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Abstract

This thesis investigates the impact that home charging of a large private fleet
of electric vehicles would have on the power system.

A large multi-regional travel survey dataset is used to model vehicle use and
charging spatially heterogeneously, and a selection of representative network
models are used to assess the impact of charging on system operation. A
stochastic data-driven model is proposed to model uncontrolled charging of
vehicles, and convex optimisation is used to calculate the optimal smart charg-
ing strategy.

The power system is commonly broken down into the generation, transmis-
sion, and distribution systems. The operation of each of these systems will be
impacted by the addition of EV charging to residential networks. A variety
of objectives have been proposed for smart charging, each of which would
protect the system in a different way. Existing research tends to focus on
a single part of the system, and considers only the smart charging objec-
tive that most benefits that part of the system. Here, the three systems are
modelled simultaneously, and a large range of smart charging objectives are
investigated.

The value of explicit loss minimising smart charging is quantified, compared
to a simpler and more standard load flattening algorithm. These results are
used to propose a novel optimisation formulation which reduces losses without
requiring extensive network information. The value of bi-directional smart
charging is also quantified compared to uni-directional smart charging, in
order to investigate the viability of residential vehicle-to-grid.

It is demonstrated that it is not possible to optimise the transmission level and
distribution level systems simultaneously, and the penalty of only optimising
for one is quantified. A method for finding a compromising solution between
both system levels is proposed, which exploits the sections of the distribution
where components are over-specified.

Two specific case studies are investigated. The majority of the analysis in the
thesis is based on the GB power system, however the Texas system is also
presented as a comparative case study.
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Chapter 1

Introduction

This thesis aims to answer the research question:

As we move towards a 100% penetration of electric vehicles, how will this affect the

steady state operation of the electricity network?

There are two components to this question. First, what would be the impact of uncon-
trolled charging of a large fleet of electric vehicles on the electrical power system? Second,
what would be an appropriate strategy to reduce this impact? This thesis addresses these
questions using stochastic simulations of two case study power systems based on large
datasets. In order to construct these simulations, novel data-driven modelling techniques
and optimisation formulations are proposed.

Globally, transport accounts for 11% of COq emissions [1], however in highly devel-
oped countries the share is even larger; for example, in the UK transport accounted for
33% of COy emissions in 2018 [2]. Therefore, the decarbonisation of transport has been
identified as one of the key objectives that must be met if we are to meet the targets
set out in the Paris Climate Change Agreement [3]. Several alternative fuel vehicles
have been developed that could replace traditional internal combustion engine vehicles,
including biomass vehicles, hydrogen fuel cell vehicles, and electric vehicles (EVs). Of

these technologies, EVs are the most mature — and the only one so far to be widely



commercially available.

Compared to conventional petrol vehicles, EVs reduce emissions in several ways.
Firstly, they do not produce tail-pipe emissions, thereby moving emissions away from
cities (where high levels of pollution have been linked with health concerns [4]). Sec-
ondly, the tank-to-wheel efficiency of EVs is about four times higher than conventional
vehicles [5]. This means that, provided electricity generation is not coal-generated, COs
emissions will be reduced [6]. Finally, while petrol can not be decarbonised, low-carbon
electricity generation is possible — meaning the total emissions attributed to EVs will
reduce as the fuel mix becomes lower carbon.

Government incentives and falling battery prices have triggered a rapid increase of
EV sales in high-income countries; Figure 1.1 shows the number of progression of the
number of plug-in EVs in the UK over the last eight years. As of Q2 2019, there are
217,000 plug in EVs on the roads [7], and this number is forecast to rise to 36,000,000 by
2040 [8]. This transition will significantly reduce carbon emissions. However, the private
vehicle fleet consumes a large amount of energy, so EV charging will add significant load

to the power system, and it is important to understand how this will affect operation.

200 +

100 1

Thousands of Vehicles

2011 2012 2013 2014 2015 2016 2017 2018 2019
Year

Figure 1.1: The number of plug-in electric vehicles in the UK with time.

There are several levels of electrification that are possible for vehicles. At the lowest
level are mild hybrids, which have a small battery that is charged using excess energy
created by the internal combustion engine, resulting in a reduced fuel consumption. Next
comes plug-in hybrids, which have a larger battery that is charged externally, but also
have an internal combustion engine to be used when the battery is empty. Since April

2019, these vehicles are no longer eligible for the UK’s plug-in vehicle grant, following



reports that users were not charging their vehicles — negating the decarbonising benefits
of the technology [9]. Finally, there are fully electric vehicles (often called battery electric
vehicles) which do not have an internal combustion engine, and are powered exclusively
by a large battery. For the remains of this thesis, unless otherwise specified, EV refers to

a fully electric vehicle.

1.1 Context

1.1.1 The Energy Trilemma

The World Energy Council has defined three core dimensions of sustainability for energy
systems: energy security, energy equity, and environmental sustainability [10]. Combin-
ing these three objectives results in an index which is used to assess the sustainability
of an energy system as it undergoes the transition to lower carbon fuels. Energy secu-
rity describes a system’s ability to ensure a supply of electricity throughout the energy
transition, energy equity describes the ability of the system to provide lo cost electricity
to consumers, and environmental sustainability describes the quality of the pathway to
decarbonisation.

Th electrification of vehicles aids in environmental sustainability, but puts strains onto
security of supply; this demonstrates why these dimensions are described as a trilemma.
This affect can already be seen in the council’s rankings of energy systems — the UK
is ranked 4th overall, but only 28th in energy security. This pattern is repeated across
Europe, where many of the countries leading on EV sales have a relatively low rank when
it comes to energy security; Table 1.1 lists a number European countries, ordered by the
percentage of their vehicles sold in 2018 which were pure electric or plug-in hybrid, and
their World Energy Council rankings. This thesis will therefore focus on the impact of
EV charging on the energy security of a power system. Although EV charging will affect

the other two dimensions of sustainability, these are not analysed further in this thesis.



Country EV Sales Overall Rank Energy Security Rank

Norway 49% 11 73
Sweden 8.1% 2 1

Netherlands 5.7% 14 39
Finland 4.8% 5 3

Portugal 3.5% 29 54
Switzerland 3.2% 1 11
United Kingdom 2.5% 4 28
Austria 2.5% 7 18
Belgium 2.5% 24 68
Denmark 2.1% 3 2

France 2.1% 6 27
Germany 2.0% 9 16
Ireland 1.6% 25 96
Hungary 1.5% 19 12
Slovenia 0.91% 12 9

Spain 0.91% 18 36
Italy 0.56% 20 37
Bulgaria 0.55% 41 33
Latvia 0.53% 22 4

Romania 0.47% 26 8

Lithuania 0.44% 36 74
Czech Republic 0.38% 16 10
Estonia 0.36% 30 31
Greece 0.31% 47 99
Slovakia 0.50% 23 26
Poland 0.25% 53 70

Table 1.1: The energy security and overall trilemma ranks of 26 European countries,
ordered by their 2018 EV sales.

1.1.2 Power Systems

Electricity supply is commonly broken down into three stages: generation, transmission,
and distribution [11]. The power generation system’s primary function is to ensure that
there is a national match between supply and demand. At all times there must be a similar
amount of power flowing into and out of the grid; a mismatch in supply and demand will
result in the national frequency deviating from its allowable range, resulting in damage
to steam turbines and over-currents in constant power loads. In order for the system
to operate successfully, national power demand must be forecast and allocated between

producers. Historically, allocating demand meant selecting the traditional generators



that can provide the cheapest power. However, the recent rise in renewable generation
has complicated the task of supply-demand matching, because solar and wind generation
are difficult to forecast and can not be directly controlled [12].

The transmission system transports power from generators to grid supply points
(which each service a portion of the distribution system) using a network of high voltage
transmission lines. Throughout the thesis high, medium, and low voltage are defined
according to ITEC 60038 [13], the ranges of which are displayed in Table 1.2. High voltage
is used for transmission because it results in small currents, and therefore low resistive
losses during transmission. Each line is designed to tolerate a certain maximum current.
Successful operation of the transmission system involves ensuring that the proposed gener-
ation mix does not result in any lines carrying currents above their limit, and maintaining
security of supply in the event of a fault in the network. Typically, transmission networks
are fully meshed, meaning that there are at least two paths connecting each pair of nodes.
Therefore, most systems are designed to be able to operate if any single line failed. In the
UK, the government has set an objective for the system to be 100% operational in the
event of a single failure, referred to as N-1 secure [14]. The generation and transmission
systems are often grouped, as they are both concerned with operation at a national level

and are governed by the transmission system operator (TSO).

Voltage Level Rating
Low Voltage <1kV
Medium Voltage 1 — 35 kV
High Voltage > 35 kV

Table 1.2: Voltage classifications used in this thesis.

The distribution system connects homes to their nearest grid supply point using a
large number of low and medium voltage circuits. Low voltage residential networks
service a small number of households, each of which are typically connected as a single
phase load. These networks are connected to the medium voltage system using 3-phase
transformers, and nodes are connected using either underground or overhead cables. The

topology of networks varies [15] — for example the US favours radial networks, while



European networks tend to be more meshed. Successful operation of the distribution
network involves ensuring that the system is operating in a safe region, and that the
power quality delivered to loads remains acceptable. Power quality encompasses both
the bounds on magnitude and the harmonics of the AC signal.

In terms of increasing load in distribution networks, both the voltage and thermal
limits in the network are of concern. Voltage limits refer to the bounds on the voltage
supplied to households that ensure household device safety. Thermal limits occur when
the current through a component results in a temperature that would damage it. Both
the transformer and the cables in a network have thermal limits. However, it is shown in
Appendix A that, for low voltage distribution network cables, under-voltages will typically
occur before the line reaches its thermal limit. Therefore, thermal limits of the lines are
not considered further here; thermal limit is assumed to refer only to the transformer.

Each transformer that connects a residential network to the higher-voltage grid (often
called a distribution transformer) is rated to a certain maximum demand. Once the
power through the transformer exceeds this value it is deemed to be overloaded, which
may result in degradation of the insulating layers in the core, and therefore a reduced
lifespan. The operation and maintenance of these circuits is carried out by a distribution
network operator (DNO). Typically the distribution network is split into discrete sections
which are each managed by a separate entity.

A summary of the impacts to each subsystem that are considered in this thesis is
presented in Figure 1.2. For the generation system, the national peak demand is likely
to increase, which could violate the system’s supply constraints — meaning that, even
with the maximum possible power generation, the demand could not be met. This would
necessitate installing additional generation capacity, which is an expensive and inefficient
solution — as the additional capacity would likely only be used for a small portion of the
day. A change in the national demand profile would also affect the mix of fuels that are
used, especially if charging occurs at times when renewable generation is not available.

While the generation system is concerned only with the aggregate load, the impact

on the transmission and distribution systems will depend on the locations of the addi-
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Figure 1.2: The impacts to the power system of additional load from EV charging con-
sidered in this thesis.

tional loads. The worst case scenario for the transmission system occurs when the EV
load is concentrated in areas far away from the generation, requiring the high voltage
transmission lines to carry significantly increased loads. Each line is rated to a maximum
load, and if this is exceeded the line would have to be upgraded. Additionally, increased
currents in high-voltage transmission lines result in additional system losses which would
have to be accounted for. It should be noted that the effect of EV charging on voltages in
the transmission system has not been considered, as these are routinely managed using
tap-changes. The transmission system is designed be able to operate after the failure of
a single component. Therefore, these metrics need to be investigated under both normal
operation and in the N-1 case. If there are violations in the latter case, then the security
of supply will have been impacted.

The worst case scenario for the distribution network is where many EVs charge simul-
taneously in a single residential network. The large individual loads will increase resistive
losses, causing the voltage at nodes further down the network to drop. Additionally, the
large aggregated load may cause the peak demand in the residential network to violate
the transformer’s thermal limit. Violation of either of these limits would necessitate

reconfiguration or upgrades to the network.

1.1.3 Electric Vehicle Charging Infrastructure

The infrastructure used will influence the impact that EV charging has on the system.

This is because the style of charger dictates the size of the load and its position in the
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network. The different types of charger available in the UK at the time of writing are

described in Table 1.3, using the speed definitions from [16].

Speed Power (kW) Mode Connector Charging Time*

Slow 3.5 AC  Type 1/Type 2 8 hrs

Fast 7 AC  Type 1/Type 2 4 hrs

Fast 22 AC Type 2 80 mins
Rapid 43 AC Type 2 35 mins
Rapid 50 DC CHAdeMO 30 mins
Rapid 50 DC CCS 30 mins
Rapid 120 DC Type 2 12.5 mins

Table 1.3: A description of the types of charger currently available in the UK. *Approx-
imate time taken to charge a 30 kWh battery from 0-80%.

The connector on a charge point restricts the vehicles that can use it; Type 1 connec-
tors are standard in the US, and Type 2 connectors are standard in Europe; CCS chargers
fit BMW and VW vehicles, while CHAdeMO chargers fit the other mainstream models;
only Tesla vehicles can use the 120 kW rapid chargers. The speed (and hence power
rating) of a charger dictates where in the network it can be positioned. Slow and fast
chargers can be installed into low voltage residential networks (although 22 kW chargers
have to be wired to all three phases), while rapid chargers need to be connected to the
medium voltage network.

There are four broad locations where charge points are installed: service stations,
shopping centres, work places, and residential areas [17]. With the exception of service
station charge points, charger locations are chosen to maximise convenience, allowing
users to charge without disrupting their normal routine. Figure 1.3 shows the percentage
of the UK fleet that is parked at home, work, or shopping car parks throughout a normal
weekday. Home and work are the most dominant location for vehicles to be parked,
suggesting that these locations would be the most convenient to charge. Note that this
figure does not show the percentage of vehicles that visited the shops, just those that are
there at any one time; parking duration at shopping centres is likely to be significantly
shorter than that at work places. While there are public charging points installed in

residential areas, many users choose to install their own private charge point outside
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their home. This guarantees charging availability, and likely reduces the users’ charging

costs.
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Figure 1.3: The percentage of the UK private vehicle fleet at common locations through-
out a weekday.

Each charging location presents different challenges to the power system, depending
on the position of the chargers in the network and the way that they are operated. Rapid
chargers represent very large loads, so national supply-demand balancing problems may
occur if a large number of vehicles begin charging at once. However, they are connected
to a higher voltage network, which is designed to tolerate larger loads, so local problems
are unlikely. On the other hand, slow chargers are less likely to cause problems for the
transmission network, but are typically placed in low voltage networks, which were not
designed to support loads of this size. Table 1.4 compares the load of a residential EV
charger to other modern household appliances. Even the slowest rated EV charger has
a higher power rating than the upper limit of the other devices listed. Additionally, the
existing large loads (microwaves and kettles) are appliances that are only used for several
minutes, meaning it is unlikely that a large number of them will be on at the same time
in a network. Whereas, EV chargers are on for hours at a time, making the probability
of an overlap between charger loads on the same network much more likely.

Typically, once a charge has been started, EV batteries are charged using a constant
current, constant voltage (CC-CV) profile. This involves a period of charging at maximum
current, followed by a period of charging at decreasing current but maintaining a constant

voltage. Battery manufacturers recommend this cycle to minimise charging time given
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Appliance Min Power (W) Max Power (W)

Single lightbulb 12 60
LCD television 20 150
Refrigerator 100 200
Microwave 850 1 800
Kettle 1 500 3 000
Residential EV charger 3 500 22 000

Table 1.4: A selection of typical modern household appliance loads, compared with EV
charging loads.

a particular current and voltage limit [18]. Although this is regarded as the optimal
profile, other charging profiles are considered safe, provided they stay below a 1C rate
(the current that would charge the battery in an hour).

In terms of power, CC-CV results in the charger operating at approximately rated
power until the battery is around 80% charged, after which the power consumed decays
exponentially (e.g. [19]). There are losses in the charger, which mean that more power is
drawn from the grid than delivered to the battery. Note that the charger efficiency drops
as the power decreases [20], so near the end of charging there may still be significant load

drawn from the grid.

1.1.4 Smart Charging

EV charging is a flexible demand; it does not matter to users when exactly their vehicle
is charging, provided it has accrued sufficient charge by the time they next need it. This
makes EVs’ charging a good candidate for providing demand response, where loads are
reduced or increased in order to protect the power system operation. The practice of
co-ordinating EV charging to improve system operation is typically referred to as smart
charging.

It is expected that smart charging will play a role in the successful integration of
EV charging into the system; the UK government now requires EV chargers to be ‘smart
enabled’ in order to receive a government subsidy [21]. Charging load can be manipulated
by either shifting the load in time (i.e. delaying charging until off-peak) or by scaling the

power of the individual charging loads. The amount by which charging can be shifted

13



therefore depends on the total energy demand of the EV, the time it is available to charge,
and the rating of the charger. Domestic charging offers the greatest flexibility compared
to other charging locations, as vehicles remain parked at home for the majority of the
day. On the other hand, users of public charge points are only parked at the charge point
for a short time, and extending the charging duration may prevent others from using the
charger.

There have been some trials of EV domestic smart charging, most notably FElectric
Nation which investigated 673 EV users’ response to having their charging controlled
in return for financial incentives [22]. However, no market platform currently exists
that allows users to charge their vehicles smartly. This means that, while it is possible
to start chargers on a timer so that charging begins off-peak, there is no wide-spread
financial reward for doing this, and no coordinator to determine the optimal charging of
vehicles. Therefore, the way that the flexibility of EV charging will be used has yet to be
determined; this decision will affect the impact that charging has on the power system.

From the power system’s perspective there are several ways smart charging could be
used. At the transmission level system, smart charging could be used to keep the national
peak demand as low as possible, thereby minimising the amount of generation capacity
required to ensure supply (e.g. [23]). Alternatively, charging could be shifted in order to
make the best use of renewable generation, optimising the fuel mix (e.g. [24]). If real-time
control of vehicles were possible, EV charging could be increased or decreased in order
to maintain stability of the national frequency.

At the distribution level, smart charging could be used to protect components and
therefore postpone required upgrades. This could either be done by reducing the total
demand through the secondary transformer (e.g. [25]), or by reducing losses in the network
(e.g. [26]) — thereby protecting the cables and reducing voltage drops.

In recent years there has been interest in making smart chargers bi-directional, so
that they can send power back to the grid — or provide vehicle-to-grid (V2G) services.
For example, the vehicle could inject power into the system if the frequency became too

low. The main interest in these has been for DC rapid V2G chargers, but there have also
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been AC fast V2G chargers developed.

Once the desired co-ordination of EV charging has been decided, users need to be
incentivised to participate. Electricity suppliers buy power in the whole-sale electricity
market, and prices are higher at off peak times. This means that shifting demand to off-
peak saves the supplier money, but consumers typically pay a flat rate to the supplier, so
they receive none of this saving. In Flectric Nation consumers were retrospectively reim-
bursed when their EV’s charging was controlled, so this is one possibility. A potentially
more lucrative scenario is where EVs act as service providers and bid for up/down balanc-
ing or frequency reserve contracts. However, currently these contracts are only available
to very large loads, so it is difficult to say how financially viable this option would be in a
reformed electricity market. In order to understand the value that smart charging would
generate, it is necessary to understand the costs associated with EV charging both with

and without co-ordination.

1.2 Scope

This thesis will focus only on domestic charging, and investigates the scenario where the
majority of vehicles’ charging occurs at home. This is consistent with the behaviour of
the early adopters, as it is estimated that 87% of charging is currently happening at the
owners’ homes [27]. The assumption of mass home charging sometimes receives criticism
due to the 43% of households that do not have access to off-street parking [28]. While
it is currently only possible to install residential vehicle chargers outside households with
a private parking spot, here the assumption of mass home charging is defended for the
following reasons. First, the 43% figure takes no account of vehicle ownership — many
of the households that do not have off-street parking do not own a vehicle. Second,
public chargers are sometimes installed into parking bays in residential networks, and
charging using these can be modelled in the same way as home charging. Third, that
lamp post chargers and extension leads allowable similar (although less desirable) charging

opportunities outside of users’ homes.

15



It is clear that the impact that EV charging will have on the power system will depend
on the number of EVs using the infrastructure. Two scenarios for EV propagation are
considered in this research. The first focuses on a 100% penetration scenario, where the
total number of private vehicles remains the same, but they are all fully electrified. It
is useful to consider the 100% scenario because it represents the upper bound of the
possible EV charging load. However, EVs are likely to become prevalent in some areas
much earlier than others, and it would be useful to know which areas of the system need
to be prioritised when it comes to reinforcements. Therefore, a 2030 scenario is also
considered, where the total number of private vehicles still remains the same, but the
percentage of those that are electric is extrapolated for each region.

Both scenarios assume no change in driving behaviour or vehicle ownership compared
to current vehicle use. While some research assumes that electrification will change travel
patterns, this is normally to incorporate the use of charging infrastructure, which would
not be necessary with mass home charging. The effects of autonomous vehicles, and
mobility-as-a-service have also not been incorporated. Either of these changes would
drastically alter the fleet behaviour and energy consumption, introducing a large number
of modelling parameters that would be difficult to choose meaningfully. Therefore, this
analysis is outside of the scope of this research.

Here the only change assumed to domestic electricity demand is the addition of elec-
tric vehicle charging. This means that the electrification of heating and the increase in
embedded generation are out of the scope of this research. It should be noted that some
electric heating and solar generation are included in the power demand data, but an
increase in the penetration of these technologies is not considered.

This thesis only investigates the system under steady state normal operation. This
means that the effects on harmonic distortion and fault levels are considered outside of
scope, as they require faster dynamic models.

This thesis focuses on the impact of EV charging purely from the network’s per-
spective. This means that costs and benefits of charging to EV owners, aggregators,

and policy makers are not considered. Furthermore, in the smart charging scenarios
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the optimal charging is calculated using optimisation with perfect knowledge of the EV
and existing electricity demand. Once the co-ordination strategy has been chosen for
smart charging, research will need to be done to develop a mechanism by which EVs are

controlled and rewarded.

1.3 Case Studies

In order to address the identified research question, this thesis will use two specific power

systems as case studies. Here, a brief background to each system is provided.

Great Britain (GB) The first case study, which the majority of the results will focus
on, is the GB power system. This was chosen because of the large amount of additional
information available to UK research institutions, allowing a more detailed analysis to be
carried out. The GB grid covers England, Wales, and Scotland, and runs at a frequency
of 50 Hz. It is connected via undersea interconnections to France, Ireland, the Isle of
Man, and the Netherlands. The transmission system is operated by National Grid PLC.
The distribution system operation is split into 14 licenses, which are held by a total of
six companies.

Relative to comparable countries, the UK has been a faster adopter of EVs; the
government has subsidised the purchase of new EVs since 2011, and has committed to
ban petrol and diesel vehicle sales by 2040. In 2018, 2.5% of vehicles sold in the UK were
plug in electric vehicles [7]. In general, private vehicle use is relatively high; there are
0.58 registered vehicles per capita. However these are very unevenly distributed — 22%
of households do not have access to a vehicle, while 42% have more than one [29].

Domestic electricity use in the UK is comparatively low when compared to other
developed countries. The largest single uses of domestic electricity and lighting (19%) and
heating (17%) [30]. This means that the electricity demand is largest in the winter, when
the temperatures are coldest and the daylight hours are shortest. The last decade has seen
a reduction in electricity demand due to improvements in device efficiency. However, 87%

of dwellings are currently connected to the gas network as well as the electricity network,
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and the majority of these use gas as their primary source of heating [31]. This means

that, as heating is decarbonised, GB is likely to see an increase in electricity demand.

Texas, US A second case study of Texas, US is used, to demonstrate how the results
presented may change for other systems. This case study is not analysed as extensively,
because not all of the required data was available. However, Texas was chosen for the
case study due to a relatively large amount of public access data being available. Texas
is one of the only US states whose grid is managed independently (the North American
grid is split into nine operating regions). The Texan grid is operated by the Electric
Reliability Council of Texas (ERCOT). The system has two connections to the Eastern
grid, and one to Mexico.

Texas does provide an EV incentive program which adds to the US federal tax credits
available [32], however EV penetration remains comparatively low; in 2018, 0.58% of
vehicles sold were electric [33]. Vehicle ownership is very high, with 0.797 registered
vehicles per capita (this is actually below the US average) and only 5.5% of households
do not have access to a vehicle.

Texas is the largest electricity consumer out of the US States, and has been since at
least 1960 (when records began) [34]. The hotter temperatures mean air conditioning
makes up 18% of electricity demand, and therefore the demand is largest in the summer
months [35]. Unlike GB, in Texas 60.5% of homes already use electricity for heating [36].
Given that electric heaters are large individual loads, this suggests that the Texan grid
may be built to withstand larger loads. It also means that a transition away from gas

heating would not result in as significant an increase in electricity demand.

1.4 Thesis Contributions & Associated Publications

Specifically, this thesis makes the following contributions to the existing literature.

1. Vehicle load is modelled as spatially heterogemeous. Previously, when the impact
of vehicle charging was modelled on a large system a spatially homogenous fleet

of EVs was assumed. In reality travel behaviour varies regionally, so making this
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assumption has a smoothing effect on the charging load, and risks underestimating
the impact on the network. Here raw travel survey data is used that is broken
down according to local authority level — allowing the variation in vehicle use to be

accurately captured.

2. A stochastic model is proposed for uncontrolled charging which incorporates vari-
ability in both vehicle use and charging behaviour. The stochastic models for uncon-
trolled charging present in the literature either incorporate uncertainty into charging
behaviour or vehicle use, but not both. This means that these models can not be
applied to a non-homogenous set of vehicle use to produce meaningful results. In
this thesis a model is developed which incorporates variability into both, allowing

uncontrolled charging of a varied group of vehicles to be more accurately modelled.

3. The action of various smart charging objectives are qualitatively compared, using
realistic stochastic simulations of residential charging. While a variety of objectives
for smart charging have been proposed in the literature, their action has not be
compared in simulations representative of domestic EV charging. Specifically, this
thesis investigates the benefits and costs of load flattening and loss minimising ob-
jectives for protecting the local distribution network, and the case for bi-directional

charging in low voltage networks.

4. The conflicts between the optimal charging scenarios of the transmission level and
distribution level systems is investigated. The case for smart charging has predom-
inately been discussed in respect to individual parts of the network in isolation.
However, it is not possible to simultaneously optimise charging for all parts of the
network simultaneously. Specifically there is likely to be a conflict between protect-
ing local network components and optimising the system nationally. In this thesis,
the scale of this conflict is quantified, and the degree to which compromise can be

achieved is investigated.

Several papers have been published based off the content in this thesis. The table below

lists these papers, along with the section of the thesis and contribution that they corre-
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spond to.

Paper Thesis Section Cont.

C. Crozier, M. Deakin, T. Morstyn & M. McCulloch Section 6.3.2 3
(2019), The Case for Bi-directional Charging of Electric

Vehicles in Low Voltage Distribution Networks, Applied

Energy

C. Crozier, D. Apostolopoulou & M. McCulloch (2018), Section 5.1.1 1
Mitigating the impact of personal vehicle electrification:
A power generation perspective, Enerqy Policy

C. Crozier, M. Deakin, T. Morstyn & M. McCulloch Section 4.3.2 4
(2019), Incorporating Charger Efficiency into Electric

Vehicle Charging Optimization, Proceedings of Innovation
in Smart Grid Technologies (ISGT) Europe

C. Crozier, D. Apostolopoulou & M. McCulloch (2018), Section 3.2 1
Numerical analysis of national travel data to assess the

impact of UK fleet electrification, Proceedings of the 20th

Power Systems Computation Conference (PSCC)

C. Crozier, D. Apostolopoulou & M. McCulloch (2018), Section 3.1.2 2
Clustering of usage profiles for electric vehicle behaviour

analysis, Proceedings of Innovation in Smart Grid

Technologies (ISGT) Europe

In addition, the following papers are under review:

Paper Thesis Section Cont.

