:12 0:09:36 18 d 23:43:13 | 6.46  4.52  0.10 24.54

E 1d12:03:24 4 d 00:33:16 0:08:35 24 d 02:19:37 | 5.74 259 0.28 17.47

F 2d 02:15:07 4 d 12:03:03 0:23:14 22 d 03:42:51 | 5.35 4.82 097 25.26

G 11:12:50 1d 14:59:02 0:03:21 20 d 01:09:38 | 5.66 4.38  0.13 38.23

H 3d 00:38:48 8d 12:57:23 0:04:17 83 d 05:44:06 | 5.32 821 0.21 40.00

I 18:43:14 3d 02:24:03 0:08:48 55 d 00:20:20 | 7.90 12.36 0.25 40.00

J 15:39:39 1d15:19:50 0:03:23 17d 08:37:42 | 6.40 11.46 0.08 40.00

K 1d11:27:19 2 d 12:36:03 0:00:56 33d 22:01:33 | 5.21  4.48 0.08 35.26

L 11:16:01 21:42:57 0:13:14 13d 03:46:00 | 13.53 9.31  0.33 40.00

Table 3.3: All Fleets Trip Length and Energy Used Data Summary

In Figure 3.1, a summary of the average annual fleet energy consumption per EV and the
percentage of total time the fleet EVs were connected to their charge points is shown. Inputs
for all fleets except Fleet A (which was collecting data for over 12 months) have been normalised
for a year, as the data collection period of the trial was a total of nine months. By showing in
colour how the FR revenue varies for Scenario 3b for all fleets, it is clear that connection time

affects the FR revenue most. This will be expanded upon in this section.

The raw data, a sample of which is included in Appendix A, was collected as part of the E-Flex
project [15] in the form of telemetry data. This data was processed by the project team into
trip information by inputting the location of the fleet and grouping drive events together to

determine when the EV left the depot and when it came back (i.e. when it was on site and
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33.43
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Table 3.4: All Fleets Total Availability Data

connected to the charger). As it was assumed the EVs only charged at the depot (and parked
there overnight), this was the only information relevant to this work. If the EVs did not return
to depot, their charging elsewhere was not considered and they were deemed to be unplugged.
This is a reasonable assumption because fleet operators have no control and do not benefit
from their fleets being plugged in or providing services at other locations. From the trip (from
depot) information, the author processed the data to create the inputs in the relevant format
to this work, i.e. time steps connected to the grid 79" and energy needed for travel E' for
each EV in each fleet. The energy used for each trip was calculated using the distance travelled
(included in the GPS data) and manufacturer-specific energy consumption per mile in an urban

environment.

Fleets A, B and C have been analysed here, due to these fleets representing different fleet
types and current tariffs best. Fleet A has a dual tariff, a high connection time (i.e. the EVs
were plugged in at the depot for approximately 90% of the time), along with a low energy
consumption for travel. Fleet B has a three-tiered tariff, a connection time close to average
among the fleets (approximately 60%), and a close to average energy consumption for travel
of 850 kWh. The fleet with the highest energy used for travel (of 1,400 kWh) and lowest
connection time of close to 30% was Fleet C, which was also selected for analysis. Fleet C has

a flat tariff consisting of one price.

Although Fleets A, B and C have been analysed here in detail, the modelling has been performed
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for the full 12 fleets. The full set of individual monthly results of these 12 fleets for the
three types of tariff arrangements (described below) are included in Appendix B. Processed
fleet driving patterns were used as inputs into the models in order to generate results for the

described scenarios. The assumptions used for these case studies are described below:

e t, T: The model was run in 48, half-hourly time steps.

o [, T9"d E': 12 fleets in total were used in this analysis, which include real fleet size,

grid connection timings and energy used for travel, respectively.

o sy Emin: It was assumed that each EV had a 40kWh battery, which could be charged
to maximum capacity, and could be discharged to a minimum of 20%. This allowed fleets
and EVs to be compared against each other. It was also a simplification, as some fleets

had a mixture of vehicles.

o [7¢%: All EVs were assumed to need a state of charge of 95% by 7am each day. This was
approximately in line with most fleet managers on the trial, but was assumed to be the
case for each fleet. Again, this was to compare the fleets. This can be expressed as the

constraint (3.18) below:

Ery;=0.95- Epgg, Vi€ I (3.18)

e 7)., na: Charging and discharging efficiencies were both assumed to be 93%.

e 72 Current energy tariffs are real prices from the trial and are either flat (static), dual
(day / night), have three different prices throughout the day, or are time-of-use (TOU,
which is approximated due to commercial sensitivity). None of the current tariffs have a

sell price, just a buy price. This can be expressed as:

m=0,vteT (3.19)

BS . . . .
e 7, ”"": Balancing services (frequency response services) are upward only and the prices

used are for the Low Frequency Static product, taken from National Grid [61]. This
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product is offered in 4-hour Electricity Forward Agreement (EFA) blocks (which equate
to 8 half-hourly time steps), as per the current market arrangements for this type of
service. It was assumed that the service needed to be maintained for one time-step

(0.5 hours). These assumptions and requirements can be expressed constraints (3.20)

and (3.21) below:

Z BS% = Z Bsffl,z' = Z BStufzz' = Z BSZ{{-}&?; = Z BS?&,@'

i€l i€l el el el
= BST,=> BS, =) BS¥., Viel, Vtell,9,17,25334]]
1€l el el
(3.20)
BS =0,Vie I,VteT (3.21)

o 7°92: Carbon intensity of generation was retrieved from the system operator [45].

o 1792: The carbon price was assumed to be £50 /tonne, which was the approximate market
price at the time the analysis was performed [62]. A sensitivity analysis was performed

on this value in Section 3.5.
For each set of examined scenarios, three different energy tariff arrangements were modelled:

i) Current import tariff: This was based on the actual tariff of the trial fleet at the
time of the trial (which is commercially sensitive data). It is described in a general way,
i.e. whether it is flat, dual, three-tiered or TOU. The Octopus Agile TOU import tariff
multiplied the wholesale price by a factor, and adds a peak charge between 4pm and 7pm.

It also has a maximum charge of 35p/kWh.
ii) TOU import tariff: This was based on the Octopus Agile TOU import tariff [63].

iii) TOU import tariff and TOU export tariff: The Octopus Agile TOU import tariff

was used [63], as well as the Agile Outgoing Octopus TOU export tariff [34]. The Agile



34 Chapter 3. Optimal Charging Scheduling of Electric Vehicles with V2G Capability

Outgoing Octopus TOU export tariff also a multiple of the wholesale energy price. The
exact values are not provided by Octopus (most likely as they are commercially sensitive),
so for the purpose of this analysis the export tariff was assumed to be the same as the

TOU import tariff.

The Case Studies are summarised in Table 3.5. In the results that follow, separate tables are
used to show each tariff arrangement. Note, when discussing the results of each type of tariff
arrangement, only the scenario number and letter are used throughout the description in each

clearly titled section, e.g. 3a not 3ai, for brevity.

Table 3.5: Summary of Case Studies

Model Dumb Charging | Smart charging V2G
1i: Tariff
Baseline lii: TOU import - -
liii:  TOU import
and export
2ai: Tariff 2bi: Tariff
Energy - 2aii: TOU import | 2bii: TOU import
- 2biii: TOU import
and export
) 3ai: Tariff 3bi: Tariff
Energy and Balancing || _ 3aii: TOU import | 3bi: TOU import
Services - 3biii: TOU import
and export
4ai: Tariff 4bi: Tariff
Energy and Carbon - 4aii: TOU import | 4bii: TOU import
- 4biii: TOU import
and export
bai: Tariff 5bi: Tariff
Multi-Service Model - baii: TOU import | 5bii: TOU import
- 5biii: TOU import
and export

Case Study Metrics

e Total Cost (£): This is the total net cost per EV per year. Depending on the particular
scenario, it includes energy cost, FR revenue and COy cost. If this total cost value is

negative, it means revenue is earned.

e Energy Cost (£): Cost of energy to charge (or negative cost of discharging, where
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relevant) one EV per year. This includes cost of charging in order to travel and includes

energy arbitrage in scenarios where the EV is able to and it is optimal to do so.

e Carbon Cost (£): This is the cost of COy in scenarios where COy is considered - it is
calculated by multiplying the market price of COy per tonne by the carbon intensity of

generation of the charging / discharging schedule. The units are cost per EV per year.

e FR Revenue (£): This is the revenue earned by providing the selected frequency re-

sponse service per EV per year.

e CO,; Emissions (kg): The carbon emissions per EV per year by considering the carbon

intensity of generation at the time the EV is charging or discharging.

e Energy Imported (kWh): The total energy imported over the period of a year per
EV.

e Energy Exported (kWh): The total energy exported over the period of a year per EV.

e Peak Demand (kW): The maximum demand (in any single time step) that the charging

schedule of the relevant scenario produces per EV across the year.

The optimisation problems in this section were all modelled in Python using the Gurobi Python
Environment, with a MIP gap of 0.1%. They were run on a machine with a 3.6GHz Intel Core
i7-7820X 8-Core processor and 64 GB of RAM.

3.4.2 Fleet A Results and Discussion

Fleet A is the only annual data set in the trial. It comprises of five EVs, which perform
maintenance services. It is the same maintenance fleet used for case studies in Chapter 4 and
later in Chapter 5. As shown in Figure 3.1, Fleet A is characterised by a high connection time

of 90% and a relatively low energy consumption (trips were performed locally).
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Fleet A: Current Import Tariff

The annual results per EV in Fleet A are shown in Table 3.6 and in Figure 3.2. Fleet A consists
of five EVs but results are shown for the average, so as to better compare across fleets. As this
fleet’s current import tariff is a dual day / night tariff (with a higher rate applying between
06:00 and 23:59 on weekdays and a lower rate at all other times), Scenario 2a (smart charging
or V1G mode) improves the revenues by shifting charging to off-peak hours where energy prices
are lower. Adding V2G capability (Scenario 3b) does not add any benefit, due to the energy
export tariff being zero. With added frequency responses services (Scenario 3a), EVs are able to
further reduce costs in this mode by a small amount. This scenario also reduces peak demand
at the site, which has the added benefit of reducing the need for a larger capacity network
connection. This is because the charging needs to be low and consistent in order to offer the
same reduction of charging across a four-hour EFA block. A similar reduction in peak demand
is seen in Scenario Hb, which is also where the only net revenues are generated for V2G. This
is where the benefits of having the ability to discharge in response to a frequency event are

realised.
Fleet A: TOU Import Tariff

When a TOU import tariff is applied to this fleet, as shown in Table 3.7, it resulted in higher
total costs than the current tariff at the site. This is due to higher prices overall. The savings
from dumb charging mode (Scenario 1) to smart charging or V1G (Scenario 2a) are lower as
a percentage of dumb charging than the current tariff. However, in V2G mode (Scenario 2b),
some arbitrage is performed due to some days of negative pricing, where it was profitable to do
so. When FR is introduced, a net profit (or negative cost) is seen in the V2G case (Scenario
3b), with the costs in the V1G case being only slightly improved from the energy only case.
Considering the carbon price results in higher costs for V1G mode in both Scenarios 4a and 5a,
as compared to without. When considering carbon in the V2G case, there is an increase in cost
in Scenario 4b as compared to 2b, and a slight reduction in revenues in Scenario 5b compared to
Scenario 3b. Energy price and FR price are more significant than carbon, meaning introducing

the price of carbon only changed the charging strategies slightly, evidenced by the total energy
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Table 3.6: Fleet A Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-

enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:
Dumb
Charg-

ing

74.11

74.11

(£)

98.43

520.06

4.29

2a: En-

ergy
(V1G)

51.49

51.49

89.06

520.06

9.93

2b: En-

ergy
(V2G)

51.49

51.49

88.27

520.06

9.93

3a: En-

ergy
and FR

(V1G)

48.70

51.49

2.79

89.66

520.06

1.24

3b: En-
ergy

and FR
(V2G)

-258.62

51.49

310.10

90.49

520.06

4.32

4a: En-
ergy and
Carbon
(V1G)

55.54

51.49

4.05

81.08

520.06

9.93

4b: En-
ergy and
Carbon
(V2G)

55.54

51.49

4.05

81.08

520.06

9.93

Ha:
Multi-

Service

(V1G)

53.18

51.49

4.48

2.79

89.66

520.06

1.24

5b:
Multi-
Service

(V2G)

-254.10

51.49

4.53

310.10

90.49

520.06

0.00

4.32




Chapter 3. Optimal Charging Scheduling of Electric Vehicles with V2G Capability

38

Total Cost
I Energy Cost

1dds

°
I Carbon Cost

1 carbon Emissions

o
n

0
200/ FRRev

o o o
wn o wn
' - —

100
-200
-250 1~

(8%) A3 42d suoissiwg uoque) Suidieyd _m_:::< / (3) A3 4ad 150D [enuuy

-350

Figure 3.2: Fleet A Annual Results per EV with Current Tariff: Cost and Carbon Emissions
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Table 3.7: Fleet A Annual Results per EV with TOU Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-

enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:
Dumb
Charg-

ing

125.63

125.63

(£)

98.43

520.06

4.29

2a: En-

ergy
(V1G)

102.91

102.91

85.80

520.06

9.93

2b: En-

ergy
(V2G)

97.64

97.64

85.99

666.87

126.98

10.00

3a: En-

ergy
and FR

(V1G)

102.48

103.02

0.54

85.07

520.06

9.93

3b: En-
ergy

and FR
(V2G)

-209.75

98.35

308.10

85.82

652.69

114.71

10.00

4a: En-
ergy and
Carbon
(V1G)

107.02

102.91

4.10

82.05

520.06

9.93

4b: En-
ergy and
Carbon
(V2G)

101.38

97.66

3.71

74.27

695.33

151.60

10.00

Ha:
Multi-

Service

(V1G)

106.64

103.04

4.15

0.55

82.94

520.06

9.93

5b:
Multi-
Service

(V2G)

-205.64

98.32

4.06

308.03

81.35

665.53

125.82

10.00
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exported in, for example, Scenario 2b compared to 4b. Carbon price is further investigated in

Section 3.5.
Fleet A: TOU Import Tariff and TOU Export Tariff

In this final set of results summarised in Table 3.8, a TOU import and export tariff were applied
to Fleet A to investigate the costs of each scenario. The most significant effect is seen in the V2G
scenarios, where the profitability increases for Scenario 3b, as compared to the current tariff
and the TOU import tariff. A significantly higher amount of energy is imported and exported
in all V2G scenarios, showing a high amount of arbitrage to maximise revenue in these cases.
For an example charging schedule for Scenario 4b, see Figure 3.12. It is in charging schedules
that involve a high battery cycling that battery degradation would need to be considered. This

is outside of the scope of this thesis but is included in future work in Section 3.6.

Figure 3.3 shows the total annual cost per EV of the three tariff arrangements in V1G mode,
broken down into energy cost, carbon cost and FR revenue (which is plotted as a negative cost).
Overall, the main difference is between the current day / night tariff and the TOU import tariff,
which results in higher costs. These costs are very similar to the TOU import and export tariff
case, due to the lack of V2G capability. In Figure 3.4, a clear difference is shown between the
different tariff arrangements and scenarios. This demonstrates the advantage of V2G in offering
FR services (Scenarios 3b and 5b), as well as energy arbitrage being profitable in the import

and export TOU tariff arrangements.

3.4.3 Fleet B Results and Discussion

Fleet B is a maintenance fleet, with most trips being performed during the morning hours and
before 3pm. The reason for the lower connection time of 64%, as compared to Fleet A, is that

some drivers would not return to the depot but would take their vehicles home.

The total cost and total carbon emission results for Fleet B under the current tariff at the site
are shown in Figure 3.5. Note that the full set of monthly tabular results for this fleet (and

all others) are available in Appendix B. This Figure was chosen to aid visually displaying key
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Table 3.8:

Fleet A Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-

enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:
Dumb
Charg-

ing

125.63

125.63

(£)

98.43

520.06

4.29

2a: En-

ergy
(V1G)

102.91

102.91

85.80

520.06

9.93

2b: En-

ergy
(V2G)

-465.01

-465.01

-1.00

5896.37

4649.98

10.00

3a: En-

ergy
and FR

(V1G)

102.48

103.02

0.54

85.07

520.06

9.93

3b: En-
ergy

and FR
(V2G)

-728.15

-453.68

274.47

11.05

4993.97

3869.49

10.00

4a: En-
ergy and
Carbon
(V1G)

107.02

102.91

4.10

82.05

520.06

9.93

4b: En-
ergy and
Carbon
(V2G)

-466.37

-464.71

-1.66

-33.23

5892.70

4646.80

10.00

Ha:
Multi-

Service

(V1G)

106.64

103.04

4.15

0.55

82.94

520.06

9.93

5b:
Multi-
Service

(V2G)

-728.02

-454.03

-0.12

273.86

-2.46

4949.98

3831.44

10.00
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Annual Cost per EV ()

140

120

100

801

60

201

Currenlt Tariff TOU ‘Tariff TOU and TOlj Export Tariff

1: Dumb Charging Total Cost ¢  4a: Energy and Carbon Total Cost I Carbon Cost
2a: Energy Total Cost ¢+ 5a: Multi-Service Total Cost T FR Revenue
3a: Energy and FR Total Cost B Energy Cost

Ll

x

Figure 3.3: Fleet A: Tariff Arrangement Comparison with V1G Scenarios
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Figure 3.4: Fleet A: Tariff Arrangement Comparison with V2G Scenarios
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results. This site has a three-tiered tariff, with the highest price for weekdays during the day
(06:00 to 18:59), one price for weekday evenings (19:00 to 23:59) and weekends, and the lowest
price applying on weekday nights (00:00 - 05:59). Here, this is a clear reduction between the
dumb charging scenario and the V1G scenario 2a, due to the three-tiered tariff and shifting
charging to off-peak times. The difference when applying V2G in Scenario 2b or FR to the
V1G case in Scenario 3a is not very different from this total cost and total carbon emission
value. When energy and FR are modelled in Scenario 3b, as with Fleet A, this results in the
most profitable scenario. This is because V2G allows for high FR service participation when
EVs are connected. The net cost is negative, resulting in profits. When examining Scenarios
3b, 4a and 4b, the results are similar to that of 2a, 2b and 3a, only with an added carbon cost,
further increasing the cost of these scenarios. The multi-service Scenario 5b shows a similar

result to that of 3b, only with a slightly lower net revenue, given the cost of carbon.

Annual Fleet B results per EV for all three tariff arrangements in V1G mode are shown in
Figure 3.6. This provides an overview of the benefits of each tariff arrangement in the V1G
case. The difference between the current tariff and the TOU import tariff is the largest, with the
current tariff being favourable in terms of cost saving. Here, there is no real difference between
the TOU import tariff arrangement and the TOU import and TOU export tariff arrangement,

due to the lack of ability to discharge in V1G mode.

The same comparison is made for different tariff arrangements in V2G mode in Figure 3.7.
Here, the most significant difference is upon introducing a TOU export tariff. In these cases,
any V2G strategy results in profit (or negative cost). The highest profit is made in Scenario

3b, where carbon price is not considered.

These results show the potential of V2G in combination with a TOU export tariff and FR

provision in unlocking new revenue streams for EVs.
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Figure 3.6: Fleet B: Tariff Arrangement Comparison with V1G Scenarios
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3.4.4 Fleet C Results and Discussion

Fleet C is a delivery fleet and is characterised by high energy consumption as well as low
connection time of 33% due to long journeys made. Similar to Fleet B, some EVs did not
return to depot over some periods. Fleet C has a flat tariff, meaning the price does not vary

at all.

As expected from a fleet with a flat tariff, the costs under current tariff arrangement in Figure 3.8
show no difference in cost of energy across all scenarios. The carbon emissions do vary, due to
the different times the EVs charge. For instance, the carbon emissions in the dumb charging
scenario (Scenario 1) are higher than in Scenario 2a, because the charging moves from being
immediately on arrival. It makes no difference to the cost outcome, for which the model is
optimised, but the resultant carbon emissions are lower when charging later, given the EVs
return close to peak carbon emissions. When introducing a carbon price in scenarios 4a, 4b, ba
and 5Hb, carbon emissions are lowered by considering the carbon intensity of generation. Due to
the flat tariff presented here, the effect of a carbon price on carbon emissions is more evident
than it is other fleets. For Fleets A and B, there is not as much difference in carbon emissions

between scenarios, due to the fact that energy price has the highest impact on overall cost.

Similar to Fleets A and B, results in Figure 3.9 show that in V1G mode, the biggest difference

is when introducing a TOU import tariff. The costs in each scenario increase.

Whereas in Fleets A and B each V2G scenario with a TOU export tariff was profitable, with
Fleet C this is not the case, as shown in Figure 3.10. The costs of scenarios 2b, 4b and 5b
decrease significantly with the introduction of a TOU export tariff, due to the ability of the
EVs to perform energy arbitrage and provide FR services. However, only Scenario 3b results

in profit. This scenario is consistently the most beneficial across all fleets.
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3.5 Sensitivity Analysis

Scenarios with a carbon price, i.e. Scenarios 4a, 4b, 5a and 5b, with a TOU import and TOU
export tariff were modelled with different carbon prices in order to investigate the effect of this
on costs and charging schedules. Throughout Section 3.4 above, a carbon price of £50/tonne
was used, the current market price at time of writing [62]. Figure 3.11 shows Fleet A results
for carbon prices of £50/tonne, £250/tonne and £500/tonne. The total cost for V1G scenarios
(i.e. Scenario 4a and 5a) increases with carbon price and the total revenue (negative cost) of

V2G scenarios (i.e. Scenario 4b and 5b) increases also.

300

200

100

4a 5a 4a 5a 4a 5a

-100

-200

-300

Annual Cost per EV (£)

-400

-500

-600

-700

-800

Carbon Pricé: £50/tonne Carbon Price': £250/tonne Carbon Price': £500/tonne

x  4a: Energy and Carbon Total Cost ¢ 5b: Multi-Service Total Cost [ Energy Cost
v 4b: Energy and Carbon Total Cost I Carbon Cost [ FR Revenue
&  5a: Multi-Service Total Cost

Figure 3.11: Effect of Increased Carbon Price on Annual Cost per EV for Fleet A

To illustrate the change in charging strategies that resulted, Figure 3.12 shows a charging
schedule of a day for Scenario 4b of fleet A with a negative cost of -£1.51. This is broken down

into -£1.54 in energy costs and £0.03 in carbon costs. Here, no FR is offered but energy price
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and carbon price are considered. The TOU import tariff (labelled as Energy Buy Price) has an
evening peak, during which the EVs discharge. The EVs perform energy arbitrage by charging
back up at night, when the price is lower. The carbon price roughly follows the energy price
(except for the peak hours), demonstrating the correlation between energy price and carbon
intensity of generation. This occurs because the marginal or running costs of renewable energy
is very low, as there are no fuel costs. Therefore, at times of renewable energy generation,

energy costs are low and the carbon intensity of generation is also low.

iy
o
o

350 1

300 1

250 1

200 -

150 1

100

Power (kW) / Energy (kWh) / Carbon Intensity (gCO2/kWh) / Price (x10 £/kWh)

) !
0 - l
—50 T T T T T T
7:00 11:00 15:00 19:00 23:00 3:00
Hour
------- Energy Buy Price (x10 £/kWh) —— Energy (kWh) I Charging
—— Carbon Intensity (gCO2/kWh) ~ ----- FR Availability (kw/h) [ Discharging

Figure 3.12: Example Charging Schedule for Scenario 4b, Fleet A, COy Price of £50/tonne

With the carbon price increased to £500/tonne, the charging schedule for the same day is shown
in Figure 3.13 for comparison. The cost for this day had increased significantly to £0.05, no
longer earning revenue. This is broken down into -£2.32 in energy costs and £2.37 in carbon
costs. It should be noted that this example shows a large increase in cost, overall the annual

results show only a marginal one. With this higher carbon price, the EVs discharge completely
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during peak hours, where both the export energy price and carbon prices are high. The EVs
charge up again, fully, when the energy and carbon prices are low. Here, although the EVs earn
more from the energy arbitrage they perform, this is almost balanced out by the carbon costs
resulting from this strategy. More energy in total is charged and discharged (or arbitraged) to

compensate for the higher cost of carbon.
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Figure 3.13: Example Charging Schedule for Scenario 4b, Fleet A, COy Price of £500/tonne

An example of the effect of a higher carbon price on Scenario 5b is shown in the comparison
between Figure 3.14 and 3.15. Where the price of carbon is £50/tonne and the price of energy
is relatively flat (this is because the TOU import tariff price is capped at £33p/kWh), FR
availability is offered, as shown by the red shaded area. This day is a weekend day, where no
trips are performed and all EVs are connected. Due to the high TOU import price (labelled
in the Figure as Energy Buy Price), no arbitrage is performed. The cost for this day is -£3.90,

i.e. it is a revenue earning charging schedule. This is made up purely of FR revenues, as no
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energy is charged or discharged.

iy
o
o

350
300 - L

250 1

200 1

150 - P e o,

100 1

(€2
o
L

o

|
(%4
o

Power (kW) / Energy (kWh) / Carbon Intensity (gCO2/kWh) / Price (x10 £/kWh)

7:00 11:00 15:00 19:00 23:00 3:00
Hour

------- Energy Buy Price (x10 £/kWh) —— Energy (kWh) I Charging
—— Carbon Intensity (gCO2/kWh) ~ ----- FR Availability (kW/h) [ Discharging

Figure 3.14: Example Charging Schedule for Scenario 5b, Fleet A; COy Price of £50/tonne

Figure 3.15 shows the effect of a higher carbon price of £500/tonne on the same day’s schedule.
The costs decreased further to a total of -£4.71, to become more revenue generating. This
consists of an energy cost of -£0.09, a carbon cost of -£1.02 and a FR revenue of £3.61.
Although the FR revenue decreased, by discharging the EVs when the carbon price was high
and discharging them when the carbon price was lower, the net benefit was higher. This was
a clear example of a change in strategy, where the increase in carbon price meant services are

‘competing’.

In conclusion, the increase in carbon price results in an amplification of either positive or nega-
tive costs, depending on the scenario. It was shown that when the carbon price is £500/tonne,
the charging schedules of the EV fleet change. For V2G schedules where only energy and carbon

are considered (Scenario 4b), a similar pattern may be seen. For V2G multi-service schedules
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Figure 3.15: Example Charging Schedule for Scenario 5b, Fleet A, COy Price of £500/tonne
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(Scenario 5b), a new strategy was implemented, showing the higher price resulted in carbon
being a competing service. In both examples, more energy was exchanged, leading to greater
battery cycling. These results imply the impact of higher carbon price increases in the future
will depend on the modes (i.e. availability of V2G infrastructure), markets (e.g. FR) and tariffs

(including export tariffs) they can access.

3.6 Conclusion

In the context of investigating the role of EVs in the power system, this chapter has laid
out a foundational mathematical framework and quantified revenues from EV fleets from the
perspective of EV fleet operators. Various examined scenarios explored the revenues available,

in light of a variety of real EV fleet travel patterns.

Results showed that energy tariffs have a very significant impact on EV charging costs, and that
a time-of-use tariff is not always preferable. This is likely due to high wholesale energy market
prices, which directly affected the TOU import tariff used in the analysis. Dual or three-tiered
energy tariff are usually fixed over several years, and so were not affected by shocks to the energy
markets that were reflected in the high wholesale energy market price. By optimising for price,
these dual or three-tired energy tariffs can be enough to reduce costs of charging, especially
in the V1G case. An export tariff in combination with V2G unlocks significant revenue from
energy arbitrage, as well as FR provision. At its present price of £50/tonne, the carbon price
does not significantly impact charging strategy or costs. This means the carbon intensity of
generation does not influence when the charging occurs. However, it was observed that there
was a correlation between energy price and carbon intensity of generation; when energy prices

are low, carbon intensity of generation is generally also low.

The higher the proportion of time the EVs are connected, the higher the FR revenue generated.
This is because the availability of the EVs is the most important aspect of providing FR services.
Although detail was provided for fleets A, B and C, this conclusion is supported for all 12 fleets

in Figure 3.1.
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The insights gained from the case studies included which charging modes and business models
were most beneficial in terms of revenues and carbon reduction. Across all scenarios and fleets,
the V2G mode with energy with FR services had a consistently negative cost, earning the fleets
the most revenue. Of course, certain assumptions were made here as to the accessibility these
fleets have to the FR market, but the potential of EVs to provide these services given their

connection times is high.

The next chapter will address two major themes that were not covered in this chapter but that
are part of the core question of this thesis: travel scheduling and the future power system. The
next chapter will seek to answer the question, what will the value of simultaneously scheduling
both EV charging and trips be in the future power system? It will also address the question,
how are the optimal charging schedules created in this chapter likely to change in the future

power system?



Chapter 4

Optimal Trip Scheduling of Electric
Vehicles with V2G Capability

4.1 Introduction

Much of the literature on EV load coordination with V2G technology focuses on charging strate-
gies. The trips the EVs make are inputs to these approaches, and not an additional element
that the fleet operator has control over. At a commercial site, the charging is organised by the
facilities manager and the fleet trips are organised by a fleet operator - so often disconnected.
In other sectors, too, there is the transport planning industry and well- known vehicle routing
problem and solutions, and there are the electric infrastructure and energy companies. It has
been observed that these two elements, broadly transport and energy, are not coordinated [64].
So, there is an opportunity to better integrate the transport and power systems, with the extra
storage capacity offered by the EV fleet to the system operator. This could lead to better use

of surplus renewable energy generation, for instance.

Building on the foundational models presented in Chapter 3, this chapter proposes a new
approach. To take charging coordination a step further, this chapter quantifies the maximum
potential revenues to be gained by a commercial EV fleet operator from simultaneously schedul-

ing its trips on a day-ahead basis, as well as its charging. This allows the fleet to complete

29
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its trips (with user defined trip length and distance), while taking advantage of fluctuating
energy and ancillary service prices. A mathematical framework for optimal trip scheduling is
proposed, formulated as a mixed-integer linear program, which is then applied to several rele-
vant scenarios of the present and future electricity system in GB. This chapter also links to the
overall aims of this thesis by proposing a solution to the problem of the future power system
integrating EVs, increasing the incentives and coordination of EV charging to create a win-win

scenario for the transport and energy sectors.

4.1.1 Related Work

Electric vehicles research exists in many fields and from many perspectives. Regarding their
interaction with the electricity network, there are two established fields that investigate this
issue, power systems and transport studies. The latest developments in these fields will be
summarised in this section, describing the state of the art. There is one emerging field where
these disciplines are beginning to overlap, and where the content of this chapter makes a
contribution. It is important that both perspectives, power systems and transport studies
(which can be generally summarised as the charging scheduling of the EVs and the travel
scheduling of the EVs), are both considered as transport is electrified. This is due to the
increasingly relevant and complex interaction between energy and transport systems moving

forward.

A limitation of power system studies of EV charging and discharging schedules (the related
works of which are outlined in Chapter 3) is that most do not consider vehicle trip timings or
routes as decision variables in their approaches (i.e. driving patterns are either fixed inputs or
the uncertainty in plug-in times is accounted for and modelled). There is another field that
focuses on these issues but without the power system dimension. The Vehicle Routing Problem
(VRP), specific to EVs (E-VRP), approaches the optimal operation of EVs from the driving
pattern and infrastructure perspective. Here, the objective function is often to plan the optimal
route, as opposed to the optimal charging schedule, as often seen in power systems research.

This optimal route takes into account traffic, charging needs and other constraints [65]. A
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limitation of these works is that although the prices of the use of charge-points are considered,
these are not clearly linked to ancillary service market price. The prices are described as being
related to electricity ‘cost’, service and parking fees [66]. Recent work [67] has integrated the
optimal charging schedule with a vehicle routing problem, to produce maximum revenues for
various agents, while also solving which route EVs should take. In [68], a mixed integer linear
program was formulated to create charging schedules for EVs, as well as an optimal route,
which considered distribution network constraints. The approach taken in [69] also involved
charging schedule optimisation and routing the EVs under time delay tolerance. Time delay
tolerance is related to how long an EV is willing to wait in a queue to charge. A limitation of
these works is that they do not consider the perspective of commercial fleet operation, nor do
they account for ancillary service participation or prices. In other words, the element of tapping
into the flexibility EVs have to offer the power system is not fully explored in combination with
the optimisation of the trip itself. In order to effectively integrate EVs, making them useful to
the system operator, as well as maximise their own revenues, it is important that the ancillary

service market is also considered.

The provision of ancillary services, which is significantly higher with bi-directional charging
(i.e. V2G technology), has not been identified in the E-VRP literature, nor is the provision
of energy arbitrage. This means that optimising EV operations is either done from the power
system operation perspective, as per the power system research field, or from the EV operation
perspective, as seen in the Transport Studies field. Clearly, with the electrification of transport,
the power and transport systems will be much more interconnected and inter-dependent and
there is currently a significant gap in this area of research. It is this precise limitation in the

current literature that the present work seeks to address.

There is an emerging area of research that investigates how to coordinate charging EVs bearing
in mind their transport services. To date, the use case for this approach is a shared EV fleet or
an EV taxi fleet, no work has been done on the commercial maintenance or delivery fleet use
case. Two such fleets from Chapter 3 are used for this purpose. In [70], historical taxi travel
data and electricity prices were used to demonstrate how to maximise profits for the EV fleet

owner. It was found that there was a higher demand for passenger taxi trips in the afternoon,
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when electricity prices were low. During the evening peak electricity prices, it was profitable
for EVs to be plugged in as they could maximise profits by discharging and selling their energy.
Although the work highlights the synergies between transport demand and electricity price,
ancillary service provision is not considered. Also, energy arbitrage increases battery cycling
and hence degradation more than ancillary service provision. In a future low-inertia system,
frequency response will become increasingly important. Ancillary service provision from EVs
could reduce system costs in a future GB electricity grid by up to £12,000 a year per EV
and reduce CO, emissions by 60 tonnes per year [71]. The authors in [72] designed a central
controller for an EV taxi fleet that does include scheduling charging and discharging for ancillary
service provision. The work does not schedule trips themselves, though, as this is determined
by the taxi passengers. In the present work, scheduling is carried out both for trips and
for charging to provide ancillary services, considering transport energy requirements and trip
lengths. In summary, the main contribution of this chapter compared to previous approaches
is the co-optimisation of trip schedules alongside energy and ancillary services for commercial

EV fleets.

4.1.2 Motivation and Contributions

The motivation of this work is to further explore and evidence the opportunities to integrate
the energy and transport systems, in order to quantify the benefits to the future power system
and to EV fleet operators. It is clear that there is value in optimising charging EVs to access
the flexibility, in terms of energy, they have to offer, which was demonstrated in Chapter 3. The
first question this chapter addresses is how charging schedules will likely change in a low-inertia

system in the future.

There also exists a body of work evidencing the value in the optimising the journeys of EVs,
considering the changes to the transport system (including driving behaviour) that shifting
to battery powered vehicles will have and mitigating this effect. In this chapter, which has
been published [19], the author seeks to quantify the value of combining these approaches

and to answer a second question, what will the value of simultaneously scheduling both EV
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charging and trips be in the future power system? This is particularly interesting considering
the increased penetration of renewable energy in the future and the effect on ancillary service
and energy prices. Frequency response is the ancillary service modelled here, as it is of major
concern for a low-inertia grid with a high penetration of renewable generation. The generation
mix will radically change the time of day that ancillary services, and hence EV flexibility
and availability, will be useful. As a result, the possibility of scheduling trips, in addition to

charging, to account for this is what motivates this work.

As far as the author is aware, no research has sought to quantify the value of optimal trip
and charging schedules of commercial EV fleets participating in ancillary service markets. This
is important given the projected uptake of EVs and the opportunity they present to provide
significant flexibility and reduce power system operational costs, along with other distributed
energy resources [5]. This chapter seeks to consider both the fleet operation and the provision of
ancillary services to the grid by optimising revenue for the commercial fleet owner considering
energy and ancillary service prices. It does this by extending current approaches in optimising
EV charging schedules to assess the value in scheduling trips, as well as incorporating both
future prices / scenarios. This is valuable because this approach allows the fleet owners to
increase their revenue, as well as the power system benefiting from an increased capacity in
ancillary services. As discussed in [49], the operational costs from ancillary services is likely to
increase in future power system scenarios, where more sources of renewable energy generation
are present. This is an opportunity to utilise the new sources of flexibility the EVs present,
while fulfilling the requirements of the EV fleet to perform its operations. Specifically, this work
considers the operations of the commercial fleet, where trip lengths and distances (i.e. energy
required for travel) are known, day-ahead user inputs. This work is different to existing work in
that it focuses on commercial (e.g. delivery and maintenance) fleets with known transportation
needs and it considers the current and future power system scenarios to demonstrate the busi-
ness case for commercial EV adoption. The real world commercial data obtained has not been
seen elsewhere in the literature, and given its limited volume, data was synthetically generated
for the case studies, based on distributions. To the best of the author’s knowledge, the main

contributions of this chapter can be summarised as follows:
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e Novel scheduling approach for EV fleet operators that includes both charging and trip
times, generating additional revenues and exploiting synergies between the power system

and road transport system

e Quantification of the value of scheduling optimal journey times accounting for frequency

response prices

e Accurate characterisation of flexibility of commercial EV fleets participating in ancillary

service markets

e Comprehensive assessment of revenues of commercial V1G and V2G fleets considering

present and future GB scenarios with various sensitivities

It should be noted that in this work, the EVs do not perform energy arbitrage, due to the
adverse impacts on the battery by increased cycle [73]. It has been found that EVs are only
competitive on the electricity market, performing energy arbitrage, when the peak prices are
unusually high [50]. So although the fleet will optimise its charging schedule in order to charge
when the price is cheapest, it will not discharge at peak price in order to generate more revenues

by selling energy. This is achieved by assuming a zero sell price for energy.

The remainder of this chapter is structured as follows; Section 4.2 provides the mathematical
formulation of the problem, including the charging optimisation in Section 4.2.1, as well as
the trip optimisation in Section 4.2.2. Case studies are described in Section 4.3, with the fleet
data used detailed in Section 4.3.1, scenarios and prices in Section 4.2.3 and the results and

discussion in Section 4.3.2. Finally, conclusions and further work are discussed in Section 4.4.