C. Crozier, T. Morstyn & M. McCulloch (Under Review), Section 4.1.2 2
A stochastic model for uncontrolled charging of electric

vehicles using cluster analysis, IEEE Transactions on

Transport Electrification

C. Crozier, M. Deakin, T. Morstyn & M. McCulloch Section 4.3.1 3
(Under Review), Controlled charging with Reduced
Network Information, IET Smart Grid

C. Crozier, T. Morstyn & M. McCulloch (Under Review), Chapter 7 4
The Impact of Domestic Electric Vehicle Charging on the
GB Power System, Applied Energy
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1.5 Thesis Structure

The remainder of this thesis is structured as follows. In order to contextualise the contri-
butions of this thesis, a review of the existing literature is presented in Chapter 2. The
impact of EVs will depend strongly on how the vehicles are used, so Chapter 3 discusses
and proposes methodology for modelling EV vehicle use. This includes a novel method
of predicting electricity consumption using conventional vehicle data, and clustering of
vehicle usage. The timing of vehicle charging will also have a large effect on the impact
on the power system, so Chapter 4 outlines methodology for modelling vehicle charging.
Two sections are included: one proposing a stochastic model for the uncontrolled charg-
ing of vehicles, the other setting up formal optimisation problems which compute the
optimal smart charging strategy.

The impact of EV charging on the transmission level and distribution level power sys-
tems is likely to be significantly different. Therefore, Chapter 5 investigates the impacts
and mitigations of charging on the generation and transmission systems, while Chapter
6 does the same for the distribution system. In each case both the uncontrolled charging
scenario, and the optimal controlled charging is investigated — for both the 2030 and
100% EV scenarios. The main findings from these chapters use the GB system, but in
each case a section is included comparing the results for the Texas system. Chapter 7
then investigates the conflict between the optimal scenarios for the transmission and dis-
tribution systems, and evaluates the feasibility of finding a solution that is near-optimal
for both systems.

Finally, Chapter 8 concludes the thesis. Appendix A contains the reasoning for disre-
garding thermal limits of lines from the analysis. A full description of the test networks

used in the analysis is also presented in Appendix B.
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Chapter 2

Literature Review

The impact of EV charging on power systems was considered as early as 1983 [37], and
there is now a large amount of existing literature covering this topic. In this chapter, the
existing research and modelling methodologies are explored. First, the existing literature
is structured according to the level of EV control and system fidelity considered. Second,
the modelling methodologies and charging strategies that have been previously proposed

are discussed. Finally, the identified gaps in the literature is described.

2.1 Overview

Here previous electric vehicle modelling studies are classified according to the level of EV
control and the fidelity with which the impact on the system is modelled. For both of
these metrics several categories are defined, such that each study falls into at least one.

The categories considered are explained briefly below.

Level of Control This determines the extent to which vehicle charging is shifted in
order to improve the system operation (or the complexity of the smart charging strategy).

The levels considered (from lowest to highest control) are as follows:

1. Uncontrolled: EVs charge without intervention.

2. Centralised Control: One central actor has direct control over the charging of a

group of EVs.
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3. Decentralised control: Each EV’s charging is optimised individually to suit the
owner’s preferences in the presence of a price signal. Although a central controller
may be able to change the price signal, they do not have control of how the vehicles

will respond to it.

System Impact Fidelity This describes the aspect of the power system operation
that is investigated. In general, when a smaller number of aggregated vehicles are being
considered, higher fidelity modelling is required. The levels considered here are listed

below, in order of complexity.

1. No Impact: The paper includes only a methodology.

2. National Energy: The total energy demand of an EV fleet is estimated.

3. National Power: The aggregated power demand profile of a fleet of charging EVs is

estimated.

4. Distribution Loading Case Study: Loading of an example network with EV charging

is modelled, and the impact on the transformer is investigated.

5. Distribution Power Flow Case Study: Power flow analysis of an example network
with EV charging demand added, allowing the impact on losses and voltages to be

investigated.

6. Transmission Operation: The impact of EV charging on a transmission system,

taking into account geographic variation in travel behaviour and electricity use.

7. Distribution Operation: The effect of EV charging on a distribution system, taking

into account geographic variation in travel behaviour, electricity use, and circuitry.

The reviewed literature can be visualised according to these breakdowns in Figure 2.1,
where the size of the markers is proportional to the number of papers which fall into that
category. The red markers show the percentage of the papers which include stochasticity.

For uncontrolled charging papers, this means capturing the likely variability in vehicle
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usage and/or charging. For controlled charging papers, this means the optimal solution
can be found even if the problem constraints are not known with certainty.

Note that some papers contribute to more than one area, for example many papers
compare the action of controlled and uncontrolled charging on the system; in these cases
the papers are accounted for twice on the graph. The groups of existing research are
described with more detail in the remains of this section, in order of increasing modelling

fidelity.
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Figure 2.1: A visualisation of the literature.

No Impact These are papers that do not include any network simulations or case
studies, but contain only methodological contributions. The majority of these propose
methodologies for control of EV charging [38-53]. The breadth of this field is due to
the large number of possible objectives and potential implementations, which are further
broken down and described in Section 2.3. Some papers propose basic frameworks that
allow EVs to provide V2G services by direct market participation [54], or acting as part of

virtual power plants [55]. Another large group of papers propose methods for modelling
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uncontrolled EV charging [53,56-66]. This group in particular is dominated by newer
research, as the availability of batery data has allowed charging to be more accurately
modelled. These methods, along with other modelling techniques, are expanded upon in

Section 2.2.

National Energy These papers estimate the aggregated energy demand profile of a
large fleet of vehicles. These often have an economic focus, estimating the change in
energy costs [67], or average household bill [68]. Controlling vehicle charging does not
affect the total energy consumption of vehicles, but can affect the amount of energy drawn
from the grid — due to varied losses in the charger and network. Therefore, some studies
estimate the reduction in costs to the utility [69,70] and household bill payer [71] as a
result of smart charging.

The largest group of research in this area investigates the financial viability of EVs as
service providers. Specifically, participating in the whole sale market [72,73], committing
to up/down balancing [74], or providing frequency response [75,76]. Additionally, the en-
ergy demand estimates are used to estimate potential of EV charging to offset uncertainty

in intermittent solar [24] or wind [77,78] generation.

National Power These papers estimate the aggregated charging demand profile of a
large fleet of vehicles — mostly at the scale of a country’s entire vehicle fleet. There is a
general consensus around the future energy consumption of EVs, however the same can
not be said for their charging profile. This is because the location, timing, and frequency
of charging all affect the aggregated power demand profile. This gives rise to a large
range of possible modelling approaches, and thus a large number of studies model the
aggregated charging of a large fleet of EVs [23,79-94].

The reviewed studies quantify the potential changes to the national power demand in
several countries, including: the UK [79], Netherlands [80], the US [81-84], Canada [85],
Portugal [86], Germany [87], Sweden [88], and Greece [23]. These give a wide range
of results, with the increase in peak demand ranging from 0.12-2.7 kW per EV; this

difference can be attributed to the range of modelling assumptions, as well as national

25



variation in travel.

Several studies investigate the variance of demand with charging location, most com-
monly comparing home with work charging [84,85,90], but also home with public [89,92],
and home with uniformly distributed [83]. The majority of these studies superimpose
their result onto the existing national demand profile to quantify the change in national
peak demand, which dictates the country’s required generation capacity. Some studies
also use the altered demand profile to quantify the changes to system reliability [91,92],
and fuel mix [86].

In some ways, predicting the national power demand with smart charging is easier
than with uncontrolled charging, because human decision plays a smaller role in the
result. Some papers investigate the effect of tariff pricing on national demand, however
the success of this strategy is disputed; while [90] concludes that a dual tariff would reduce
the peak demand compared to uncontrolled charging, [95] finds that it would create a
new peak higher than that seen in uncontrolled charging.

Other research predicts the national demand if vehicles were allowed to provide an-
cillary services, such as V2G trading [83,96], frequency response [97], and participation
in a ramp market (where the ability to turn up or down at speed is traded) [98]. These
market mechanisms result in a lower national peak demand compared with uncontrolled
charging, but not the optimal loading case. Whereas, a number of studies show that
directly controlling charging can avoid any increase in peak demand [93,95,99-101], as

well as improving system reliability [91], and the fuel mix [94,102].

Distribution Loading Case Study These papers estimate the aggregated charging
demand profile of a smaller fleet of vehicles — typical of the level of aggregation seen in
residential networks. When considering the aggregated national fleet, individual variation
in vehicle use is unimportant; the number of vehicles is sufficient to consider only average
use. However, in residential networks only a small number of vehicles are aggregated, so
individual vehicle use and variability becomes much more important. Therefore, several
studies investigate the loading of an example residential network with a large penetration

of uncontrolled EV charging. Some focus only on the aggregate charging load [103,104],
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however most evaluate the change in total load, including household demand [105-110].

The peak demand on a residential network affects the distribution transformer, so
some studies also look at the change to transformer losses [111], efficiency [112], temper-
ature [113,114], and ageing [84, 104, 115,116]. Some papers demonstrate the potential
benefit of smart charging on residential network loading, either by: ensuring demand is
below the transformer limit [114,117], flattening the load [118], or (for residential micro-
grids) minimising mismatch between supply and demand [119,120]. The results of all of
these studies vary significantly according to the load modelling methodology, and source

of vehicle data.

Distribution Power Flow Case Study These papers model the aggregated charging
of a small fleet of vehicles, then load a test network with the resulting load and perform
power flow analysis. The transformer is only one of the components in a distribution
network that may be affected by EV charging, however more extensive analysis requires
solving for the currents and voltages in the network. Therefore, a large number of studies
use power flow analysis to investigate the impacts of EV charging on voltages [121-135],
losses [26, 136-146], line loading [147-151], phase imbalance [152-154], and harmonic
distortion [155-161] in example networks.

The majority of these use medium voltage (MV) networks, typically rated at 11 kV or
23 kV, where low voltage networks are treated as single point loads. Some use IEEE test
feeders, specifically the 13-bus [147], 30-bus [134,155], 31-bus [122,140], 33-bus [139], 43-
bus [123], and 69-bus [124,137,138] networks; some use real network data from DNOs [121,
136,141,143,157,162]; some use idealised single line networks [26, 135,142,144, 149,152,
156,158,159]. Analysis of MV networks is easier, due to the (typically) smaller number
of buses and the larger number of available test networks.

As EVs contribute a larger share of the load in low-voltage (LV) networks, the impact
of charging is likely to be more severe in these networks; it is shown in [136] that the
proportional increase in losses will be largest in LV networks, compared to the medium
and high voltage networks. Some studies use 2-bus [146, 151] or single line [126-128,

132,153,160] LV networks to investigate the impact of EV charging, but these are not
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representative of real residential networks. There are two LV standard feeders which
have been investigated under EV charging — the IEEE 34 bus network [125, 133, 145],
and the 19-bus standard network [129, 161]. However, these are both US-style networks
and in [163] it is shown that the impact of EV charging will be worse in European-style
networks. Finally, some studies have used real LV networks from Manchester [130,131],
Belgium [132, 154], and Bosnia [150]. The results of these studies varied hugely with
network, but even those which use the same network conclude different results.

Some studies use distribution network case studies to demonstrate the effectiveness
of controlled charging for protecting network operation. In [164, 165] cable loading in a
single line network is optimised, [166,167] maximise charging without violating voltage
constraints in the IEEE 123-bus network, [168] optimise harmonics in the IEEE 31-
bus, and [169] performs security constrained optimal power flow in the IEEE 24 and
118-bus networks. Case studies using real networks are used to optimise losses [170],
voltages [171], and phase balance [172]. These all show that controlling charging can
significantly improve operation of the system, with a variety of objectives and network
topologies.

Distribution power flow case studies are the largest body of research reviewed, pre-
sumably due to the wide range of potential network styles, and metrics to be investigated.
The main problem with all of the case studies is that the results are highly sensitive to
the network circuitry and modelling assumptions used. The standard networks, while
useful for testing and comparing new methodologies, can not be assumed to represent all

networks.

Transmission Operation These are papers which estimate the change to loading
on a transmission system, taking into account spatial-heterogeneity of EV charging. A
small amount of research has attempted to capture geographic variation in EV charging
demand, with the aim to assess changes to the transmission system operation. Previously,
local travel data has been used to investigate changes to the regional system demand in
China [173], the San Francisco Bay Area [174] and Queensland, Australia [175]. In the

first case only the very high level system is included, and in the latter two only a small
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geographic area is considered; this demonstrates the trade off between spatial resolution
and geographic breadth when it comes to data collection. In [176] high rate motorway
charging is predicted using GPS data from long journeys across the UK, forecasting this
type of charging is important but this method is not applicable to domestic charging.
Some papers propose models which include coupling of the transport and power net-
works [177-180]. A fuzzy logic model is used in [177] to translate trip chains into location
specific charging demand. In [178] the transport network is defined as a directional graph,
where each node has a charging facility whose demand is a function of the traffic flow
through the node. A large example network with a mix of commercial, industrial, and
residential properties is investigated in [179], and origin-destination pairs are used to
estimate the likely regions of high EV charging demand. In [180] node specific pricing
is used to encourage vehicle to charge in less congested locations. None of these models

could be scaled to simulate a national transmission network.

Distribution Operation These are papers which estimate the change to loading on
a distribution system, taking into account spatial-heterogeneity of EV charging. Inves-
tigation into geographic variation in distribution system operation is difficult, due to
the scarcity of mobility data and the lack of network visibility. Network operators have
published some guidance concerning the regional impact on the network; in [181] it is es-
timated that 32% of the UK’s MV networks will require intervention due to EV charging,
and [182] predicts that the average distribution network can support 33 EV chargers — ris-
ing to 102 if smart charging is employed. However, this research does not include regional
mobility data, only local circuit information is used. Also, the charging assumptions used

are very simplistic — it is assumed that all charging is coincident.

2.1.1 Reflections

Based on this overview, several broad observations can be made. It is clear that power
flow case studies on test distribution systems are vastly overstudied. Although these

examples were useful for a preliminary assessment of the impacts of EV charging on
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distribution networks, they can not be extrapolated the represent a larger system. On
the other hand, barely any work has been done on the operation of the transmission and
distribution systems that includes geographic variation in vehicle use. The lack of network
visibility and difficulty in spatially modelling vehicles makes this analysis much more
difficult than single network case studies, however this research is vital in understanding
the impact that EV charging will have. This thesis will supplement the research in these
areas, investigating both uncontrolled and controlled charging of vehicles.

Another area which clearly requires further investigation is the effect on networks of
ancillary service provision. Thus far the research on ancillary services has focused only
on the value it can provide to the national system, not the effects it will have on low
voltage networks. However, this is left as further work — to be completed if ancillary

service provision by EVs is to be pursued.

2.2 Modelling Methods

The results of existing impact studies vary significantly, and this is partly down to the
wide range of methodologies used to model EV use and charging. This section details the

common approaches used for modelling both the use and charging of a future EV fleet.

2.2.1 Vehicle trips and energy usage

A variety of approaches have been used to estimate the energy demand of EVs, using a
varying level of modelling fidelity. Predicting vehicles’ energy demand is the first step
in determining the impact that EV charging will have on the power system, as the total
electricity demand of the fleet can be quantified.

For studies involving hybrid vehicles, it is sometimes assumed that all batteries will be
emptied everyday (e.g. [110]), however for purely electric vehicles this is not reasonable.
A number of studies directly model the state-of-charge (SOC) of vehicles at the end of
the day, for example using a uniform [99], Normal [147], or discrete [183] distribution.

However these approaches have two significant drawbacks. Firstly, it is difficulty to
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intelligently choose the form of the distributions, due to the limited amount of charging
data available. Secondly, the interdependence between SOC and availability can not be
taken into account — vehicles that have travelled further are likely to be available to
charge for a shorter period of time.

The most common approach is to convert distance travelled into a predicted energy
consumption (e.g. [184]). This is advantageous because distance travelled is well mea-
sured, both directly and indirectly using fuel consumption. The simplest of these models
uses a constant coefficient to map distance to energy (e.g. [103]), however the coefficient
chosen will have a large impact on the results — values in the literature vary between
0.23 and 0.4 kWh/mile. In reality a vehicle’s energy consumption is highly dependant
on its physical parameters [185], meaning no single coefficient is likely to fit all vehicles
well. As a result, some studies extend the linear model by defining separate coefficients
for different vehicle types [186].

High fidelity models have been developed which model the full drivetrain in an EV
(e.g. [187]), and these allow more accurate predictions of energy consumption to be made.
The required modelling fidelity depends on the number of vehicles’ being aggregated, be-
cause the variability decreases as the number of agents being summed increases — meaning
that the total consumption will converge towards the average. Therefore, when estimat-
ing a country’s annual EV energy expenditure a linear coefficient is likely appropriate,
whereas for estimating an individual vehicle’s required battery capacity a high fidelity
model is necessary. For the applications in this thesis, it is likely that a linear coefficient
— if appropriately chosen — is sufficient, as the focus is on the average impact of a large
fleet of vehicles.

In addition to the energy consumption of the EVs, it is also important to estimate the
availability of the vehicle to charge. A vehicle’s availability determines when it is likely
to charge, but also the flexibility it could achieve with smart charging.

If individual usage data is available, then the actual time when the vehicle was parked
at home may be known. If only aggregate data is available, then availability must be

modelled. The most popular approach for modelling availability is to define probability
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distributions for arrival and departure times (e.g. [99]) which are sampled for modelling
individual vehicles. The main limitation of this approach is that the relationship between
vehicle use and availability is not taken into account; clearly in reality, vehicles which are
used more are available for less time. There are some studies which model both use and
charging simultaneously, for example [88] uses Markov chains to model movement of an
EV between locations, however these models tend to have a large number of parameters

that are difficult to find accurate values for.

2.2.2 Vehicle charging

In terms of power system operation, the timing of vehicle charging is extremely important.
Therefore, the method chosen for modelling EV owners’ decision to charge has a large
effect on the simulation results. Modelling techniques from the literature can be broadly

divided into deterministic and stochastic.

Deterministic The simplest form of models are deterministic, meaning charging and
vehicle usage are modelled with a one-to-one relationship — such that two vehicles with
identical usage will necessarily have the same charging pattern. This is not a realistic
representation of the way EVs are charged. However, given that a large amount of this
research took place before any real EV charging was recorded, the majority of literature
surveyed uses deterministic assumptions. The most common assumption is that charging
begins immediately following the completion of the final journey of the day (e.g. [82]).
However, a number of other assumptions are present: [26] assumes all EVs begin charg-
ing simultaneously, [149] assumes charging begins at one of a discrete number of times,
and [175] assumes that vehicles charge whenever they are parked. The power system cur-
rently relies on diversity between consumers, as this results in a smoothing effect when
demand is aggregated. Assuming that all EVs charge with the same deterministic rule
results in very little diversity between vehicles, so a one-to-one model for EV charging is

likely to overestimate peak charging demand of a group of vehicles.
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Stochastic Power systems are designed to operate under uncertain loading, with some
degree of confidence. Therefore, when planning for the future, it is insufficient to estimate
the average load due to EV charging — the variability also needs to be considered. This
is especially important when considering the aggregate charging of small numbers of
vehicles, such as in residential networks. Stochastic load models output a probability
distribution of power demand, rather than a single estimate. In the case of EV charging,
there are two main sources of variability: the vehicle use, and the charging behaviour.
The first describes variations in travel behaviour, both between users and day-to-day.
The second describes variations in the circumstances under which a user will charge
their vehicle. These must both be modelled in order to fully capture the variability
in charging. Stochastic models for EV charging can be broadly decomposed into three
groups: deterministic models applied to stochastic vehicle use [59,61,82,89,103,147,152,
176, 188, 189], stochastic models applied to deterministic vehicle use [85,104], and top
down stochastic charging models [57,58,60, 62, 88,190].

The first group encompasses the majority of the early research in this area. In these
models simple assumptions are made for charging — e.g. that it begins after completion
of the final journey of the day, or anytime the vehicle is home. Variation in predicted
charging is then due only to varied vehicle use, which is captured by sampling either raw
vehicle data (e.g. [89]), or probability distribution functions (PDFs) for energy use and
arrival times (e.g. [59,61, 82,103, 147,152,176, 188, 189]). Providing the data source is
large and representative, these models will capture variability in vehicle use. However,
they do not include variability introduced by users’ charging decisions — all variability
will be due to the distribution of arrival times.

The second group of models take a given vehicle use, and produce a stochastic estimate
of charging. Creating these generally requires data recording both the use and charging
of EVs. Fuzzy logic models are used in [85,104], where certain combinations of input
parameters result in a low, medium or high probability of charging. In [85] the vehicles’
SOC and length of parking time are assumed to impact the users’ decision to charge,

while [104] also incorporates the distance from home. Considering only three probability
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states limits the accuracy of these models, however further states introduce additional
parameters, which require a large amount of data to set confidently.

The third group directly models charging, rather than the relationship between vehicle
use and charging. In other words, these are top-down models for EV charging. Sometimes
standard probabilistic models are used: Gaussian Mixture Models are used in [58,190],
and [57,88] use Markov Processes. In [60,62] random point processes are used to describe
EV arrivals, and queueing theory is used to model EV charging. However, this approach
is perhaps better suited to public charging, where the availability of the charger is a
limiting factor. In general, these top down models likely capture the variability from
their constituent datasets, but also any sources of bias present in the data. Additionally,
since their parameters do not have a physical interpretation, they are hard to generalise

to a different set of vehicle usage.

2.2.3 Reflections

Although a variety of modelling techniques are available in the literature, some further
models will need to be developed in order to accurately estimate the impact of EV
charging on the power system.

In terms of energy consumption, it is likely that a first order conversion from distance
to energy will be sufficient for estimating the impact of EV charging on the national
scale. However, the coefficient used for the conversion will have a large influence on the
simulation results. Additionally, the energy consumption of a vehicle will depend largely
on the vehicle parameters and the user’s driving patterns. Therefore, a higher fidelity
model should be developed which can be used in order to accurately estimate conversion
factors for various vehicles and driving styles.

For vehicle charging, incorporating stochasticity is important — particularly when
considering the impact of charging small numbers of vehicles in distribution networks.
If regional variation in vehicle use is to be taken into account, is is necessary to use a
model that map vehicle use to charging (i.e. models from the second group identified).

The existing models which fall into this category are very simplistic — in fact, they both
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assume that charging is independent of time of day. Therefore, it is necessary to develop a
higher fidelity model that falls into this category in order to accurately assess the impact

of uncontrolled charging on the power system.

2.3 Smart Charging Strategies

A large amount of research proposes methodologies for determining the optimal charging
profiles of vehicles. In this section, a survey of the existing smart charging formula-
tions from the literature is presented, which is summarised in Table 2.1. Schemes are
categorised according to their objective, hierarchy, convexity, whether they incorporate
network constraints, and whether the formulation holds for V2G. In the following sec-
tions, these metrics and the studies which fall within them are discussed in more detail.
One criteria which has not been included in this breakdown is the incorporation of bat-
tery degradation into the smart charging algorithm. Battery degradation can increase
the costs to the EV owner of charging their vehicle, so its incorporation can significantly
affect the optimal results. However, as the focus of this analysis is on the costs to the

network operator, it has not been included here.

2.3.1 Hierarchy

Smart charging strategies can be broken down according to their control hierarchy, which
effectively describes the way the strategy is implemented. In [163] smart charging strate-
gies are broken down into time-of-use and direct control, and in [194] the latter is broken
down into centralised and decentralised. Therefore, in this review these three categories

are considered.

Time-of-use The simplest method of smart charging is using a straightforward eco-
nomic incentive. So called time-of-use (TOU) strategies involve multiple tariff prices
which make charging at off-peak times cheaper. The main benefit of TOU strategies
are that they are cheap to implement, as no sophisticated communication or control

equipment is required — the shifting of demand is left up to the individual user. This
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Table 2.1: A summary of the referenced smart charging algorithms. C = minimum cost,
P = minimum peak load, F = flattened load, L. = minimum losses, B = balanced phases,
E = maximum charging.

is advantageous because if the implementation costs are too high it may be more cost-
effective to upgrade the network; [195] concludes that TOU is financially viable, while
more sophisticated control strategies are not. However many users do not respond to
varied price signals [196], and this can make it difficult to intelligently set the price;
In [197] individuals were surveyed to assess their willingness to change their behaviour
in response to various price signals, however it has been demonstrated that stated pref-

erence methods (when individuals are asked to hypothesise their response to a scenario)
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can give inaccurate results [198].

Centralised In centralised schemes, one actor has direct control of a group of EVs’
charging. Aggregating EVs allows an actor to obtain sufficient demand to participate in
the wholesale market [199] or to influence system operation [200]. Centralised control
typically involves solving a single optimisation problem, and optimality is guaranteed as
the actor has direct control over the vehicles. However, this single problem may become
intractably large as the number of vehicles to be controlled grows. Additionally, there are
some data privacy concerns around this type of control, due to the sensitivity of vehicle

use and availability information [201].

Decentralised In decentralised schemes, each vehicle optimises its own charging in re-
sponse to price signals broadcast by a central actor. Computationally this scales much
better than centralised control, as the individual optimisation problems have a fixed
size [202]. Additionally, vehicles’ individual requirements do not need to be broadcast,
which resolves the data security concern. However, bi-directional communication infras-
tructure between all vehicles and the price setter is required, and convergence to the

optimal solution can be slow.

2.3.2 Smart Charging Objectives

Various objectives have been proposed for the optimisation of EV charging. All seek
to move charging demand away from peak times, however they vary according to the
modelling approach and the incentives that the charge co-ordinator uses. Smart charging
formulations allow the optimal controlled charging scenarios to be calculated, however it

is important to be able to compare the action of the various schemes.

2.3.2.1 Minimum Charging Cost

A large number of proposed smart charging algorithms aim to minimise the cost of elec-
tricity used to charge the vehicle, i.e. costs to the customer. The focus of this thesis is

on cost to the system, rather than cost to the consumer; in [162] it is demonstrated that
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strategies which minimise charging costs without taking the network into account may
not result in an optimal situation from the perspective of the entire electricity delivery
system. However, these strategies are included in the literature section because it is likely

that the practical implementation of smart charging will involve a market mechanism.

Static Price Curve The simplest method of optimising charging takes a fixed time-
varying price signal (e.g. a dual tariff pricing structure such as Economy 7) and optimises
charging to reduce cost [38,48]. The price signal is set offline, and therefore does not adapt
to the actual demand on the system. This is computationally cheap to implement, as each
vehicle optimises its charging independently. Both of these papers assume TOU tariff
style prices, but [48] incorporates uncertainty in household demand and bi-directional
charging. This method reduces the direct costs to the EV owner, but the TOU prices
may not reflect the demand on the system, so the cost to the system is not necessarily
reduced. Additionally, as vehicle charging is not co-ordinated, this strategy may end up

creating a new peak demand at a different time.

Uncertain Price Some studies assume that the price is variable, and the vehicles
minimise their cost in the presence of an uncertain price signal [44-46,49,102]. These
all consider an aggregator with centralised control of a fleet of vehicles. In [44,49,102]
the price uncertainty is due explicitly to renewable generation, while [45,46,102] con-
sider market uncertainties. The majority of these studies use two-stage linear stochastic
programming, where price estimates are obtained in the first stage. However, [46] uses

mixed-integer programming and [45] uses information gap-theory.

Market Participation Other studies assume that participation in various electricity
markets is possible, and optimise charging within this framework [43,50,51,96]. This
allows aggregators to directly profit from vehicle charging in addition to reducing costs.
The problem is that this relies on market reform, as the existing frequency market requires
a minimum of 3 MW capacity and guaranteed availability [203]. Additionally only long-

term contracts are currently available, whereas the studies include participation in the
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day-ahead [43], intra-day [96], and real-time [50,51] markets. In [43] only uni-directional

charging is considered, while the others all include bi-directional charging.

Real Time Pricing Finally, some studies assume a real-time electricity price, which
incorporates the effect that vehicle charging will have on the price [47,99]. This is distinct
from a time-varying fixed price because the price is set online, so the price is guaranteed
to be high when demand is high. In [99] it is assumed that price is a linear function of
load, such that the total cost can be expressed as a quadratic function of load. While [47]
assumes a predicted spot price which is iteratively updated based on the intentions of the
vehicles. Unlike the other cost minimising algorithms, these guarantee optimality from
the perspective of the system. However, real time pricing would require a large amount
of communication infrastructure and market reform, so can not realistically be seen as a

short term solution.

2.3.2.2 Transformer Protection

Low voltage networks are connected to the medium voltage system via a distribution
transformer. These all have a rated apparent power (in kVA) which represents the max-
imum power that should flow through the transformer. If the total power demand of the
network is above this, then the transformer needs to be upgraded to avoid accelerated
ageing. Therefore, several smart charging formulations aim to protect the transformer

by preventing violation of this demand limit [41,42,100, 140].

Minimum Peak Load Some formulations directly minimise the peak of the total
demand on the network [100,140]. The formulation in [100] is a convex linear program,
while [140] incorporates constraints on the line flows and bus voltages — thus sacrificing
convexity. The problem with this objective is that the peak demand depends on the
time resolution used, meaning if a course time resolution is used then an increase in
system demand could still be observed. For example, you could avoid increasing the
peak demand at 1 min resolution while increasing the peak at 30 min. The thermal time

constant of a transformer means that the load at 30 min dictates whether the transformer
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will overheat, while voltage problems occur at much faster time scales. This means that
there is no one time resolution which is appropriate; in order to protect the whole system

a smart charging strategy should be invariant to time resolution.

Flattened Load Some formulations propose using smart charging to flatten load [41,
42]. This minimises the peak demand at all time resolutions, and reduces the network
losses when compared to merely minimising peak demand — although the objective be-
comes quadratic rather than linear. In [42] the algorithm is network invariant, while [41]

includes constraints on the network voltages — therefore requiring a full network model.

2.3.2.3 Power Quality

Appliance safety requires that voltages in the network be kept within strict bounds, which
vary according to country. Adding load to the network will result in an increase in the
resistive losses, and therefore voltage drops along the network, Therefore, unless there
is also additional generation in the network, it is the lower bound that is likely to be
of concern. Here, the smart charging formulations that reduce voltage drop across the

network are described.

Minimum Losses Minimising the resistive losses in distribution networks with EV
charging has been proposed [26,139-141, 146, 191, 192]. Low voltage distribution net-
works currently account for 29% of electrical losses in the UK power system [204], and
EV charging is expected to increase this share [125]. Losses not only waste electricity,
but generate heat in the cables and transformer — leading to degradation of the cables’
insulation [205], and a reduction in the transformer’s lifespan [113]. Additionally, losses
in a cable result in a potential difference between its two ends, meaning an increase in
losses will increase the voltage drop across the network. Therefore, minimising system
losses can reduce both operating and fixed costs as well as the voltage drop across the
network. Loss minimisation in distribution networks is a mature research topic; solutions
have focused on network reconfiguration, placement of capacitors, and adding distributed

generation [206,207]. However, the flexibility of EV charging demand means that losses
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can be reduced by controlling charging.

Flattening load is often assumed to be equivalent to minimising losses (e.g. [208]),
and distribution network operators (DNOs) are predominately focusing on shifting load
to off-peak times in order to reduce losses [204]. Losses vary quadratically with current,
so higher peak loads result in larger losses, and in [111] it was found that flattening
EV charging load reduced losses by 20% compared to uncontrolled charging. However,
minimising losses is only strictly equivalent to flattening load if all loads are drawn from
a single bus on the network [26].

Explicitly minimising losses with EV charging is the theoretically optimal solution for
distribution network operators (DNOs). However, it requires a complete model of the
network impedances, which can be difficult to calculate, and would have to be updated
every time the network is reconfigured. Additionally, the problem is NP hard and non-
convex, meaning the computation time of the problem scales poorly with the number of
loads and time resolution [209]. This is largely because calculating the losses requires
solving the power flow equations, which are non-linear, resulting in a non-convex prob-
lem. Nevertheless, several studies have proposed smart charging algorithms that minimise
losses using the full equations [140,141,191]. However, the computational burden neces-
sitates simplifications in the problem set up; [140] uses a time resolution of 1 hour and
treats EVs as homogenous, [191] assumes a flat voltage profile, and [141] only considers
reactive power for reducing losses. Further examples of non-convex loss minimisation can
be found in micro-grid optimal power flow problems [210,211]; these are also limited to
small networks at coarse time resolutions.

Alternatively, it is possible to formulate approximate loss minimisation problems that
can be solved in polynomial time. Typically, these involve simplification of the power
flow equations, in order to obtain a convex formulation. For example [192,212] use a DC
approximate power flow in order to minimise losses in a micro-grid. In [139] a relaxation of
the power flow equations is used to formulate active power loss minimisation as a second-
order cone programming problem, however it is mixed-integer so still non-convex and

thus scales poorly. Local problems that do not require solving the power flow equations

41



can also be formulated (e.g. [146]) — although there is no guarantee that the global optima
is found.

It should be noted that while minimising losses will minimise the voltage drop across
the network, it does not ensure that the voltage stays within bounds — if too much load

is added under-voltages will occur regardless.

Balanced Phases In 3-phase networks, load imbalance between the phases increases
losses, so reducing phase imbalance has also been suggested as a smart charging objec-
tive [118,153,154,172]. Phase imbalance is caused by both systemic imbalance in the
network, and imbalance in load [213]. While the former can not be easily changed, the
latter can be reduced by shifting demand. In the case of 3-phase smart chargers, load
can be shifted in real-time from one phase to another (e.g. [154,172]). For single phase
chargers, it is necessary to co-ordinate the fleet of vehicles, and the resulting problem is
non-convex and requires a full network model (e.g. [118,153]). While imbalance between
phases results in additional losses, the minimum losses do not occur at the minimum
phase imbalance. This is because phase imbalance does not take account of the size
of the load, so well-balanced large loads result in high losses. For this reason, phase

imbalance alone is not considered as a smart charging objective in this thesis.

Maximum Charging Minimising losses does not ensure that the network voltages
actually stay within bounds, in some cases it will be impossible to achieve the required
charging without violating the voltage limits. Therefore, some formulations aim to max-
imise the amount of charging given some network constraints [117,164,165,170,171,193].
The constraints considered vary: [193] defines a constraint on the network peak de-
mand, [170,171] directly limits voltages, and [164,165] includes both voltage and thermal
constraints. In [117] the MV distribution network was considered (as opposed to the
LV residential network) and total charging is maximised, assuming that each MV node
connects to a LV network.

This approach has the advantage of ensuring that constraints are not violated, but

does not seek to optimise the loading beyond this. It is possible to incorporate network
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performance as a secondary objective, however none of the surveyed methods took this
approach. It should be noted that some of the formulations mentioned in other sections
include constraints for both network limits and total charging, but these result in an
infeasible problem if loading is too heavy — i.e. it may be impossible to meet both the

charging and the network constraints.

2.3.3 Other Metrics

In addition to the objective and hierarchy, here the surveyed literature is categorised

according to the following metrics:

Convexity Convex optimisation problems are those with a convex objective, and a
convex feasible set. These problems are computationally significantly easier to solve than

non-convex problems, as they have a unique minimum value and only one local minima.

Network Constraints Regardless of the objective, some smart charging algorithms
incorporate the constraints of the network into the problem constraints. Most commonly,
these are voltage constraints, but current and transformer limits are also possible. Incor-
porating the constraints ensures the safety of the network, however can result in infeasible

optimisation problems and typically sacrifices convexity.

Bi-directional Charging Finally, strategies can be broken down according to whether
they allow bi-directional charging (V2G). Incorporating V2G increases the flexibility of
EV smart charging, and hence the potential benefit to the network. However, round-trip
losses mean that discharging can not be treated as negative charging, so incorporating

this functionality is non-trivial and typically increases problem complexity.

2.3.4 Reflections

A large number of smart charging formulations have been proposed in the literature.

In order to address the identified research question, the impact of optimally controlled
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charging on the power system must be quantified, and this will require a scheme for
optimising charging. Broadly speaking, schemes adopt one of six objectives, and it would
be useful to compare how each of these affect the power system operation. However,
in order to directly compare the results of these schemes they must be computationally
comparable.

In terms of calculating an offline optimal scenario, convex problems are computation-
ally superior. This means that they can be used to calculate the optimal charging of a
larger number of vehicles, at a higher time resolution. This means that they are likely to
out-perform non-convex schemes for which a lower resolution is necessary. If formulations
are to be compared, then a consistent time resolution and number of vehicles needs to be
used, meaning the formulations must be computationally comparable.

Therefore, although a variety of formulations are available, these may have to be
modified in order to create directly comparable schemes — particularly for the case of loss

minimisation, for which an accurate convex formulation has not been proposed.

2.4 Gap Analysis

As a result of the literature review, the following gaps were identified:

(A) Spatial heterogeneity of EVs — The majority of surveyed research assumed a spa-
tially homogenous fleet of EVs, meaning there were no significant differences in simulated
vehicle use on different geographic sections of the system. This is unrealistic, as travel
behaviour varies regionally; assuming a homogenous fleet effectively applies the average
vehicle load to all points in the network. This has two implications for analysis of the
impact of charging on the power system. First, for the transmission system analysis, the
load flow analysis will be inaccurate, as in reality some parts of the network are likely
to be disproportionately loaded by EV charging. Second, some distribution systems are
likely to be more severely affected by EV charging than others, so assuming homogenous

EVs will underestimate the impact on these systems.
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(B) Stochastic modelling of charging EV charging in residential networks is highly
stochastic, due to the high variability when a small number of vehicles are aggregated.
However, the majority of analysis in the literature used very limited methods to capture
stochasticity. In general, models either incorporated stochasticity in vehicle use (through
travel survey data) or stochasticity in plugging-in (using EV trial data) but not both.
This limits the reliability of results, because diversity between consumers plays a vital
role in power system operation, and not fully capturing stochasticity will underestimate

diversity.

(C) Comparison of EV smart charging objectives ~ While a wide variety of smart charg-
ing strategies and formulations have been proposed, there has been very little research
comparing the action of different smart charging objectives. Typically, papers that pro-
pose a charging scheme only compare the action of their algorithm versus uncontrolled
charging, not to other smart charging objectives. For example, many papers propose
using smart charging to minimising losses, but do not quantify the size of the additional
loss reduction compared to a simpler scheme such as flattening load. Another example is
studies that propose bi-directional smart charging (V2G), and quantify the benefit com-
pared to uncontrolled charging, but not to smart uni-directional charging (which would
require less infrastructure). This lack of comparison makes it difficult to assess the value

of various schemes, which is important when deciding what technology to pursue.

(D) Integrated analysis of the transmission and distribution level systems  Most of the
surveyed literature focused on one level of the power system, either the low, medium, or
high voltage networks. This makes it difficult to compare the impacts of EV charging on
different parts of the system as studies use differing sets of assumptions and data sources.
Additionally, all work quantifying the benefit of smart charging optimises for the level of
the system considered. However, the optimal charging for the distribution network is not

the same as the optimal charging for the transmission system, and this potential conflict
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has not yet been explored.
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Chapter 3

Modelling Vehicle Use

The impact that EV charging will have on power systems depends largely on the size of
the EV energy demand, with respect to the existing electricity demand. Therefore, it is
necessary to anticipate the number of EVs that will be charging on the system, where
they are located, and how often they will require charging. This chapter focuses on the
data sources and modelling methodology required to estimate these parameters.

Section 3.1 focuses on analysis of user travel behaviour. Clustering is used to identify
typical usage modes of vehicles, and these results are used to qualitatively compare the
use of vehicles from various datasets. This analysis is useful because the times that
vehicles are being used and the distances that they are travelling dictate when they are
able to charge and how much energy they are likely to require.

In Section 3.2 a technology transition forecasting technique is applied to regional sales
of electric vehicles. Therefore the number of EVs in each area at various points in the
future can be estimated. This will allow required infrastructure upgrades to be ordered in
terms of urgency, and areas where high EV penetration will occur earliest to be identified.

Section 3.3 proposes a novel model for predicting the energy consumption of an EV
from conventional vehicle driving data. The model allows conventional vehicle behaviour
to be used in simulations of EV charging, rather than relying purely on data concerning
EVs. This is valuable because the current EV fleet is very small and biased — under a

high penetration scenario the future EV fleet usage is more likely to resemble the current
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conventional fleet usage.
Although none of this content maps directly to one of the contributions, the clustering

analysis and the energy consumption model are novel, while the s-curve modelling is not.

3.1 User Travel Behaviour

This section includes analysis of both conventional vehicle and EV usage. First, the
sources of data used are described. Then, clustering is used to identify typical modes
of vehicle use. Finally, the differences in the use between the conventional and electric

vehicles are quantified.

3.1.1 Data sources

Due to the novelty of EVs, data concerning their usage is currently scarce. In the short
term, it is likely that EVs will represent a biased set of drivers — meaning the average EV
driving pattern will be different than the average conventional vehicle driving pattern.
However, this research focuses on a scenario with a large penetration of EVs, at which
point the behaviour of the fleet of electric vehicles is likely to more closely mirror the
current conventional vehicle fleet.

Therefore, both electric and conventional vehicle usage data is utilised in this thesis.
Existing EV data results from research trials, where the usage and charging of a small
number of vehicles is carefully monitored. Typically this data is accurate and high-
resolution, but represents a biased set of vehicles — due to trials often being opt-in.
Conventional vehicle data has been collected for decades, and so there is a much larger
selection available. This allows analysis of the dependance of vehicle use on location and
socio-economical factors. In general, these datasets tend to be lower quality, however the
low cost of acquiring such data means that the sample size is much larger. This section
further describes the two data types, and the exact sources for the UK and Texas case

studies in this thesis.
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3.1.1.1 National Travel Surveys

Travel surveys are carried out routinely by many countries and local authorities, in order
to understand the travel behaviour of their citizens. Households are randomly selected
and asked to record all of their trips that were undertaken during a trial period. Data
is recorded by hand, and therefore subject to human errors and rounding. However,
providing the respondents are numerate and well sampled, the behaviour captured should
be representative of the population as a whole. These surveys typically record all modes
of transport, but filtering by mode of transport and grouping according to vehicle ID
allows the usage of individual vehicles to be extracted.

The predominant data source used in this research was the UK National Travel Survey
(NTS) [214], which has been carried out annually since 2002. Participants record all of
their journeys for a week, and the trial periods are staggered throughout the year. The
full data set includes the time, distance, purpose and mode of transport of nearly 2 million
journeys — from which more than 100,000 private vehicles’ usage can be extracted.

Figure 3.1 shows three example week-long vehicle usage profiles extracted from the
NTS data. Each vehicle is shown on a seperate subplot, the time of day is shown on
the horizontal axis, the weekday on the vertical, and shaded areas show times that the
vehicle was in use. It can be seen that the second vehicle has a regular commute on the
weekdays, while the other two show sporadic use.

Households are randomly invited to complete the travel survey based on post-code,
however there is some participation bias introduced by non-respondents (in general those
living in the most urban areas are less likely to respond to the invitation). The geographic
and rural-urban variation in participants and shown in Figure 3.2. There are four rural-
urban categories used in the NTS: ‘urban conurbation’, ‘urban city & town’, ‘rural town’,
and ‘rural villages, hamlets & isolated dwellings’ (listed in order of increasing sparsity).
Areas are classified based on population density and sparsity of dwellings, and the gov-
ernment publishes the classification of each census area in the UK [215]. It can be seen
that the percentage of households within a local authority included in the NT'S sample

vary between 0.3% and 1.2%, meaning some areas are sampled four times more rigorously
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Figure 3.1: Three example vehicle usage profiles from the NTS data. Time of day is on
the horizontal axis, weekday on the right, and blue indicates that the vehicle is in use.

than others. The figure also shows the percentage difference between the proportion of
NTS respondents from each classification and the national proportion. The rural-urban
skew of the overall sample is less significant than the geographic skew, however cities
are notably under-sampled, and rural towns over-sampled. The urban-rural bias should
be corrected for when simulating the national vehicle demand, because vehicle usage is
significantly higher in rural areas.

For the Texas case study the US National Household Travel Survey (NHTS) was
used [216]. This was carried out in both 2009 and 2017, at staggered periods throughout
the year. In this case, households only recorded a single day’s travel behaviour, but
there was a larger number of participating households. Similar parameters were recorded
to the NTS, and the dataset included just under 60,000 vehicles from Texas. Due to
non-affiliation with a US research institution, it was not possible to get a geographic
breakdown of the NHTS data beyond the resident State.

The most relevant information when it comes to predicting the future charging be-
haviour of a vehicle are the distance it has travelled and the times it is available to charge.

The focus of this thesis is on home charging, and it is possible to infer from the purpose
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Figure 3.2: The geographic and rural-urban variation in the NTS sampled households.

of the recorded journeys when the vehicles are at home. Figure 3.3 shows the probability
distribution function of daily mileage and probability of a vehicle being home with time,
for both the UK and Texas datasets. The average distance travelled by the Texas vehicles
was significantly higher, although this could be in part attributed to the fact that the
trial period was shorter and unused vehicles are not declared — meaning vehicles that are
not used every day may be excluded from the data. The probability of being at home
is similar for both datasets, although Texan vehicles are slightly more likely to be away
from home in the middle of the day. In both cases a large percentage of the fleet are
home at any given time, so home charging is likely to offer a large amount of flexibility.

In this thesis, the travel survey data will be used to predict the energy demand of
vehicles at high levels of aggregation — e.g. nationally, or at the transmission system
level. Where possible, it also will be used to estimate the geographic variation in future

charging demands.
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Figure 3.3: A comparison of the driving behaviour exhibited in the two travel surveys.

3.1.1.2 EV Trial Data

Early scale EV trials have started to record the way consumers are actually charging.
These trials provide valuable information about charging behaviour, but are small and
typically opt-in — meaning that a sample bias is likely.

This research uses data from My Electric Avenue (MEA) [217], a UK trial which
finished in 2016. During the 18 month trial period 213 Nissan Leafs were loaned out to
households, with the caveat that all of their vehicle use and charging would be recorded
and available for research purposes. The households were located in geographic clusters,
and the trial was opt-in. This means that the behaviour captured is likely to represent
early-adopters of EV technology and those living in the trial areas, but not the national
as a whole. A rigorous analysis of the data from this trial is presented in [131].

In the vehicle usage data, the distance, time, and energy consumption of each journey
are recorded. In the charging data, the time and SOC of the EV at the start and end of
each charge are logged. All the vehicles had a 24 kWh battery so it was possible to infer
the SOC of the vehicle at all times. An example usage profile from the data is shown in

Figure 3.4. The date is shown on the horizontal axis, time of day on the vertical, blue
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areas show charging, and red areas show vehicle use. The vehicle takes one of three states
at any time: driving (red), charging (blue), or not in use (white). It can be see that in
this case, the vehicle has a regular weekday morning journey, along with shorter sporadic
journeys throughout the day, and charging occurs almost exclusively at night.
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Figure 3.4: An example vehicle usage profile from the MEA data. Date is on the hori-
zontal axis, and time on the vertical. Red shows vehicle use and blue shows charging.

For the Texas case charging data was used from a US smart metering trial, Pecan
Street [218]. This study included metering at the charge point, but not any within the
vehicle. This means that the power demand of the charge point at 1 minute resolution
was available, but no details about the vehicle SOC or driving schedule — also, it is worth
noting that there could be more than one vehicle using the charge point. An example
household’s charging profile is shown in Figure 3.5, where charging is shown in dark blue
but driving data is unavailable. The length of recording period and the time resolution
are similar to the MEA data, however only the charging data is available.

In this thesis, EV trial data will be used to perform case studies on single residential
networks, and to parameterise the model for uncontrolled charging that is developed in

Section 4.1.2.

3.1.2 Cluster Analysis

Clustering is a method of identifying patterns in large datasets. There are several ad-

vantages to applying clustering algorithms to the vehicle usage data: firstly, it allows
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Figure 3.5: An example vehicle usage profile from the Texas Pecan Street data. Date is
on the horizontal axis, and time on the vertical. Shaded areas shows charging.

visualisation of the way the fleet of vehicles is being used, which is not otherwise possible
for very large datasets; secondly, more insightful comparisons can be made between the
vehicle use described in the various datasets; finally, it allows vehicle use to be reduced
to a one-dimensional parameter, which is later used as a model input.

In this section clustering is performed on both the UK and Texas travel survey data,

and the resulting clusters are analysed and compared.

3.1.2.1 Algorithm

Every point in the data to be clustered is defined by a feature vector, which contains a
collection of variables that distinguish the data points. The variables can have different
units, but are normally scaled across the dataset to prevent one variable from having
a proportionally larger impact on the result. Clustering groups the data according to
similarity of feature vectors, as defined by some distance metric. Any function d can be

used as a distance metric, providing that it is symmetric and strictly non-negative, such

that it satisfies:

d($17$2) = d($2,$1)

d(xy,29) >0,
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for all x1, x5. In addition to the choice of feature vector and distance metric, the clustering
algorithm used will affect the chosen clusters.

Clustering algorithms can be split into: connectivity-based, centroid-based, distribution-
based, and density-based. In connectivity-based, points that are close to each other are
successively joined, until clusters are formed. In centroid-based, clusters are defined by
centroids (a representative point within the group), and points added to the cluster whose
centroid they are closest to. In distribution-based, clusters are defined by probability dis-
tributions, and points are assigned according to maximum likelihood. In density-based,
clusters are created in areas with a high density of points, and low density areas are
assumed to be noise.

While each of these subsets have their own advantages and disadvantages, here centroid-
based clustering was chosen due to its relative computational simplicity. The travel survey
data is very large — both in number of points, and the amount of information attached
to a single point. This means that computational complexity was the most important
consideration for this exercise.

K-means clustering is a special case of centroid-based, where the number of clusters
is known and Euclidean distance is used as the distance metric. The K clusters are each

defined by a centroid, given by:

v =3 %, (3.3)

(<)

(@
i

where y(¢) is the centroid of cluster ¢, x;°’ is the feature vector of the ith point belonging
to cluster ¢/, and N, are the total number of points in that cluster. The clusters are chosen
so as to minimise the average distance of a point from its centroid, and the quadratic
form of the distance metric means that this is equivalent to minimising the inter-cluster

variance. The standard algorithm for applying K-means is as follows:

1. Initialise cluster centroids as randomly chosen points.
2. Add each point to the cluster whose centroid is closest to it.

3. Update the centroids as the mean of the points assigned to it.
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4. Repeat 2-3 until convergence is achieved.

To begin, K points are selected at random, and these are used as the initial cluster
centroids. Then another point from the data is chosen at random and the euclidean
distance of that point to each of the centroids is calculated. The point is assigned to the
cluster whose centroid is the smallest distance away. This process is then repeated until
all points have been assigned to a cluster. The cluster centroids are then updated so that
they become the average of the points in that cluster and all points are removed from
all clusters. Points are then added to the cluster whose centroid they are now nearest
to, which may have changed following the update. This algorithm is repeated until the
cluster centroids stop changing — i.e. until there is an iteration where none of the points
move cluster.

Convergence of this algorithm is guaranteed, however it is not guaranteed to find the
global optima — the final result may depend on the initialisation chosen. Therefore, it is
common to test the algorithm with several starting points. In general k-means can be

dk+1) " where n is the number of points, d is the length of the feature

solved in time O(ns
vector, and k is the number of clusters [219]. Thus, heuristic algorithms are normally
used instead — such as Lloyd’s algorithm which has running time O(ndki), where i is the
number of iterations needed for convergence. Typically ¢ is small, but at worst case the
algorithm becomes super-polynomial [220].

The main drawback of K-means is that, in order to retain the computational advan-
tage, the number of clusters K must be chosen in advance. While there exist metrics for
quantifying the performance of clustering algorithms, here only K-means is explored as
it produced useful results. This follows the practice outlined in [221], which states that
clustering is an art as well as a science, and the success of a clustering exercise can not
be measured by simple metrics — it depends on the reason for clustering and the way the
results are to be used.

In this case, the data to be clustered is the usage of vehicles recorded in the NTS. The

objective of this exercise is to identify vehicles that could be grouped during modelling

of charging. In order to model and optimise a vehicle’s charging, it is important to know

26



how much and when the vehicle is being used. Here, each vehicle-day is considered as
a separate data point, as vehicles may be used in different ways on different days. The
data is split into weekday and weekend driving, as driver behaviour is observed to be
significantly different between the two [222].

In this case 48 features were chosen, each quantifying the distance travelled by the
vehicle in a 30 minute time period. This time resolution was chosen because it was
considered to be a compromise between computational cost and precision. Additionally,
due to human rounding, the travel survey data was assumed to be inaccurate at any
lower time resolution. The feature vector was then normalised — so that the features of
an individual vehicle sum to 1. Normalising is a normal choice with profiles to prevent
high use vehicles from being a large distance from all other points. Normalising sacrifices
the precise total distance travelled, however vehicles travelling further are likely to be
used for longer, so this information is still captured. As an example, Table 3.1 shows the
raw data and corresponding feature vector corresponding to one vehicle-day. In this case
the vehicle has an outward and return journey of equal length, but the return journey
takes longer due to congestion. The majority of the features are zero (indicating that
the vehicle is unused for the majority of the day) and the features corresponding to the
trips take different values, representing the different speeds. Further examples can be
seen in Figure 3.6, which shows the feature vectors created from one vehicle one three

consecutive days.

Trip Start time End time Distance (miles)

1 07:20 07:59 20
2 16:00 16:59 20

Feature Value (mph)

1-14 0
15 10
16 30

17-32 0
33-34 20
35-48 0

Table 3.1: Example vehicle-day from data and corresponding un-normalised features.
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Figure 3.6: (1) three days of a NTS vehicles’ usage; (r) the corresponding feature vectors.

The main drawback of this approach is that the time periods are treated as inde-
pendent by the distance metric. Figure 3.7 illustrates this problem using three example
feature vectors. The left figure shows the three feature vectors superimposed; vectors (a)
and (b) were created from the same vehicle usage, but with one shifted by 30 minutes,
while vector (c) was created from a vehicle exhibiting entirely different behaviour. The
second two figures show the absolute difference between (a)-(b) and (a)-(c) respectively.
Euclidean distance defines the total distance between two points as the resultant of the
absolute difference components. This means that the Euclidean distance between (a)-(b)
and (a)-(c) will be the same, despite (a) and (b) seeming much more closely related. More
complex methods are available for time series clustering (e.g. [223]), however the size of
the NTS data size made these intractable.