4.2 Methodology

4.2.1 Charging Schedule Optimisation

The schedule - including charging and trips - for a commercial EV fleet is optimised over a day-

ahead 24-hour horizon of time steps ¢ in total time period T'. Depending on the technology (V1G
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or V2G, see Section 1.2), the EV can charge (C;) and discharge (D,), acquiring energy needed
for travel (E'), as well as providing an upward balancing service by reducing charging ( BSupf)
or increasing discharging (BSup?) in the form of availability. The charging / discharging power
of an EV can be continuously regulated between 0 and a maximum power level allowed by the
charger (P™*), and they need to fulfill a predetermined energy requirement for the scheduled
journey within the interval T'. The trips that the EVs of the commercial fleet need to take,
including the length of the trip in hours and the energy required (i.e. the distance) is known
ahead of time. This ensures that fleet operation is not affected, i.e. the fleet operator will input
the trip distance and length for the EV, according to the work schedule, and the optimal start
time for this trip as well as the charging schedule will be determined. The energy prices and
the balancing service prices are also known ahead of the one-day time horizon, which is in line

with the current wholesale energy and balancing service market arrangements.

The objective function maximises revenues from balancing services considering charging costs,
while meeting the EV trip requirement for energy for travel, over the time periods that the
EV is connected to the grid (797%¢). Smart charging takes into account the hourly import
energy (buy) price ° and export (sell) price f. Revenues from balancing services are from the
availability of upward balancing service (BSup§ and BSup{) multiplied by the price (7B5%),

as shown in (4.1).

maximise ( Z (BSup§ + BSup?) - %" — Cy - nb + D, - wf) (4.1)
teTgrid

The operating model of the EV includes several constraints. Constraint (4.2) corresponds to

the EV battery’s energy balance, taking into account the energy needed for travel purposes as

well as the losses caused by charging and discharging efficiencies.

DAt

Nd

E, = E,_y + CyAtn, — —E"NteT (4.2)

Each EV is assumed to depart from its grid connection point up to once within the time horizon



66 Chapter 4. Optimal Trip Scheduling of Electric Vehicles with V2G Capability

and subsequently arrive back to its grid connection point only once during the same horizon.
This is in line with the trend clearly seen in the real world data, whereby the commercial
vehicles follow a schedule of one extended trip from the depot in one day. Outside of this single
trip, the EVs are otherwise assumed to be connected to the grid, the hours of which constitute
the time period 79", When the EVs are not connected to the grid, the charging, discharging

and balancing services are zero, as per constraint (4.3).

Cy = D, = BSup; = BSup? = 0,Vt ¢ T (4.3)

Constraint (4.4) expresses the lower (E™™) and upper (E™) bounds of the battery’s energy

content, assumed to be the same for each EV.

E™n < B, < E™*NteT (4.4)

Constraint (4.5) ensures that the energy level of the EV at the start of the trip (Ey,,,.,) is at
the required level (E7°?) set by the fleet operator, in order to ensure the EV can carry out its

work trip.

Etstart = Ereq (45)

Constraints (4.6) and (4.7) represent the limits of the battery’s charging / discharging power,
which depend on its power capacity P and on the availability of the EV to be scheduled
(i.e. time period connected to the grid, 79"¢). The binary variable y ensures that charging and

discharging do not happen simultaneously.

C, < y- P™ Vit € Torid (4.6)

Dy < (1 —y)- P™™ vt € 79" (4.7)

Constraints (4.8 - (4.10)) ensure that the balancing service availability committed takes into

account the maximum power of the charger and whether the EV is charging or discharging.
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BSupl + D, < P™* vt € T9" (4.8)
BSup§ < C;, vt € T (4.9)
(D; — Cy) + (BSupt + BSup?) < P™* vt € 79" (4.10)

When committing balancing service availability, it is important to ensure that the energy is
available for the service to be sustained for the minimum required time (t) if this service was
called on. This applies to the balancing service from discharging (BSup?) in particular, due
to this being an upward balancing service. This is captured in constraints (4.12) - (4.14) by
considering the state of charge of the battery at the beginning and at the end of the time step.
The balancing service provision from EVs only considers availability, rather than utilisation,

which is assumed to occur infrequently [13].

BSup? -t

Emin S min(Et, Et—l) _ S,Vt c Tg"’id (411)
Td

The above constraint can be linearised by introducing an auxiliary decision variable ‘z;’ and

two additional constraints:

: BSup - t, :
Erin < gy — DOty o i (4.12)
Nd
v < B, (4.13)

T S Et—l (4].4)
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4.2.2 Trip Schedule Optimisation

The optimal trip start time (%,,,,) is found by maximising the revenue from the EV, according to
the optimal charging schedule in Section 4.2.1, across different feasible start times ¢, in which
the EV could make the trip required. The variable t,; informs when the EV is connected to
the grid (T97 in (4.1)) and able to charge, discharge or provide frequency response. Therefore,
a different optimal revenue corresponds to each t4,+. To make the notation easier, the objective

function in Eq. 4.1 is defined as 5(tstqrt)-

The time that the trip is able to start is constrained by how long the trip is (T), as well as
the permissible travel window (7%™"4°). For instance, if the 24-hour period starts at 7am with
a trip required lasting five hours and a window of 15 hours (i.e. the EV can be away from the
charger between 7am and 9pm), the start time could be any hour from 7am to 4pm. The trip
schedule optimisation problem is formulated as follows:

maximise  [(tsiart)
tstart

subject to  tyqn < TVMdOw — TP (4.15)

Tgm'd — T o (tsta'r’t + Ttm’p)

It is important to note that although the assumption is the trip length will remain the same
regardless of the time of day it is taken, there is a level of uncertainty related to external
factors, such as road blockages and traffic levels. Although in practice the fleet operator needs
to create a schedule for the next day (hence the decision to formulate the scheduling problem
here as such), there may be some flexibility by one or two hours on the day, to account for
these uncertainties. For example, if there is a road blockage and the trip could be delayed by
one or two hours. To investigate the effects of these external factors, a sensitivity analysis has

been performed in Section 4.3.5.

Figure 4.1 shows an overview of the workflow of the above methodology, producing a quantifi-

cation of the value from the optimal trip and scheduling approach. Table 4.1 lists the input
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and decision variables used, including from the fleet operator and from the market.

Fleet operator e
inputs energy Optimisation Approach
requirement, Ortetnal trt Ootimal tri
riginal trip ptimal trip
length and . schedule schedule
distance of EV \\ Maximum
work trips s Optimal Optimal trip revenue to fleet
// charging — and charging operator
Day ahead / schedule schedule
electricityand |/
balancing
service prices

Figure 4.1: Summary of workflow.

Table 4.1: Summary of Variables Used in Optimisation Approach

Input Parameters Decision Variables
Fleet Operator Etr Erea Tt tstart, Ct, Dy
Market Information TP b s BSup¢, BSup?

4.2.3 EV Operation and Scenario Specific Constraints

In order to assess the value of the approach presented in this work, different scenarios represent-
ing different modes of operation are modelled. This allows for insights into the various business
cases for commercial EV adoption. EVs can operate in various modes, including dumb charging,
smart charging and V2G. Here, the scenarios applied are described, along with a description
of the state of pricing and price assumptions. In all scenarios, a zero sell price for energy is
assumed, so although the EVs can discharge to the grid, energy arbitrage is not profitable.
This is because the focus of this chapter is the provision of upward balancing services from
commercial EV fleets and energy arbitrage will potentially degrade the battery by increasing

the number of charge cycles [73].

The first scenario, which is the baseline, is the ‘dumb charging’ scenario. Here, EVs plug in and
charge back up to their desired value (in this case 95% SOC) immediately, regardless of the price

of energy on return. Also, the scenario specific constraints include (4.16) and (4.17), shown
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below. This modification to original constraints (4.7), (4.8) and (4.9) allows a comparison to
the current uni-directional charger costs as these new constraints stop the EVs from being able
to discharge and provide upward balancing services (i.e. frequency response services). For this
scenario, introducing a flexible trip start time is comparable to moving the charging event itself.
The only difference is the window of travel (i.e. when the EVs may perform journeys) is more

limited than the full 24 hours or available plug in times.

The prices used for summer and winter months are based on July 2019 and February 2020
wholesale electricity market prices in GB, respectively, in order to remove the distortion brought
about by the Covid-19 pandemic. The timing of these prices was chosen to align with the months

from which the travel data was collected, as described in Section 4.3.1.

D, =0,Vt € T (4.16)

BSupt = BSup? = 0,Yt € T9" (4.17)

The second scenario is the smart charging scenario, where EVs charge at times when the cost
of energy is lowest. The effect of moving the trip times in this case would only improve revenue
if the original trips occurred when the price of energy is at the lowest point in the day. The
modification of the original constraints is the same as for dumb charging, as shown in (4.16)

and (4.17).

The third scenario is the newest frequency response product on the GB market at the time
of writing, Dynamic Containment [38], which represents the current state of the market. The
prices reflect the value of frequency response at present, in markets which are constantly chang-
ing and being updated. When the newest frequency product was launched, it was the first day-
ahead procured response product but had a constant price throughout each day. The prices
of this product in this scenario are therefore assumed to be constant [39], something that does

not reflect the value of balancing the system and the time-varying requirement for frequency
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response products. This is because when system inertia is low, i.e. renewable energy on the
system is high and therefore net demand is low, the value of frequency response is significantly
higher than in high-inertia conditions [74]. Nonetheless, the prices seen in the Dynamic Con-
tainment market so far are higher than for previous fast frequency response products, such as
Enhanced Frequency Response, which was procured through years-long contracts [75]. Trends

show that the prices of frequency response have increased over time.

The fourth and final scenario is the future frequency response scenario. Here, the price of fre-
quency response is a reflection of the value of this service to a future system. The methodology

by which these prices were generated is described in Section 4.2.4 below.

4.2.4 Modelling Future Frequency Response Prices in Great Britain

A view of future prices for the fast frequency response service in GB (referred to as Dynamic
Containment, DC) was produced using a different model and used here as inputs. This was
done with a view to estimate the potential revenue from EVs with V2G capability. To produce
this view, a different, frequency-constrained model was used, which outputs the projected price
for DC for a given hour, based on the need for this service under each system condition (i.e. level
of demand and generation mix). This model was not the author’s work but was included in
the paper published that forms the basis of this chapter. How the prices were generated is

summarised here, in order to be clear about assumptions made.

A demand curve with seasonal and daily trends was used, consistent with National Grid’s
projections for 2030 [76], ranging from 20 GW to 60 GW of instantaneous hourly demand. A
total of 45 GW of onshore and offshore wind combined was assumed, along with 35 GW of
solar PV. A nuclear capacity of 5 GW was assumed, also in line with [76]. Given these system
characteristics, the frequency response price for each hour of the future frequency response

scenario / product is computed as follows:

1. Net-demand is obtained by subtracting RES generation from national demand. The level

of inertia in the system is estimated by considering that net-demand is covered by nuclear
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units (hGW with a 5s inertia constants) and Combined-Cycle Gas Turbines with an inertia

constant of bs.

. If the level of inertia obtained in Step 1 is below the minimum acceptable value for this

magnitude, inertia is fixed at this minimum. This ‘floor’ for inertia is determined by the
Rate-of-Change-of-Frequency (RoCoF) limit, as defined by the expression below. Please

refer to [74] for full details on the impact of inertia on RoCoF.

Pinfeed : fO
Hapsr = ————7— 4.18
f 2- ROCOF]imit ( )

In (4.18), Hgoor is the floor for inertia, Piygeeq is the largest power infeed in the national
system (considered to be 1.8GW), fy is the nominal frequency of the grid (50Hz in GB)

and RoCoF;y; is the RoCoF limit (of 1Hz/s in the future GB system).

. Given the level of inertia obtained from Steps 1 and 2, the necessary volume of Pri-

mary Frequency Response (PFR) for this system condition is computed. Note that PFR
refers to the slower frequency response provided by electromechanical devices, such as
synchronous generators. To compute this necessary volume of PFR, the system condition
for respecting that the frequency nadir will not cause the activation of Under-Frequency
Load Shedding is used [77]. This condition guarantees that frequency stability will be
maintained in the system, and therefore defines the requirement for ancillary services: it
defines the required balance between volumes of inertia, size of the largest power infeed,
and the two frequency response services, in order to avoid Under-Frequency Load Shed-
ding. The interested reader is referred to [77] for full details on how this constraint is

deduced.

. Given that the value of all magnitudes in the condition in Step 3 is defined, except that

of PFR, this unknown can be directly solved. The volume of DC is considered to be of 1
GW (as per current plans in Great Britain [49]) and the size of the largest power infeed is
of 1.8 GW (driven by a nuclear station expected to be commissioned in GB in the coming

years).
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5. Finally, the price of DC is computed from the volume of PFR that an additional MW of

DC could replace, obtained from the condition in Step 3. A price of £10/MW /h for PFR

was considered, in line with average prices seen for this service in GB in recent years [78].

A sensitivity analysis on these projected prices is considered in Section 4.3.4, to provide a
comprehensive view on V2G revenues under different scenarios for future prices for Dynamic

Containment.

4.3 Case Studies

This section details the inputs and the results for several case studies chosen in a way as to be
closest to real world future scenarios and to demonstrate the value of the approach. Section 4.3.1
describes the input fleet data, including trends of driving patterns of two fleet types. The
approach to generate synthetic data based on these trends is also included. Section 4.3.2
presents the results from the various operational scenarios described in Section 4.2.3. Then,
the technique applied to reduce battery cycling in the modelling is described in Section 4.3.3.
Results of sensitivity analysis, key to understanding how susceptible the revenues derived are
to changes in frequency response price and traffic conditions, are shown in Section 4.3.4 and
Section 4.3.5, respectively. Finally, the consequence of the given approach on CO, emissions is

quantified in Section 4.3.6.

4.3.1 Fleet Data

Derived from the Innovate UK funded project E-Flex [15], the driving patterns from two com-
mercial fleets participating in the trial were analysed and synthetic data was generated. Two
types of commercial fleets were considered: i) a delivery fleet with 10 EVs; and ii) a main-
tenance fleet with 5 EVs. The reason that these fleets were chosen in that commercial fleets

have regular, defined trips that are scheduled during weekdays. Compared to private vehicles,
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commercial fleets are well suited to balancing service provision with V2G due to their coordi-
nation by fleet operators, making them easier to aggregate. The main differences between the
two fleets are summarised in Table 4.2 for winter and summer months. For the delivery fleet,
although the mean travel duration and trip length range increase in the summer compared to
the winter, the mean travel energy decreases. The opposite is true for the maintenance fleet,
which has a higher mean travel energy in the summer compared to winter, but a shorter mean
travel duration. The difference between winter and summer for the maintenance fleet and its
implications are discussed in Section 4.3.2. The differences between the fleet types are examined

in Section 4.3.2.

Table 4.2: The Characteristics of the Two Commercial Fleets in Winter and Summer Months

Winter Summer
Delivery  Maintenance Delivery  Maintenance
Travel start time mean 10.30am 8.00am 7.30am 8.00am
Charging start time mean 2.30pm 3.00pm 1.30pm 12.00pm
Travel duration mean 5h 7.5h 6.5h 6.5h
Travel duration min & max | 0.5h — 6h 7h — 8h 0.5h — 9h 5h — 8h
Travel energy mean 8.9kWh 4.2kWh 7.7kWh 5.7kWh

The 24-hour driving patterns z(t) of the commercial fleets showed z(t) = —1 for time steps ¢
when the EV was connected to the grid and z(¢) = 0 for time steps ¢ when the EV was on a
trip. The energy needed for travel at the first time step was t,cturn. The EV was connected
to the grid again following the trip. Values of z(¢) < 0 do not indicate any energy exchanges,
e.g. energy feeding into the grid, but only that the EV is not on a trip. Two months were
chosen to be representative of winter and summer months, i.e. February and July respectively.
For each of these two months, the driving patterns for each of the two commercial fleets were

fitted with the Gaussian function defined in Equation 4.19 [51], [59].

(z(t) — b)?
flz(t) =a-exp YVt € [0,T] (4.19)

In Equation 4.19 a is the height of the curve’s peak, b is the position of the center of the peak,

and c is the Gaussian width. These parameters were then optimised to improve the fitness of
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the function to the real patterns using non-linear least squares analysis, resulting in residual
standard deviations less than one. The fitting function for the month of July of the maintenance
fleet is shown in Figure 4.2. The height of the curve’s peak is relatively low as most of the hours
the EVs were connected to the grid or on a trip. Once the optimal fitting curve was obtained,
the parameters a € [0, max{z(¢)}] and b € {t|f(x(t)) > 0} were randomly sampled to generate
synthetic driving patterns. The parameter ¢ was not varied as it defines the length of the trip
that is distinctive for each fleet. The 24-hour driving patterns of 100 EVs for each of the two

fleets were finally generated for the months of February and July.

14 1 . = best fit
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Figure 4.2: The driving patterns distribution for the month of July of the maintenance fleet
and the optimised fitting function in red.

4.3.2 Results and Discussion

Following the details of the case studies set out in Section 4.3, the results from the case studies
are presented and findings are discussed here. The results make a comparison between both the
summer and winter seasons, showing the effects of renewable generation on ancillary services
prices and hence revenue. The revenues for the inflexible (i.e. original) trips and the flexible trips
across the summer and winter seasons were first compared using the maintenance fleet to model
the four scenarios outlined in Section 4.2.3. Then, the difference between the maintenance and

delivery fleets was investigated to show how driving patterns affect revenue in this approach.
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Lastly, some extreme weather days were analysed to show examples of potential maximum
benefit from flexible trips. This is a way to demonstrate the major differences between fleets

and seasons in an extreme case.

The optimisation problem defined in Section 4.2 was modelled in Python using the Gurobi
Python Environment, with a MIP gap of 0.1%. It was run on a machine with a 3.6GHz Intel
Core i7-7820X 8-Core processor and 64 GB of RAM. The average computing time was 20

minutes.

Optimal Start Times in Different Months for Maintenance Fleet

Using the fleet data described in Section 4.3.1, the four scenarios were simulated for both the
summer and winter months with the original start time of the trips, then with optimal trips.
The maintenance fleet results are shown in Figure 4.3. The dumb charging scenario of the
maintenance fleet shows that the charging costs (i.e. energy costs for travel) are higher in the
summer, due to further distances travelled (see Table 4.2) and higher electricity prices (as
described in Section 4.2.3). By making the timing of the journeys flexible, there is a maximum
cost saving of 38% in the winter month for this scenario, relative to the original travel pattern,
compared to the cost saving of 12% in the summer. This means when charging on arrival in
the winter, there is relatively more benefit in moving this plug in time (by moving the trip)
in order to capture lower energy prices and reduce costs. Averaging this benefit over a whole
year, a single EV from the maintenance fleet can make an additional annual revenue of up to

£729 by incorporating flexible journeys into its operations.

Changing the trip times in the smart charging scenario does not save on costs because the
charging will occur at night in either case, when the prices are lowest and when the EVs are

connected.

By adding bidirectional (V2G) charging, the EVs are now able to participate in the frequency
response market, resulting in positive net revenues for the third and fourth scenarios. In the
third scenario, having flexible start times does not generate a significant increase in revenue,

due to the fact that current frequency response prices used are constant for every hour in the
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day.

By avoiding traveling in times of high future frequency response prices, optimal trip scheduling
allows for more revenue from this service in both months of the fourth scenario. The energy
costs also reduce with optimal trips, due to the flexibility of the start time, where batteries
must be charged to the required level. An assumption is made that when scheduling flexible
trips, the 24-hour period begins with a 50% state of charge (or the maximum state of charge

in order for the EV to depart with the 95% requirement).

It is also worth noting that the energy costs increase in the fourth scenario due to the fact that
it is beneficial to charge at time periods of high frequency response prices. When charging,
the EV will get paid for offering availability to reduce its charging and increase its discharging,
i.e. as per objective function (4.1). As the EVs are plugged in when frequency response prices
are higher, they will charge at these times, and although they will be charged for the energy,

this still results in a net revenue that is higher than the original trip times.

In the future frequency response scenario, fleet revenues are expected to rise by 156% in the
winter and 190% in the summer with original trips or driving patterns, as compared to the
current frequency response scenario. When trip start times are optimised in this scenario, the
revenues increase by 18% in the winter and 31% in the summer, as compared to the same
scenario with original trip times. As described in Section 4.2.4, the frequency response prices
depend on net demand, which in turn depends on renewable energy generation. The reason
why introducing optimal start times results in a larger improvement in the summer month
is that solar output occurs during the day, driving up the price of frequency response. The
maintenance fleets are able to use this to their benefit and schedule their trips for later in the
day, in order to maximise revenue by remaining plugged in at these times in order to provide
frequency response services. In the winter, the dominant renewable generation is wind, which
is usually strongest at night, when fleets are not typically operational. An example of this
seasonal difference is shown in Figure 4.4, where two days of frequency response prices show
a regular pattern in the summer month. The original trip times occur during peak frequency

response prices and benefit from being moved to later in the day, when frequency response
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prices are lower. In the winter, however, wind and hence prices do not follow such a regular
pattern. Although during the first day of winter in this example, it is beneficial to move the

trip to later in the day, for the second winter day it is best to travel as originally scheduled.
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Figure 4.4: Example Summer and Winter Days Comparison

Optimal Start Times in Summer Month for Maintenance and Delivery Fleets

In Figure 4.5, the delivery fleet data is introduced in comparison to the maintenance fleet in
the summer month, in order to understand the effect of fleet type on revenues. As shown in
Table 4.2, the mean travel duration is the same for these fleets, but the delivery fleet will travel
further, using more energy. Also, the maintenance fleet makes more consistent journeys, all
between five and eight hours long, whereas the delivery fleet has a much shorter minimum
journey length and a longer maximum journey length. In addition to a different travel pattern,
the windows in which the fleets are assumed to travel within are different. With flexible start
times, the maintenance fleet is able to travel in a 22 hour window, so from 7am to 5am, allowing
time to return to base and charge before the next day. When planning fleet logistics, the delivery

fleet will likely have more limitations in terms of when its trips can be made, and so the travel
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window is set to 16 hours, between 7am and 11pm.

In the current frequency response scenario, revenues from optimising trip times are similar
compared to the original trips, as frequency response prices are static throughout the 24-hour
period. The maintenance fleet has slightly more revenue, as the trips have a lower mean travel
energy. However, in the future frequency response scenario, the maintenance fleet has a higher
increase in revenue from flexible journeys of 31% compared to the delivery fleet of 28%. This
is because the original trips made by the maintenance fleet were consistently longer than the
delivery fleet, so a greater percentage of the trips would benefit from having a flexible start

time, capturing revenues from providing frequency response by shifting the journey later in the

day.
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Optimal Start Times on Future Extreme Weather Days for Maintenance and De-

livery Fleets

Assuming that in the future, prices of frequency response products will reflect net demand and
hence system inertia, some extreme weather days (i.e. days with the most favourable weather
conditions for increasing revenues through flexible journeys) have been simulated to investigate
the maximum potential benefit of flexible trip scheduling. In Figure 4.6, revenues during an
extreme winter and summer day are shown for both fleets. The summer scenario demonstrates
more benefit from optimal trip scheduling, with the maintenance fleet and delivery fleet in-
creasing their revenues by 135% and 140% respectively, compared to original trip schedules.
This is due to how valuable frequency response will be during daylight hours on days where

solar generation is high and net demand is low.
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Figure 4.6: Extreme Summer and Winter Days for Delivery and Maintenance Fleets with and
without Optimal Trip Scheduling in Future Scenario

Figure 4.7 shows an example of an original trip schedule over a 24-hour period for a maintenance
fleet vehicle on an extreme summer day. As the vehicle is on a trip from 7am to 1pm, it is
not able to offer frequency response when the prices are high. In Figure 4.8, the trip has been

optimised and starts in the afternoon, when frequency response prices are lowest. In this way,
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the EV can provide maximum frequency response earlier in the day by staying plugged in and

delaying its journey.
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4.3.3 Method to Reduce Battery Cycling

When prices for frequency response are high, the optimal charging behaviour of the EVs involves
‘cycling’ (i.e. charging then discharging) in order to increase revenues, as shown in Figure 4.9.
This is profitable for the EV if charging and discharging efficiencies are considered, otherwise

providing two time periods of charging fully and then discharging would be equal to two time
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periods of neither charging or discharging. Due to losses associated with efficiencies, energy is
dissipated, allowing for the EV battery to commit to more in availability than it acquires in
energy. This effect leads to repeated cycles of battery charging-discharging to increase frequency

respomnse revenues.
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Figure 4.9: Summer Day: Optimal Trip by Maintenance Fleet Vehicle

As this unintended effect has a detrimental impact on battery health [73], a penalty term (J)
was applied to the discharging term (D;) in (4.20). By applying a penalty to discharging, this
minimises battery cycling, while only minimally affecting revenues from providing frequency
response availability. This is shown in Figure 4.10 for the same summer scenario. This reduces

revenues in this case by 3%.

maximise < Z (BSup§ + BSup}) - %" — Cy - 7¥ — D, - 78 - 5) (4.20)

teTgrid

The appropriate value for the penalty ‘0’ depends on the maximum frequency response prices
that may be captured by the EV: the penalty must be sufficiently high as to avoid the revenue

gains from cycling. In this chapter, the value used was § = 0.5.
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Figure 4.10: Summer Day: Optimal Trip by Maintenance Fleet Vehicle with Penalty Applied

4.3.4 Sensitivity Analysis: Frequency Response Prices

In order to demonstrate how sensitive the revenues for these fleets were to future frequency
response prices (see Section 4.2.4), sensitivity analysis was performed for three scenarios, as
shown in Figure 4.11. The way this analysis was performed was to run the original optimisation,
bench-marked against the same prices but no optimal trips (as in Section 4.3.2), first with the
full future frequency response price (100%). The frequency response price was then reduced to
75% and then 50%, in order to see the impact on revenues that a reduced price would have.

This is a way to investigate the uncertainty of these prices.

Based on the results of the sensitivity analysis, the resulting increased revenues of flexible trips
compared to original trip schedules is consistently around 23%. Meaning, the additional revenue
gained from scheduling trips is proportionally the same, regardless of the frequency response
prices. In other words, the price does not change how much added value the approach brings.
A 25% reduction in frequency response price led to a similar subsequent reduction in revenue
(for both original and optimal trip schedules) of 25%. However, a reduction of the frequency
response price by another 25% led to a greater reduction in revenues of 33% - 34%, relative to

the 75% case.
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4.3.5 Sensitivity Analysis: Traffic-Related Factors

It is recognised that there is a degree of uncertainty around trip length. It could be that
trip length is affected by external factors including road blockages and traffic conditions. This
uncertainty in trip length is explored by performing a sensitivity analysis to understand the
impact of such factors on the revenue and hence the usefulness of the approach, particularly in
areas where external factors are likely to impact trip length. These include cities, for example,

where commercial fleets are likely to operate.

As shown in Figure 4.12, it was found that for the maintenance fleet, maximum revenues
attainable with optimal trips in the summer were reduced by 7% by extending the trip length
by one hour and by 11% by extending the trip length by two hours. For the same fleet, in the
winter, maximum revenues were reduced by 8% by extending the trip length by one hour and

by 13% by extending the trip length by two hours.

The reason the EV fleet loses more revenue as a result of a longer trip delay in the winter is
similar to the reasons less revenue was added by flexible trip times in Section 4.3.2. During
winter, there is more price variability and less regular daily weather patterns dominated by
solar generation (as in the summer). If the trip were to be delayed to the evening on some days
where wind was increasing as the day went on and FR prices were increasing, then the EV fleet

revenue will be more susceptible to being impacted by longer trips (i.e. trip delays).

4.3.6 CO, Emissions Avoided

By providing frequency response, the fleets of EVs can avoid resorting to Combined Cycle Gas
Turbines (CCGTs) standing by to respond to grid contingencies, therefore emitting greenhouse
gases. Here, the system savings are computed in terms of carbon emissions due to the frequency
response provided by EVs, assuming an emission rate of 368 gCO equivalent /kWh for CCGTs.
The results are presented in Table 4.3 for a larger fleet of 5,000 EVs with the same characteristics

as the ones used in Section 4.3.
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Table 4.3: CCGTs and kg of CO5 Avoided per Month per 5,000 EVs

Winter Summer
Delivery Maintenance Delivery Maintenance
CCGTs Avoided 1.1 1.15 1 1.05
COs Avoided (kg) | 67,000 71,000 62,500 66,500

The number of CCGTs avoided was calculated using the nadir constraint referred to in Sec-
tion 4.2.4, solving for x as per equation 4.21. The variables in the nadir constraint are H,
PFR and DC. As H and PFR are both provided simultaneously by synchronous generators
(e.g. CCGTs), it is possible to input the contribution in DC from the EVs (i.e. DCgys) and
see what the subsequent reduction in provision of H and PFR is from the CCGTs (where z
is the number of CCGTs avoided). It is assumed that each CCGT is a 500MW plant with
a bs inertia constant, operating at a minimum stable generation of 250MW. The CCGTs are
able to provide 7T5MW (i.e. 15% of their capacity) for PFR. As the equation is non-linear, the
calculation was solved hour by hour and then averaged for the month to produce the results in

Table 4.3.

Htot +x- HCCGTS i (Dctot - DCEVS) - 1Is .PFRtot +x- PFRCCGTS
fo 4 Af max 10s
[Pinfeed - (DCtot - ])CEVS)]2

4- Afmax

(4.21)

4.4 Conclusion

This chapter described and implemented a new approach to transport and energy sector inte-
gration. In order to quantify the value of EV fleet operation in the current and future power
system, fleets of EVs were modelled participating in energy and balancing service markets. The
operation of these fleets was not just optimised for charging and discharging (as per Chapter
3 of this thesis, upon which this chapter expands), but the optimal trip time was also found,
in order to maximise revenues. This approach limited battery degradation and accurately

captured balancing service provision both from reducing charging and increasing discharging.



4.4. Conclusion 89

The flexibility of two commercial EV fleets from the E-Flex project was characterised, all of
which contributed to the central research question of this thesis related to finding the optimum

charging, discharging and travel schedules to maximise revenues for EV fleet operators.

The analysis performed in this chapter has shown the significant potential benefits of EVs
providing frequency response services in the current and future GB system scenarios, where
flexibility is projected to be more valuable. Real-world data was used to accurately characterise
the flexibility of commercial fleets using a methodology for scheduling optimal journey times
according to frequency response prices. It was shown that such fleets with flexible journeys
participating in these markets would increase their revenues by up to 38% in the summer and
12% in the winter. Fleets of an increased volume of 5,000 EVs with the same characteristics will
be able to replace at least one CCGT plant for frequency control purposes, and the equivalent

of at least 62,500 kg of COy per month.

In this chapter, investigating the effects of uncertainty (for example in trip length, due to traffic
conditions) was limited to the performance of multiple sensitivity analyses. The question this
chapter raises is, how does the EV fleet account for uncertainties in the energy price, arrival

time of EVs and their travel energy? It is this question that Chapter 5 addresses.



Chapter 5

Real-time Charging Scheduling of
Electric Vehicles: Reinforcement

Learning

5.1 Introduction

As discussed throughout this thesis, EVs could present an opportunity to provide energy and
grid services that generate value both to the system and also to the EV fleet operator (and
EV owner). In order to unlock value from EVs, the EV charging scheduling problem has been
tackled using model-based approaches in the literature as well as in Chapters 3 and 4 of this
thesis. These approaches necessitate that the detailed physical parameters of the problem are
well known. Running models at scale can be time-consuming and these models have difficultly

handling system dynamics and uncertainties.

Reinforcement learning (RL) has gained traction in this area, being model-free, data driven and
applied in real-time. RL algorithms have the advantage of training on existing data, learning
the best charging schedules and applying them to unknown (and hence uncertain) scenarios.

Papers in this area to date have focused on arbitrage in the energy market. When an ancillary

90
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service has been considered in problems in the literature, charging strategies are produced using

algorithms characterized by discrete state and / or action spaces.

In this chapter, a novel, deep reinforcement learning (DRL) method to schedule multiple services
for a fleet of EVs with uncertain arrival times, EV energy levels and service prices is presented.
Real data from the UK demonstration project, E-Flex, is used, as it has been throughout this
thesis. Results show that the proposed DRL method outperforms state-of-the-art QQ-Learning
and Policy Gradient methods in terms of revenues. Furthermore, the DRL method is able to
learn a real-time, automated charging strategy for both energy arbitrage and ancillary services
under different market scenarios, achieving 94% of potential theoretical revenues. The way this
chapter relates to the larger aims of the thesis is by examining the issue of uncertainty from
EV travel patterns and services prices, allowing a practical implementation of coordinating
charging of EVs. This, in turn, leads to more effective application of the work presented so far

in this thesis in the real world.

5.1.1 Related work

Model-based approaches in the literature to coordinate the charging / discharging of EVs under
uncertainty use model predictive control and conventional numerical optimization methods,
often seeking to maximize revenue for aggregators or EV owners [51], [11]. At scale, these
techniques become difficult to implement due to their high computational intensity and need to
maintain an accurate physical model [79]. Various scenarios may be forecast in such approaches,
in order to perform the optimization, hence an accurate forecasting model is crucial for an

accurate result.

Model-free reinforcement learning (RL) approaches have gained more interest recently given
their human-like performance potential in the context of decision-making problems [80] and
have begun to be applied to problems related to power systems [79]. This machine learning
technique has been used in the literature to facilitate effective control for coordinating EVs,
formulating the problem as a Markov decision problem (MDP). RL algorithms do not rely on

models and learn in an iterative, data driven way, based on prior experience. RL adapts to
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changes in system dynamics and uncertainties, allowing it to be scalable. By training an RL
algorithm on travel patterns and pricing data, it learns which choice of charging or discharging
actions (i.e. which policy) is most beneficial or profitable. This can then be used to make

decisions in real-time, leading to near-optimal results.

A well-known RL algorithm is Q-Learning, the most basic form of which uses a look-up table (Q-
Table) to store action-value information for discretized states and actions. The method therefore
suffers from the curse of dimensionality, as the computational intensity grows exponentially with
an increasing number of actions and states. Too few states and actions, however, will result
in sub-optimal solutions. Q-Learning is used to find the charging schedule for EVs, in order
to reduce energy costs to EV owners [81]. Q-Learning is also used in [82] to schedule when to
charge and discharge EVs arriving at a single charging station with an objective of maximizing

revenues from energy for the EV charging station owner.

A whole fleet of EVs are considered by [83], rather than controlling each EV individually, an
approach which reduces the state and action spaces of the Q-Learning problem. An important
advancement of RL is an effective action-value function (or Q-value function) approximator.
The work utilizes the Batch RL algorithm, Fitted Q-Iteration, which uses a set of linear basis
functions to estimate the Q-value function. Fitted Q-Iteration is also used in [84] but with
a kernel-averaging regression function to find the lowest cost charging solution. The authors
in [85] use Fitted Q-Iteration to schedule multiple EVs in order to reduce charging costs. These
papers only consider smart charging or grid-to-vehicle (G2V) (i.e. the EVs are not able to
discharge), therefore limiting the range of services they are able to provide and hence revenues

generated.

The Fitted Q-Iteration RL algorithm can be less scalable and less efficient to train than Deep
RL, which uses deep neural networks [80]. Deep RL is first applied to the EV charging strategy
problem in [86]. With a forecast electricity price generated with a long short-term memory
network (LSTM) and the state of charge of the EV as inputs, a deep Q-network (DQN) algo-
rithm produces a revenue maximizing charging schedule. A DQN was also used to schedule an

EV’s charging in [87]. While the DQN method allows for continuous state space, the action
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space still needs to be discrete. In [88], the authors use a novel Deep Deterministic Policy Gra-
dient (DDPG) technique that they name charging control DDPG (CDDPG). This allows for
continuous state and action spaces, enhancing the optimality of the obtained solution. In [89],
an approach called Safe RL is applied, which is used to solve the problem constructed as a
constrained Markov decision process (CMDP). This is sometimes referred to as 'range anxiety’
and is a pay off between customer satisfaction and revenues earned [86]. This eliminates the
need for a penalty term, which most other papers apply if the desired state of charge is not
reached before the EV departs for the next trip (at the end of the charging session). However,
incorporating Lagrange theorem into the RL policy for CMDP requires knowing the physical

models to be handled, which counters the very essence of the model-free paradigm.

The vast majority of work in this area, including the papers above, only consider minimizing the
energy cost to charge (in the case of G2V) or maximizing the net energy revenue, given by the
difference between energy revenue when discharging minus energy cost when charging (in the
case of V2G), while ensuring EV user requirements for travel are met. These are summarised
in Table 5.1 below, where this service is referred to as energy arbitrage. As discussed, EVs have
substantial potential to provide flexibility in the form of balancing services. The work presented
in [90] considers EVs’ availability to provide balancing services, maximising net revenues for
the EV owner. The Q-Learning technique includes a Q-Table with three actions (to charge,
discharge or provide availability for balancing services) and stores the reward associated with
each of these in a discretized state space from the perspective of a single EV. Here, the actions
are limited and the services (e.g. energy or balancing service provision) do not occur simulta-
neously. In one other work identified that considers EVs providing another service other than
energy arbitrage and solved using RL, the objective is to maximize the performance of EVs in
responding to balancing service signals [91]. This is done by minimizing the difference between
delivered balancing service capacity and the balancing service requirement and is solved using
a Q-Table from the perspective of the aggregator of multiple EVs. In [92], balancing services
are offered, as well as energy arbitrage, but the action space is limited by the Double DQN
approach. Also, only G2V is considered. In this work, we consider multi-service (i.e. simul-

taneous) energy arbitrage and balancing service provision, with V2G and an RL approach -
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Table 5.1: Table of Relevant Works that Use Reinforcement Learning for the EV Scheduling
Problem

Reference Methodology Market Segment Considered Charging Mode
[81] Q-Learning Energy arbitrage G2V
[93] Q-Learning Energy arbitrage G2V
[82] Q-Learning Energy arbitrage V2G
[83] Fitted Q-Iteration (Batch RL) Energy arbitrage G2V
[84] Fitted Q-Iteration (Batch RL) Energy arbitrage G2V
[85] Fitted Q-Iteration (Batch RL) Energy arbitrage G2V
[86] DQN Energy arbitrage V2G
[87] DQN Energy arbitrage V2G
[89] Safe Deep RL Energy arbitrage V2G
[88] CDDPG (Charging DDPG) Energy arbitrage V2G
[94] Continuous SAC Energy arbitrage V2G
[91] Q-Learning Balancing services V2G
[90] Q-Learning Energy arbitrage and balancing services V2G
[92] DDQN (Double DQN) Energy arbitrage and balancing services G2V

This work PPO Energy arbitrage and balancing services V2G

proximal policy optimization (PPO) - that allows for continuous action and state spaces.