One potential solution to this problem is to apply a smoothing filter to the feature
vectors before clustering. As with all averaging, this results in some loss of information,
but also links features that are next to each other in time. Figure 3.8 shows the same
three feature vectors, but with Gaussian filters applied to them. It is clear that using
Euclidean distance (a) and (b) will now be much closer than (c) even though the features

are considered independently. If this method is used the width of the smoothing filter
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Figure 3.7: Three feature vectors that are equidistant, despite (a) and (b) being similar.

must be chosen carefully, as there is a trade-off between linking related times and loosing

information.
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Figure 3.8: The filtered feature vectors, (a) and (b) are now much closer than (c).

In order to run the K-means algorithm the number of clusters, K, needs to be defined.
Various heuristic methods have been proposed to do this, and here the elbow method is
followed (e.g. [224]). This method dictates that K is found by plotting the variation of

sum of squares with number of clusters. Sum of squares is defined as:

2
9

N
SoS = Z HXZ(C) —y© (3.4)

where N is the total number of data points across all of the clusters. This is a measure
of inter-cluster variance, and will necessarily decrease as K is increased. K is then chosen
at the elbow (or the corner point) of this curve, where the reduction in variance achieved
by an additional cluster is no longer significant. Typically, this point is determined by
eye. Figure 3.9 shows the curve for both the weekday and weekend data, in both cases
K=3 was selected. Implicitly there is an extra cluster containing vehicles which are not

used in that day; these all have zero feature vectors and are removed before the clustering
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process. It is worth noting that the sum of squares is higher for the weekend data than
the weekday, even though there are fewer weekend days. This shows that weekend driving

behaviour is more variable, meaning it is likely harder to predict and model.
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Figure 3.9: The variation of sum of squares with number of clusters for both the weekday
and weekend datasets.

3.1.2.2 Resulting Clusters

Figure 3.10 shows the representative speed profile of vehicles from each cluster. The solid
lines shows the average values and the shaded area covers 90% of the values in the cluster.
These are not the same as the cluster centroids, because the points are not normalised
before averaging. This allows the average speed information to be visualised, which is
lost in the centroid. For the weekdays: cluster 1 is dominated by evening use, 2 by
morning use, and 3 follows a typical commuting pattern — these will hereafter be referred
to as evening drivers, morning drivers, and commuters. In the weekends: clusters 1 and
3 suggest a single short journey at different times, while 2 shows more distributed use
throughout the day — hereafter these will be referred to as morning single use, midday
single user, and high use respectively.

Further insight can be gained by analysing the relative size of the clusters, and how
likely an individual vehicle is to belong to the same cluster on consecutive days. Figure
3.11a shows the cluster composition by weekday, where U indicates the vehicle which were
unused on that day. Across the weekdays vehicle use is fairly consistent, although there

are slightly fewer commuting vehicles on Mondays and Fridays. Saturday and Sunday
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Figure 3.10: The average speed profile of the vehicles in each cluster. The lines show
the mean values, and the shaded areas cover the 90% confidence interval. There is no
significance to the ordering of the clusters.

use differs more drastically, with all modes of vehicle use being less common on Sundays,
particularly high use vehicles. Given that the average use of vehicles is much lower at
weekends, the majority of simulations in the results chapters will focus on weekdays. The
cluster transition probabilities are shown in Figure 3.11b, these give the probability of
a vehicle in any weekday cluster belonging to each cluster on the next day. The most
likely estimate in each case is that the vehicle remains in the same cluster, particularly
commuting vehicles which have a 62% chance of also commuting the next day. However,
in all cases there is a significant chance that vehicle use will be different on consecutive
days — in fact, for the morning and evening drivers it is more likely that they will change
cluster than not. This result demonstrates that there is variation in individual vehicle
use, as well as between vehicles — meaning that uncertainty in vehicle use is likely to be
high, even once historical data is collected.

The clustering exercise was repeated using the Texas travel survey, and the resulting
clusters are shown in Figure 3.12. These clusters map directly to the ones found from the
UK travel survey, although there are some notable differences. The confidence intervals
cover higher speeds for all clusters (note the different y axis limit), and the peaks are

wider (suggesting longer journey times). These differences makes sense, given the mileage
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Figure 3.11: The variation in cluster composition throughout the week, and the proba-
bility a vehicle changes usage cluster the net day. U indicates the vehicle was unused.

was shown to be higher in the Texas travel survey.
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Figure 3.12: The clusters found from the Texas NHTS data, analogous to Figure 3.10

The weekday breakdown of the observed cluster are shown in Figure 3.13. Note that
as each vehicle in the travel survey is recorded for only one day, it is not possible to
investigate the unused vehicles or transition probabilities. Again, usage across weekdays
is fairly consistent, and more notably different between weekend days. However, in this
case it is hard to make meaningful comparisons between Saturday and Sunday driving
without knowing the percentage of vehicles that are unused. Also, the comparisons are
less reliable because each day includes a different set of vehicles.

It is not possible to compare Figure 3.13 to the UK cluster breakdown, not only due
to the effect of the unused vehicles, but because the cluster centroids are not identical.

In order to make a more precise comparison between the two datasets, the Texas vehicles
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Figure 3.13: The variation of cluster composition of the Texas vehicle with weekday.

were reclustered using the centroids from the UK clustering. This means an iterative

process was not necessary, for each Texan datapoint the nearest UK cluster centroid was

identified. Figure 3.14 shows the comparison between cluster composition of the two

fleets. During weekdays there were comparatively fewer commuting vehicles in the Texas

data, and high use vehicles were significantly more common at the weekends.
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Figure 3.14: A comparison of the cluster composition of the Texas and UK clusters.

3.1.3 Comparing the Electric and Conventional Fleets

In addition to comparing the UK and Texas vehicle usage captured in the respective travel

surveys, we can also compare the usage captured in the EV trial (MEA) with the UK

travel survey (NTS). MEA provides the best available evidence for EV user residential

charging behaviour in the UK. However, the vehicle use exhibited represents a biased set

of drivers — 67.3% of participants were male, and 41% were within the 40-49 age bracket.

Quantifying this bias allows the likely error from extrapolating this trial data to represent

a large fleet of vehicles to be predicted.

Some direct comparisons from the raw vehicle usage data are shown in Figure 3.15.
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The MEA vehicles are used more frequently at both weekdays and weekends, and travel
further on weekdays. The vehicles show relatively similar usage profiles — note that the
saw tooth shape in the NTS data in Figure 3.15c¢ is likely due to the fact that the N'TS

data is recorded by hand, and participants have the tendency to round to the nearest

whole hour.
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Figure 3.15: A comparison of the trip frequency, distance, and timings of vehicles from
the NTS and MEA data.

We can further compare the usage of the vehicles by creating equivalent feature vectors
from the MEA data and classifying points according to the clusters defined in Section
3.1.2.2. By comparing the cluster composition of the datasets, modes of vehicle use that
are over represented in the trial data can be identified. Figure 3.16 shows the distribution
of clusters for both datasets, and Table 3.2 shows the average daily distance travelled by

vehicles in each cluster.
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Figure 3.16: A comparison of the cluster composition of the NTS and MEA data.

NTS Cluster MEA Cluster
1 2 3 1 2 3

Weekday 254 254 272 288 29.3 29.7
Weekend 23.9 28.1 252 225 26.5 24.6

Table 3.2: The average distance travelled by each cluster (miles)

The cluster composition is broadly similar, although there is a slight bias in the MEA
data towards weekday commuters. However, distance travelled varies more significantly
— all weekday clusters travel further than average and all weekend clusters travel shorter
distances. Overall the average MEA driver travels 12% further than the average NTS
driver on a weekday. Therefore, using the MEA data to directly forecast future charging

will overestimate the energy requirement, and likely also the peak demand.

3.2 EV Sales Projection

EV sales are currently unevenly distributed across the UK, and this means that some
areas of the power system will be impacted earlier than others. Therefore it is useful
to consider which areas are likely to see high penetrations of EVs first, and estimate
when these levels might be achieved. Technical transitions are often modelled using

s-curves [225], which are described by the equation:

_ 1
14 e Bt

y(t) (3.5)
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where t is time, and «, 3 are parameters which determine the speed and shape of tran-
sition. The limits of the equation are 0 and 1, which is one of the reasons it is suited
for describing transitions. Several example s-curves with different vales of o and [ are

shown in Figure 3.17. In general, a governs the shape of the curve, and S the scale.
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Figure 3.17: Several examples of s-curves with different parameters.

The Driver and Vehicle Licensing Agency in the UK publish quarterly vehicle registra-
tion figures, which give historic values for the number of vehicles in each local authority.
The number of these vehicles that qualify as ‘ultra low emission’ are also published, from
which the local EV penetration can be inferred. Fig 3.18 illustrates the process of finding
the best fit s-curve for one of the regions. Finding the least-square values for a, 3 is
equivalent to finding the the best fit line on a set of log axis. This allows standard linear

regression algorithms to be used, such as the numpy polyfit module.
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Figure 3.18: The s-curve fitting process for one example area.

Once separate s-curve parameters have been obtained for each local authority the
penetration of EVs can be estimated for some point in the future. Figure 3.19 shows the

geographic variation in EV penetration in 2020, 2025, and 2030. The fastest penetration
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is observed in Peterborough, which is estimated to reach nearly 100% penetration by
2025, while there are many areas projected to still be below 20% penetration in 2030.
Although extrapolations of these kind can not be taken with any serious confidence, it

does allow meaningful comparison between local rates of adoption.
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Figure 3.19: The projected regional penetration of EVs.

While it is important to consider the impacts of EV charging on the power system
at 100% penetration, for short-term planning it is also important to know when these
impacts are likely to be felt. Therefore, in the distribution system analysis in Chapter 6,

both a 100% and the projected 2030 scenario are considered.

3.3 EV Energy Consumption

In order to use travel data from conventional vehicles to estimate EV demand, a method
is required for predicting the energy consumption of each vehicle if it were electric. The
consumption of a vehicle depends not only on its driving pattern, but on the vehicle
shape, mass and drivetrain.

In this section, methods of estimating vehicles’ energy consumption from their driving
patterns are discussed. First, a detailed tank-to-wheel model is proposed, then a first

order approximation is given for a variety of vehicles.
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3.3.1 Tank-to-wheel Model

A tank-to-wheel model is a model which predicts the energy consumption of vehicles
over a given drive-cycle. A drive-cycle is essentially a trace of the vehicle’s velocity. For
conventional vehicles, very high fidelity models have been developed — which individually
model the physical components in the drivetrain. However, for EVs there are much fewer
components in the drivetrain so it is suggested that a lower fidelity model can achieve a
good performance.

Such a model would have two useful applications. First, it would allow the energy
consumption of a vehicle to be estimated using GPS data — meaning users could predict
the battery size they would require if they switched to an EV. Second, the model could
be fit to more representative drive-cycles to give a more accurate set of consumption per
mile numbers.

In order to estimate the energy a vehicle requires, first consider the force which the

wheels must overcome at a given time ¢, which can be expressed as:

F, = may + mg sin(0;) + F/*, (3.6)

where m is the vehicle’s mass, g is the gravitation constant, a, is the vehicle’s acceleration,
0, is the slope of the road, and F/* is the resistive force. Resistive force is commonly
broken down into a constant term, one proportional to velocity and one to velocity

squared [226]. It is therefore assumed that the resistive force at time ¢ is given by:

F{ = fo+ frve + fav], (3.7)

where v; is the velocity at time ¢t and fy, f1, and fo are called the coast-down coefficients.

Overcoming this force requires a power of

P, = F, (3.8)

at the wheel-axle. Substituting (3.7) and (3.6) into (3.8) and utilising a backwards-
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difference approximation (e.g. [227]) for the acceleration term we arrive at:

Vp — Vg
P, = fov, + flth + fgvf’ + mtTttlvt + mg sin(6;) , (3.9)

where At is the size of the time-step. The power required from the vehicle’s battery will
not be equal to the power required at the wheel-axle; there will be some losses in the
drivetrain which must be accounted for. The amount of power lost will depend largely
on the vehicle, but also on the drive cycle and external conditions. Here we make the
simplifying assumption that the power required from the ‘tank’ at time ¢, P, is given

by:

Py+n P, fora; <0
P/ = (3.10)

PO"‘%Pt forat>0

where P, is a constant power loss, and 7, is an efficiency specific to the vehicle. This
is a significant simplification, however, by learning this value from real-world data, un-
modelled complexities can be absorbed. For example, EVs will often use regenerative
braking, which isn’t explicitly modelled here, but this will be reflected by higher values
of n,. This first order model for losses was chosen in order to reduce the number of
introduced parameters, if a large amount of data were available, a higher fidelity model
could be used. The total energy expenditure requirement, E, of a journey will then be

given by the area under the power requirement curve, such that:
T
E= Z P/“IA¢t. (3.11)
t=1

There are several parameters in this model, which must be chosen before the model
can be applied. Here these are fit using data published by the Environmental Protection
Agency (EPA), who carry out standard testing on every vehicle available for sale in the
US [228]. The testing is geared towards conventional vehicles, so many of the recorded

parameters (e.g. engine size) are not valid for vehicles without an internal combustion
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engine. However, some fuel consumption results are included for EVs and these will form
the basis of the proposed energy consumption model.

Empirical values for the coast-down coefficients, fy12 are included in the dataset.
These are determined from a coast-down test, where a vehicle is bought up to a specific
speed and allowed to decelerate with the engine turned off [229]. It should be noted
that the effect of weather and road surface on resistive force is implicitly ignored in this
relationship.

In addition to the coast down test, the energy consumption of the vehicle over two
standard drive cycles are recorded. The drive cycles used in this testing are shown in
Figure 3.20; one represents urban style driving and one represents highway driving. While
these consumption figures give an idea about the relative fuel consumption of vehicles,
there has long been concern about whether these tests are representative of consumer
driving behaviour. In [230] it is reported that 55% of hybrid vehicles missed their EPA
fuel economy rating by more than 10% using real-world driving. However, by using the
results to parameterise the tank-to-wheel model, a vehicle’s consumption using other

drive-cycles can be predicted.
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Figure 3.20: The two standard drive cycles used in the EPA testing.

The EPA data includes 2n known energy consumptions, where n is the number of
EVs in the dataset, one for each of the standard drivecycles. As of 2019, there were 50
different EVs in the dataset, although many of them are different versions of the same
car — e.g. Teslas with different battery capacities. This means a maximum of 2n — 1
parameters can be learned from the data while preventing overfitting. Therefore, it was

decided to assume that F, is constant for all vehicles, while 1 is unique to the vehicle. If
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this model were fitted to more data, then this assumption could be relaxed.

Parameters were chosen so as to minimise the mean square error of the model on the
observed data. The resulting errors are shown on a quantile-quantile plot in Figure 3.21.
The y=x line demonstrates where the points would lie if zero-error were achieved, note
that this plot has a false origin. The model achieves a reasonable fit over both drive-
cycles, with an root mean square error of 0.15 kWh. As an example, the parameters of

the model chosen for the Nissan Leaf are shown in Table 3.3.

4.04 —- y=x o
= x  Highways x7
E 3.59 + Urban Ryl X
< X x
: -
= 3.0 X .7
2 4
= x X7
3 2.5 §&< 2
g % )%&
@) X4
o 2.0 *,qﬁ
E 2
215 it
o) L

1.0 1w

1.0 15 20 25 3.0 35 4.0
Predicted Consumption (kWh)

Figure 3.21: A quantile-quantile plot of the vehicle model performance for 50 different
EVs over the two recorded drive cycles

m (kg) fo (N) fi Nsm™) fo (Ns'm™®) Py (kW) 1,
1704 150 0.615 0.508 131 92.0%

Table 3.3: Nissan Leaf Model Parameters

To illustrate the difference that the vehicle-specific coefficients have on the energy con-
sumption, Figure 3.22 shows the predicted fuel economy versus speed for three different
EVs. This was produced assuming zero acceleration and slope, such that the consump-
tion depends only on the resistive force and the internal losses. While the three curves
show similar shapes and all have maximum efficiency points around 40 kmph, there are
significant differences. The BMW 13 out-performs the other two vehicles for all speeds
considered, the Tesla performs badly at low speeds, whereas the Nissan Leaf performs

badly at high speeds. Note that constant speed driving does not take into account the
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mass, so the vehicles’ relative performance may change once acceleration or slope is in-

cluded.
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Figure 3.22: Predicted fuel economy versus speed for three difference vehicles. The
markers show the point of maximum efficiency.

If GPS vehicle data is available, real drive-cycles can be derived. Figure 3.23a shows
the path travelled over a day by a goods delivery van (with co-ordinates removed), where
the colour shows the elevation (from which the slope can be inferred). The consumption
over the day was estimated using the model for the Ford Focus, and assuming a 60 kWh
battery. Figure 3.23b shows the drive-cycle and predicted state-of-charge profile of the
vehicle. In this case, the vehicle was in use for around half of the day, and only 40% of

the battery capacity was used.
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Figure 3.23: An example use of the tank-to-wheel model from GPS data.
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This type of simulation is useful for small scale studies, where the behaviour of a small
number of individual vehicles is to be analyzed. However, for prediction of the behaviour
of a large fleet of vehicles this level of detail is unnecessary, and potentially infeasible (if

the data is not available).

3.3.2 First-order conversion

In large scale analysis (where a very large number of vehicles is being aggregated) we need
only be concerned with average behaviour; the law of large numbers says that when a
large number of independent agents are aggregated the variance becomes very low. This
means that average drive-cycles can be used to derive appropriate conversion factors
which map driven distance directly to an energy consumption. While individual vehicles’
consumption will not be accurately predicted, the fleet total consumption should be.

In 2004 a European research project, ARTEMIS, was completed [231]. The objective
was to derive a common set of reference real-world driving cycles which are representative
of real-world driving in Europe. Three drive-cycles were derived which represent rural,
urban, and motorway driving respectively. The three profiles are shown in Figure 3.24.
The proposed model is run for each of these cycles for every vehicle available in the EPA
dataset, and the energy consumption per distance travelled is calculated in each case.

The conversion factors predicted for the most common EVs in the UK for each repre-
sentative cycle are given in Table 3.4. Values ranging from 0.21 to 0.55 kWh/mile were
observed, depending on vehicle and driving style. Rural driving was the consistently the
most efficient driving style across all vehicles, while similar values were observed for urban
and motorway driving — the urban drive-cycle was penalised by its frequent stopping, and
the motorway drive-cycle by its speed. In general, vehicles with larger f, terms performed
worse on the motorway drive-cycle.

For the analysis in Chapters 5-7, unless otherwise specified, the conversion factors
of a Nissan Leaf are used — as this is currently the most prevalent EV in the UK. It is
worth noting that the model as it stands does not include the accessory load resulting

from on-board electronics. While lights and entertainment could justifiably be neglected,
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Figure 3.24: Three drive-cycles representative of European driving output from the
ARTEMIS project.

heating and air conditioning do contribute a significant amount the overall consumption.
Therefore, depending on the simulation being carried out, it may be appropriate to
increase Py by up to 1.2 kW to account for this load. it also should be noted that there
are seasonal variations in road surface which may cause the energy consumption to be

higher in the winter, and these are not accounted for here.

3.3.3 Concluding Remarks

In this chapter, methods for modelling vehicle use and predicted the future energy con-
sumption of EVs were discussed.

Three distinct modes of weekday vehicle use were identified: morning drivers, evening
drivers, and commuters. Similar proportions of these types of driver were found in the
UK and Texas conventional vehicle data, but the EV trial data contained a dispropor-
tionally large number of commuting vehicles. This has implications when it comes to
modelling charging, because the charging behaviour of commuters is likely to be signifi-
cantly different from vehicles which remain at home all day.

S-curves were used to forecast the future EV population in different parts of the UK.

74



Model Year Consumption per Mile (kWh)

Rural Urban Motorway

Bluecar 2016 0.34 0.46 0.48
BMW I3 2016 0.21 0.29 0.29
BYD e6 2012 0.41 0.51 0.55

2016 0.34 0.42 0.48
Chevrolet Spark 2016 0.21 0.31 0.30
Coda 2013 0.36 0.50 0.47
Fiat 500e 2015 0.22 0.32 0.30
Ford Focus 2016 0.25 0.34 0.35
Nissan Leaf 2012 0.26 0.35 0.37

2016 0.22 0.30 0.33
Toyota Scion iQ 2013 0.20 0.27 0.28
Honda Fit 2014 0.21 0.30 0.29
Kia Soul 2016 0.23 0.30 0.35
Mercedes-Benz B-class 2016 0.32 0.46 0.41
Mercedes-Benz Smart 2016 0.23 0.30 0.37
Mitsubishi i-MiEV 2016 0.22 0.31 0.32
Tesla Model S 60R 2016 0.25 0.31 0.32
Tesla Model S 60D 2016 0.21 0.24 0.28
Tesla Model S 85D 2014 0.29 0.42 0.37

2016 0.26 0.38 0.34
Toyota RAV4 2014 0.32 0.45 0.45
Volkswagen e-Golf 2016 0.24 0.33 0.31

Table 3.4: Consumption per mile of common EV models for each drive-cycle.

It is clear that some areas are going to reach high levels of EV penetration much earlier
than others. This is particularly significant when it comes to predicting the impact of EV
charging on the distribution system, because it is likely that some residential networks
will see an EV penetration of 100% many years before this level is reached nationally.

A method was proposed for modelling the energy consumption of each commercially
available EV, based on GPS trip data. For cases where this data is not available, lin-
ear coefficients were proposed to convert distance travelled into an energy consumption.
Separate coefficients were found for different vehicle models and driving styles — ranging
from 0.20-0.55 kWh /mile.

While energy consumption is useful for battery sizing, understanding the impact that

charging will have on the power system requires demand profiles for EV charging. In
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order to convert the predicted EV energy consumption into power demand profiles, the

charging behaviour of the individual vehicles must be modelled.
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Chapter 4

Modelling Vehicle Charging

Once the energy demand of a vehicle fleet has been predicted, the vehicles’ charging
behaviour must be modelled in order to assess the impact of charging on the power
system. The timing and distribution of the charging demand relative to the existing
demand will have a large effect on the impact of EV charging; if all vehicle charging is
concentrated around the existing peak demand, the impact will be much worse than if
charging is distributed throughout the day. This section therefore focuses on methods for
estimating vehicles’ charging demand profile.

Section 4.1 focuses on modelling uncontrolled charging. It is important that the
impact that an uncontrolled fleet of vehicles would have on the system be quantified,
so that the cost to the system of not implementing smart charging is understood. Two
methods for modelling uncontrolled charging are described, and both are used in the
analysis in Chapter 5. First the dominant model from the reviewed literature is explained;
this is used so that the results in this thesis can be directly compared to existing results
from other studies. Then, a novel method is proposed which stochastically models a
vehicle’s charging from its usage data.

In Section 4.2 methods for calculating the optimal controlled charging strategy are
discussed. By comparing the impacts of uncontrolled and optimally controlled charging,
the potential value that smart charging could provide is quantified. Standard optimisation

problems from the literature are formulated for flattening load and minimising peak
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demand, which are the simplest objectives for smart charging. Then, three novel strategies
are proposed for co-ordinating EV charging. The first is a convex formulation for loss
minimisation in multiphase networks, which is computationally comparable to flattening
load, but requires detailed network information to formulate. The second is a modification
to the standard load flattening problem to incorporate phase balancing, such that losses
are reduced. Finally, a method for considering the relationship between converter losses
and charging power is proposed. A wide range of objectives are required in order to
address gap (C) from the literature review — a lack of comparison between smart charging
strategies. All optimisation problems formulated in this section are convex, and this is
important because the formulations need to have similar computational complexities to

compare their action.

4.1 Uncontrolled Charging

Uncontrolled charging describes the way that vehicles will be charged without the presence
of any demand shifting incentives. As the focus of this thesis is on domestic charging,
it was assumed that access to a charger was not a limiting factor. Although it is not
necessary to be able to correctly predict the charging of individual vehicles, the model
needs to produce representative results at both small and large levels of aggregation.
Here two methods are presented; the first is taken from the first group of models
described in section 2.2.2 of the literature review, and is used as a comparison to the
standard practice; the second is a novel model which would fall within the second group

of models.

4.1.1 Standard Assumption

The most common method of predicting charging from vehicle usage is assuming that
charging begins immediately after the completion of the final journey of the day (e.g. [59,
61,82,103,152,188,189]). This assumption was proposed before any domestic EV charging

was observed, using the reasoning that this option would offer the most flexibility and
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convenience to users.

There are two main problems with this method for modelling charging. First, that
the natural diversity in users’ charging is ignored. This is important because, diversity in
behaviour results in a cancellation effect when demand is aggregated — meaning that the
peak demand per vehicle of a large group of vehicles is likely to be lower than for a small
group. Second, the domestic charging that has now been observed does not support this
assumption; only 41% of charges recorded in the MEA data begun within 10 minutes of
finishing their final journey, and only 70% of charging events were within 10 minutes of
the completion of any journey.

In Section 4.1.2, a more complex model is formulated using the observed charging from
MEA. However, there is a danger of overfitting the behaviour of a small group of drivers,
when predictions are based on the charging observations from one study. Therefore,
this method is kept as a means of comparison — with the understanding that it likely

represents an overestimate of the peak charging power demand.

4.1.2 Stochastic Model

In this section a stochastic model for EV charging is presented, which is parameterised
by EV trial data but can be applied to conventional vehicle travel survey data — thus
combining the benefits of both sources of data. The success of a model like this can be
quantified by the accuracy with which it predicts the observed trial data. Providing the
model performance is good, insight on the likely regional variation in EV charging can
be gained by applying it to the trial data.

The model presented here uses random variables to model both charging and vehicle
use, allowing the conditional relationship between the two to be modelled using Bayesian
statistics. In order to model vehicle use as a single variable, the clustering results from
Section 3.1.2 are used.

The majority of charging observed in the MEA data immediately follows a journey.
This means that, as there are only a small number of journey end times compared to

the total number of time instances, the probability of a charge beginning at the end of a
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journey is substantially higher than at another time. In order to tackle this, here charging
after a journey is modelled with a separate variable than charging at an independent time.
Hereafter, these types of charging will be referred to as after journey and independent
charges and will be modelled using the random variables c¢; and ¢; respectively.