An RL approach is very much in line with plans from the Energy System Operator in the
Great Britain, National Grid, to move procurement of FR closer to real time in response to
stakeholder feedback [36]. Doing so would enable the market participation of more distributed
energy resources (including aggregators of EVs), who are not able to accurately forecast their
availability over longer time horizons. Therefore, the real-time scheduling ability of RL has

potential to increase access of flexible resources and reduce overall inefficiencies in the market.

When training the algorithms, the arrival times, departure times and energy used for travel
of the EVs in the above works is often assumed to be a normal distribution around typical
commuting patterns. For example, commuting fleets leave at approximately 8am and return
at approximately 6pm (times which seem to be based on assumptions, not data, such as the
approach adopted in Chapter 4). This is limited in that if the algorithm is trained on such data
and not on real data, it will only be best at predicting charging schedules with similar driving
patterns (although in time it will adapt). Hence, the use of real driving data for fleets in this

chapter contributes to the quality of the results.



5.1. Introduction 95

5.1.2 Motivation and Contributions

This chapter seeks to answer the question, how can fleet operators account for uncertainty
in travel patterns and service prices to schedule EV charging and discharging with V2G in
real-time using machine learning? Based on the review of existing literature on RL-based EVs’
scheduling (Table 5.1), a significant research gap was identified, which drives the motivation of
this chapter: no previous work has comprehensively investigated simultaneous and coordinated
scheduling of energy and balancing services provision of EVs, while at the same time considering
their V2G potential. The papers that lie closest to this objective are [90], which does not allow
simultaneous scheduling of energy and balancing services provision and [92], which does not

consider V2G. To the best of the author’s knowledge, the following contributions are achieved:

e The energy and balancing services provision scheduling problem of an EV with V1G and

V2G capability is formulated as a Markov decision process (MDP).

e A novel Deep RL method is developed to address the formulated problem, namely Prox-

imal Policy Optimisation (PPO).

e This chapter uses real-world commercial EV fleet data from the E-Flex demonstration

project to train and test the examined learning methodologies.

e (Case studies employing this real-world data demonstrate the advantages of the proposed
approach over other state-of-the-art methods (Deep Q-Network and Deep Deterministic

Policy Gradient).

The remaining part of this chapter is organised as follows: Section 5.2 describes the model based
mathematical formulation of the EV charging scheduling problem. In Section 5.3, the problem
is formulated as a Markov decision process, including the state and action space description
and system dynamics. Following this, state of the art Reinforcement Learning methodologies
are discussed in Section 5.4. The inputs and implementation of case studies are outlined in
Section 5.5 and detailed results are presented in Section 5.6. Finally, conclusions are discussed

in Section 5.7.



96 Chapter 5. Real-time Charging Scheduling of Electric Vehicles: Reinforcement Learning

5.2 Model Based Formulation of EV Scheduling Prob-

lem

As explained in Section 5.1.2 and illustrated in Figure 5.1, we focus on the scheduling problem
of EVs with V2G capability that provide both energy and balancing services. This implies that
the EV controller has a dual objective: 1) charge power from the grid during periods with low
energy prices and discharge power to the grid during periods with high energy prices, and 2)
coordinate this energy arbitrage function along with the provision of balancing services, which
yields further revenues. Following the approach adopted in [95], we consider two generic types
of balancing services: a) upward balancing service, implying increase of EV discharging power /
reduction of EV charging power with respect to their baseline level (which is prescribed by their
energy transactions), and b) downward balancing service, implying reduction of EV discharging
power / increase of EV charging power with respect to their baseline level. Going further, and
still following [95], the present modelling approach is limited to trading of the availability of
EVs with V2G to increase / reduce their charging / discharging power, and the utilization
process of such balancing services is not considered. It should be noted that the two above
functions (energy arbitrage and balancing services provision) are naturally related (in contrast
to the assumption of paper [90]), since the available amount of balancing services provided by
the EVs depends on their energy baseline. For instance, if an EV battery is close to empty,
its ability to discharge to provide balancing services is low and hence it would not be able to

participate in such a service.

Based on the previous paragraph, the objective function of the considered EV is formulated
as (5.1) and lies in the maximization of the net revenues of the EV, given by the energy revenues
from discharging energy (first term) minus the energy costs for charging energy (second term)
plus the balancing revenues from providing upward (third term) and downward (fourth term)

balancing services.
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Figure 5.1: Structure of proposed EV smart charging problem

mazximise (Z m(D; — Cy) + BS54 BStdef;de> (5.1)
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Going further, this net revenues’ maximization problem is subject to the following operating

constraints:

D
E,=E,_+ (Cne — =) - At — E" Wit (5.2)
Nd
Emin S Et S EmaJHVt (53)
E, = E"™ (5.4)

0<C < Pome . A, (5.5)



98 Chapter 5. Real-time Charging Scheduling of Electric Vehicles: Reinforcement Learning

0 < D, < ptmaz . A, (5.6)
0 < BS? < (Cy + (P™™* — Dy)) Ay (5.7)
0 < BS™ < ((P“™ — Cy) + Dy) Ay (5.8)
BSup < (Et—l - Emzn)nd (5 9)

b= At '

Emax - Et—l

BSdw < Zmar 71 5.10
t — ncAt ( )

Constraint (5.2) expresses the EV battery’s energy balance, accounting for the energy needed
for traveling purposes as well as charging and discharging losses. Constraint (5.3) represents
the limits of the battery’s energy level, while constraint (5.4) ensures that the energy level upon
departure is equal to a fixed parameter specified by the user and encapsulating its range anxiety.
Constraints (5.5)-(5.6) represent the limits of the charging and discharging power when the EV

is connected to the grid.

Constraints (5.7)-(5.8) express the power-related limits of balancing services provision. Specifi-
cally, constraint (5.7) limits the upward balancing provision of the EV to the sum of its charging
reduction margin (out of the parentheses) and its discharging increase margin (in the paren-
theses), while constraint (5.8) limits the downward balancing provision of the EV to the sum
of its charging increase margin (in the parentheses) and discharging reduction margin (out of
the parentheses). Going further, constraints (5.9)-(5.10) express the energy-related limits of
balancing service provision. Specifically, constraint (5.9) limits the upward balancing provision
of the EV to its energy reduction margin (considering that both charging reduction and dis-
charging increase tend to reduce the energy level of the EV battery), while constraint (5.10)
limits the downward balancing provision of the EV to its energy increase margin (considering
that both charging increase and discharging reduction tend to increase the energy level of the

EV battery). Overall, constraints (5.7)-(5.10) clearly indicate that the provision of balancing



5.3. EV Scheduling Problem as a Markov Decision Process 99

services by the EV is coupled with its energy-related actions, in contrast to the approach of

the previous relevant paper [90].

5.3 EV Scheduling Problem as a Markov Decision Pro-

cess

As the aim is to address the EV scheduling problem described in Section 5.2 through a model-
free RL approach, the starting point lies in reformulating this problem as a Markov Decision
Process (MDP) with discrete time steps. Elements of an MDP include: 1) a state space S,
encapsulating the information that the EV agent observes from its environment, 2) an action
space A, encapsulating the set of actions that the EV agent can take, 3) a transition dynamics
distribution with conditional transition probability p(s;1]|s:, a;), satisfying the Markov property,
e, p(ses1lse, ar) = p(Sevals1,a, ..., Si,a0); 4) areward r: S x A — R; and 5) a discount factor
v € [0,1] that is used to determine the relative importance of future and immediate rewards.
The elements of the MDP in the context of the examined EV scheduling problem are detailed

in the sections below.

5.3.1 State Space

The environment state is defined as a 6-dimensional vector
S = [t,At,Et,Wt,ﬂ'tBsup,WtBde] (511)

which consists of the time step ¢, the availability of the EV (indicating whether the EV is
connected to the grid or not) at time step t, the energy level in the EV battery at the end of
time step ¢, and the energy and balancing prices at time step t. It should be noted that the
time step of departure and the energy level required upon departure are assumed known ahead
of time, while the time step of arrival and the energy level upon arrival are uncertain; the latter

also applies to the energy and balancing prices.
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5.3.2 Action Space

The action of the EV agent at time step t is denoted as a; € [—1, 1], representing the magni-
tude of discharging (negative) or charging (positive) power as a percentage of the maximum

discharging or charging power of the charger, respectively.

5.3.3 System Dynamics

The system dynamics describe how actions are mapped to states. Of the state elements, ¢, A;,
T, 72 and wB5M are all inputs from data, whereas E, is calculated and then used by the
MDP in the next state. In other words, the resultant energy level of the EVs is calculated by
the state transition, given the time to departure and prices of energy and balancing services up

and down. The equations used to determine the energy level for the next state are described

here.

The actual charging / discharging power of EV in (5.12) below is imposed ex-post by the
environment according to the power limits (corresponding to constraints (5.5) and (5.6)) on
the left hand side of the min operator and the energy limits (corresponding to constraint (5.3))

on the right hand side of the min operator.

Ct = nmin (at . At . Pc,max’ (ET”‘;;;A?*H> if Qg Z 0

(5.12)

Dy = min (at L Ay - plmaz, —(E**ﬁmf")”d) if a, <0

The feasible upward and downward balancing service availability in each time step is also
calculated from the action chosen, based on available energy in the battery and maximum
power. This is important, should the balancing service be called on. Equations (5.13) and (5.14)

below relate to the balancing service constraints (5.7) - (5.10).

(5.13)

Ey 1 — Emm
BS;* = min ((Ct + (PP — Dy)) - Ay, (B W)

At
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Emaz — Ey
BS{ = min <(<Pc’mm —Cy) + Dy) - Ay, n—Attl) (5.14)

Finally, the energy level at the end of the current time step, F, is calculated for use in the

next state, as per constraint (5.2) of the model based formulation.

D
E,=FE,_1 + (Cme — n_t) At — B (5.15)

d
It is worth noting that the balancing service availability does not directly affect the next energy
level. This is because it is an availability and the utilization is not considered here. However,
the balancing service availability that is offered is feasible were this service to be called on,

according to equations (5.13) and (5.14).

5.3.4 Reward

The reward is calculated by multiplying the charging or discharging level (i.e. feasible action) by
the price for energy and adding the balancing service availability that is also offered multiplied
by the balancing service price. In order to meet the requirement to be charged at the start of
the next journey, a penalty is applied in the predefined safety period ¢4 prior to departure. If
the state of charge of the battery is far from the required energy level within this safety period
(i.e. before departure) then a penalty applies. Using this technique results in the battery being
charged to the required state, in order to avoid a lower reward in these last two time steps. To

this end, the final reward function for EV agent is designed based on the below two conditions:

( ) m(Dy — Cy) + PP BSY 4 nPSw St _ 1 max (0, Byeg — Ey)?  if t > tg-t,
r{St,a¢) =
m(Dy — Cy) + 7P P BS? 4 pBSdw BGdw otherwise

(5.16)

In the first condition, the penalty term is added. Otherwise in the second condition, the EV
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agent only cares about the business case when plugged into the grid.

5.3.5 Objective

The above MDP process continues for each time step until the episode (i.e., overnight charging
session) ends, the EV agent then computes a trajectory of states, actions, and rewards: 7 =
81,G1,T1, S, ..., 77 over S X A x R — R. The objective is finding an optimal policy 7(al|s) that

maximizes its cumulative discounted reward

R, = thr(st7at), (5.17)

where v € [0, 1) is the discount factor determining the relative importance of future and imme-

diate rewards, and 7" is the time horizon.

5.4 Methodology: Reinforcement Learning

In order to solve the above MDP formulated in Section 5.3, we would like to apply various
RL/DRL methods in this chapter. In general, there are two categories. The first category is
value-based RL method, where the EV agent learns the state or state-action value and acts
according to the highest value in that particular state. Q-learning and Deep Q-Network (DQN)
are two popular value-based RL methods that have been applied to many EV scheduling prob-
lems in the literature. The second category is policy-based RL method, where the EV agent
learns the best stochastic or deterministic policy function by directly sampling policies [96].
Deep deterministic policy gradient (DDPG) and Proximal Policy Optimisation (PPO) two
popular policy-based RL methods that have been applied to many EV scheduling problems
in the literature. The fundamental difference between two categories is that policy-based RL
methods can deal with the continuous action space while the value-based RL methods cannot.
This is very important because the studied EV scheduling problem in this chapter is charac-

terized by continuous domain. The detailed introductions of various RL methods have been
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presented below.

5.4.1 Q-learning and Deep-Q Network (DQN)

Q-Learning [97] is a tabular approach based on temporal difference (TD) learning [98]. It is
assumed that both state and action are in discrete spaces (e.g., S has limited possible states
and A has limited potential actions), the optimal Q-value function Q*(s, a) can be represented

as a table. In observing the current state s;, the optimal action can be selected as:

as =qen Q% (84, a) (5.18)

that means finding the maximum Q-value of the row corresponding to state s;, and returning
the action associated with that Q-value. In Q-learning, a Q-table is used to approximate the
Q-value function Q*(s,a). It first initializes all elements in the table to zero and then updates
one element of the table at a time. Eventually, the Q-table will converge to the optimal Q*(s, a).
In order to update this Q-table, it uses the optimal Bellman equation [96] and can write the

updated Q-table as:

target Q
7\

Ve

Q(st, ar) + Q(s1,ar) + afry +ymax Q(si1, 1) —Q(s1, ar)), (5.19)

at+1

[\ J/

VvV
TD error

where « is the learning rate that governs the Q-table’s updating steps. It important to note
that when using a tabular approach, the Q-value function can be represented as a large two-
dimensional table. That is, there is a separate entry for each discrete state and action. However,
this approach will be very inefficient when solving the task with a large data space, suffering
severely from the curse of dimensionality [80]. It is this very limitation that has made this

particular methodology infeasible to apply to the problem this work examines.

In order to overcome the discrete state space in Q-learning, DQN [80] employs a deep neural
network (DNN) (parameterized by ) as a function approximator to represent the Q-value

function in multi-dimensional continuous state space Q(s;, a;) ~ Qq(s, ay). Specifically, DQN
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learns this Q-value function Qy(s;, a;) corresponding to the optimal policy by minimizing the

loss (i.e., TD error):

‘C(Q) = ]Est,at,?“t,stJrlNR[(Tt +7 %1?:5{ QG’(St—Ha at+1> - Q@(St, at>>2]7 (520)

where Qg () is a target Q-value function whose parameters are periodically updated with
the most recent Qy(-), which can help stabilize the training performance. Another crucial
technique for stabilization in DQN is the use of an experience replay buffer R, which contains
tuples (experiences) (s, as, 74, S¢+1) that the agent interacts with the environment. It is known
that there is a correlation between two consecutive experiences because the state transition is
continuous. If directly taking a batch of experiences in sequence as the training set, the policy
is easy to overfit, since the training samples are not independent [99]. To solve this problem,
we can randomly select a small number of experiences from the buffer R as a batch, which not
only ensures that the training samples are independent and equally distributed, but also makes

the size of each batch small enough to accelerate the training speed [80].

5.4.2 Deep Deterministic Policy Gradient (DDPG)

DDPG is a successful DRL method to deal with high-dimensional and continuous state and
action spaces that features an actor-critic architecture and employs two DNNs with different
purposes [100], aiming to derive directly the deterministic policies s : S — A. The actor
network p, takes as input a state s and implements the policy improvement task, updating
the policy with respect to the estimated Q-value function and outputting a continuous action
a = p15(s). The critic network @y takes as input a state s and an action a and outputs a scalar

estimate of the Q-value function Qg(s, a).

Similarly to DQN, DDPG also incorporates an experience replay buffer R that stores the past
experiences (8¢, at, 7, S¢11) and samples a minibatch of experiences to update the networks.
Furthermore, DDPG introduces target networks for both actor and critic, denoted as puy (s;)

and Qg (8¢, a;), respectively, then adopts soft update that lies in restricting the target values to
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change slowly so as to stabilize the learning process, which can be expressed as ¢’ < v¢+ (1 —
v)¢' and 0 <+ v+ (1 — )@ with the updating rate v < 1. By employing these two techniques
of experience replay buffer and target networks, the parameters 6 of the critic network can be

optimized to minimize the TD error defined as:

L(0) = Eswp“,aw%[(QG(stv a) — yt)2]7 (5.21)

where the target value is:

Yo = 1t +7Qy (8¢11, M¢/(St+1))- (5.22)

According to the deterministic policy gradient theorem [100], the parameters ¢ of the actor
network can be optimized using the gradient ascent algorithm with the computed gradient

defined as:

Vi (1g) = Es,np[Votis(s1)Va, Qo (st, 11s(s1))]- (5.23)

In addition, to aid the agent in thoroughly exploring the environment, we construct an explo-
ration policy i(s;) = pg(s:) + N(0,071) by adding a Gaussian noise N (0,071) to the actor’s

output fi(se).

5.4.3 Proximal Policy Optimisation (PPO)

PPO is an advanced policy gradient (PG) algorithm that can achieve a balance between the
ease of implementation, sampling efficiency, and ease of tuning [101]. In other words, training
a relatively good performance in the vanilla PG algorithm is very challenging, as it is very
sensitive to the learning rate, i.e., a small learning rate takes a long time to make the training
converge, while a large learning rate easily falls into the local optimum. However, PPO can
effectively address the difficulty by constructing a probability ratio between the new and old
policies, and then clipping it within a stable interval. In this case, the PPO policy can be
updated in a trust region. Similar to many PG algorithms, PPO is applicable for modelling

multi-dimensional continuous state and action spaces.
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To model the action characteristics in continuous domain, we generate a set of Gaussian dis-
tributions for the policy network parameterized by ¢ to output the corresponding mean and
standard deviation for all action dimensions, the stochastic policy m,(als) is then sampled for
the optimal action a; in state s;. This stochastic policy can be updated by maximizing its

clipped surrogate objective that considers the restriction of policy update:
LM (¢) = E, [ min(G Ay, clip($, 1 — 6,1+ €)Ay)], (5.24)

where the first term ¢; A, within the operator min{-} indicates the normal policy gradient, while
the second term clip({;, 1 —€,1+ e)flt within the operator min{-} trims the policy gradient by
clipping the probability ratio (¢ between [1 — ¢, 1 + ¢]. The hyperparameter ¢ € [0, 1] is used
to truncate the gradient update of the new policy from the old version. In other words, the
advantage function A, will be clipped if the probability ratio goes beyond the range [1 —¢€, 1+¢].

In PPO policy, the probability ratio (; can be expressed as:

GACHED)
= —, 5.25
= rooalads) 529
In addition, the generalized advantage function A, in (5.24) can be expressed as:
At =0+ Y01 + - F FTH Sy, (5.26)
where 6y = ry + Vi (si401) — Vip(s1), (5.27)

here Vi (s) is the state-value function that can be approximated by a state-value network pa-

rameterized by ).

5.5 Case Studies: Input Data and Implementation

In this section, case studies are presented to demonstrate the performance and effectiveness

of the described PPO method. Several examined scenarios are selected, based on a range of
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Table 5.2: Summary of Case Studies

Markets Considered Charging Mode | Scenario
Baseline / None Dumb Charging 1
B V1G 2a
Hersy V2G 2b
. : V1G 3a
Energy and Balancing Services Vo b

charging modes and electricity markets, reflecting common arrangements found in the literature.
The input data is described, followed by the implementation of the selected PPO algorithm.
This algorithm is then compared to other state-of-the-art methods in Section 5.6, to show its

relative performance.

5.5.1 Case Study Description

The case studies with different charging modes and electricity markets are summarised in
Table 5.2. The first is the dumb charging mode, which is the most simplistic and assumes EVs
return to depot and immediately charge up to the required level for the next day. The energy
market scenarios only consider energy prices, the V1G or smart charging will reduce charging
costs by charging at the cheapest times. With the V2G charging mode, the EVs are able to
perform energy arbitrage by discharging the energy when it is more expensive, then charging up
again when the prices drop. Finally, in the multi-service energy and balancing service market
scenarios, both the energy and the balancing service prices are considered. Here, in V1G mode,
the EVs are only able to bid availability for balancing services when they are able to reduce their
charging. Introducing V2G for this scenario unlocks the potential for EVs not only to perform
energy arbitrage but also to provide much greater levels of balancing service availability. By

combining the two, the scenario becomes profitable.

5.5.2 Input Data

The time horizon, or episode length, is calculated from the time the EV plugs in until 7am,

designed as an overnight charge at depot. The time-steps are in half hourly increments. The
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Figure 5.2: Historical Mean and Standard Deviation Daily Electricity Prices for Input Year

travel data used was that of a commercial maintenance fleet from Innovate UK funded V2G
demonstration project 'E-Flex’, as per Chapters 3 and 4. The fleet of five EVs over 12 months
was considered (the year 2020), in order to capture full season variability. Each EV has a
battery capacity of 40 kWh and each charger has a rated power of 10 kW (i.e. G2V chargers
can charge up to 10 kW and V2G chargers can charge up to 10 kW and discharge up to 10
kW). A time-of-use (TOU) tariff was used, which was based on the wholesale energy prices,
both for buying and selling energy. The daily mean and standard deviation of these prices
are plotted for one year in Figure 5.2. For balancing services, the 2020 Low Frequency Static
product prices from National Grid were used [102]. The daily mean and standard deviation
of these prices for the one year of data used is shown in Figure 5.3. The Electricity Forward
Agreement (EFA) blocks were not used for the FR availability and it was assumed that bids
could be made on a half-hourly basis, close to real time, in the half-hour ahead horizon. This
is to demonstrate the ability of the algorithm to make decisions closer to real time. It is also

in line with the trend of FR markets being closer to real time in the future.
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Figure 5.3: Historical Mean and Standard Deviation Daily Balancing Service Prices for Input
Year

5.5.3 Implementation

A year of data was used to produce a full set of case studies. This data was split into a training
data set of six days a week for a year (312 days), with one randomly selected day a week (52
days total) used as a testing data set. This ensured the testing data set contained a full range
of seasonal variability and type of day of the week, as used in [95]. The single agent trained
on the data from all five EVs, because they are of the same fleet and have the same usage (are
used interchangeably by the drivers). Figure 5.4 shows how the rewards increase as the agent
explored the states to discover policies that result in the highest rewards. One this agent is

well trained, an 'unseen’ test data set is used.

Once trained, the RL agent produced five charging schedules separately (i.e. one for each EV),
with their associated revenue amount. These were then summed here for comparison between
methods and between the theoretical benchmark solution. It should be noted the time it took
to the RL agent to produce these schedules with the PPO algorithm are approximately 0.01
seconds per EV per day. Hence, it is reasonable to use a single agent for a fleet. In order to
meet the requirement for a full charge by the end of the overnight charging session, a penalty

term was applied to the last two half-hourly time steps (i.e. the safety period chosen was 2).
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5.6 Case Studies: Results and Discussion

This Section details the results of the case studies outlined in Section 5.5. First, the different
RL methodologies are applied to Scenario 3b and compared in Section 5.6.1. The proposed
PPO method was then applied to all scenarios and compared to the theoretical benchmark

solution in Section 5.6.2, and the performance of the approach is demonstrated.

All RL methods in this section have been implemented using Tensorflow 1.15 in Python. The
MILP problem was implemented using the Gurobi Optimizer Python environment, with a MIP
gap of 0.1%. The case studies have been carried out on a computer with a 3.6 GHz Intel Core

i7-7820X 8-Core processor and 64 GB of RAM.

It should be noted that other benchmark methods were considered, including scenario-based
stochastic optimisation. However, it was deemed that the results would not be comparable.
This is because many scenarios would need to be generated, based on sampling a normal
distribution of the arrival time and energy consumed per EV. These many scenarios would be
computationally intensive to run and a scenario reduction technique would need to be used.
The resultant data set and scenarios would not be comparable to the real world data set that
this RL model is trained and tested on. The benefit of the theoretical benchmark chosen (i.e.

MILP) is that the same data was used, so as to accurately benchmark the RL results.

5.6.1 Comparison of RL Methods

In this section, two other state-of-the-art methods, DQN and DDPG, are used to compare the
PPO result for Scenario 3b (Energy Arbitrage with Balancing Services with V2G). The training
process used 312 days of travel data from the fleet of five EVs and price data (as described
in Section 5.5). The different learning curves for each of the RL approaches are illustrated in
Figure 5.4 and the mean and standard deviation at different episodes for the RL methods are

given in Table 5.3.

The implementation of the DRL methods is as follows:
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Table 5.3: Mean and Standard Deviation at Different Episodes for Examined RL Methods

Episode

1 100 500 1000 3000
w(£) | -1.45 0.09 51 0.64 0.69
DQN o(£)]0 0.51 0.67 0.62 0.58
w(£) 013 023 04 0.63 0.83
DDPG o(£)]0 0.4 0.52 0.59 0.66
PPO pu(£)]-0.04 -026 045 07 094

o(£)]0 1.08 0.73 074 0.6




112

Chapter 5. Real-time Charging Scheduling of Electric Vehicles: Reinforcement Learning

Table 5.4: Computational Performance of Different RL Methods

Method | Average Number of | Total CPU | Average
CPU time | episodes time (min) CPU time
per episode per EV at
(ms) execution

(ms)

DQN 1108.94 3000 55.45 11.91

DDPG 994.11 3000 49.71 9.93

PPO 65.85 3000 3.29 9.46

Table 5.5: Performance Comparison of Different RL Methods

Fleet Revenue for Test Period of 52 Days (£) | Accuracy
Benchmark | 294.63
PPO 277.28 94.1%
DQN 210.06 70.0%
DDPG 236.05 80.1%

e DQN: This method employs a Deep Neural Network (DNN), with 19 neurons in the out-

put layer. This half-hour-by-half-hour learning procedure cannot meaningfully exploit
information associated with future hours in the state vector. The state vector only in-
cludes information associated with the current time step and the previous time step.
Specifically, it includes the half-hour identified, the energy level of the EV, the energy
price and the balancing service price, resulting in seven neurons in the input layer of the

DNN.

DDPG: Two DNNs are employed for this method, i.e., the online and the target network,
for both actor and critic. The Adam optimizer is employed for learning the neural network
weights with a learning rate 0.001 and 0.01 for the actor and critic, respectively. For the
critic, a discount factor (gamma) of 0.95 is used. Both the actor and critic employ the
rectified linearity units (ReLU) for all hidden layers. This method was trained with a

mini batch size of 1024.

PPO: Two DNNs are employed for this method, i.e., the online and the target network, for
both actor and critic. The Adam optimizer is employed for learning the neural network
weights with a learning rate 0.0001 and 0.001 for the actor and critic, respectively. For

the critic, a discount factor (gamma) of 0.99 is used.
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Figure 5.5: Scenario 3b Cumulative Revenue of Test Data Set for All RL Methods

The cumulative fleet revenues for the 52 test days using all three methods is illustrated in
Figure 5.5. The end result reflects the accuracy percentages reported in Table 5.5. In order
to compare the computational performance, average and overall CPU time for each method,
along with average CPU time per EV at execution, are given in Table 5.4. The PPO method

is significantly faster than the other methods during training.

Figure 5.6 shows how effective the RL agent is at producing a revenue-maximising schedule
for an example test day using the PPO approach. As seen in this schedule, the EV discharges
when the energy price is high and charges when it is low. The upward Frequency Response
price is higher in the period after 12:00, and a higher volume of FR Up availability is shown
to be offered during this period. The theoretical benchmark schedule for the example day
in Figure 5.9, shows a similar schedule but with higher peak charging and discharging levels.
This is due to the fact that policies and actions within them are sampled randomly in the RL
approach, the maximum level of charging for one particular time step is less likely to occur
unless its reward is distinctly higher. Example schedules for the DQN and DDPG approaches

are shown in Figures 5.7 and 5.8, respectively, for comparison.
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Figure 5.6: Scenario 3b Example Schedule: Produced with PPO Method
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Figure 5.7: Scenario 3b Example Schedule: Produced with DQN Method
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Table 5.6: Fleet Revenue for PPO Method Compared to Theoretical Benchmark for All Sce-
narios

llzggenu% Z(I)lzhizﬂljleet of 5, test period of 52 days (£/fleet) % Accuracy of PPO
1| N/A | -17.98 N/A
2a | -16.77 | -17.09 98.13%
2b | 137.47 | 158.68 86.63%
3a | -14.86 | -12.25 78.69%
3b | 277.28 | 294.63 94.11%

5.6.2 All Scenarios Results with PPO Method

The case study results are presented here for the proposed PPO method. The results are com-
pared to the theoretical benchmark solution, obtained using Mixed Integer Linear Programming
(the formulation of which is outlined in Section 5.2). The revenue obtained by the fleet over

the 52-day test data set for each scenario can be found in Table 5.6.

Example charging and discharging schedules produced by the PPO approach for each of the
scenarios as compared to the theoretical benchmark solution are shown below. Scenario 2a,
G2V charging mode with energy market participation only, is compared in Figure 5.10 and
Figure 5.11. As observed, the PPO charging schedule spreads the charging over the period of
low energy prices, as compared to the the theoretical benchmark, which charges in fewer time
periods but at a higher power. This accounts for the difference in cost between the two example

schedules, where the PPO produced a schedule that cost 95% of the theoretical benchmark.

In Scenario 2b, however, charging and discharging is done to a higher power by the PPO
algorithm, but at a slightly earlier time than the theoretical benchmark. This is illustrated
in the difference between Figure 5.12 and Figure 5.13. This is most likely due to the penalty
applied in the final two time-steps of the charging session in the RL approach, if the EV is not
charged to the desired level. For this reason the PPO charged earlier, and produced a schedule,

here, that resulted in 87% of the theoretical benchmark revenues.

Figure 5.14 shows the PPO produced example charging schedule for Scenario 3a, compared to
the theoretical benchmark schedule in Figure 5.15. Here, again, similar to in Scenario 2a, the

charging is spread out over the lowest energy cost periods for the PPO produced schedule.
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Scenario 3b, which is the V2G charging mode with electricity and balancing services markets,
is presented earlier in the Chapter; the PPO example schedule is shown in Figure 5.6 and the
theoretical benchmark is shown in Figure 5.9. In general, the charging in the PPO schedule
is more spread, however, the shape of the charging and discharging (in relation to electricity
prices) is similar. This particular example resulted in the PPO schedule yielding 94% of the

theoretical benchmark revenues.

5.7 Conclusions

This chapter has sought to answer the question of how to manage uncertainties in scheduling
EV charging and discharging while participating in multiple markets. The rest of this thesis
uses approaches that assume travel schedules and prices are known, either by performing anal-
ysis on historical data, or by generating a schedule for the following day given known travel
requirements. In Chapter 4, the effects of uncertain trip lengths and balancing service practices
are explored through a sensitivity analysis. In this chapter, a model-free real-time application
of the multi-service EV charging operation to maximise revenue was successfully implemented,

considering uncertain travel patterns and energy prices.

The scope of the case studies firstly compared the proposed method (PPO) to state-of-the-art
methods (DQN and DDPG) and then to a theoretical benchmark. The shapes of the RL and
theoretical benchmark charging schedules are comparable, as is the cumulative revenue over

the 52 day test period (the RL approach achieving 94.1% of theoretical benchmark revenues).

The case studies applied the proposed method to different examined scenarios or modes of
operation of the EVs in the fleet. This showed the method being applicable where charging
was either one-directional (i.e. V1G or smart charging) or bidirectional (i.e. V2G), as well as
either in one or multiple markets (i.e. energy only or energy and balancing services). In certain
scenarios, the approach produced results that were closer to the theoretical benchmark, such

as smart charging with energy arbitrage only and V2G with energy and balancing services.

The first benefit of the proposed method over conventional optimisation approach includes
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being model-free, meaning the fleet operator need not know the mathematical models and
technical parameters of each EV. Secondly, the uncertainties need not be well captured and
modelled using representative stochastic and dynamic characteristics of the system. Thirdly,
the RL schedules were produced within milliseconds, faster than solving a computationally

intense optimisation considering multiple EVs with stochastic elements.

A limitation of this approach is that it is difficult to extend to incorporate network constraints.
The algorithms used are also more complex than model-based approaches, have not been tested
in practice (or demonstrated in real world applications on real chargers). This means fleet

operators may be less willing to trust and adopt this technology.
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Conclusion and Future Work

6.1 Conclusion

This thesis set out to close gaps in the literature, including the need to quantify potential
revenues for EV users under current and future scenarios, investigate optimal EV operation to
maximise revenues and address the uncertainties in such operation coming from unpredictable
travel patterns and prices. It sought and presented ways to quantify the incentives for EV
fleet operators to operate EVs, to capitalise on a future power system with higher renewable
generation and higher FR prices, and to incorporate uncertainties into implementing charging

schedules in the real world.

After providing some background to the current market framework in Chapter 2, Chapter 3
laid out several foundational mathematical models to quantify the maximum revenue EV fleets
are able to earn under various examined scenarios. Real world data for 12 EV fleets taking part
in GB-based demonstrator project E-Flex were used, along with real electricity and balancing
service market prices. Results of detailed case studies showed that energy tariffs had a large
impact on EV charging costs and that the TOU tariff was not always favourable. The most

lucrative examined scenario was that of V2G, an export tariff and FR provision.

The central scenario from Chapter 3, namely the charging scenario where EV fleets operate in

122
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V2G mode, optimising against the energy price while providing FR services was the scenario

expanded upon in the next chapters of the thesis.

In Chapter 4, both the summer and winter seasons were modelled for the maintenance fleet,
showing the effects of renewable generation on ancillary services prices and fleet revenue. Rev-
enues for the inflexible (i.e. original) trips and the flexible trips across the summer and winter
seasons were first compared using the maintenance fleet to model the four scenarios outlined
in Section 4.2.3. Then, the difference between the maintenance and delivery fleets was inves-
tigated to show how driving patterns affect revenue in this approach. Lastly, some extreme
weather days were analysed to show examples of potential maximum benefit from flexible trips.
This is a way to demonstrate the major differences between fleets and seasons in an extreme
case. The benefit of the flexible trips approach, scheduling charging and trips simultaneously,

resulted in the equivalent additional annual revenues of £729 per EV.

Additional analysis was performed in this chapter to increase the robustness of the approach
and the depth of the insights from the results. Firstly, a method was implemented to reduce
battery cycling, as this is a common topic of discussion in the context of utilising EV batteries
with V2G for service provision. Secondly, two sets of sensitivity analyses were performed on
both the FR price and the traffic related conditions (acknowledging the fact that these factors
had elements of uncertainty). A 25% reduction in FR price resulted in a reduction in revenues
of a similar percentage. A simulated traffic event, leading to an hour’s delay in trip time
resulted in a 7% reduction in revenues. Finally, the equivalent CO, emissions avoided of EV
fleet participation were calculated. These emissions were based on the assumption that the FR
could be provided by the EV fleet instead of a CCGT. In a summer month, a fleet of 5,000 EVs

would avoid one CCGT operating and producing 62,500 kg of CO,.

Whereas in the thesis up to and including Chapter 4 assumed known trip information and
services prices, Chapter 5 answered the question of how to deal with the uncertainties of these
inputs. This is especially important when implementing EV fleet charging and trip scheduling

and potentially implementing the work of this thesis in the real world.

Chapter 5 presents a new, model-free real-time application of the multi-service EV charging
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operation to maximise revenue. It used the state-of-the-art Proximal Policy Optimisation
algorithm, bench-marked against other state-of-the-art approaches (DQN and DDPG) and
compared to the theoretical optimum. When run on a test period of one random day a week
for a year, DQN achieved 70.0% of the theoretical benchmark, while DDPG achieved 80.1%
and the proposed PPO approach was able to achieve 94.1%. Considering the benefits of the
approach, including being model-free (no need for known model and parameters of the physical
system) and accounting for the uncertainties in travel pattern and energy prices, this result is

significant and shows promise for future application.

6.2 Future Work

6.2.1 Market Studies

Much research is needed to ensure that the market framework is aligned with the agenda to
decarbonise the transport and energy systems. Most of this thesis assumes EV are price takers,
and the market prices are not examined. In Chapter 4, future prices are projected based on the
physical reduction in inertia from renewable energy uptake in the GB system leading to higher
operational costs and hence balancing service prices. However, there are other areas where the
value EVs bring, both in terms of cost but also in terms of carbon emission reduction, must
be reflected in the markets. For example, by implementing V2G technology and charging EVs
during times of high renewable energy output, less renewable energy needs to be built in order
to meet renewable energy targets. This also applies to carbon emissions; EVs can reduce the
carbon emissions of the energy sector by ’absorbing’ more low carbon energy and discharging
it to meet demand. Although the carbon market is seen as a way to potentially quantify and
reward these benefits, as discussed in Chapter 3, the carbon market has too low a price at the
moment to impact EV operation. This would be under the assumption EVs could participate
in the market. So, further work is needed in this area to quantify and real value that EVs can
bring to the energy system and to investigate ways to integrate these benefits into the market,

whereby they can be rewarded.
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This leads to the second important need for future work in this area, and that is to investigate
and develop the regulatory framework for EV market participation. For instance, a minimum
of IMW of flexibility is currently needed to participate in most balancing services in GB. For
DSO services, it is closer to 100kW or 0.5MW. If the market is to be competitive and encourage
EV market participation (and hence grant incentives for the electrification of transport), there
needs to be further research into the concerns of TSOs and DSOs in lowering this threshold.

It is anticipated that the control, administrative and security burden of integrating so many

distributed EVs would be difficult.

In the context of markets, future work on the basis of this thesis could include investigating
and quantifying the value from offering other products. Other ancillary services could be
considered, including synthetic inertia provision and reactive power provision, which could
potentially enhance the business case for flexible EV fleets as well as for other demand-side
response assets. Another interesting element is the effect of many EVs on the price for services
(i.e. achieving market saturation). These studies are highly relevant in such a fast changing

market climate.

6.2.2 Operational Enhancement

As new EVs enter the market and the sector continues to decarbonise, future work could include
investigating the effect of battery size on costs for these different scenarios examined throughout
this thesis, as well as higher rated V2G chargers. The effect of various scenarios explored in

this thesis on battery degradation could also be investigated.

None of the capital costs have been investigated here and so future work could incorporate the
cost of capital investment in larger batteries and / or higher rated chargers, and compare this
against the annual cost savings available. As many of these charging strategies involve energy
arbitrage, an investigation into the cost of increased battery cycling compared to the benefit in

reduced costs and revenues earned would also be important.