The variables considered to influence charging decision are: the vehicle’s SOC, the
time, and the usage cluster that the vehicle belongs to. Due to the quality and amount of
data available, SOC is discretised into 6 states, and time is discretised into 48 half hour

states. Formally, we therefore define the following random variables:

Cj EZQ, C; EZQ, dEZQ, k’GZ;g, t€Z48, SEZG,

where Z, denotes the integer set from 1 to z, ¢; is the binary variable determining whether
an after journey charge begins, ¢; the binary variable determining whether an independent
charge begins, d states whether it is a weekday or weekend, k is the cluster the vehicle
belongs to that day, t is the time, and s is the SOC. Now, instead of considering only
the probability that a charge will occur, the joint distribution of all variables must be
considered. Every possible scenario is described by a combination of these variables,

meaning that:

Z P(cj,ci,d k,t,s) =1, (4.1)

cj,ciyd,k,t,s

where P is the probability distribution function. The prediction problem becomes calcu-
lating the posterior probability that each type of charge begins, given the known values

for the other variables. For after journey charging this is written as:

P(c; = True | ¢;,d,t, k, s), (4.2)

where | x implies that the value of z is known. The total probability of a charge beginning
will be the sum of this conditional probability and an equivalent expression for ¢;. From

the definitions of ¢; and ¢; it can be seen that it is impossible for both variables to be true
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simultaneously, as they are describing the same phenomena under different circumstances.
Therefore we can exclude ¢; from (4.2) because if ¢; is true, then ¢; is necessarily false
(however they could both be false, so still need to be considered separately in (4.1)). The

expression therefore reduces to:

P(c; =True | d,t,k,s), (4.3)

which is defined over 2x48x3x 6 = 1728 possible scenarios. This discrete distribution can
be populated using the observed charging events from the MEA data. For each possible
value of (d,t, k,s) (4.3) is approximated using discrete observations from the data; in
other words the probability is the percentage of observations of that combination of
(d,t,k,s) which occurred at the start of a charge. This probability is then calculated
for each combination of variables to build the full distribution. Note that only times
when a journey had just ended are considered. A Gaussian filter was used to smooth
the distributions in order to compensate for areas in state space where data was scarce.
Figure 4.1 illustrates (4.3) using heatmaps, one for each possible k and d combination,

with ¢ on the horizontal axis and s on the vertical.
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Figure 4.1: The % probability that a charge will follow the completion of a journey, as a
function of both time and SOC, for each vehicle use cluster.

The fact that the distributions vary significantly with k£ supports its incorporation as
a parameter; if EVs’ charging were independent of usage cluster, then the three heatmaps
would be identical. During weekday use, morning and evening drivers are likely to charge
after journeys in either the morning or evening, and plug in with relatively high SOC.

Whereas, commuters plug in almost exclusively after evening journeys and often have
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very low SOC. During weekend use, single use vehicles (clusters 1 and 3) were most likely
to charge after journeys ending in the early afternoon, while high use vehicles charged
at either ends of the day. Overall, the peaks in the probability distribution occur at low
values of SOC (as expected), in both the evening and early morning. Note that this does
not mean that all vehicles are likely to charge in the early hours, just that vehicles that
complete journeys at this time are likely to charge afterwards.

For independent charging, it was found that the vehicle usage had a negligible effect
on whether or not a charge was started. In fact, often these events occurred on days
where there was no vehicle use — and as a result no value of k. Therefore it was assumed
that if ¢;=True, then P is independent of k, such that the posterior distribution to be

estimated becomes:

P(c; = True | t,d, s), (4.4)

Figure 4.2 illustrates this distribution. In this case there is not a significant difference
between weekend and weekdays, suggesting that d could also be excluded from (4.4).
However, as minor differences are observed in the early evening (which is the time of
greatest interest) the variable was kept in this analysis. Here the distribution peak
occurs shortly after midnight, and it is suggested that this is the results of timers set to

coincides with the start of Economy 7 cheaper pricing (the UK’s dual tariff scheme).
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Figure 4.2: The % probability that a charge will start independent of a journey, as a
function of both time and SOC, for each vehicle use cluster.

These distributions can then be applied to the NTS data, as (d,t, k) are all known
and s can be estimated by assuming a battery capacity and a relationship between energy

consumption and distance. The simplest method is to use a linear relationship, such that
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a constant coefficient is defined which maps the distance to an energy consumption. If
additional information were available, the relationship of consumption on driving style
and vehicle parameters could be incorporated by altering the parameter according to the
information. This allows a Monte Carlo simulation to be set up, which is described by

the flow chart in Figure 4.3.
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Figure 4.3: A flow chart describing the charging model simulation process.

Initially it is assumed that the vehicle is fully charged (s = 6) and that it is the
beginning of the day (¢ = 1), then the day of week type and vehicle usage cluster are
calculated. The simulation then steps forward in time, if a journey ends at that time-step
then the SOC is reduced and the probability of an after journey charge is calculated, if
not then the probability of an independent charge is calculated. Once a probability of a
charge beginning has been calculated, a random number between 0 and 1 is generated.

If this number is less than the probability calculated, then a charge begins, ending either
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when the battery is full or when the vehicle is next used. The SOC and time are also
updated accordingly. If a charge does not begin, the time is increased by one and the
process is repeated until the end of the dataset is reached. Once the end of a day is
reached (¢ = 48) the type of day d and usage cluster k need to be updated, and ¢ is set
back to 1.

Stepping through the data once will result in a single estimate of charging. Stochas-
ticity is captured by repeating the simulation, resulting in a distribution of predicted
charging. Variation in both charging and vehicle use can be incorporated by running
further Monte Carlo simulations where the input vehicles are randomly sampled from the

whole travel survey dataset.

4.1.2.1 Model Validation

The accuracy of the model proposed in Section 4.1.2 can be quantified by predicting the
charging of the MEA vehicles from their usage data. It is important to use different data
to train and test the accuracy of a model; otherwise the model may be overfit — meaning
it fits the training data with very high accuracy, but performs badly on unseen data.
Given the limited amount of data collected in MEA, significantly reducing the size of
the training data is likely to degrade the performance of the model. Therefore the whole
dataset is used as testing data, but the model is re-trained for each vehicle with the data
from all vehicles except that one. For an individual vehicle-day the model predictions will
vary significantly between runs. However, when considering the prediction of the whole
dataset the law of large numbers says the variance should become very small. Therefore,
an overall PDF of predicted charging start times can be produced by running the model
a small number of times over the entire dataset.

For charging after final journey there is no stochasticity in the model, so the PDF
of starting charging will equal the PDF of final journey end times. Figure 4.4 shows
both estimated PDFs, compared to the distribution of times when charging is observed
to have started. It can be seen that assuming charging starts immediately after the last

journey overestimates charging between 16:00 and 23:00 by up to 70%. This is especially
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problematic for peak demand prediction, as the existing peak occurs within this window.
The new charging model achieves within 25% error across all times. Weekday observations
are fit with greater accuracy, which is unsurprising given the larger variability in weekend
vehicle use. It could be argued that, as the weekday vehicle use is higher, these days are
of greater concern. It is worth noting that these metrics only show the expected error;

the error on individual predictions will vary case-by-case.
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Figure 4.4: The starting charging probability distribution predicted from the MEA usage
with both the proposed model and standard assumption, compared to the ground truth.

The difference in performance between this model and the standard assumption de-
scribed in Section 4.1.1 can be further explored using a case study. Here we consider the
aggregated charging of 50 households’ vehicles. This is representative of charging in a
LV distribution network, where 100% of vehicles are electric. Simulations of this kind
are important, because we need to understand how diversity between vehicles is likely to
manifest at low levels of aggregation. Likely, if 50 vehicles charged simultaneously on a
single feeder, then network limits would be violated. However there are existing appli-
ances (e.g. kettles or showers) which would cause overload if all households used them
simultaneously; in reality natural diversity between users renders this situation extremely
unlikely. As EV adoption increases, accurately modelling the diversity of EV charging
will be crucial in predicting the peak demand.

For this case study, vehicle data was taken from NTS households in North Lincolnshire
(a county in the North East of England) on a Wednesday. These parameters were fixed

in order to remove geographic and weekday variations in vehicle use. It was assumed that
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chargers were rated at 3.5 kW and had an efficiency of 90%. Monte Carlo simulations
were constructed to estimate the average and variance of the vehicles’ aggregate charging
profile. Two simulations were carried out, one considering only variation in charging, and
one considering both variation in vehicle use and charging. In the first, a single set of
50 vehicles was chosen from the data, and in the second, the 50 vehicles were allowed to
varied between runs of the Monte Carlo simulation.

The simulation results are shown in Figure 4.5 for both the proposed stochastic model,
and the assumption that vehicles charge after their final journey. In the single set sim-
ulation there is no variation in the latter as the model is deterministic. Whereas, when
the set of vehicles is varied, stochasticity is introduced via the vehicle use. In both simu-
lations the peak demand predicted under the new model is lower than that predicted by
assuming charging begins after the final journey. This is significant because it supports

the hypothesis that using the standard assumption produces overestimates.
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Figure 4.5: Aggregated charging of 50 households’ vehicles under: (a) the assumption
that charging always begins after a vehicle’s final journey, and (b) the proposed model.
The results are shown both using a single set of vehicles (top) and with a varied set of
vehicles (bottom). The shaded area covers the 90% confidence interval.

It should be noted that the variability demonstrated is due to variations in populations
and use. The derived bounds can not be directly translated into a forecast uncertainty,

as this will depend on the prior information that is available about the vehicle fleet.
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4.2 Controlled Charging

Quantifying the optimal action of smart charging strategies allows the value of controlling
charging to be estimated, and any unavoidable network upgrades to be identified.
Several objectives have been proposed for smart charging. Flattening load or min-
imising peak demand are the two most common objectives, however, the most economic
strategy for network operators may be to minimise losses. In this section, each of these
objectives are formulated as a formal convex optimization problem. The convexity means
that the problem has a unique global optima, and can be solved for a relatively high time
resolution and large number of vehicles. These all assume centralised control with accu-
rate predictions are available — meaning that all vehicles’ charging is controlled by one
central actor who has deterministic values of future vehicle use and electricity demand.
These assumptions mean that the optimal solution could not be calculated in real-time,
however calculating the offline optimal solution is useful in assessing the maximum tech-
nical potential of smart charging. In reality, vehicle behaviour and existing demand would
need to be forecast and a predictive optimisation strategy would be required, however

these are beyond the scope of this thesis.

4.2.1 Flattening Load

Load flattening schemes aim to smooth some aggregated load profile, including both
existing and vehicle charging demand. The level of aggregation used dictates the benefit
of smoothing the load; if an individual with an EV, solar panel and home energy storage
system flattens their load, they will maximise their self-consumption (and thus minimise
their electricity bill); if vehicles flatten the load in their residential network, the peak
demand at the distribution transformer will be minimised.; if vehicles flatten the national
load, the total power generation capacity required will be minimised. These results would
all be useful, but the beneficiary is different in each case. Mathematically, these problems
have the same formulation, and this is described below.

Consider a fleet of N vehicles and N associated inelastic loads (typically household
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loads) over T' discrete intervals of duration At¢. The charging power of the vehicle at

node j during time interval ¢ is given by a:gj).

The vector x9) € RT then represents
the proposed charging profile of that vehicle over the whole time period, and h") is the
household load (or inelastic load) profile at node j. Note that x are the loads seen from
the grid side, any losses in charging need to be taken into account before the energy

demand of the vehicle is met. The load flattening objective function to be minimised is

then:

Np,

F) =11 2(h+x)9 |3 (4.5)

J=1

The 2-norm is used here because when the energy demand is fixed, the flattest load
will minimise the sum of the square components. Additionally, unlike other norms, this
function is convex, which improves the computational performance of the optimisation.
The individual EV energy requirements and limit of the chargers are encoded in the
problem constraints. Every time a vehicle j is plugged in a new set of constraints are
generated, which are defined by: the time interval in which the vehicle arrives, ¢, the time
it is needed by, ¢, and the energy it requires, £U). Mathematically these constraints can

be described as:

t ) )
ez At = BV, (4.6a)
t=t
0< 2 <Phow Vte[t, ], (4.6D)

where 7. is the charging efficiency, such that (4.6a) ensures that the vehicle has received
the right amount of energy before it is required, and (4.6b) limits each charging power to
be non-negative and below a maximum value. Finally, the optimisation can be described
as:

minimise (4.5) subject to  (4.6),

which takes the form of a quadratic program (QP). These are convex problems, providing

the matrix of the quadratic component is positive definite [232], and can be solved in
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polynomial time using standard software packages, such as cvropt [233]. Charging cost
minimising optimisations with a dynamic prices would also result in the load flattening

solution, so from a system perspective these objectives can be seen as equivalent.

4.2.2 Minimising Peak Load

While flattening load will minimise the peak demand at all time resolutions greater than
At, it is not possible to formulate a convex problem for flattening load with bi-directional
charging. This is because if x can take negative values then the function (4.5) can equal
zero, meaning that the objective is no longer positive definite. This means that, in order
to consider the effect of V2G charging, a different problem formulation must be used.
This can be formulated as a linear program, meaning it is computationally less intensive
than flattening load. However, peak load is dependant on the time resolution used, so
careful consideration needs to be given to the desired time resolution. For example,
avoiding increasing the peak demand at the 1 minute resolution does not guarantee that
the 30 min peak demand does not increase. Contrastingly, if the load is flat at 1 minute
resolution, it is also flat at 30 min. Here separate problems are defined for uni-directional
and bi-directional charging. Both take the form of convex linear programs, which are
computationally simpler than QPs.

First, the case where only uni-directional charging is allowed is considered. In order

to minimize peak load, an additional variable z is defined so that:

N .
p+ Y2 < 2wt (4.7)

J=1

where p; is the existing feeder load at time ¢.The objective of the optimization is then

described by:

minimise =z subject to  (4.6)(4.7).

X,z

The value of z changes throughout the optimisation, however as it is minimised, it will
always reach the equality constraint in (4.7) — meaning it equals the peak demand once

vehicle charging has been added.
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In order to allow bi-directional charging it is insufficient to merely remove the positive
constraint on vehicle charging, as the charger round-trip efficiency must be taken into
account (losses in the charger mean that energy is wasted when power is transferred in
either direction). Therefore if = were allowed to be negative, the constraint (4.6a) would
no longer capture all of the losses, and any vehicles providing V2G would not receive
enough power.

Here two sets of variables are defined, x ) for the power flow to EV j at time ¢, and
ytj for the power from EV j at time ¢. This means the constraint (4.7) can be rewritten

as:

N . N .
Y e =Yy <2 W, (4.8)

=1 j=1
and (4.6a) as

T , y()
3 next” td At = EV). (4.9)

t=1 7

An additional constraint is also required to ensure that the SOC of the vehicles remains

between 0 and 100% for all time instances. Mathematically this can be written as:

(4)
0< E”+Z (nc 0 _ G ) <cY vr, (4.10)
t=1 Tld

where C') is the capacity of vehicle j ’s battery. The constraint (4.6b) still holds, along

with a similar constraint on y:

<

0<y? <Ppae VEE[L,T]. (4.11)
Finally, the problem can be described as:

minimise z  subject to (4.6b)(4.9)(4.10)(4.11).

X,z
This formulation will implicitly prioritise charging over discharging for minimising peak
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demand due to the efficiency terms. In other words yy ) will be necessarily zero if xgj ) is
non-zero. This is because any non-zero y will increase the total energy demand, so it will
only be increased when it directly reduces the objective —i.e. at peak demand time. This
means that there will no times when there is both charging and discharging. For both

uni-directional and bi-directional formulations the resulting problem is a linear program.

4.2.3 Multi-Phase Network Loss Minimisation

Here a linearisation of the power flow equations is used to formulate approximate loss
minimisation as a convex QP problem. In the case of a three phase, unbalanced, star-
connected distribution network with N, 3-phase buses, we can write down the power flow

equations as:

s = diag(v)i*, (4.12a)

i=Yv, (4.12D)

where s,i € C3™ are are vectors of the complex power and current injections at each
bus, Y € C3**3M s the network admittance matrix and v € C™ is the vector of bus
voltages. The admittance matrix and voltages can be decomposed as:

Y Y \Y
y="" " v=|"", (4.13)

Yor Yir VL
where Yoo € C**3, vy € C? describe the slack bus (which is set to nominal voltage
in order to create a solvable set of equations). The linearisation described in [234] is

followed, such that the bus voltages are approximated as:

P
v=M, | |+a, (4.14)

q
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where p, q contain the real and reactive load injections respectively, and

My = | Y diag(vy) ™t —jY  diag(vy) ™! (4.158)

a — —YZII/YL()VO y (415b)

which is calculated around a known power flow solution v (the linearisation point). Given
that there will only be loads placed on a subset of the buses on the network, we can
remove columns from My which correspond to buses without loads on. This means that
M, € C*"o*2Nn where N, is the number of households (or applied loads) on the network.

To validate the linear models (prior to optimisation), we consider a relative voltage

error, €y, given by
_ v =¥l

€y = — 4.16
MATE TR (4.16)

Power flow solutions and the admittance matrix are both obtained using OpenDSS [235].
We study the error ey for three linearisations: one linearisation Mg 3 with all loads at
0.3 kW, then Mg g, M o likewise at 0.6 kW and 1.0 kW respectively. For each of these
models, a uniform demand & is applied to all loads, and the error calculated by comparison
to the true power flow solution (see Figure 4.6). There is zero error at the linearisation
and no-load points, as expected [234], and less than 0.02% error within +50% of the
linearisation point. The observed mean load of a large series of household smart meter

data was approximately 0.6 kW, and so the model M = Mj ¢ is used subsequently.
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Figure 4.6: Relative voltage error ey for three linearisations Mg, with a uniform demand

r assigned to each residential load (with a fixed power factor). The small error shows the

linear models have good accuracy.
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The complex power injection at a given node k is given by:

) — ) — )y ]#(8), (4.17)

k

where v*) is the node voltage, i*) is the current injection at the node. The losses can

then be written as:

Ny
3" Re{s®} = Re{v Y*v"}. (4.18)
k=1

In order to convert this expression from voltages to applied loads we need to substitute in
(4.14). In this case, only one type of load is considered (EV chargers) so it is reasonable

to assume a fixed power factor, meaning the reactive applied load can be expressed as:

q = ap, (4.19)

where @ € R is some constant. If each load had a different power factor, then o would

be a diagonal matrix. Considering;:

M = [Mp Mq] . (4.20)
and substituting in (4.19), (4.14) is reduced to Mp + a, where:

M =M, + oM, (4.21)
Finally, the losses can be expressed as a quadratic function of the applied real power:

Ny
> Re{s®}=p"Ap+y'p+ec (4.22)
k=1
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where:

A = Re{M"Y"NMI*}, v = Re{2a" Y*M*},
(4.23)
and ¢ = Re{a' Y*a*}.
In order to minimise real power losses due to EV charging we need to consider the

total energy lost over T' time intervals:

T Np

L=AtY Y Re{s?}. (4.24)

t=1 k=1

By considering p = [p1...pr]', the concatenation of the applied loads at all time in-

Stances, Wwe call express:
L=Atp AP+ At 4P+ cTAt, (4.25)

where A € RMT*MT ig g hlock diagonal matrix of A, and 4 € R contains T concate-
nated copies of . The real power load, p, can be decomposed into the uncontrollable
household load, h, and the controllable EV load, x. The total losses can then be expressed

as:

L=x"Ax+[A+Ah+4]x+
(4.26)
h'"Ah +4"h + ¢TAt,

which finally allows the problem to be expressed as the QP:
minimise  (4.26) subject to  (4.6).

4.2.3.1 Formulation Validation

Due to the non-convexity of the true problem, it is impossible to quantify the accuracy
of the approximate optimisation when applied to a full problem. However, for small

problems it is possible to search for the optimum point empirically, by calculating the
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Figure 4.7: A simplified 2 bus EV charging scenario.

value of the objective at a fine grid of points. In this case the problem does not need
to be convex, as the objective will be evaluated at all points - so there is no danger of
finding a local minima. This means that the full non-linear power flow equations could
be incorporated.

Consider two vehicles charging: one at the top of the feeder and one at the bottom, as
shown in Figure 4.7. The second vehicle is a greater electrical distance from the substation
so its charging will result in larger losses. We consider two time instances during which
there is no base load, and each vehicle must receive an average of 0.5 kW. The maximum
charging power they can receive in one time instant is 1 kW. There are only two decision
variables in this problem - the charging power of each vehicle at the first time instant.
The charging powers of the vehicles in the second time instant are then determined by
the total energy that they need to receive over the time range. It is therefore possible
to visualise how the simplified and true objective functions vary throughout the decision
space using a heat map. This subproblem was constructed in openDSS, a power flow
solver, and the actual losses were calculated using a full mesh of decision variables.

Figure 4.8 shows heat maps of both loss minimising objective functions, and the load
flattening objective for comparison. For the loss minimising heat plot the contours of
the true objective are shown in white, and the proposed model contours are shown in
dashed cyan. Both plots are scaled to have a maximum value of 1 and the contours show
increments of 0.1. In this case the approximate algorithm has matched the true function
well, and the correct minima was identified. Although a promising result, it is impossible
to determine whether this level of accuracy is maintained for the full sized problem.

The load flattening heat map is included because it helps visualise key differences

between the objectives. While the loss minimising problem has a unique minima, the
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Figure 4.8: Variation of the smart charging objectives in a 2-bus problem. The loss
minimization plot shows both the true contours (white) and those obtained from the
model (cyan). Darker colours indicate lower losses, and the minima are shown in red.

load flattening problem has an infinite number of solutions which produce an equally flat
load. Additionally, the load flattening problem treats the buses as homogenous, whereas
you can see that the loss minimising objectives skew towards smoother charging at the
bus further down the network.

Although this formulation allows losses to be directly minimised without sacrificing
convexity, it has several disadvantages. Firstly, it requires exact information about the
entire network topology and impedances, which may be unknown and difficult to deter-
mine accurately. Secondly, the peak load at the transformer is not explicitly minimised —
so the transformer may suffer larger peak loads in return for the reduced losses. Thirdly,
the quadratic matrix is more densely populated than in the load flattening case, so the

problem will take longer to solve.

4.3 New Controlled Charging Strategies Considering
Phase Balancing and Converter Losses

The previous section detailed controlled charging formulations that compute the optimal
solution for various objectives. These formulations are non-causal, centralised, and require

extensive information. Additionally, they rely on the assumption of a constant charger
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efficiency, which is not accurate for the full range of operating powers. While a causal,
decentralised implementation of these strategies is outside of the scope of this thesis, this
section details some simplifications that can be made to the problems in order to address
some of these issues.

First, an extension to the load flattening problem is proposed so that the loss minimis-
ing solution is better approximated. Then, the effect of varied charger efficiency on smart

charging optimality is discussed, and a method is proposed to mitigate the problem.

4.3.1 Phase Balancing for Loss Reduction

The load flattening problem is ill-posed, as a unique solution does not exist. This is
because all vehicles are treated as homogenous, meaning that charging can be shifted
from one vehicle to another without affecting the objective function. It follows that
there are a set of solutions that flatten load optimally, and the solver will just pick the
one closest to its starting point — typically solvers initialise all variables as equal, so
the resulting profiles tend to be slow and flat. Tikhonov regularization is a method of
creating a unique solution which is in some way preferable. A second function is added
to the objective, weighted by a very small number A, such that the function only becomes
significant once the minima of the primary function has been found.

In this case, it is desirable to select a load flattening solution which results in lower
losses. Phase imbalance is one cause of losses, and can be quantified using the ratio
|I5|/|11| [236], where I, 2 are the zero, positive, and negative sequence currents. These

are calculated by:

Iy 11 1] |14

1
I :g 1 a a° Ig| (427)
[2 1 0,2 a [C

where a = €5, and I A.B,c are the currents in phases A, B and C' [237]. Minimising this
ratio across the network is a non-convex problem and requires the full network model to

be known. However, the branch currents are driven by the applied loads, so it follows that
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the average phase imbalance in the network could be reduced by balancing the applied

load across the phases. Therefore, here the following convex objective is considered:

gx) = 3 (43P = 37 (h+x) 5+

JEHA JjEHB

1Y (h+x)D = 3 (h+x)9 |3+ (4.28)
JEHA Jj€HCe

1> (h+x)P = 3 (h+x)V |3,

JEHB JEHC

where the set H; contains the households in the networks on phase 7, such that each
household belongs to exactly one set. While calculating losses requires all of the network
impedances to be known, g(x) requires only each load’s phase. This is easier for DNOs to
determine, and would likely only need to be found once (unlike network topology, which
regularly changes as a result of network reconfiguration). It is shown in Chapter 6 that
incorporating this function as a secondary objective to the load flattening problem has
the effect of reducing |I5|/|[1] across the network. The proposed optimisation can be
described as:

minimise  f(x) + A g(x) subject to  (4.6)

where A < 1. The resulting problem remains a QP, however the computational complex-
ity is larger than for the standard load flattening problem due to the increased density

of the quadratic matrix.

4.3.2 Incorporating Varied Charger Efficiency

In order to guarantee convexity, the smart charging formulations in Section 3.2 all as-
sumed a constant charging efficiency. Charger efficiency is defined by the ratio of the DC
power into the battery to the AC power drawn from the grid. The difference between
the two is caused by losses in the converter, and assuming a constant efficiency is equiv-
alent to assuming that converter losses are linearly related to power. In reality there are
two components to losses: conductive losses which vary approximately with the square

of load, and switching losses which are approximately constant (see Section 2.4.3 [238]).
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Figure 4.9: The variation of charger efficiency with power requested. The solid line
represents the average values and the shaded area covers the range observed.

This means that when the charging power is low, the efficiency becomes poor as the
switching losses make up a proportionally bigger proportion of the load. Therefore, if a
vehicle uses a charging profile which includes low powers, it will not receive the intended
amount of energy.

The amount of losses will vary between chargers, and only a limited amount of data
was found recording the efficiency of EV chargers. Some lab based measurements of
efficiency are available (e.g. [239]) but there is a shortage of data from operational EV
chargers operated at various powers. In [20] a bi-directional EV charger was operated
at various power levels and the efficiency was recorded in each case. Hundreds of data
points were gathered and there was a large amount of variation in efficiency experienced,
Figure 4.9 shows the average and variation in efficiency recorded at each power. Some
of the variation was due to a delay between the recordings, meaning the efficiency was
also dependant on the previous power. However, this is the most relevant set of efficiency
data that could be found in the literature.

In this section, a simple example is used to quantify how drastically incorporating
varied efficiency effects the result; the example problem has to be small in order to retain
tractability of the non-convex optimisation. Then, a heuristic method of altering the
results of the optimisation problems in Section 3.2 to avoid operating at low efficiencies
is presented.

Consider a single vehicle charging at the lossiest node on the IEEE European Test

Feeder [240], aiming to optimise its charging so as to minimise losses in the presence of a
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constant base load. In this case the decision variable x; is defined as the power on the DC
side of the converter at time ¢ (in Section 3.2 the power on the grid side was used). This
change is necessary in order to express the energy requirement of the vehicle as a linear
constraint. In order to reduce the size of the problem, charging power is also discretised

such that:
x; € [0, 0.5, 1.0, 1.25, 1.5, 1.75, 2.0, 2.25, 2.5, 2.75, 3.0]. (4.29)

Each possible charging power has an associated constant efficiency, derived from the data
in [20], which are described in Table 4.1. In this case it is assumed that the vehicle is
charging over 20 half hour intervals, during which it requires 10 kWh of charge. The

problem size if further reduced by discretising charging power, such that:

1 20
=Yz =10. (4.30)
2 t=1

The problem is further reduced using the assumption that the base load is constant

z (kW) 00 05 1.0 125 1.5 175 2.0 225 25 275 3.0
ne(z) (%) 0 50 70 79 82 8 87 88 89 90 90

Table 4.1: The efficiency values assumed for each power.

— meaning the order that a sequence of charging powers are carried out won’t affect
the losses. With the chosen time and power resolution there are 39 916 800 points
(or potential charging profiles) in the solution space. However, only 29 903 satisfy the
constraint (4.30), and this number can feasibly be checked exhaustively. The power flow
equations do not need to be calculated each time, as each charging power will have an
associated distribution loss. The loss associated with each charging power can be found

using the following steps:
1. Use the efficiency to calculate the equivalent power drawn from the network.

2. Add the load to the appropriate point in the network and run a power flow.
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x (kW) 0.0 05 10 125 15 1.75 2 225 25 275 3.0

L(z) (W) 0 47 69 77 90 104 118 133 149 165 183
Lo(z) (W) 0 25 52 66 81 97 113 130 147 165 183

Table 4.2: Calculated distribution losses for each charging power. L uses 7. from Table
4.1, while Ly assumes a 1.=90%.

3. Calculate the increase in total load into the feeder minus the power into the battery.

Assuming all base loads on the network are set at 1 kW, the resulting distribution system
losses from each charging power are shown in Table 4.2. L describes the losses calculated
including the varied efficiency, while Lg are the losses calculated assuming a constant 90%
efficiency. You can see that at high charging powers the values are identical, while at low
charging powers L is nearly twice the size of L. Here three objectives are considered.
The first aims to minimize the total losses in the distribution system over the time period,

such that:

%)= Liw). (4.31)

The second aims to consider the total energy losses, including both the distribution losses
and those in the vehicle charger. This is considered separately because distribution system
losses cause heating and degradation in the network, so minimising them is optimal for
the network, whereas minimising total losses is economically optimal. The total losses

can be expressed as the function:

f(x) = Z; L(zy) + 2[1 — ne(xy)] e . (4.32)

Finally, the distribution system losses using the assumption of constant efficiency is used

as an objective:

f(x) = 2_:1 Lo(¢) . (4.33)

This allows the impact of ignoring the relationship between charging and efficiency to
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Figure 4.10: The power into the EV battery and drawn from the grid under three cases
described in Table 4.3.

be quantified for this case. A summary of the three problems is presented in Table 4.3,
and the optimal charging profiles found are shown in Figure 4.10. The left graph shows
the power into the battery, which is what is being controlled. The right shows the power

drawn from the grid, which includes charger losses.

Case Objective Include Charging Losses
(a) Minimise distribution system losses X
(b) Minimise distribution + charger losses v
(c) Minimise distribution system losses v

Table 4.3: A summary of the three cases considered.

In case (a) where efficiency was ignored the slowest charging profile possible is selected
(as expected). When total losses were minimized in case (b) the vehicle charged as fast
as possible, running at full power. In the final case, considering only distribution losses
a medium rate was selected. The losses associated with these profiles are shown in Fig
4.11, broken down into charger and distribution losses. It is clear that the charger losses
are much more significant than the distribution losses in this example, which is surprising
given that the feeder is quite heavily loaded. In fact, the variation in distribution losses
in each case is minimal when compared to the variation in charger losses. It is also
worth noting that the distribution losses are actually highest in case (a), where they
were explicitly minimised but varied charger efficiency was not taken into account. This

demonstrates the importance of using a higher fidelity vehicle charger model.
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Figure 4.11: The total losses due to the EV charging under the three cases described in
Table 4.3, broken down into distribution system and charging losses.

It should be noted that none of the optimisation strategies discussed consider the
impact of the charging profile on the battery. CC-CV profiles are typically used to
protect the battery’s state of health, but incorporation of the requirements of the battery
is left as further work.

There is no way to incorporate varied charger efficiency into the optimisation without
sacrificing convexity. However, the assumption that 7. is constant is reasonable above
certain charging powers. If the fleet of EVs being controlled is large, it is possible that
the same level of load flattening could be achieved by switching vehicles on and off at full
power, however this would require reformulation as a mixed integer program (e.g. [241]).
These are non-convex and therefore scale badly, meaning they are unlikely to be suitable
for control of a network containing many vehicles.

Due to the time constant of the transformer and cables, network operators are pri-
marily concerned with loading at a 30 minute resolution. This is significant because at
a 30 minute resolution there is no difference between charging at 1.5 kW for 30 minutes,
and charging at 3 kW for 15 minutes. Therefore the 30 minute resolution load can be
maintained while charging losses are reduced by charging at full power for a subset of the
30 minutes. This means that the EVs are effectively operating with a duty cycle, where
they are on for a certain percentage of the time period.

If each vehicle charges in this way then the optimal behaviour at a 30 minute resolution

is guaranteed. It should be noted that while network operators as primarily concerned
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with the 30 minute resolution, large peak loads at 1 minute resolution are still undesirable.
While the transformer overheating is unlikely to be a problem, losses will be increased
and this may cause voltage limits to be violated. Therefore, some thought needs to be
given to how each vehicle is allocated the subset of the 30 minutes which it charges for.

Here a simple approach is proposed, where each EV j is allocated a number of minutes
past the half-hour when it begins charging, ¢¥). Therefore, optimal charging profiles can
be found using the methods in Section 3.2 and altered using the following method. For
each xgj ) calculate the equivalent time at which the vehicle would charge at full power to
receive the same energy t,.q. The vehicle then charges from ¢\) to ¢\ + .oy, Wrapping
round the half hour if necessary.

As an illustrative example, consider 50 vehicles on a 50 household network trying to
flatten the total demand. The vehicles are controlled at 1 minute resolution but the load
only needs to be flattened at 30 minute resolution. Figure 4.12 shows the total feeder
load at both 1 and 30 minute resolutions resulting from both methods. At the 1 minute

resolution the peak demand is much higher in the discrete than continuous case, however

at the 30 minute resolution the two schemes are identical.
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Figure 4.12: The total feeder load at 1 and 30 minute resolution under both the continuous
and discrete schemes.

The differences between the schemes are demonstrated by looking at individual charg-
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ing profiles, and Figure 4.13 shows two example vehicle charging profiles from the simu-
lation; (a) shows the full 24 hours of charging, and (b) zooms in on the 8PM to midnight
window. The availability restrictions are the same under both schemes, but while the
continuous case results in a constant slow charge, the discrete case resulted in bursts of

charging at full power.
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(a) The full 24 hour window (b) A zoomed in view of 8PM to midnight.

Figure 4.13: The continuous optimal profiles and discrete approximations of two random
vehicles from the simulation.

This algorithm will not achieve the optimal behaviour, but adds diversity between the
profiles, such that the higher resolution behaviour is improved. It is possible that more
optimal behaviour could be achieved using a hierarchal optimization approach, where
individual mixed integer problems are set up for each 30 min period to determine the
optimal time for each vehicle to charge within the interval. Each mixed integer problem
would be small and could be solved in parallel, meaning the computational complexity

may no longer be a limiting factor. However, this is left as further work.

4.4 Concluding Remarks

In this chapter methods for modelling charging of electric vehicles, given their energy
consumption and availability, are discussed.

A model for uncontrolled charging of electric vehicle is proposed which incorporates
stochasticity in both vehicle use and charging behaviour. This means that variability
of EV charging can be quantified at small levels of aggregation, and different charging

behaviour will be forecast according to the EVs’ usage.
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Several optimisation problems are formulated for controlled charging, using a variety
of objective functions: load flattening, peak demand minimising, loss minimising, load
flattening with phase balancing, and load flattening with varied charger efficiency. All
formulations are convex, taking the form of linear or quadratic programs. This means
that the optimal smart charging strategies can be calculated for a range of schemes —
allowing the action of different schemes to be directly compared.

Using the modelling methodology presented in this chapter, it is possible to estimate
the power demand created by EV charging at a variety of levels of aggregation. This will
allow changes in power demand to be quantified at both the residential network level,
and the national scale. Once the new power demand has been attained, changes to the

operation of the system can be investigated.
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Chapter 5

Impacts on the Generation &

Transmission Systems

This chapter investigates the effect that EV charging will have on the transmission level
power system, which encompasses the generation and transmission systems.

The transmission level system is concerned with the aggregated demand of a national
fleet of EVs. Energy demand from EVs is predicted using the linear conversion factors
described in Section 3.2.2. The uncontrolled charging scenarios are calculated using both
methods in Section 4.1, and the smart charging scenarios are determined using the load
flattening optimisation from Section 4.2.1.

Section 5.1 focuses on the impacts of the additional charging load on the GB genera-
tion system operation. First, the change to the national demand profile is investigated at
various times of year, which allows the required installed generation capacity to be quan-
tified. Second, the implications of the change in profile on the use of renewable energy
is discussed — as part of this, a method for using EV charging to maximise renewable
consumption is proposed.

In Section 5.2 the impact of the additional demand on the GB transmission system
operation is investigated. The line loading in the high-voltage network is calculated with
uncontrolled charging, both under normal operation and in the case where the single

largest component has failed. The change to network losses is also investigated.
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Section 5.3 repeats the results from Section 5.1 but for the Texas case study. This
gives an example of how the results are likely to change for a different power system and

travel behaviour.

5.1 Generation System

In order to maintain the system frequency, at all times there must be a match between
the power demand and supply across the system. While high voltage interconnections
allow power to be bought from neighbouring systems, the bulk is generated internally
—in 2018 93% of GB’s electricity demand was met with power generated in GB. Each
fuel source has different benefits and costs — for example gas is very easily controlled,
while solar and wind power have zero-marginal cost, and zero carbon emissions. The mix
of fuels used is determined by an economic dispatch which incorporates the availability,
cost, and location of the potential supply sources.

A change to the aggregate demand profile could have two significant impacts. Firstly,
if the peak demand exceeded the total generation capacity, then additional power stations
would need to be built. Traditional power stations are expensive to build and operate,
so this should be avoided if possible. Secondly, depending on the time of the additional
demand, the mix of fuels that is utilised may change.

Here the generation level system is considered exclusively from the demand perspec-
tive. This means that the implications of EV charging on the electricity market have
not been considered, and system dynamics are not analysed. This narrower scope was
selected because the system at this level has been comparatively well studied in the lit-
erature. It should be noted that none of the thesis contributions outlined in Section 1.4
relate to this material.

In order to simulate the charging of a 100% EV fleet, vehicle usage from the travel
survey datasets were used. Distances were converted into energy consumptions using the
conversion factors for the Nissan Leaf given in Table 3.4 — ‘motorway’ for journeys over

10 miles, otherwise ‘rural’ or ‘urban’ depending on the location of the sampled household.
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It was assumed that all EVs had a battery size of 30 kWh, which is consistent with the
Nissan Leaf. If a journey was estimated to use more than 30 kWh the consumption of the
vehicle was capped at that point. Although this does mean that some energy used by the
vehicles is unaccounted for, the vehicles in question were those driving over 100 miles, and
would likely charge at a motorway charging station — meaning it is unrealistic to assume
that these vehicles would charge in residential distribution networks. It should also be
noted than, even in terms of energy, these vehicles represented a very small percentage of
the fleet demand. Increasing the assumed size of EV battery would likely reduce the peak
charging demand, as vehicles would be on charge for longer but less often. However, it is
possible that the charging behaviour captured in MEA would be different with a larger
battery. Therefore, the mid-range battery size was chosen in order to maximise relevance
of the charging data.

A scaling factor is then calculated for each of the four rural-urban classifications.
This is done by dividing the GB population living in areas with that classification to the
population included in the travel survey sample living in areas with that classification.
Note that it is important to include households without vehicles in this calculation. Then
the predicted energy demand of all vehicles from the survey is scaled using the relevant
weighting factor. The decision to scale by population rather than by number of vehicles
was based on two points. Firstly, there may have been vehicles owned by the travel
survey households which were not captured in the dataset, because vehicle IDs were only
recorded if they were used during that week. Secondly, the amount of travel is likely to
be more closely linked to population size than number of vehicles — households with two
vehicles do not necessarily travel twice as far as those with one.

The uncontrolled and controlled charging power demands of the vehicles are then
calculated using the methodology described in Chapter 4. For the uncontrolled charging
scenario chargers were assumed to be rated at 3.5 kW and have an efficiency of 90%, as
similar values have been measured in domestic charging [242]. For the controlled charging
the load flattening formulation in section 4.2.1 was used — as flattening load results in

the minimum peak demand. The existing demand that was associated with vehicle j was
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a scaled down version of the total load, such that h(¥) = Nihptot V7, where pyot is the
aggregate demand before any vehicle charging is added. Note that, in the optimisation,
the maximum charging power has to be scaled with the energy demand.

A full economic dispatch model is outside of the scope of this thesis, meaning the
changes to the fuel mix can not be accurately calculated. However, analysis of historic
wind and solar generation alongside the modelled demand profiles are used to set bounds
on the percentage of energy demand which could be met using zero-carbon sources.

In later chapters, the case for bi-directional smart charging (V2G) is considered.
However, at the transmission system level V2G has not been included in the analysis.
This is because the effect of V2G on a national system has been quite thoroughly studied
in the literature. Additionally, for a high penetration of EVs it will be shown that the
controlled load profile is relatively flat — meaning that V2G would not have a significant

additional advantage.

5.1.1 Matching supply and demand

Due to the dominance of heating and lighting in the UK’s electricity demand, loads vary
significantly throughout the year. Therefore, here the power demand on a high-use day
from each season is investigated. Weekdays were chosen as vehicle use is much higher
during the week, so the impact of charging is likely to be worse. Figure 5.1 shows the
national power demand under each charging scenario. Two versions of uncontrolled charg-
ing are shown: Figure 5.1(a) shows the predicted national demand under the assumption
that all vehicles charge immediately following completion of their final journey, and Fig-
ure 5.1(b) shows the predicted demand using the stochastic model proposed in Section
4.1.2. Note that, although the charging model is stochastic, no uncertainty is seen at this
level of aggregation due to cancelling between vehicles — this was verified using stochastic
simulations. Note that there will be uncertainty in the existing load, however the highest
demand deterministic day is used here in order to investigate the upper bound. In all
cases the peak demand in scenario (a) is higher than (b), which aligns with the assertions

in the previous chapter that assuming immediate after journey charging overestimates
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the peak demand. The remaining analysis only considers the stochastic charging model
in (b), however scenario (a) is left here as a form of upper bound. This is useful because
there is some danger that the proposed charging model still captures the biases of the

EV trial data that was used to parameterise it.
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Figure 5.1: The national demand profile on a high-use week day with no charging, con-
trolled and uncontrolled charging of a 100% electric fleet of vehicles. For uncontrolled
charging (a) shows charging after final journey, (b) shows charging using proposed model.

Uncontrolled charging increases the peak demand by around 10 GW across all sea-
sons. This will have the greatest impact in the winter when the existing load is highest.
Whereas, controlling charging can mostly avoid any increase in peak demand. Table 5.1
shows the total existing generation capacity in GB, and the amount of this that is solar
and wind generation. It can be seen that, even if there is no solar or wind available, there
is sufficient capacity to meet the uncontrolled charging demand. This is partly because
the past decade has seen a decline in electricity demand, due to increased efficiency, so
the system was designed to operate under a higher load. However, it is also important
for GB to have some redundancy in its capacity, because there are only a small number
of inter-connectors which allow purchase of power from neighbouring countries — the sur-
plus allows power stations to be switched off for refurbishment without relying on foreign

imports. Additionally, the UK has a 100% decarbonisation objective by 2050, so reducing
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peak demand will reduce the challenge of replacing with renewable capacity.

Total (GW) Solar (GW) Wind (GW)
91.9 12.8 8.5

Table 5.1: The GB nameplate generation capacity

Approximate Control of a Large Fleet At low levels of aggregation, variability is
high and load prediction is very difficult. However, the load at substation level is routinely
forecast within 1-2% accuracy [243], and national demand is forecast with even greater
success [244]. Additionally, when the number of vehicles is high, the load flattening
optimisation tends to result in the majority of vehicles following similar profiles. It
stands to reason that, in this case, an algorithm could be created which approximates
these optimal profiles.

Here, an example method is proposed for approximately flattening load with a large
fleet of vehicles which does not require communication between vehicles, and requires

only a forecast of the aggregate demand. The proposed algorithm is described below:
1. Forecast the base load at the suitable level of aggregation.
2. Invert prediction by subtracting each time step from the maximum value.

3. Isolate the period during which the vehicle is available to charge and calculate the

energy (area under curve) of the resulting signal.

4. Scale the signal to the required energy, ensuring that the resulting profile does not

exceed the limit of the charger.

These stages are demonstrated for an example vehicle in Figure 5.2.

First, the existing load that is to be flattened is forecast. Second, this load is inverted,
resulting in the power demand that the aggregated EV fleet would follow if the final load
were to be perfectly flat. Third, the vehicle constrains the signal to be zero at times it

is unavailable to charge. Finally, the remaining signal is scaled such that the area under
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Figure 5.2: Demonstration of example curves obtained from each stage in the approximate
control algorithm.

the curve matches the vehicle’s energy requirement. A limit on the individual power
that a vehicle can charge at is set at the rate of slow charging (3.5 kW). This means
that if a user plugs in their vehicle saying they need it again in an hour it will not fully
charge, but charge at 3.5 kW for the duration of time it is plugged in. This prevents
individual profiles from being scaled to unrealistic powers. It is noted that in some cases
this algorithm will result in low power charging, so the heuristic method from Section
4.3.2 would need to be implemented to avoid issues with charger efficiency.

This algorithm means that all EVs follow partial scaled versions of the same charging
profile. In order for this algorithm to achieve optimal flattening all EVs would need to
be available for the full 24 hours, which is infeasible. Figure 5.3 shows the accuracy that
is achieved with the heuristic charging metric for each of the simulations shown above.
In the winter and autumn simulations the approximate method avoids any increase in
peak demand, despite not perfectly flattening the load. Whereas, in the spring and
summer increases in peak demand of up to 2 GW are seen. This disparity occurs because
the algorithm tends to underestimate the optimal case in the middle of the day, due to
limited availability of EVs. In the colder seasons the majority of the optimal charging
occurs overnight, so this shortcoming has less of an influence. However, in all cases this

demonstrates that at the national level heuristic methods can easily achieve near-optimal
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smart charging results.
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Figure 5.3: The accuracy with which the heuristic method proposed approximates the
optimal controlled charging at the national scale.

5.1.2 Consumption of Renewables

The fuel mix describes the make-up of sources used to generate a country’s electricity. The
UK has made commitments to increase the percentage of its electricity that is generated
using low carbon sources, which means reducing the amount of coal and gas on the system.
The transmission system operator decides the sources of generation used for each time
period, based on the cost and location of available producers.

Figure 5.4 shows the available capacity by fuel source on the single best and worst day
for renewable generation in 2018, and the associated demand. The solar, wind, and other
renewables are taken from historic generation data and the nuclear and fossil capacity
are assumed to be constant throughout the day. By assuming that the renewable fuels
were used first, followed by nuclear, and finally fossil fuels the upper limit of renewable
penetration can be calculated. It is likely that this bound would not be achieved in
practice, due to local transmission constraints and system inertia.

The maximum possible percentage of electricity generated by renewables is shown in
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the middle of each plot. On days with low renewable generation the electricity demand
tends to be higher, due to the worse weather. Note that this plot confirms that, even
with the worst renewable generation and the highest demand, a 10 GW increase in peak

demand is within the UK generation capacity.
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Figure 5.4: The generation capacity and fuel mix in the UK on a high and low renewable
production day in 2018, with fuels ordered according to preference. The line shows the
national demand on that day.

It can be seen that, even with the maximum possible renewable generation, the de-
mand always exceeds the renewable generation. In fact, in 2018 the peak renewables
generation in the UK was 18.0 GW, at which time there was a demand of 35.2 GW —
so renewables currently only need to be curtailed if there are local network constraints.
This means that, with the UK’s current generation portfolio, the additionally electricity
demand from any charging regime, would be supplied by fossil fuels. Therefore, both un-
controlled and controlled charging would decrease the percentage of electricity supplied
by low carbon sources by the same amount.

To illustrate this Figure 5.5 shows the seasonal variation in 2018 of the maximum
and minimum renewables fuel mix under each charging scheme. In all cases the best
renewables mix was seen in the no charging case. The fuel mix was slightly better in the
controlled case, but due only to the reduction in resistive losses that occurs due to the
reduced peak load.

In the future, if there were a significant increase in installed solar power then flat-
tening the demand may prevent all solar power from being used. In this scenario, smart

charging of electric vehicles could be use to offset the uncertainty in renewable production
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Figure 5.5: The best and worst case percentage of electricity supplied by renewables for
each charging regime in the UK.

(rather than to flatten the load). This would mean that the controlled charging scenario
would results in a significantly higher percentage of electricity generated from low carbon
sources. The next section demonstrates the feasibility of this proposal, and suggest a way

in which it could be implemented.

5.1.2.1 Maximising use of renewables

Although with the UK’s current generation mix renewables rarely need to be curtailed,
this will not always be the case. As the penetration of solar and wind increases, so
does supply uncertainty — due to the dependance of these technologies on weather. This
complicates the problem of supply-demand matching because there is uncertainty in both
the supply and demand, as opposed to just the demand. Under this scenario it would
make sense to use the flexibility of EV charging demand to offset the uncertainty in supply.
If real-time control of EVs is possible then this could be achieved through participation in
a balancing market. However, smart charging could also be used to optimise behaviour
using offline forecasts of solar generation, and this is what is proposed in this section.
Deterministic optimisation involves finding the value x € X that minimises some
function f(x), where X is the set of solutions that satisfy some constraints. For the case
of flattening an uncertain load, the function f is not known with certainty. Stochastic
optimisation aims to find the optimal decision over a set of uncertain circumstances.
In the literature section several reference papers considered stochastic optimisation of

EV charging over an uncertain price. These were all two-stage problems, meaning the

116



problem objective function takes the form:

f(x) = g(x) + Ey[Q(x,n)], (5.1)

where g(x) is a deterministic objective and ()(x,n) is the optimal solution to the separate
problem:

miniymise q(n,y) subject to y € Y(n).

This formulation describes a decision maker taking some action, after which a random
event 7 occurs which affects the outcome of the first-stage decision. A second decision can
then be made in the second stage which compensates for bad first-stage decisions. The
reason this formulation is popular in smart charging is than it allows both the day-ahead
and intra-day markets to be modelled simultaneously. Therefore, if power was bought
in the day-ahead market and the price forecast is increased, it can be sold back in the
intra-day market. However, this formulation is computationally very complex, and for
flattening an uncertain load, a single-stage problem is sufficient.

Single-stage stochastic optimisation problems seek the optimal action over a range
of scenarios s, each of which has a function fs; and an associated probability p(s). The

objective is formulated as the weighted sum of the objective for each scenario such that:

fx) = p(s)fs(x), (5.2)

so that f is the expected value of f,. In this case, each scenario has an associated existing

load, such that the objective function (4.5) becomes:

Np,

fox) = 1| Do(hs +x)7 [[3, (5:3)

Jj=1

where hg is the net demand associated with each household under scenario s. The un-
certainty is technically in the generation not the demand, however as the objective is to
flatten the net demand (after the solar has been used) the solar generation is considered

as a negative existing demand.
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In order to form a realistic set of scenarios, historic UK solar generation was analysed.
Figure 5.6 shows the average and variation in solar generation as a percentage of the
installed capacity throughout the year. The solid lines show the average yield for each
month, and the shaded areas cover the 70% and 90% confidence intervals. The large size
of the bounds demonstrates that solar generation varies significantly day-to-day as well as

seasonally. These distributions can be discretised to create a finite number of scenarios.
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Figure 5.6: The solar generation as a percentage of installed capacity throughout the
year in the UK. Solid lines show average values and the shaded areas cover the 70% and
90% confidence intervals.

Here a case study of Cornwall was considered, purposefully chosen because there
is already more than 1 kW of solar installed per capita. The scenarios were gener-
ated by scaling the data from Figure 5.6 to the installed capacity of solar, and match-
ing historic demand with the historic solar generation. For each month, the days of
solar generation were ordered according to their total energy production. Then the
2.5th 7.5t 29 5th 50th 675 92 5% and 97.5'" percentile days were extracted as sce-
narios, and assigned probabilities according to the percentage of days closest to that
percentile; the resulting values are summarised in Table 5.2.

Cornish vehicles were extracted from the NTS and their demand was scaled to rep-

resent a fleet of 100% EVs. Then the stochastic optimisation was performed, where the
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No. 1 2 3 4 3 6 7

Percentile 25 7.5 22.5 50 67.5 92.5 975
Probability 0.05 0.1 0.2125 0.275 0.2125 0.1 0.05

Table 5.2: The scenarios created for the stochastic optimisation.

constraints matched those in Section 4.2.1 but the objective is (5.2). Figure 5.7 shows the
net demand after the solar generation had been subtracted. The dotted lines show the
bounds on net demand before the EV charging is added. It can be seen that in summer
months there is sometimes more generation than demand in Cornwall. The blue area
shows the net demand once the EV demand is added, with the line showing the most
likely scenario and the shaded area covering the 70% and 90% confidence intervals. The
70% confidence interval in this case is equivalent to covering the range of scenarios 3-5,

and the 90% covers scenarios 2-6.
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Figure 5.7: Total demand with stochastic smart charging. The dotted lines bound the
demand minus solar generation covered in all scenarios, and the blue shows the total
net demand once EV charging has been added in all scenarios. Solid lines show average
values and the shaded areas cover the 70% and 90% confidence intervals.

As the stochastic optimisation finds a unique value of x, the EV charging is the same
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in all scenarios — all variation is due to the net existing demand variability. It can be
seen that there is no scenario where perfect load flattening is achieved, However, in the
confidence intervals shown, the peak demand is kept within the range seen before EV
charging was added.

This case study demonstrates that smart charging could be used effectively to offset
renewables uncertainty without real-time control of vehicles. It is worth noting that the
range of scenarios considered in this example were very varied, as no prior information
was assumed apart from the time of year. In reality an EV aggregator is at least likely
to have day-ahead forecasts of solar generation, resulting in a smaller range of scenarios
and a flatter optimised load.

In the short term there is not sufficient solar generation to significantly affect the
stability of the system in GB, so this mechanism would not be necessary. However, as
the penetration of low-carbon technologies increases, supply intermittency will become a

larger problem, and smart charging of EVs could be a viable solution.

5.2 Transmission System

As far as the generation system is concerned, the location of power production and loads
within the UK is unimportant. However, in reality the power needs to be transported from
a small number of power plants to a large number of houses, and this is primarily done
using the high-voltage transmission system. The GB distribution network is sectioned
into discrete areas, each connected to the high-voltage system via a grid supply point.

In this section, the transmission system is simulated under uncontrolled charging of
a 100% electric fleet. The highest loading case was considered — at the peak time on the
coldest winter day. The impact is quantified in terms of the loading in the individual
lines and the increase in losses in this part of the system.

A reduced version of the GB transmission system is published in [245], which includes
the grid supply points and installed controllable generation. Scaled data from the NTS

was used to construct uncontrolled charging load for each grid supply point, making the
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simplifying assumption that everyone is connected to their nearest grid supply point. A

peak load optimal power flow was then run in Pandapower [246].

Line limits Figure 5.8 shows the reduced version of the GB transmission system under
the peak loading from uncontrolled charging of a 100% electric fleet. On the left map,
the grid supply points are marked with bubbles whose size show the total load connected
to that part of the network. The red bubbles show the percentage of that load that is EV
charging. The map on the right shows the resultant loading of the high voltage trans-
mission lines, as a percentage of their rated maximum current. None of the lines exceed

their rated limit, and the majority of the lines are well within their design specifications.

O Total Demand

O EV Charging

(a) Demand by location (b) Loading of lines

Figure 5.8: A reduced model of the UK transmission network under uncontrolled charging
peak load; (a) shows the location of the grid supply points, and the amount of EV and
total demand at each; (b) shows the % of each line’s rated loading being used.

Part of the reason that the system is operating well below its limit is that the UK
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has a target of 100% N-1 supply security, which means the demand could always be met
if the single largest piece of infrastructure fails [247]. The transmission network is fully
meshed, meaning there are at least two routes connecting every pair of nodes, so all grid
supply points can still be serviced with a single line down. However, with one line down
the others will have to carry an increased current, and this may result in violation of
their constraints. Therefore, here the line limits are also investigated under the scenario
that a single line in the network is down.