The number of tariffs used in this thesis has been limited to those provided by trial fleets in
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the data set used, or the Octopus Agile tariffs (calculated using the wholesale energy price).
Future work could examine what an optimal tariff for EVs would look like, so as to incentivise
off-peak charging (to not overburden the network). Also, the effect of utilisation of balancing
services could be investigated, along with potential penalties for not providing the services
when called on. For instance, given the uncertainty of EV arrival times and high penalties for
under-delivery of balancing services, is it worth bidding a lower capacity than your fleet (e.g.

80%), to mitigate this risk?

Given the demonstrated value of optimal trip scheduling for EV fleets in Chapter 4, future work
could develop this value quantification into an operational tool for fleet operators, considering
uncertainties in driving patterns due to external factors such as traffic conditions, as well as
renewable energy output. This will allow for minor adjustments to the schedule in real-time
and considering changing conditions. Also, a wider range of fleet types and use cases, such as
electric taxis or car-sharing fleets, could be considered. Certain fleets will prove more suited
for this scheduling approach, and it will be important to identify them. Assumptions around
fleet operations (e.g. travel windows) could be further investigated and refined, to test whether
a wide range of commercial fleets could benefit. Furthermore, integrating non-commercial
vehicles into the formulation, such as domestic EVs that are unlikely to change travel times
but could provide frequency services when plugged in, would provide a comprehensive view of

the potential system benefits of an electrified transportation sector.

6.2.3 Scale

With reference to all of the studies in the thesis, future work would also aim to investigate
techniques to incorporate a larger number of vehicles. For the work in Chapter 4, this would
need to be without compromising on the speed of reaching an optimal solution for charging

and trip scheduling.

In order to extend the data-driven technique presented in Chapter 5, a multi-agent reinforce-
ment learning technique could be deployed to allow for a fleet with a larger number of EVs.

Other RL algorithms should be tested for suitability in this application.
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Appendix A

Data

The raw data collected as part of the EFlex trial [15] was in the form of GPS data of trips for
each fleet vehicle in each trial fleet. This appendix presents a sample of trip data for the month

of September 2021 for Fleet A.
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Figure A.1: Fleet A Sample Month: Start and End Trip Times
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Figure A.4: Fleet A Sample Month: Availability

Figure A.4 shows a heat map of how many EVs in this fleet are connected every hour during
the month of September 2021. The availability of the whole fleet (i.e. hours connected to the
grid) is 85%. This means the EVs are connected and ready to provide grid services 85% of the

total possible time.



Appendix B

Detailed Results for All Fleets

Here, the annual results tables for all examined scenarios for all fleets are included.
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Table B.1: Fleet B Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

105.17

105.17

(£)

147.53

756.38

3.27

2a: En-

ergy
(V1G)

74.06

74.06

120.74

756.38

10.00

2b: En-

ergy
(V2G)

74.06

74.06

119.13

756.38

0.00

10.00

3a: En-
ergy and
FR (V1G)

73.18

74.06

0.88

116.93

756.38

9.41

3b: En-
ergy and
FR (V2G)

-139.02

74.31

213.33

116.17

756.38

0.00

10.00

4a: En-
ergy and
Carbon
(V1G)

79.49

74.06

5.43

108.58

756.38

10.00

4b: En-
ergy and
Carbon
(V2G)

79.49

74.06

5.43

108.58

756.38

0.00

10.00

H5a: Multi-
Service

(V1G)

78.67

74.06

5.48

0.88

109.69

756.38

0.00

10.00

5b: Multi-
Service

(V2G)

-133.53

74.13

5.49

213.14

109.75

756.38

0.00

10.00
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Appendix B. Detailed Results for All Fleets

Table B.2: Fleet B Annual Results per EV with TOU Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

219.70

219.70

(£)

147.53

756.38

3.27

2a: En-

ergy
(V1G)

173.73

173.73

119.35

756.38

10.00

2b: En-

ergy
(V2G)

166.72

166.72

118.49

946.29

164.25

10.00

3a: En-
ergy and
FR (V1G)

172.99

173.84

0.85

116.21

756.38

9.20

3b: En-
ergy and
FR (V2G)

-45.79

167.39

213.18

116.12

926.04

146.73

10.00

4a: En-
ergy and
Carbon
(V1G)

179.34

173.76

5.58

111.57

756.38

10.00

4b: En-
ergy and
Carbon
(V2G)

171.93

166.76

5.17

103.36

959.19

175.41

10.00

H5a: Multi-
Service

(V1G)

178.68

173.85

5.68

0.85

113.60

756.38

10.00

5b: Multi-
Service

(V2G)

-40.23

167.37

5.49

213.10

109.82

936.86

156.09

10.00
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Table B.3: Fleet B Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 219.70 219.70 - - 147.53 756.38 - 3.27

Charging

2a: En- | 173.73 173.73 - - 119.35 756.38 - 10.00

ergy

(V1G)

2b: En- | -371.28 -371.28 - - 33.83 4126.48 | 2914.79 | 10.00

ergy

(V2G)

3a: En- | 172.99 173.84 - 0.85 116.21 756.38 - 9.20

ergy and

FR (V1G)

3b: En- | -563.01 -366.96 - 196.04 37.32 3913.34 | 2730.45 10.00

ergy and

FR (V2G)

4a: En- | 179.34 173.76 5.58 - 111.57 756.38 - 10.00

ergy and

Carbon

(V1G)

4b: En- | -370.96 -371.12 0.17 - 3.43 4167.54 | 2950.31 10.00

ergy and

Carbon

(V2G)

5a: Multi- | 178.68 173.85 5.68 0.85 113.60 756.38 - 10.00

Service

(V1G)

5b: Multi- | -561.56 -367.11 1.27 195.73 25.51 3949.81 2761.99 | 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.4: Fleet C Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

202.66

202.66

(£)

267.14

1369.31

8.56

2a: En-

ergy
(V1G)

202.66

202.66

237.99

1369.31

10.00

2b: En-

ergy
(V2G)

202.66

202.66

262.94

1369.31

0.00

10.00

3a: En-
ergy and
FR (V1G)

195.99

202.66

6.66

224.01

1369.31

5.00

3b: En-
ergy and
FR (V2G)

85.39

202.66

117.27

240.04

1369.31

0.00

7.50

4a: En-
ergy and
Carbon
(V1G)

212.76

202.66

10.10

202.01

1369.31

10.00

4b: En-
ergy and
Carbon
(V2G)

212.76

202.66

10.10

202.01

1369.31

0.00

10.00

H5a: Multi-
Service

(V1G)

206.75

202.66

10.66

6.56

213.08

1369.31

5.00

5b: Multi-
Service

(V2G)

96.61

202.66

10.93

116.97

218.62

1369.31

0.00

6.18
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Table B.5: Fleet C Annual Results per EV with TOU Import Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 387.07 387.07 - - 267.14 1369.31 - 8.56

Charging

2a: En- | 314.08 314.08 - - 218.48 1369.31 - 10.00

ergy

(V1G)

2b: En- | 308.83 308.83 - - 220.95 1494.65 108.40 10.00

ergy

(V2G)

3a: En- | 312.44 314.56 - 2.12 216.42 1369.31 | - 10.00

ergy and

FR (V1G)

3b: En- | 198.40 309.78 - 111.39 219.08 1483.77 | 98.99 10.00

ergy and

FR (V2G)

4a: En- | 324.63 314.10 10.53 - 210.59 1369.31 | - 10.00

ergy and

Carbon

(V1G)

4b: En- | 319.12 308.85 10.27 - 205.35 1501.46 114.29 10.00

ergy and

Carbon

(V2G)

HSa: Multi- | 323.13 314.59 10.65 2.11 212.93 1369.31 | - 10.00

Service

(V1G)

5b: Multi- | 209.07 309.81 10.55 111.28 211.04 1490.58 104.88 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.6: Fleet C Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

387.07

387.07

(£)

267.14

1369.31

8.56

2a: En-

ergy
(V1G)

314.08

314.08

218.48

1369.31

10.00

2b: En-

ergy
(V2G)

94.76

94.76

190.00

2895.07

1319.62

10.00

3a: En-
ergy and
FR (V1G)

312.44

314.56

2.12

216.42

1369.31

10.00

3b: En-
ergy and
FR (V2G)

-8.02

97.26

105.27

186.92

2837.58

1269.90

10.00

4a: En-
ergy and
Carbon
(V1G)

324.63

314.10

10.53

210.59

1369.31

10.00

4b: En-
ergy and
Carbon
(V2G)

103.17

94.84

8.33

166.54

2905.93

1329.02

10.00

H5a: Multi-
Service

(V1G)

323.13

314.59

10.65

2.11

212.93

1369.31

10.00

5b: Multi-
Service

(V2G)

0.92

96.82

8.80

104.70

176.08

2855.84

1285.69

10.00
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Table B.7: Fleet D Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

79.36

79.36

(£)

120.36

640.23

6.14

2a: En-

ergy
(V1G)

65.86

65.86

102.22

640.23

10.00

2b: En-

ergy
(V2G)

65.86

65.86

102.22

640.23

0.00

10.00

3a: En-
ergy and
FR (V1G)

64.31

67.74

3.42

106.02

640.23

3.44

3b: En-
ergy and
FR (V2G)

-195.34

68.93

264.27

109.55

640.23

0.00

5.00

4a: En-
ergy and
Carbon
(V1G)

70.95

65.88

5.08

101.55

640.23

10.00

4b: En-
ergy and
Carbon
(V2G)

70.95

65.88

5.08

101.55

640.23

0.00

10.00

H5a: Multi-
Service

(V1G)

69.54

67.75

5.21

3.41

104.10

640.23

3.44

5b: Multi-
Service

(V2G)

-189.94

68.79

5.35

264.08

106.92

640.23

0.00

5.00
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Appendix B. Detailed Results for All Fleets

Table B.8: Fleet D Annual Results per EV with TOU Import Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (ke) | (kWh) | (kWh) | (kW)

1: Dumb | 156.14 156.14 - - 120.36 640.23 - 6.14

Charging

2a: En- | 124.30 124.30 - - 104.16 640.23 - 10.00

ergy

(V1G)

2b: En- | 117.37 117.37 - - 101.24 830.49 164.55 10.00

ergy

(V2G)

3a: En- | 124.08 124.42 - 0.35 102.90 640.23 - 10.00

ergy and

FR (V1G)

3b:  En- | -141.34 118.34 - 259.68 101.10 813.57 149.92 10.00

ergy and

FR (V2G)

4a: En- | 129.35 124.31 5.04 - 100.79 640.23 - 10.00

ergy and

Carbon

(V1G)

4b:  En- | 122.04 117.40 4.64 - 92.80 840.49 173.20 10.00

ergy and

Carbon

(V2G)

H5a: Multi- | 129.14 124.43 5.06 0.34 101.15 640.23 - 10.00

Service

(V1G)

5b: Multi- | -136.41 118.30 4.87 259.58 97.28 820.23 155.68 10.00

Service

(V2G)
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Table B.9: Fleet D Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 156.14 156.14 - - 120.36 640.23 - 6.14

Charging

2a: En- | 124.30 124.30 - - 104.16 640.23 - 10.00

ergy

(V1G)

2b: En- | -414.33 -414.33 - - 25.71 4278.08 | 3146.38 | 10.00

ergy

(V2G)

3a: En- | 124.08 124.42 - 0.35 102.90 640.23 - 10.00

ergy and

FR (V1G)

3b: En- | -646.49 -407.66 - 238.83 36.76 3823.03 | 2752.80 | 10.00

ergy and

FR (V2G)

4a: En- | 129.35 124.31 5.04 - 100.79 640.23 - 10.00

ergy and

Carbon

(V1G)

4b: En- | -414.10 -414.13 0.03 - 0.55 4330.08 | 3191.35 10.00

ergy and

Carbon

(V2G)

H5a: Multi- | 129.14 124.43 5.06 0.34 101.15 640.23 - 10.00

Service

(V1G)

5b: Multi- | -644.88 -407.89 1.47 238.47 29.46 3854.39 | 2779.93 | 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.10: Fleet E Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand
(kW)

1:  Dumb
Charging

57.49

57.49

(£)

91.11

464.80

8.74

2a: En-

ergy
(V1G)

45.55

45.55

81.26

464.80

10.00

2b: En-

ergy
(V2G)

45.55

45.55

76.19

464.80

0.00

10.00

3a: En-
ergy and
FR (V1G)

43.05

45.55

2.49

7775

464.80

3.00

3b: En-
ergy and
FR (V2G)

-192.28

45.55

237.84

7775

464.80

0.00

3.00

4a: En-
ergy and
Carbon
(V1G)

49.09

45.55

3.54

70.87

464.80

10.00

4b: En-
ergy and
Carbon
(V2G)

49.09

45.55

3.54

70.87

464.80

0.00

10.00

H5a: Multi-
Service

(V1G)

46.95

45.55

3.89

2.49

7775

464.80

3.00

5b: Multi-
Service

(V2G)

-188.39

45.55

3.89

237.84

7775

464.80

0.00

3.00
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Table B.11: Fleet E Annual Results per EV with TOU Import Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 126.20 126.20 - - 91.11 464.80 - 8.74

Charging

2a: En- | 107.76 107.76 - - 77.06 464.80 - 10.00

ergy

(V1G)

2b: En- | 100.55 100.55 - - 73.24 661.23 169.89 10.00

ergy

(V2G)

3a: En- | 107.37 107.84 - 0.45 75.37 464.80 - 10.00

ergy and

FR (V1G)

3b: En- | -134.60 101.05 - 235.65 74.09 640.97 152.37 10.00

ergy and

FR (V2G)

4a: En- | 111.41 107.77 3.65 - 73.07 464.80 - 10.00

ergy and

Carbon

(V1G)

4b: En- | 103.78 100.57 3.22 - 64.44 674.33 181.22 10.00

ergy and

Carbon

(V2G)

S5a: Multi- | 111.07 107.84 3.69 0.45 73.93 464.80 - 10.00

Service

(V1G)

5b: Multi- | -131.09 101.04 3.49 235.63 69.82 648.57 158.94 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.12: Fleet E Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£ | (ke) | xWh) | (kWh) | (kW)

1: Dumb | 126.20 126.20 - - 91.11 464.80 - 8.74

Charging

2a: En- | 107.76 107.76 - - 77.06 464.80 - 10.00

ergy

(V1G)

2b:  En- | -385.62 -385.62 - - -6.75 3913.49 | 2982.75 | 10.00

ergy

(V2G)

3a: En- | 107.37 107.84 - 0.45 75.37 464.80 - 10.00

ergy and

FR (V1G)

3b:  En- | -596.97 -380.27 - 216.70 4.36 3560.07 | 2677.10 | 10.00

ergy and

FR (V2G)

4a: En- | 111.41 107.77 3.65 - 73.07 464.80 - 10.00

ergy and

Carbon

(V1G)

4b:  En- | -387.08 -385.44 -1.65 - -32.95 3966.57 | 3028.66 | 10.00

ergy and

Carbon

(V2G)

S5a: Multi- | 111.07 107.84 3.69 0.45 73.93 464.80 - 10.00

Service

(V1G)

5b: Multi- | -597.05 -381.06 -0.30 215.71 -5.88 3628.45 | 2736.23 | 10.00

Service

(V2G)
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Table B.13: Fleet F Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

177.53

177.53

(£)

227.37

1199.52

5.82

2a: En-

ergy
(V1G)

177.53

177.53

216.79

1199.52

10.00

2b: En-

ergy
(V2G)

177.53

177.53

228.95

1199.52

0.00

10.00

3a: En-
ergy and
FR (V1G)

171.10

177.53

6.43

187.91

1199.52

2.61

3b: En-
ergy and
FR (V2G)

-134.16

177.53

311.69

204.98

1199.52

0.00

4.29

4a: En-
ergy and
Carbon
(V1G)

185.69

177.53

163.14

1199.52

10.00

4b: En-
ergy and
Carbon
(V2G)

185.69

177.53

8.16

163.14

1199.52

0.00

10.00

H5a: Multi-
Service

(V1G)

180.06

177.53

8.83

6.30

176.63

1199.52

2.61

5b: Multi-
Service

(V2G)

-124.31

177.53

9.60

311.43

192.02

1199.52

0.00

4.48
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Appendix B. Detailed Results for All Fleets

Table B.14: Fleet F Annual Results per EV with TOU Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

350.64

350.64

(£)

227.37

1199.52

5.82

2a: En-

ergy
(V1G)

280.95

280.95

185.71

1199.52

10.00

2b: En-

ergy
(V2G)

273.92

273.92

184.12

1389.54

164.35

10.00

3a: En-
ergy and
FR (V1G)

279.98

281.14

1.16

181.78

1199.52

10.00

3b: En-
ergy and
FR (V2G)

-26.88

275.34

302.21

183.38

1371.19

148.48

10.00

4a: En-
ergy and
Carbon
(V1G)

289.80

280.98

8.83

0.00

176.50

1199.52

10.00

4b: En-
ergy and
Carbon
(V2G)

282.32

273.96

8.37

0.00

167.27

1416.18

187.39

10.00

H5a: Multi-
Service

(V1G)

288.92

281.15

8.92

1.14

178.41

1199.52

10.00

5b: Multi-
Service

(V2G)

-17.99

275.18

8.77

301.94

175.33

1384.83

160.27

10.00
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Table B.15: Fleet F Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£ | (ke) | xWh) | (kWh) | (kW)

1:  Dumb | 350.64 350.64 - - 227.37 1199.52 - 5.82

Charging

2a: En- | 280.95 280.95 - - 185.71 1199.52 - 10.00

ergy

(V1G)

2b:  En- | -358.31 -358.31 - - 104.80 5225.42 | 3482.00 | 10.00

ergy

(V2G)

3a: En- | 279.98 281.14 - 1.16 181.78 1199.52 | - 10.00

ergy and

FR (V1G)

3b:  En- | -625.24 -351.02 - 274.23 119.49 4641.79 | 2977.22 | 10.00

ergy and

FR (V2G)

4a: En- | 289.80 280.98 8.83 - 176.50 1199.52 | - 10.00

ergy and

Carbon

(V1G)

4b:  En- | -354.56 -358.07 3.51 - 70.30 5266.13 | 3517.21 | 10.00

ergy and

Carbon

(V2G)

HSa: Multi- | 288.92 281.15 8.92 1.14 178.41 1199.52 | - 10.00

Service

(V1G)

5b: Multi- | -619.69 -351.48 5.37 273.57 107.37 4657.85 | 2991.11 | 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.16: Fleet G Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

152.64

152.64

(£)

142.23

729.39

2.38

2a: En-

ergy
(V1G)

106.79

106.79

122.20

729.39

10.00

2b: En-

ergy
(V2G)

106.79

106.79

117.46

729.39

0.00

10.00

3a: En-
ergy and
FR (V1G)

102.91

106.79

3.88

119.72

729.39

10.00

3b: En-
ergy and
FR (V2G)

-181.20

106.79

287.99

121.52

729.39

0.00

10.00

4a: En-
ergy and
Carbon
(V1G)

112.21

106.79

5.42

108.45

729.39

10.00

4b: En-
ergy and
Carbon
(V2G)

112.21

106.79

5.42

108.45

729.39

0.00

10.00

H5a: Multi-
Service

(V1G)

108.90

106.79

5.99

3.88

119.72

729.39

10.00

5b: Multi-
Service

(V2G)