In order to perform this analysis, one-by-one the lines were removed from the network
and the optimal power flow re-run. Figure 5.9 shows the maximum load in each cable
over all simulations, with and without the uncontrolled charging load. Where lines are
loaded at over 100% they are capped there, and marked with a red circle. Two scenarios
of uncontrolled charging are included: 100% penetration, and the 2030 projection of EV

penetration.
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Figure 5.9: The maximum % loading of each line high-voltage when the single largest
component fails.

It can be seen that, compared to the loading when all lines are operational (Figure

5.8b), the system is operating much closer to its limit in all charging scenarios. In the
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no charging scenario there are two lines with violations, but this number rises with the
addition of uncontrolled charging; there is one additional violation in the 2030 scenario
and two in the 100% scenario.

In all cases it is the northern part of the network which is near its limit — the majority
of the southern network is below 50% capacity, even under N-1 security. This is partly
because the southern network is better meshed, and partly because the Scottish system
is at a lower voltage than the rest of GB. Note that the effect of storage and HVDC
interconnections have not been considered, so it is possible that the demand could still

be met without violations by utilising these resources.

Network Losses Despite the line currents being within operating limits, the increased
load will result in higher system losses. At peak load in the no charging scenario 0.51%
of the power put into the transmission system was dissipated as resistive losses. As
losses vary quadratically with current, this number will be lower at other times of day.
The addition of uncontrolled EV charging increases this share to 0.56%. Losses are
uneconomical, but in this case their size is not sufficient to warrant optimising vehicle
charging for this part of the system; in Chapter 6 it is shown that compared to the
distribution system losses this change is insignificant. The controlled charging scenario
is not considered separately, as it has already been shown that the controlled charging

peak load is identical to the no charging peak load.

5.3 Comparative Case Study

As a comparison to the GB case, a similar simulation was constructed for Texas, US. A
transmission system model for Texas was not available, so this section deals only with

the aggregated demand and fuel mix.

Supply-Demand Matching Figure 5.10 shows the aggregate demand in Texas with
charging of a 100% electric fleet, analogous to Figure 5.3. Due to the hotter temperatures,

the base electricity demand in Texas varies conversely to the UK; the load is highest in
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the summer, due largely to air-conditioning loads. Uncontrolled charging of a 100% fleet
of electric vehicle is projected to increase the peak demand by around 8 GW. This is
a proportionally smaller increase than in the GB case, however Texas has much lower
redundancy in its generation capacity — as would be expected given that GB is an island,
while the Texas grid is well connected to its neighbouring states’ systems. The nameplate
total, solar, and wind generation capacity in Texas are shown in Table 5.3. It can be seen
that, even with perfect renewable generation, the summer uncontrolled charging scenario

will exceed the generation limit.
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Figure 5.10: The Texas demand profile on a high-use week day with no charging, con-
trolled and uncontrolled charging of a 100% electric fleet of vehicles. For uncontrolled
charging (a) shows charging after final journey, (b) shows charging using proposed model.

Total (GW) Solar (GW) Wind (GW)
7.2 2.9 22.6

Table 5.3: The nameplate generation capacity in Texas.

In all seasons controlled charging can avoid any increase in peak demand, and in the
warmer seasons there is additional room for flexible demand; despite vehicle usage being
higher in Texas, the ratio of vehicle to existing energy consumption is lower. Another

point of interest is the smaller difference between the uncontrolled charging scenarios (a)
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and (b); in the UK case after-journey charging overestimated the proposed model by
100%, while in this case there was only around a 20% increase. This may be due to the
smaller percentage of vehicles being at home in the middle of the day, such that in both
cases most of the charging occurred overnight. It could also be due to the larger daily
vehicle consumption, meaning vehicles have a lower SOC in the evening and are less likely

to delay charging until the next day.

Fuel Mix The generation mix in Texas is markedly different from the GB mix. The
renewable generation is heavily dominated by wind power and the Texan generation
system operates much closer to its capacity limit. Figure 5.11 shows the generation
capacity and fuel mix in Texas on the best and worst day for renewable generation in
2018. In the best case up to 20 GW of wind power are produced, resulting in almost
50% of electricity supplied by renewables. However, the nature of wind generation is that
on still days the output becomes very low, so on the worst case day there is insufficient

generation to meet the demand — power will have to be imported from a neighbouring

state.
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Figure 5.11: The generation capacity and fuel mix in Texas on a high and low renewable
production day in 2018, with fuels ordered according to preference. The line shows the
national demand on that day.

In one aspect the UK and Texas are similar: any increase in demand would need
to come from fossil fuels. Figure 5.12 shows the best and worst case renewables fuel
mix, under each charging regime. In every scenario, the addition of charging reduces

the percentage of electricity demand met by renewables, and controlled charging is only
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marginally better than uncontrolled.

The difference between the best and worst case fuel mix is much larger at all times of
year, highlighting the drawbacks of using a single source of renewables. There is quite a
large variation between seasons in the best case, however wind generation is less seasonal

than solar so this may well be down to the specific weather or electricity demand in 2018.
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Figure 5.12: The best and worst case percentage of electricity supplied by renewables for
each charging regime in Texas.

5.4 Concluding Remarks

In this chapter the impact of electric vehicle charging on generation and transmission
systems was explored, using case studies from GB and Texas.

Uncontrolled charging of 100% EVs would increase the GB peak demand by 8 GW,
or 16%. While this increase is within the existing installed capacity, it exacerbates the
difficulty of switching towards a lower carbon system. In Texas there would also be an
increase of 8 GW, representing a smaller increase of 11%. However, Texas does not have
sufficient installed capacity to meet this increase, so (regardless of low carbon ambitions)
additional generation would need to be installed. In both GB and Texas, any increase
in peak demand could be completely avoided by using smart charging to flatten demand
nationally.

There is currently insufficient renewable generation to meet the existing demand in
either Texas or GB. This means that, in the short term, any additional increase in

electricity demand will come from fossil fuel sources — regardless of whether EV charging
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was controlled or not. Currently the only difference in fuel mix between uncontrolled and
smart charging is that there are fewer electrical losses associated with smart charging, so
the additional fossil fuel requirement would be slightly lower. However, system dynamics
have not been considered in this thesis, and it is possible that the flexibility of EV charging
could be used to provide system inertia at times when renewables would otherwise need
to be curtailed. Additionally, it was demonstrated that in the future, if a large amount of
intermittent renewables were installed onto the system, EV charging could be controlled
stochastically to mitigate uncertainty in the renewable generation.

Uncontrolled charging of a 100% EV fleet would not significantly impact the GB trans-
mission system under normal operation; all lines remain within their limits, and losses
are only marginally increased from the no charging case. However, the UK government
aims for the system to be able to operate in the event of the failure of any single line.
The addition of EV charging load means that some lines may suffer limit violations in the
event of the failure of another line, so these areas would require reinforcement to meet
the system’s security target. Flattening load at the transmission level would mitigate
this increased risk.

The difference between the GB and Texas case studies demonstrates that these results
can not be extrapolated to represent other power systems, however some generalised
statements can be made. Firstly, uncontrolled charging of EVs is likely to increase peak
demand (particularly if the existing peak occurs in the early evening), but this increase
can be reduced by flattening load at the national level. Secondly, unless there is an
existing surplus of renewables, the addition of EV charging will reduce the percentage of
electricity generated from low carbon sources (regardless of charging strategy). Thirdly,
with uncontrolled charging the transmission system will be forced to carry larger currents,
which will increase losses and may violate line limits (in either normal operation or the
N-1 case). Flattening load at the transmission level will reduce or mitigate the increases
in currents, and hence these negative effects.

These results have focused on the national loading of the system, which deals with the

aggregated charging of a large number of vehicles. Different challenges are faced when
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the number of vehicles being aggregated is lower, as is the case in the distribution system.
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Chapter 6

Impacts on the Distribution System

Analysis of the distribution system operation is more complex than analysis of the gen-
eration and transmission system operation. While the transmission system is one large
high-voltage network, the distribution system is made up of thousands of low voltage
circuits. The topology of these networks varies according to the road layout and the
date the networks were constructed. The load on the networks is also likely to vary re-
gionally, according to the lifestyle of local residents and whether the households are also
connected to the gas network. The structure of the full distribution network is not avail-
able for research purposes; in fact, no organisation holds the full dataset, as the network
is sectioned into discrete areas each owned by a different distribution network operator
(DNO). Therefore, it is difficult to accurately assess which portions of the network are
currently the closest to their operating limit.

However, it is possible to assess the regional variation in loading of the network.
Within distribution networks load is highly stochastic, as the variability of individual
consumers is is not negligible relative to the total load. In contrast, the national system
mainly experiences seasonal and weather related variation, so it is sufficient to investigate
the deterministic usage on the coldest winter day. Stochasticity complicates analysis
because we require the networks to operate with some degree of confidence, not just
in the average case. Therefore, a larger amount of data, and more complex modelling

methods are required to assess loading at this level.
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In this chapter, the impact of domestic EV charging on the distribution system is
investigated. Section 6.1 focuses on the changes to distribution network loading across
GB. This does not require knowledge of the network, and allows the areas which will
experience the largest proportional increase in residential load to be identified. These
results are presented at local authority resolution for the whole country, and at a higher
geographic resolution for Oxfordshire.

Section 6.2 estimates the impact of the additional EV load on network operation in the
GB system. Although transformer data and example networks were available, a number
of simplifying assumptions have to be made to investigate this. Therefore, the results
from this section are less reliable than the loading simulations.

In Section 6.3 the use of various alternative smart charging objectives (presented in
Section 4.2 and 4.3) are investigated. The first two sections only use load flattening as
an objective, so this section determines whether an alternative objective can achieve a
better result.

Finally, Section 6.4 presents a comparative case study to demonstrate how the results

may vary for systems other than GB.

6.1 Network Loading

In this section, the change to distribution network loading as a result of charging a 100%
electric fleet is forecast. Load is network invariant, meaning it is not affected by the
structure of the network. Given the full GB network model is not available, this means
the results are subject to fewer modelling assumptions than operation analysis (and thus
more accurate).

In the UK, distribution networks are designed to tolerate a certain after diversity
maximum demand (ADMD) [248]. This is the peak demand per household at a 30-min
resolution averaged over the network. The ADMD that a network is designed to depends
on the size of the households on the network, and whether it has dual-tariff electricity

meters. Dual-tariff meters are the only established demand response mechanism in the
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UK; they apply time-of-use pricing using two electricity tariffs, such that there are seven
off-peak hours where electricity is cheaper. According to the design specifications in [248],
electricity networks in single-tariff areas are designed to tolerate an ADMD of 1.2-2.4 kW,
depending on the size of the houses.

EV charging is likely to increase ADMD everywhere, but some areas may be worse
affected than others due to: larger travel distances, higher vehicle ownership, lower vari-
ability between local vehicles, or a lower existing peak load. Simulations were completed
to estimate the increase in ADMD due to charging of a 100% EV fleet in each local
authority in the UK. This required both the existing ADMD and the peak EV charging
demand at 30 minute resolution to be predicted.

The regional break down in the NTS makes it possible to separately simulate charging
of electric vehicles in each local authority, using Monte Carlo simulations. These simu-
lations are the simplest way to capture the effect of stochastic input parameters; a large
number of simulations are run with the input parameters randomly sampled from prede-
termined probability distributions each time, which results in a probability distribution
of output parameters. In each simulation run, 50 households were randomly selected
from the subset of the NTS data that was recorded in the chosen area, and their vehi-
cles’ charging was predicted using the model described in Section 4.1.2. 50 was chosen
for the number of vehicles to be representative of a standard UK low voltage residential
network with 100% of households having an EV (e.g. see European Low Voltage Test
Feeder [240]). Monte Carlo simulations were repeated until the average charging demand
of the simulations converged. The controlled charging scenario was calculated using a
similar methodology, except that, instead of applying the uncontrolled charging model,
the load flattening strategy in section 4.2.1 was used to determine charging.

Existing ADMD depends on a number of factors, including: the energy efficiency of
buildings, the number of residents per dwelling, the affluence of the area, and whether
or not the homes are connected to the gas network. The UK government publishes the
annual electricity consumption of households within each local authority, as well as the

number of households on each tariff structure [249]. In the UK there are two commonly
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No Charging Uncontrolled Controlled

2.5 2.5 2.5
2.0 2.0 2.0
1.5 1.5 1.5
1.0 1.0 1.0
0.5 0.5 0.5
0.0 0.0 0.0

Figure 6.1: The regional variation in ADMD (kW) predicted for each charging scenario.

available structures: a flat rate, and dual tariff (where there are 7 hours at a lower rate).
Elexon produce demand profiles representing the average user from each structure, on
weekdays/weekends and in different seasons [250]. Here, the existing power demand for
each area is estimated by averaging the two tariff structures weighted according to the
percentage of homes on each meter type. The resultant profile is then scaled to match the
recorded area-specific energy consumption. Daily energy consumption was estimated by
scaling the annual consumption figures, assuming that winter usage is 20% higher than
average — as shown in the Elexon profiles. The predicted charging is then superimposed
onto this demand, and the percentage change in ADMD is calculated.

Figure 6.1 shows the predicted ADMD in each local authority across GB, under each
charging scheme. In the no charging case all areas are below 1.2 kW, while uncontrolled
charging increases the demand in several areas to 2.5 kW. Controlled charging reduces
the ADMD compared to uncontrolled charging, but (unlike in the national loading case)
there are many areas which will see increases in demand despite smart charging. Many of
the highest loaded areas are suburban areas to the west of London, where both existing
electricity demand and vehicle use is high. Areas with the lowest uncontrolled ADMD
were those where private vehicle use is lowest, most notably: central London, Oxford,
and Cambridge.

It should be noted that these are average results — there will be high-use days where the
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ADMD will be larger than that shown on the map. Additionally, the results are averaged
geographically (as only one result is presented for each local authority); in reality there
will be residential networks within the area whose loading is both higher and lower than

that shown.

6.1.1 Linear Regression Model

When the NTS is broken down to the local authority level there are some areas where
the sample size becomes quite small. This means that outliers will have a heavier impact
on results; for example, if there is a vehicle in the travel survey with a 100 mile commute
this may skew the results for that area. One way to investigate this is to fit a regression
model that maps travel parameters to the predicted charging demand. This is useful
because there are several statistics recorded in the NTS that are also measured in the
national census [29]. The census collects a much smaller set of data per sample, but
surveys the entire country. Therefore, its statistics are more accurate and can be broken
down to a much lower geographic resolution — lower super output area (LSOA) level.
As of 2011, LSOAs in the UK contained between 983 and 8300 residents. The existing
electricity demand used in the analysis is also available at the LSOA level, published by
the UK government as part of the Digest of UK Energy Statistics (DUKES) report [249].
A model that maps these statistics to the results would remove bias created from small

samples, and allow the results to be predicted at a much lower geographic resolution.

Variable Description NTS Census DUKES
fi Average commuting distance by private car v v
fa Percentage of households commuting by car v v
f3 Number of vehicles owned per household v v
f1 Number of residents per household v v
fs Annual electricity demand v
fo % of households with dual-tariff meters v

Table 6.1: A summary of the variables used.

A linear regression model was built which maps the variables described in Table 6.1

to some output y. It is standard practice to normalise both the features f and the target
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y. This normalised variable, fi, is given by the calculation:

fi _ Ji— s : (6.1)

O'f.

k3

where fiy, is the mean of the feature f;, and oy, is its standard deviation. In this example,
the target is to predict the percentage increase in ADMD as a result of uncontrolled EV
charging. Given that the addition of EV charging can not decrease the peak demand,
the change in ADMD must be a positive number. Therefore, it was decided to use the

natural log of the percentage increase as the target variable, such that:

IMX(XJFh)] ’ (6.2)

=1
Y="%8 [ max (h)

where max finds the largest value of the vector with time, and recalling that h represents
household demand and x is vehicle charging. Using the logarithm means that there is no
combination of input parameters which can result in a decrease in peak demand being
predicted, and reduces the training error of the model.

As the model is linear, the final function will have the form:

>

6
9=>_ ¢ fi, (6.3)
=1

where ¢; are the model parameters to be found. These parameters are found by fitting the
local authority simulation results to the variables recorded from NTS for each area. The
features from both datasets are normalised using the mean and standard deviation from
the census data — given it is the larger data set. Table 6.2 lists the mean and standard

deviation, allowing readers to apply this model if desired.

bEl Ja /3 Ja s e Yy

po 7.5 miles 41% 1.0 2.3 3000 kWh 15% -1.2
o 19 miles 13% 0.17 0.38 610 kWh 12% 0.52

Table 6.2: The mean and standard deviation of the variables, used to normalise.
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The maximum likelihood parameters were found for the function using a standard

linear regression package, resulting in the equation:

§=0.079f1 + 0.258f5 + 0.163f5 + 0.020f4 + 0.152f5 — 0.139 f5 . (6.4)

The size and sign of the coefficients give interesting insight into the weighting of each
parameter on the result. The most significant predictor for large increases in ADMD
is the percentage of households that use private vehicles as their primary commuting
mechanism, followed by the number of vehicles owned. Contrastingly, the commuting
distance and number of residents per household have only a small effect.

This equation allows the results from Figure 6.1 to be repeated at a lower geographic
resolution. It is difficult to extract meaning from the entire GB map at this resolution,
so Figure 6.2 shows the results zoomed in to Oxfordshire. Each LSOA is shown by a
shaded region, whose colour shows the predicted percentage increase in ADMD. The
county boundary is shown in black, and salient locations are marked. The shaded shapes
show the LSOAs and their colour shows the percentage increase in ADMD in that area.
In the city centre, where average commuting-by-car distance and vehicle ownership is
very low, there is almost no increase in ADMD. Whereas, in some of the rural areas there
is a 40% increase. It should be noted that a 40% increase is relatively low compared
to the national average; this agrees with the previous assertion that load in Oxfordshire

Oxfordshire will be only moderately affected by electric vehicle charging.

6.2 Network Constraints

In order to evaluate the likelihood of the distribution network constraints being violated,
a network model is required. Here, a set of representative networks are used to estimate
the effect of EV charging on system operation. Three networks are used, representing
urban, suburban and rural network styles respectively. The networks are described in
detail in section B.1 of the appendix.

Monte Carlo simulations were again constructed for each local authority. However this
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Figure 6.2: The predicted percentage increase in ADMD in Oxfordshire as a result of
100% domestic EV charging.

time 1 minute resolution household loads from [251] were used, and scaled according to
the electricity demand data from the area. The higher time resolution loads were chosen
because 30 minute resolution is not sufficient to properly estimate network losses. The
relevant test network was selected according to the population density of the area. In each
run of the simulation, household and vehicle loads were randomly assigned and a power
flow simulation was carried out. The resulting voltage profiles and losses were stored
and then the process was repeated. It is important that a full probability distribution of
results be obtained, because we want to quantify the probability of a violation occurring
— not just whether there is a violation in the average case.

Here we consider two potential network violations: violation of transformer limit, and
violation of voltage bounds. Residential networks are connected to the higher voltage
system using a secondary transformer, which is rated to a certain maximum load. If

the total load passing through the transformer exceeds this then overheating will occur,
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decreasing its life expectancy. Therefore a transformer overload is defined as a case where
the total load on the residential network exceeds this design limit.

Appliance safety in GB requires bus voltages to stay within £10% of 230 V [252].
Resistive losses cause voltage drops, so parts of the network a large electrical distance
from the transformer are likely to be at a lower voltage. As the load in the network
increases, so do the line currents, and hence the losses — meaning under-voltages become
more likely. A voltage violation is therefore defined as a case where the voltage falls below
this threshold at some point in the network.

In this section, first a single area is used as a case study to visualise the effect of
EV charging on the system operation. Then the probability of a constraint violation is

estimated for each local authority in GB.

6.2.1 Rochdale Case Study

The local authority of Rochdale was randomly selected as a case study, to demonstrate
the impacts of EV charging on network peak demand, losses, and voltages. Rochdale is a

suburban town 10 miles outside of Manchester which has relatively low vehicle ownership.

Power demand Figure 6.3 shows the demand of the example distribution network at
1 min resolution with no EV charging, and with uncontrolled and controlled charging of
a 100% electric fleet. The household and vehicle load data came from a network metering
trial [251]. The solid line shows the average profile, and the shaded area covers the 90%
confidence interval. At this level of aggregation, there is a large variance in the power
demand, so it is important that not only the average case is considered. Uncontrolled
charging more than doubles peak demand, due to the most popular charging time being
in the early evening (when the existing demand is already highest). The transformer
limit in this case was 315 kVA which, assuming a 0.95 power factor, translates to a rough
demand limit of 300 kW. In the no charging case, demand is always below this limit, while
uncontrolled charging violates the limit more than 50% of the time. Controlling charging

can likely prevent a violation, although there is a slightly increased risk compared to the
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no charging case.

600

No Charging Uncontrolled Controlled
500 A

Power Demand (kW)

04:00 12:00 20:00 04:00 12:00 20:00 04:00 12:00 20:00

Figure 6.3: The total power demand on the network under each charging scheme. The
solid line shows the average, and the shaded area covers the 90% confidence interval. The
red dotted line shows the transformer load limit.

Network losses LV distribution networks currently account for 29% of total losses in
the power system [204]. Losses not only waste energy, but generate heat in cables, and
increase voltage drops across the network. Figure 6.4 shows the total resistive losses in
the distribution network before charging, with uncontrolled charging, and with smart
charging. The blue line shows the average value, the box covers 50% of the values and
the vertical lines cover the full range of values. Uncontrolled charging triples the average
resistive losses in the network, which would significantly increase the total wasted energy
in the system. Flattening load can avoid some of this increase, but the losses are still
more than twice what they were without the EV charging — some increase in losses is
unavoidable with a larger energy demand. Therefore, without system reinforcements, EV

charging will likely increase the low-voltage share of system losses.

Voltages The increase in resistive losses will result in voltage drops, potentially leading
to unsafe operating conditions for household devices. Figure 6.5 shows the average, lowest,
and highest bus voltage in the network under each scheme. Solid lines show median
values, and the shaded area covers the 90% confidence interval. The voltage lower bound
is shown as a red dotted line. In all cases there is minimal variation in the highest
voltage, this is because it normally occurs in the node at the top of the feeder, whose

voltage changes very little with network loading. However, occasionally phase imbalance
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Figure 6.4: The total resistive losses for each scheme. The blue line shows the median
value, the box covers 50% of values, and the whiskers the total range.

leads to spurious high voltages further down the network. The lowest voltage experiences
much greater variance, and significantly lower values are observed in the uncontrolled
case than the controlled case. As with losses, a reduction in voltages is unavoidable with
the additional vehicle load (without network reconfiguration), but the flatter load results
in less extreme low values. In the no charging case there are no violations of the lower
voltage limit, while there are in both the charging scenarios; the risk is reduced, but not

avoided, by controlling charging.
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Figure 6.5: The average, lowest and highest voltages in the network throughout the day
under each scheme. The solid lines show the median value and the shaded area covers
the 90% confidence interval. The red dotted line shows the voltage lower bound.

6.2.2 Geographic Variation

For the Rochdale case, it appears that uncontrolled charging of a 100% EV fleet will likely

result in transformer violations, and possibly also voltage violations. It also showed that
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smart charging was very effective at avoiding transformer limits, but only slightly superior
when it came to voltage violations. However, these results are specific to Rochdale, and
can not be used to make broader statements about the impact of EV charging in the
UK. Individually analysing the results for every local authority would be exhausting for
both the author and the reader. However, the results can be summarised by considering
the probability of either a voltage or transformer violation for each area. Here this is
calculated as the percentage of the Monte Carlo runs which experienced a violation. For
the Rochdale case study, this results in transformer and voltage violation probabilities of
75% and 13% respectively.

Figure 6.6 shows the increased likelihood of violating either constraint under both
uncontrolled and controlled charging for each local authority in the UK, compared to the
no charging case. Both the 100% case and the projected 2030 scenario from section 3.2
are presented. Note that the scale has been capped at 50% in order to see more detail
(any areas with risks above 50% would definitely require upgrades anyway). It can be
seen that there are many areas which do not experience either type of violation in any
scenario, while there are some areas which have a significantly increased risk of violation.
This suggests that there are many parts of the network which are designed to tolerate a
significantly higher loading than they are currently experiencing. This could be because
of the recent decrease in UK household electricity demand, or because of the difficulty
in forecasting household load before the network has been built. It is also worth noting
that it may be worthwhile for DNOs to over-specify networks, because the cost of fitting
or upgrading the underground network exceeds the costs of components.

Where they occur, transformer violations have greater certainty than voltage viola-
tions. However, they are also reduced with much greater success using controlled charg-
ing. By comparing the uncontrolled 100% and 2030 scenarios it can be seen that many of
the areas which are most likely to experience violations, are not projected to have large
numbers of EVs in the immediate future. This demonstrates that, in the short term, it is
important to look at the local population of EVs in addition to the operation forecasts.

Figure 6.7 displays the areas most likely to experience either violation under uncon-
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(a) Increased Probability of Voltage Violation (%)
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Figure 6.6: The increased likelihood of violating distribution network constraints in the
UK, for charging of a 100% EV fleet and in 2030.

trolled charging in both the 100% and 2030 scenarios. There was a strong correlation be-
tween voltage and transformer violations, however voltages violations were more strongly
correlated with population density, while transformer violations were negatively corre-
lated with the percentage of meters that are dual-tariff. Overall, areas most likely to
experience transformer overloads were suburban areas outside of larger cities, and volt-
age violations were most likely in bigger cities with less public transport infrastructure.
In the 2030 scenario there is a stronger correlation between voltage and transformer vio-
lations than in the 100% case. This demonstrates that, in the short term, the size of the
EV population is more important than the network or local travel behaviour.

Figure 6.8 shows how the overall percentage of networks expected to experience vio-
lations changes with time. Under uncontrolled charging transformer violations are much

more likely than voltage violations, while under controlled charging the converse is true.
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Transformer Voltage Transformer Voltage

Stockton  91% Reading  51% Watford 84%  Watford 37%
Eastleigh 90% Worthing 49% Slough 79%  Worthing 33%
Cannock  89% Sandwell  47% Gloucester 75%  Gloucester 33%
Dudley 89%  Bristol 46% Swindon 74% Birmingham 29%

(a) Worst affected in 100% (b) Worst affected in 2030

Figure 6.7: The areas most likely to require upgrades.

If a 100% electric fleet were allowed to charge without intervention, then 20% of networks
would experience transformer violations and 10% voltage violations. These numbers re-
duce to 2% and 6% respectively with controlled charging. It is clear that, on average,

flattening load is much more effective in preventing transformer violations than voltage

violations.
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Figure 6.8: Percentage of networks expected to have violations with time.

These results all need to be taken with caution due to the simplifying network as-
sumptions made. However, even if the absolute figures are untrustworthy, the comparison

of results from different areas in GB is still valid.

6.3 Comparing smart charging objectives

Thus far, only load flattening has been considered as a controlled charging strategy.
However, there are several possible objectives for smart charging. For the generation
and transmission systems it is clear that flattening load is the optimal scenario, as it

minimises the required generation capacity. However, at the distribution level we are
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concerned about both transformer and voltage violations. Flattening load will minimise
transformer violations, but not explicitly voltage violations — which could partially explain
the smaller improvement in voltage violations seen in Figure 6.8.