-175.12

106.79

6.08

287.99

121.52

729.39

0.00

10.00
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Table B.17: Fleet G Annual Results per EV with TOU Import Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 207.55 207.55 - - 142.23 729.39 - 2.38

Charging

2a: En- | 165.90 165.90 - - 117.88 729.39 - 10.00

ergy

(V1G)

2b: En- | 158.81 158.81 - - 117.77 922.96 167.41 10.00

ergy

(V2G)

3a: En- | 165.25 166.03 - 0.78 115.96 729.39 - 10.00

ergy and

FR (V1G)

3b: En- | -124.66 160.04 - 284.71 119.55 902.70 149.90 10.00

ergy and

FR (V2G)

4a: En- | 171.51 165.92 5.59 0.00 111.75 729.39 - 10.00

ergy and

Carbon

(V1G)

4b: En- | 163.93 158.84 5.09 0.00 101.86 953.50 193.83 10.00

ergy and

Carbon

(V2G)

5a: Multi- | 170.92 166.03 5.66 0.77 113.23 729.39 - 10.00

Service

(V1G)

5b: Multi- | -118.96 159.97 5.58 284.51 111.57 914.03 159.69 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.18: Fleet G Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£ | (ke) | xWh) | (kWh) | (kW)

1:  Dumb | 207.55 207.55 - - 142.23 729.39 - 2.38

Charging

2a: En- | 165.90 165.90 - - 117.88 729.39 - 10.00

ergy

(V1G)

2b:  En- | -449.08 -449.08 - - 26.80 4688.93 | 3424.61 | 10.00

ergy

(V2G)

3a: En- | 165.25 166.03 - 0.78 115.96 729.39 - 10.00

ergy and

FR (V1G)

3b:  En- | -701.81 -442.10 - 259.71 40.86 4174.97 | 2980.08 | 10.00

ergy and

FR (V2G)

4a: En- | 171.51 165.92 5.59 - 111.75 729.39 - 10.00

ergy and

Carbon

(V1G)

4b:  En- | -449.19 -448.88 -0.31 - -6.15 4739.36 | 3468.23 | 10.00

ergy and

Carbon

(V2G)

HSa: Multi- | 170.92 166.03 5.66 0.77 113.23 729.39 - 10.00

Service

(V1G)

5b: Multi- | -700.16 -442.82 1.38 258.73 27.72 4205.51 | 3006.50 | 10.00

Service

(V2G)
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Table B.19: Fleet H Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

61.57

61.57

(£)

58.46

302.80

3.75

2a: En-

ergy
(V1G)

44.05

44.05

50.05

302.80

10.00

2b: En-

ergy
(V2G)

44.05

44.05

47.46

302.80

0.00

10.00

3a: En-
ergy and
FR (V1G)

42.47

44.05

1.58

47.53

302.80

8.87

3b: En-
ergy and
FR (V2G)

-88.76

44.05

132.81

47.42

302.80

0.00

8.87

4a: En-
ergy and
Carbon
(V1G)

46.20

44.05

2.15

43.06

302.80

10.00

4b: En-
ergy and
Carbon
(V2G)

46.20

44.05

2.15

43.06

302.80

0.00

10.00

H5a: Multi-
Service

(V1G)

44.84

44.05

2.37

1.58

47.39

302.80

8.87

5b: Multi-
Service

(V2G)

-86.39

44.05

2.37

132.81

47.40

302.80

0.00

8.87
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Appendix B. Detailed Results for All Fleets

Table B.20: Fleet H Annual Results per EV with TOU Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-

ported
(kWh)

Energy
Ex-

ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

84.62

84.62

(£)

58.46

302.80

3.75

2a: En-

ergy
(V1G)

66.66

66.66

47.17

302.80

10.00

2b: En-

ergy
(V2G)

60.50

60.50

46.12

461.35

137.14

10.00

3a: En-
ergy and
FR (V1G)

66.33

66.77

0.44

46.35

302.80

8.87

3b: En-
ergy and
FR (V2G)

-70.60

60.87

131.47

44.45

449.10

126.54

10.00

4a: En-
ergy and
Carbon
(V1G)

68.90

66.67

2.22

44.52

302.80

10.00

4b: En-
ergy and
Carbon
(V2G)

62.43

60.51

1.92

38.45

465.84

141.02

10.00

H5a: Multi-
Service

(V1G)

68.60

66.77

2.26

0.43

45.19

302.80

10.00

5b: Multi-
Service

(V2G)

-68.49

60.88

2.10

131.46

42.01

453.59

130.42

10.00
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Table B.21: Fleet H Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£ | (ke) | xWh) | (kWh) | (kW)

1:  Dumb | 84.62 84.62 - - 58.46 302.80 - 3.75

Charging

2a: En- | 66.66 66.66 - - 47.17 302.80 - 10.00

ergy

(V1G)

2b:  En- | -178.40 -178.40 - - -4.38 2418.16 | 1829.58 | 10.00

ergy

(V2G)

3a: En- | 66.33 66.77 - 0.44 46.35 302.80 - 8.87

ergy and

FR (V1G)

3b:  En- | -295.11 -175.39 - 119.72 -3.77 2196.72 | 1638.05 | 10.00

ergy and

FR (V2G)

4a: En- | 68.90 66.67 2.22 - 44.52 302.80 - 10.00

ergy and

Carbon

(V1G)

4b: En- | -179.30 -178.30 -0.99 - -19.84 2421.71 1832.65 10.00

ergy and

Carbon

(V2G)

H5a: Multi- | 68.60 66.77 2.26 0.43 45.19 302.80 - 10.00

Service

(V1G)

5b: Multi- | -295.51 -175.43 -0.50 119.59 -9.82 2221.93 | 1659.85 | 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.22: Fleet I Annual Results per EV with Current Import Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (ke) | (kWh) | (kWh) | (kW)

1:  Dumb | 106.38 106.38 - - 148.76 776.77 - 3.84

Charging

2a: En- | 82.80 82.80 - - 129.97 776.77 - 10.00

ergy

(V1G)

2b:  En- | 82.80 82.80 - - 120.95 776.77 0.00 10.00

ergy

(V2G)

3a: En- | 78.64 82.80 - 4.16 122.77 776.77 - 4.12

ergy and

FR (V1G)

3b:  En- | -180.06 82.80 - 262.87 122.72 776.77 0.00 4.12

ergy and

FR (V2G)

4a: En- | 88.28 82.80 5.47 - 109.49 776.77 - 10.00

ergy and

Carbon

(V1G)

4b:  En- | 88.28 82.80 5.47 - 109.49 776.77 0.00 10.00

ergy and

Carbon

(V2G)

HSa: Multi- | 84.77 82.80 6.11 4.15 122.27 776.77 - 4.12

Service

(V1G)

5b: Multi- | -173.93 82.80 6.13 262.86 122.52 776.77 0.00 4.12

Service

(V2G)
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Table B.23: Fleet I Annual Results per EV with TOU Import Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 228.51 228.51 - - 148.76 776.77 - 3.84

Charging

2a: En- | 176.40 176.40 - - 119.55 776.77 - 10.00

ergy

(V1G)

2b: En- | 169.78 169.78 - - 119.25 957.97 156.72 10.00

ergy

(V2G)

3a: En- | 175.70 176.58 - 0.87 116.57 776.77 - 8.83

ergy and

FR (V1G)

3b: En- | -89.56 170.56 - 260.11 120.15 939.32 140.59 10.00

ergy and

FR (V2G)

4a: En- | 182.05 176.42 5.63 - 112.65 776.77 - 10.00

ergy and

Carbon

(V1G)

4b: En- | 175.02 169.83 5.20 - 103.97 984.31 179.50 10.00

ergy and

Carbon

(V2G)

HSa: Multi- | 181.43 176.58 5.71 0.86 114.26 776.77 - 10.00

Service

(V1G)

5b: Multi- | -83.83 170.52 5.64 259.99 112.81 965.65 163.36 10.00

Service

(V2G)




166 Appendix B. Detailed Results for All Fleets

Table B.24: Fleet I Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (keg) (kWh) | (kWh) | (kW)
1: Dumb | 22851 | 22851 - - 148.76 | 776.77 - 3.84

Charging

2a: En- | 176.40 176.40 - - 119.55 776.77 - 10.00

ergy
(V1G)

2b: En- | -363.14 -363.14 - - 36.59 4397.53 | 3131.60 | 10.00

ergy
(V2G)

3a: En- | 175.70 176.58 - 0.87 116.57 776.77 - 8.83
ergy and
FR (V1G)

3b: En- | -597.59 -358.29 - 239.30 42.71 3966.15 2758.49 10.00
ergy and
FR (V2G)

4a; En- | 182.05 176.42 5.63 - 112.65 776.77 - 10.00
ergy and
Carbon
(V1G)

4b: En- | -362.77 -362.95 0.18 - 3.62 4442.49 | 3170.49 | 10.00
ergy and
Carbon
(V2G)

5a: Multi- | 181.43 176.58 5.71 0.86 114.26 776.77 - 10.00
Service

(V1G)

5b: Multi- | -595.85 -358.81 1.55 238.59 30.95 4016.01 2801.61 10.00
Service

(V2G)
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Table B.25: Fleet J Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

182.06

182.06

(£)

244.72

1306.45

10.00

2a: En-

ergy
(V1G)

142.10

142.10

214.96

1306.45

10.00

2b: En-

ergy
(V2G)

142.10

142.10

205.65

1306.45

0.00

10.00

3a: En-
ergy and
FR (V1G)

135.10

142.10

6.99

201.35

1306.45

10.00

3b: En-
ergy and
FR (V2G)

-78.38

142.10

220.48

205.73

1306.45

0.00

10.00

4a: En-
ergy and
Carbon
(V1G)

151.07

142.10

8.97

179.40

1306.45

10.00

4b: En-
ergy and
Carbon
(V2G)

151.07

142.10

8.97

179.40

1306.45

0.00

10.00

H5a: Multi-
Service

(V1G)

145.03

142.10

9.86

6.92

197.32

1306.45

10.00

5b: Multi-
Service

(V2G)

-68.30

142.10

9.99

220.38

199.74

1306.45

0.00

10.00
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Appendix B. Detailed Results for All Fleets

Table B.26: Fleet J Annual Results per EV with TOU Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

362.09

362.09

(£)

244.72

1306.45

10.00

2a: En-

ergy
(V1G)

278.55

278.55

198.40

1306.45

10.00

2b: En-

ergy
(V2G)

272.61

272.61

198.13

1468.85

140.46

10.00

3a: En-
ergy and
FR (V1G)

277.60

278.89

1.29

192.94

1306.45

10.00

3b: En-
ergy and
FR (V2G)

58.58

273.65

215.07

197.06

1453.30

127.00

10.00

4a: En-
ergy and
Carbon
(V1G)

288.02

278.56

9.46

189.19

1306.45

10.00

4b: En-
ergy and
Carbon
(V2G)

281.70

272.62

9.08

181.60

1486.63

155.83

10.00

H5a: Multi-
Service

(V1G)

287.14

278.88

9.53

1.27

190.50

1306.45

10.00

5b: Multi-
Service

(V2G)

68.20

273.58

9.43

214.81

188.53

1471.07

142.38

10.00
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Table B.27: Fleet J Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 362.09 362.09 - - 244.72 1306.45 - 10.00

Charging

2a: En- | 278.55 278.55 - - 198.40 1306.45 - 10.00

ergy

(V1G)

2b: En- | -207.11 -207.11 - - 132.03 4349.77 | 2632.17 | 10.00

ergy

(V2G)

3a: En- | 277.60 278.89 - 1.29 192.94 1306.45 | - 10.00

ergy and

FR (V1G)

3b: En- | -402.62 -202.88 - 199.74 131.27 4069.66 | 2389.90 | 10.00

ergy and

FR (V2G)

4a: En- | 288.02 278.56 9.46 - 189.19 1306.45 | - 10.00

ergy and

Carbon

(V1G)

4b: En- | -202.10 -206.93 4.84 - 96.81 4380.82 | 2659.02 10.00

ergy and

Carbon

(V2G)

S5a: Multi- | 287.14 278.88 9.53 1.27 190.50 1306.45 | - 10.00

Service

(V1G)

5b: Multi- | -396.45 -203.39 5.95 199.00 119.01 4099.36 | 2415.58 | 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.28: Fleet K Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

144.48

144.48

(£)

171.93

860.37

5.01

2a: En-

ergy
(V1G)

88.87

88.87

147.46

860.37

10.00

2b: En-

ergy
(V2G)

88.87

88.87

138.63

860.37

0.00

10.00

3a: En-
ergy and
FR (V1G)

84.40

88.87

4.47

139.92

860.37

2.50

3b: En-
ergy and
FR (V2G)

-29.16

88.87

118.04

139.99

860.37

0.00

2.50

4a: En-
ergy and
Carbon
(V1G)

95.31

88.87

6.44

128.81

860.37

10.00

4b: En-
ergy and
Carbon
(V2G)

95.31

88.87

6.44

128.81

860.37

0.00

10.00

H5a: Multi-
Service

(V1G)

91.39

88.87

6.99

4.47

139.80

860.37

2.50

5b: Multi-
Service

(V2G)

-22.17

88.87

6.99

118.04

139.90

860.37

0.00

2.50
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Table B.29: Fleet K Annual Results per EV with TOU Import Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 253.44 253.44 - - 171.93 860.37 - 5.01

Charging

2a: En- | 201.63 201.63 - - 138.36 860.37 - 10.00

ergy

(V1G)

2b: En- | 19547 195.47 - - 138.89 1018.57 | 136.83 10.00

ergy

(V2G)

3a: En- | 200.58 201.87 - 1.29 134.86 860.37 - 7.01

ergy and

FR (V1G)

3b: En- | 81.20 195.98 - 114.79 136.91 1006.65 126.52 10.00

ergy and

FR (V2G)

4a: En- | 208.20 201.66 6.55 - 130.91 860.37 - 10.00

ergy and

Carbon

(V1G)

4b: En- | 201.73 195.49 6.24 - 124.87 1021.46 139.32 10.00

ergy and

Carbon

(V2G)

HSa: Multi- | 207.23 201.87 6.62 1.26 132.45 860.37 - 10.00

Service

(V1G)

5b: Multi- | 87.81 195.97 6.53 114.69 130.65 1009.54 | 129.01 10.00

Service

(V2G)
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Appendix B. Detailed Results for All Fleets

Table B.30: Fleet K Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£ | (ke) | xWh) | (kWh) | (kW)

1:  Dumb | 253.44 253.44 - - 171.93 860.37 - 5.01

Charging

2a: En- | 201.63 201.63 - - 138.36 860.37 - 10.00

ergy

(V1G)

2b:  En- | -36.99 -36.99 - - 81.32 2708.99 | 1598.87 | 10.00

ergy

(V2G)

3a: En- | 200.58 201.87 - 1.29 134.86 860.37 - 7.01

ergy and

FR (V1G)

3b:  En- | -139.67 -34.55 - 105.13 80.91 2583.19 | 1490.07 | 10.00

ergy and

FR (V2G)

4a: En- | 208.20 201.66 6.55 - 130.91 860.37 - 10.00

ergy and

Carbon

(V1G)

4b:  En- | -33.87 -36.93 3.06 - 61.13 2718.79 | 1607.34 | 10.00

ergy and

Carbon

(V2G)

HSa: Multi- | 207.23 201.87 6.62 1.26 132.45 860.37 - 10.00

Service

(V1G)

5b: Multi- | -135.86 -34.83 3.67 104.70 73.38 2605.58 | 1509.43 | 10.00

Service

(V2G)
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Table B.31: Fleet L Annual Results per EV with Current Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

32.32

32.32

(£)

39.91

218.41

10.00

2a: En-

ergy
(V1G)

32.32

32.32

38.68

218.41

10.00

2b: En-

ergy
(V2G)

32.32

32.32

41.33

218.41

0.00

10.00

3a: En-
ergy and
FR (V1G)

31.17

32.32

1.17

35.75

218.41

3.36

3b: En-
ergy and
FR (V2G)

-241.67

32.32

273.99

38.39

218.41

0.00

10.00

4a: En-
ergy and
Carbon
(V1G)

33.89

32.32

1.57

31.41

218.41

10.00

4b: En-
ergy and
Carbon
(V2G)

33.89

32.32

1.57

31.41

218.41

0.00

10.00

H5a: Multi-
Service

(V1G)

32.87

32.32

1.68

1.15

33.71

218.41

3.36

5b: Multi-
Service

(V2G)

-239.78

32.32

1.86

273.98

37.19

218.41

0.00

10.00
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Appendix B. Detailed Results for All Fleets

Table B.32: Fleet L Annual Results per EV with TOU Import Tariff

Scenario

Total
Cost

(£)

Energy
Cost

(£)

Carbon
Cost

(£)

FR
Rev-
enue

CO,
Emis-
sions

(kg)

Energy
Im-
ported
(kWh)

Energy
Ex-
ported
(kWh)

Peak
De-
mand

(kW)

1:  Dumb
Charging

60.25

60.25

(£)

39.91

218.41

10.00

2a: En-

ergy
(V1G)

49.35

49.35

33.80

218.41

10.00

2b: En-

ergy
(V2G)

42.07

42.07

30.41

418.66

173.20

10.00

3a: En-
ergy and
FR (V1G)

49.19

49.40

0.21

33.41

218.41

10.00

3b: En-
ergy and
FR (V2G)

-229.17

42.42

271.59

30.11

398.41

155.68

10.00

4a: En-
ergy and
Carbon
(V1G)

51.01

49.36

1.63

32.61

218.41

10.00

4b: En-
ergy and
Carbon
(V2G)

43.27

42.09

1.17

23.61

432.77

185.41

10.00

H5a: Multi-
Service

(V1G)

50.85

49.39

1.65

0.21

32.93

218.41

10.00

5b: Multi-
Service

(V2G)

-227.76

42.49

1.37

271.61

27.31

406.00

162.25

10.00
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Table B.33: Fleet L Annual Results per EV with TOU Import Tariff and TOU Export Tariff

Scenario | Total Energy | Carbon | FR COs Energy | Energy | Peak
Cost Cost Cost Rev- Emis- Im- Ex- De-
(£) (£) (£) enue sions ported | ported | mand

(£) (kg) | (kWh) | (kWh) | (kW)

1:  Dumb | 60.25 60.25 - - 39.91 218.41 - 10.00

Charging

2a: En- | 49.35 49.35 - - 33.80 218.41 - 10.00

ergy

(V1G)

2b: En- | -430.87 -430.87 - - -58.28 3706.07 | 3016.49 | 10.00

ergy

(V2G)

3a: En- | 49.19 49.40 - 0.21 33.41 218.41 - 10.00

ergy and

FR (V1G)

3b: En- | -675.25 -424.99 - 250.27 -51.47 3225.76 | 2601.05 10.00

ergy and

FR (V2G)

4a: En- | 51.01 49.36 1.63 - 32.61 218.41 - 10.00

ergy and

Carbon

(V1G)

4b: FEn- | -434.88 -430.68 -4.19 - -83.95 3751.53 | 3055.79 | 10.00

ergy and

Carbon

(V2G)

5a: Multi- | 50.85 49.39 1.65 0.21 32.93 218.41 - 10.00

Service

(V1G)

5b: Multi- | -678.08 -425.46 -2.95 249.67 -59.11 3269.11 2638.55 10.00

Service

(V2G)