This section investigates the possibility of using other smart charging objective in low
voltage residential networks. First, explicit loss minimisation is considered. Then, the

potential of vehicle-to-grid (V2G) to further flatten load is considered.

6.3.1 Loss minimisation

In a purely resistive network, minimising losses will minimise voltage drops. Therefore,
when the voltage lower bound is of concern and the R/X ratio is high, minimising losses
can be treated as equivalent to minimising voltage violations. It is also economical because
any resistive losses have to be accounted for by the generation system. Flattening load is
often used in order to minimise losses, however these objectives are not identical, so some
of the losses incurred under load flattening schemes could be avoided. In this section, case
studies are used to estimate the relative size of the avoidable losses in simulations of EVs
smart charing in residential networks. Then the effect of incorporating phase balancing

as a secondary objective (as proposed in Section 4.3.1) is evaluated.

6.3.1.1 IEEE European Low Voltage Test Feeder

Monte Carlo simulations were constructed on the 55 household IEEE European Low
Voltage Test Feeder (shown in Appendix B.2). The network was loaded using 1 minute
resolution winter load data, and EV charging data from MEA. Five charging scenarios

were considered:
e No EVs — only the household loads were included.
e Uncontrolled charging — EVs charge as observed.
e Loss minimising (LM) — EVs charge according to Section 4.2.3.

e Load flattening (LF) — EVs charge according to Section 4.2.1.
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e Load flattening with phase balancing (LF+PB) — EVs charge as proposed in Sec-
tion 4.3.1.

All optimisation problems were formulated at 1 minute resolution, with a maximum
vehicle charging power of 3.5 kW. The total load profiles resulting from the scenarios are
shown in Figure 6.9. Note that load flattening with phase balancing is not included, as

the load profile is identical to load flattening.
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Figure 6.9: The total load on the 55 bus network, without EV charging and under three
different charging scenarios. The solid lines show the median load over the simulations
and the shaded area covers the 90% confidence interval.

While the load flattening algorithm nearly perfectly flattens the load and avoids an
increase in peak demand, minimising losses incurs up to 20% increase in peak demand.
This is perhaps surprising, as large peak loads induce large currents (and hence losses).
However the total load on the feeder only determines the current at the top of the network,
so the difference in load profiles between load flattening and loss minimising is dictated
by the dominance of the losses in the top of the network. In other words, if only the losses
at the top of the network are significant, then flattening load and minimising losses are
approximately equivalent. However, if the losses at the end of the network are dominant

then the solutions are likely to be very different.
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The losses experienced in each scenario are shown in Figure 6.10, where the blue
lines show the median values, the boxes cover 50% of the values, and the whiskers show
the range. Flattening load reduces the losses by 18% compared to uncontrolled charging,
while minimising losses achieves a 24% reduction. However, the increase in peak load seen
in Figure 6.9 means that the reduced probability of voltage violation may be offset by an
increased probability of transformer overload. The load flattening with phase balancing

achieves approximately half of the possible reduction without increasing peak demand.
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Figure 6.10: The energy losses per household experienced under the five scenarios. The
blue line shows the median, the box covers the interquartile range, and the whiskers cover
the total range. The dotted line aids comparison against the loss minimising median.

Based on these results, minimising losses may be worthwhile, but only if the network
is near its voltage bounds and not near its transformer limit. If the network is also
near its transformer limit, or the full network model is not available, then using the load
flattening with phase balancing (LF+PB) scheme proposed in section 4.3.1 provides some
benefit. However, it should be remembered that the potential reduction in losses is only
small, so voltage violations would only be marginally improved.

To understand how the LF+PB scheme achieves lower losses, it is useful to visualise
the phase imbalance in each case. Figure 6.11 shows the average phase imbalance through-
out the simulation in all 3-phase lines, for each EV charging scenario. The values are
capped at 15% and 55%, and the coloured markers show the phase that each household
is on. Under all scenarios the phase imbalance is worse further down the network, which
is unsurprising as the systemic imbalance will be greater at lower levels of aggregation.
All the smart charging schemes exacerbated the imbalance at the bottom of the network

compared to uncontrolled charging, potentially because in the uncontrolled case the EVs
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broadly follow similar charging profiles (predominantly overnight). This demonstrates
the fact that phase imbalance does not take account of the size of the load, so would
not necessarily reduce losses if used as the primary objective. LF+PB has the smallest
phase imbalance at the top of the network. This is unsurprising, as the phase balancing
objective (4.28) considers the imbalance of all of loads summed — which is analogous to

the load at the top of the network.
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Figure 6.11: The test network under each EV charging regime, where the line colours
show the average phase imbalance. Single phase lines are grey.

It is interesting that the loss minimising solution has only marginally better balanced
phase than the load flattening case. This suggests that phase imbalance is less significant
than prioritising high impedance lines. However, losses can be heuristically reduced by
reducing the phase imbalance. The reason that loss minimising results in lower losses
despite the phase imbalance can be understood by comparing the location of the losses
in the network under both smart charging scenarios. Figure 6.12 shows the difference
in average losses per meter over the day between phase balancing and loss minimising,
for each line in the network. At the top of the network, where the load is flattest and
better balanced, the losses are lower in the load flattening with phase balancing case,

while further down the network the losses are lower in the loss minimising case.
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Figure 6.12: The average losses per length in each branch of the network under load
flattening + phase balancing when compared to loss minimising.

This confirms that flattening the load and reducing the phase imbalance at the top
of the network does result in lower losses in that section of the network. However, the
losses in the branches further down the network are more significant when it comes to
reducing the total losses. This will not be true in all networks, and sensitivity to the

network structure is studied in the next section.

6.3.1.2 Sensitivity Analysis

The results in the previous section suggest that explicitly minimising losses can achieve
only a moderate reduction in losses compared to flattening total load, and comes at the
expense an increase in peak load. Whereas, a lot of the benefit can be achieved by
incorporating phase balancing as a secondary objective to load flattening — which avoids
the increase in peak demand. However, these simulations all consider winter loading of
a 100% EV population on the IEEE European LV Test Network. It is not clear whether
these results will carry across to other networks or loading conditions. Therefore, this

section investigates the sensitivity of this result to the modelling parameters.

EV Population Thus far, it has been assumed that there is one EV at each household.
However, smart charging is likely to be implemented before this penetration level is

reached. It is therefore important to consider how the difference between these algorithms
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changes for lower levels of penetration. The simulation from section 6.3.1.1 was repeated
55 times, where the number of EVs is changed each time. 55 was chosen because this was
the number of households on the network, so every possible number of EVs was trialled.
The position of the EVs in the network was chosen at random in each run of the Monte
Carlo simulation. This meant that, as the numbers of EVs was increased, a varied number
of Monte Carlo runs were required, because the the number of possible combinations for
EV locations changes.

Figure 6.13 shows the additional loss reduction achieved by the loss minimising and
LF+PB algorithms when compared with load flattening. The solid lines show the median
value, and the shaded area covers the interquartile range. It can be seen that, regardless
of penetration level, phase balancing achieves an average of 50% of the possible reduction
in losses, and that there is an approximately linear relationship between EV population
and loss reduction. This means that with fewer EVs on a network, the additional benefit
of minimising losses is lower than that shown in Section 6.3.1.1. The relative performance
of the LF+PB scheme was approximately constant with EV penetration; around 60-70%

of the avoidable losses were reduced for each level.
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Figure 6.13: The reduction in losses, per household with an EV, achieved by minimising
losses rather than flattening load, against EV penetration. The solid line is the median,
and the shaded area covers the inter-quartile range.

Season In the UK, heating and lighting contribute significantly to household electricity
demand. Throughout the year there is a 12.7 °C change in average temperature and an
8.8 hours change in daylight length. This means that the shape and size of household
demand varies significantly with the time of year. To quantify the effect this has on the

difference between the algorithms the simulation was repeated using load and vehicle data
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from different times of year. Figure 6.14 shows the additional reduction in losses achieved
by the more advanced smart charging schemes, compared with load flattening for each of
the seasons. There was minimal difference in the results, although slightly larger values

were observed in the winter simulation (where the feeder was the most heavily loaded).
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Figure 6.14: The reduction in losses per household achieved by each scheme compared
to flattening load, for various seasons. The thick lines shows the medians, the box covers
50% of the values, and the lines the total range.

Network Structure Thus far, the results have focused on the IEEE European Low
Voltage Test Feeder. However, network topology and the phase distribution of loads have
a large effect on the losses in a distribution network. Therefore, the simulation described
in Section 6.3.1.1 is repeated for 8 other feeders from [253]. Figure 6.15 shows the ad-
ditional loss reduction and associated increase in peak demand for the two algorithms,
compared with flattening load, for each network.

As expected, load flattening with phase balancing does not increase peak demand
compared with load flattening. The networks are ordered by their losses per household
before EV charging is added, and the number of households on the network is shown in
brackets. Network 4 is the IEEE European Low Voltage Test Feeder; a mapping of the
feeders to those in [253] is presented in section B.2 of the Appendix. The full results are
displayed in Table 6.3.

For all of the feeders considered, flattening load resulted in a small but noticeable
amount of avoidable losses. In general, this was larger for lossier feeders. For most of the
feeders, the reduction in losses came at the expense of around a 0.2 kW increase in peak

30 minute demand per household. On average, balancing phase reduced between 30%
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(b) Increase in peak demand per household at 30 min resolution.

Figure 6.15: A comparison between the proposed smart charging schemes and load flat-
tening for 9 different feeders, described in Table 6.3.

Losses (Wh per household)

# Loads No EVs Uncontr. LM LF LF+PB
1 24 40 133 102 114 110

2 67 57 199 160 172 166

3 73 106 378 308 329 323

4 55 111 385 306 332 318

5 94 138 479 392 416 404

6 175 164 576 475 500 490

7 65 179 632 515 548 532

8 186 384 1344 1153 1171 1157
9 115 481 1664 1379 1442 1396

Table 6.3: The daily losses in each of the networks considered.

and 70% of the avoidable losses, without an increase in peak demand. It’s worth bearing
in mind that the relative reduction in losses is still small, compared to the no charging

case. Therefore, smart charging can not be used to mitigate voltage violations with the
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same success as it mitigates transformer overloads.

6.3.2 The case for bi-directional charging

We have seen in Figure 6.1 that in some cases smart charging will not be able to mitigate
an increase in network peak demand. It is possible that the addition of vehicle-to-grid
(V2G) charging will be able to prevent this increase. Furthermore, V2G may allow peak
demand to be reduced beyond the no charging case, reducing the resistive losses in the
network.

As of Q1 2019, the majority of commercially available V2G chargers are DC fast
chargers — designed to be connected directly to the medium voltage network. However,
trials have been taking place using AC Islow V2G chargers [254], which could be connected
into residential networks. The technology required for bi-directional charging is more
complex and expensive than that for uni-directional charging. Additionally, in order for
users to provide power to the network, a market framework must be set up. Therefore,
careful consideration needs to be given to the value that V2G adds to the local system
before this technology is pursued.

The hardware expense is not the only additional cost incurred from V2G. Round-trip
losses in the charger mean that the households’ total net energy consumption will increase
— which, depending on the buy and sell price, may make the service unprofitable. Addi-
tionally, the total throughput of EVs’ batteries will be increased, potentially accelerating
their ageing. An EV’s battery accounts for 15-35% of its total cost, and batteries must be
replaced once their capacity has reached below roughly 80% of its initial capacity. There
is a lack of consensus around the impact of V2G on battery degradation; [255] concludes
that battery degradation will significantly reduce the revenue for V2G and [256] found
that it made V2G unviable, whereas [257] suggests that V2G may increase the lifetime
of batteries. This presents a problem when analysing the financial case of V2G, as the
financial benefit is highly dependant on the degradation costs. Therefore, here the costs
are considered in terms of the increase in battery throughput, which is used as a first

order model for cycle ageing [258].
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Also of concern are the energy losses in the network. Although peak demand reduction
is assumed to reduce losses, we have seen in the previous section that the current in the
lower branches of the network has a large effect on the total losses. While V2G will likely
reduce the current through the transformer, it may significantly increase the currents
further down the network, as power is transferred from vehicles to households elsewhere
in the network. On top of these losses, there are also losses in the charger which occur in
both charging and discharging. This will increase the total energy demand of the vehicles
which raises total cost and the required generation.

Therefore, this section quantifies the additional benefits, and associated costs, that
V2G provides, compared to uni-directional smart charging — or grid-to-vehicle (G2V).
The simulations still focus on the IEEE LV Test Feeder, however the household load data
was taken from [259] and the vehicle data from the NTS. This load data was 30 min
smart meter data from 14,000 households distributed across the UK, meaning it included
a diverse range of consumers. Using data at this resolution likely underestimates the
resistive losses (which is why it wasn’t used in the previous section), however for this
simulation, accurately capturing diversity is more important than calculating precise
values for the losses.

When V2G is incorporated the load flattening optimisation proposed in 4.2.1 is no
longer valid, therefore both the bi-directional and uni-directional smart charging scenarios
were calculated using the peak demand minimisation proposed in 4.2.2. The losses were

calculated using the commercial power flow software, OpenDSS [235].

Peak Demand Figure 6.16 shows the percentage reduction in peak demand achieved by
bi-directional over uni-directional smart charging, and the associated increase in battery
throughput of the EVs, against the percentage of households on the network which had an
EV. The percentage increase in throughout describes the increase relative to throughput
of the battery with only uni-directional charging — so a 100% increase means that the
V2G EV has two times the throughput that it had with only G2V. The solid line shows
the average values over the Monte Carlo simulations, and the shaded area covers the 90%

confidence interval.
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Figure 6.16: The additional reduction in peak demand achieved by bi-directional over
uni-directional smart charging in the UK, varying with EV penetration. The solid lines
show the average and the shaded area covers the 90% confidence interval.

With a very small number of electric vehicles, the average reduction is low, and the
variance is high. This is because there is a significant chance that there will be no vehicles
available to discharge at peak times. The additional reduction in peak demand is largest
when approximately 10% of the households have EVs, with an average of 35% reduction
possible. Once the EV population grows beyond this point the additional reduction
shrinks, leaving no additional reduction possible when 100% of households have an EV.
This is because additional vehicles add load, as well as flexibility, to the network; at 100%
EV penetration the load can be perfectly flattened using uni-directional charging. The
increase in battery throughput is closely related to the reduction in peak demand, which is
intuitive as both are dictated by the amount of V2G deployed. At the point of maximum
service provision, vehicles’ throughout is increased by an average of 150%. The variance
in battery throughput is larger than in peak demand reduction, as it is dependant on the

distance travelled by the vehicles as well as the amount of V2G provided.

Losses Figure 6.17 shows the change in losses for the same set of simulations. The
solid line shows the total losses, and the dotted line shows the distribution losses — the

charging losses account for the difference between the two. The lines show the average
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value and the shaded area covers the 90% confidence interval.
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Figure 6.17: The increase in total losses and those just in the distribution system using
bi-directional charging compared to uni-directional. The lines show the average values
and the shaded areas cover the 90% confidence interval.

Both charging and resistive losses were always increased by the addition of V2G,
despite the reduction in peak demand. This is because the peak load dictates the current
at the top of the feeder, but not elsewhere in the network; vehicles providing power for
other households will likely increase currents elsewhere in the network. In this example
the charging losses are much more significant than the distribution losses. Therefore,
the majority of the increased cost is borne by the household owner — who is already
suffering an increase in battery degradation. These results suggest that, although AC
V2G charging of a small number of EVs has the potential to provide significant benefit
to residential network operation, the costs are significant. These means that serious
thought needs to be given to the financial value or reducing network peak demand before

this technology is pursued.

6.4 Comparative Case Study

The results in this section have so far been specific to the UK. It was not possible to anal-
yse the spatial change in loading to the Texas distribution network, as the geographic
break down of the NHTS is not available to UK researchers. However, household elec-

tricity demand and a representative network were available, so this section includes some
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comparative case studies for Texas. Unlike the previous chapter, these results can not
be used to directly compare Texas and GB, because the networks and data used are not
directly equivalent. Therefore, these results should just be treated as an example of how
different household loads, vehicles, and networks can change the results.

First, the loading, losses, and voltages in a representative network are studied. Then,
the additional benefits and costs of incorporating V2G technology are quantified. Mea-
sured Texas household and electric vehicle charging data was taken from [218]. A sig-
nificant number of households from this dataset had solar generation, which was left in
the profile. Hot summer days were chosen for the simulation, meaning the both domestic
loads and solar generation were high. The EV charging was uncoupled from the house-
hold loads so that both could be varied independently in the Monte Carlo simulation.
The network was the EPRI K1 test feeder (shown in section B.2 of the appendix). This
network supplies 311 residential loads and 13 industrial loads, only the residential loads

were varied in this simulation.

Peak Demand with 100% EVs The total residential load profile on the test network
for each charging case is shown in Figure 6.18. The solid line shows the median load
over the Monte Carlo simulation and the shaded are cover the 90% confidence interval.
It can be seen that before the EV charging is added the households are net exporters
in the middle of the day, due to solar generation. Compared to the GB case, the EV
charging has a much smaller impact on the network loading. This is largely due to the
household loads being significantly higher in the Texas case — the UK households used
an average of 10.4 kWh per day, while the Texas households used average of 26.7 kWh.
Therefore, the uncontrolled charging only increases the residential peak demand by 7%.
This network has a 12 MVA transformer as the industrial loads are nearly 8 MVA, so the
network is not near its loading limit, meaning the addition of EV charging will not result
in an overload.

The solar generation has a large effect on the loading; in both the uncontrolled and
controlled charging scenarios the network becomes a net exporter in the middle of the

day. The controlled charging scenario avoids increasing the peak in demand, and prevents
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Figure 6.18: The total power demand on the network under each charging scheme. The
solid line shows the average, and the shaded area covers the 90% confidence interval.

the demand from going negative. Compared to the GB case, the variance between Monte
Carlo runs is small. It is possible that this due to a narrower set of behaviour captured
in the Texas trial compared to the GB one, but could also demonstrate a lower variance

in vehicle charging behaviour.

Losses The total losses in the network are shown in Figure 6.19. Note that there is
a false origin on the plot, so that the differences between the charging schemes can be
seen. In this simulation the increase in losses due to charging is very small in both
relative and absolute terms; the daily losses per EV are around 0.25 kWh, while in the
Rochdale simulation they are 5.5 kWh. This difference further illustrates the importance
of network structure on electrical losses. There is a very minor reduction in losses achieved
with controlled charging, however it is less substantive than in the Rochdale case. The
final notable difference between the simulations is in the variance of losses observed; in
the previous case there is very little variance in the no charging case, but a large variance

in both charging scenarios; whereas in this case, there is a large variance in all scenarios.

Voltages In the US, appliance safety requires that voltages must be kept within £5% of
unitary voltage in normal operation. Figure 6.20 shows the highest and lowest voltages
in the network under each charging scenario. As would be expected given the similar
losses, there is very little variation between charging regimes in voltage profiles. The

lower bound of 0.95 is some distance from the lowest voltage in the network. The highest
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Figure 6.19: The total resistive losses for each scheme. The blue line shows the median
value, the box covers 50% of values, and the whiskers the total range.

voltages are much nearer the 1.05 limit. This is likely due to the voltage rise caused
by exporting solar power to the grid. However, the highest voltages are slightly lower
in the controlled charging case, because the charging offsets the voltage rise at the time
of maximum export. However, neither upper or lower voltage limit is violated in any

charging scenario.
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Figure 6.20: The average, lowest and highest voltages in the network throughout the day
under each scheme. The solid lines show the median value and the shaded area covers
the 90% confidence interval.

Vehicle-to-grid A second simulation was constructed, analogous to that in Section
6.3.2, which investigates the case for bi-directional charging using the Texas load data
and network. Figure 6.21 shows the additional reduction in peak demand possible with
bi-directional smart charging compared to uni-directional case, and the increase in EV

battery throughput, for varying levels of EV penetration. Similar to the GB case, when
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the number of EVs is small, availability limits the potential reduction. However, unlike the
GB case, there is still additional value to bi-directional charging when 100% of households
have vehicles. When more than 25% of households have an EV, a 15-20% reduction
in peak demand is possible. While the peak demand reduction does not taper away
significantly for high penetration levels, the increase in EV battery throughput does.

This is because the power requirement is being split between a larger number of vehicles.
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Figure 6.21: The additional reduction in peak demand achieved by bi-directional over
uni-directional smart charging in Texas, varying with EV penetration. The solid lines
show the average and the shaded area covers the 90% confidence interval.

The difference between the two simulations is largely due to the solar generation and
higher household loads, resulting in a much larger difference between peak and trough
demand; this means that the EV load is not large enough to flatten the load with only
uni-directional charging. This is demonstrated in Figure 6.22, which shows examples
of the total feeder load profiles when 100% of households had an EV. The dotted line
shows the demand before EV charging was added, the solid line shows the total load with
optimal G2V charging, and the dashed line shows optimal V2G charging. In the GB
case the optimal profiles are identical, because the EV load is large enough to completely
flatten the profile without V2G. Whereas, in the Texas case the EV load was not sufficient
to completely flatten load with G2V, so the peak demand can be reduced by using V2G

to flatten total load.
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Figure 6.22: An example of total feeder load under both charging schemes. The dotted
line shows the demand before EV charging was added, the solid line shows the total load
with optimal G2V charging, and the dotted line shows optimal V2G charging.

Figure 6.23 shows the change in losses for the same set of simulations. Like the GB
case, all simulations saw an increase in both charging and distribution losses, and the
largest increase coincided with the greatest reduction in peak demand. The magnitude
of the increase in total losses per household is similar to the GB case, however here the
distribution losses made up a much more significant share. This makes sense, as the pre-
existing load on the feeder is larger so the increase in load due to EV charging has a more
significant effect. This difference is significant because the distribution losses represent
a cost to all consumers on the network, while charging losses are incurred only by the

households with participating EVs.
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Figure 6.23: The increase in total losses and those just in the distribution system using
bi-directional charging compared to uni-directional. The lines show the average values
and the shaded areas cover the 90% confidence interval.
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Summary Overall, this case study demonstrates how vastly different the impacts of
EV charging on residential networks can be. While the GB network required controlled
charging to avoid violating its transformer and voltage limits, this network could sup-
port uncontrolled charging without violating any constraints. Additionally, while bi-
directional charging added no additional value at 100% penetration in the GB case, an
additional 15% reduction in peak demand could be achieved in this case.

It is difficult to quantify how far these results can be extrapolated to represent Texas
networks in general. For one thing, it is clear from the fuel mix analysis in Chapter 5 that
the households in the trial used here had an above average penetration of solar panels, so
there is danger to extrapolating even the loading. However, it is known that household
demand in the US is much higher than in the UK, so it makes sense that the residential
networks would be designed to tolerate larger loads. The test networks used were also
very different, and it is hard to separate how much of this difference is due to variation
between the countries, rather than variation in individual networks. Therefore, it is clear
that more work needs to be done before a thorough assessment of the Texan distribution
networks can be made. However, it is likely that the residential networks in Texas will

be affected less severely in the UK, due to the proportionally smaller increase in loading.

6.5 Concluding Remarks

In this chapter the impact of electric vehicle charging on distribution systems was ex-
plored, using case studies from GB and Texas.

The impact of that EV charging has on distribution networks is likely to vary re-
gionally, according to the local vehicle use, existing demand, and network structure.
Distribution networks also have a smaller number of customers connected compared to
transmission networks, so load tends to have a higher variability. The two potential prob-
lems considered here for distribution system operation are the overloading of transformers
and the violation of voltage limits.

In the GB case, uncontrolled charging of 100% EVs would result in overloading of 20%
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of transformers and under-voltages in 10% of networks. The worst affecting areas were
commuter towns outside large cities, and urban areas with less public transport infras-
tructure. However, there were many areas that did not experience either violation due to
oversized components. Flattening load in residential networks reduced the percentage of
transformer overloads from 20%to 2% and under-voltages from 10% to 6%. Alternative
smart charging strategies could reduce losses by an additional 2-5%, which would reduce
the percentage of networks with under-voltages to 5-5.5%. With small numbers of EVs
bi-directional charging could further reduce the network peak demand, but once 100%
penetration is reached there is no additional benefit.

There was insufficient data to carry out a complete analysis of the Texas distribution
system, but a single network case study was investigated. In Texas household loads
were typically larger, due to air-conditioning loads and a larger proportion of households
have electric heating. This meant that the addition of EV charging represented a much
smaller proportional increase and in the network studies neither constraint was violated
in any scenario. This case study included distributed solar generation, and it was shown
that bi-directional charging could reduce the peak demand on a network further than
uni-directional charging at any penetration level.

The following general conclusions can be drawn concerning the impact of EV charging
on distribution networks. First, that uncontrolled charging of EVs will raise peak demand
and reduce the lowest voltage in residential networks, which may result in a transformer
overload or under-voltage. Second, smart charging can reduce both transformer overloads
and under-voltages, although the latter with less success. Third, that bi-directional
charging may be able to reduce the peak demand on the network further than uni-
directional charging, but it will not further reduce the constraint violations — as the peak
demand is reduced below that seen without electric vehicles. Finally, that distribution
systems that were not built to tolerate electric heating or air conditioning are likely to

be worse affected — as these household loads are comparable to EV chargers.
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Chapter 7

Conflict Between System Levels

This chapter investigates the inherent conflict between the operation of the transmission
level and distribution level system when it comes to optimising EV charging.

In Chapters 5 and 6 it was shown that using EV charging to flatten load can protect
the operation of the power system at either the transmission level or the distribution
level. However, it is not possible to flatten load in residential networks at the same as
flattening load at the national level. This is because there is a large amount of high-power
industrial load, which is connected directly to the medium-voltage network. Around
60% of GB’s electricity demand is industrial, although this figure changes throughout
the year. Although this load is flatter than residential demand, there is a significant
overnight trough in power demand. This means that, when it comes to smart charging,
there is a conflict between the interests of the national system and local networks. This
chapter investigates the disparity between the optimal profiles for the distribution-level
and transmission-level systems, and the potential trade-offs.

In Section 7.1 the costs of optimising for only one part of the system are investigated.
First, the national power demand is estimated for the case where EV charging flattens
loads in residential networks. Then, the impact of flattening load nationally on distribu-
tion system operation is investigated. This is done by repeating both the case study from
Section 6.2.1 and the estimation of constraint violations with the alternative controlled

charging scheme.
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Section 7.2 investigates how a comprise between the two system levels can be found,
by prioritising residential networks which are most heavily constrained. First, the trans-
former data is analysed to estimate the tolerable peak demand increase in over-specified
networks. Then a novel heuristic strategy is proposed, which is shown to avoid constraint

violations at both the transmission and distribution level.

7.1 Flattening at a Single Level

Comparing the analysis from Sections 5.1 and 6.2 it appears that the distribution systems
is more likely to have its operating limits violated. Therefore it may make sense to focus
smart charging on this level of the system. However, it is important to understand the
effects this would have on the national demand (and hence the transmission level system).

Predicting this requires the national break down of industrial and residential demand.
Although this precise information is not available, Elexon publish a set of standard indus-
trial and domestic profiles for various times of year [250], and the UK government pub-
lishes the annual domestic and non-domestic electricity consumption in each area [249].
By scaling the Elexon profiles until the percentage of domestic electricity matches the
true value, the national winter break-down of industrial and domestic load can be esti-
mated. Note than sometimes commercial load is treated as distinct from industrial, but
here industrial is defined as equivalent to non-domestic (i.e. it encompasses commercial
load).

Figure 7.1 shows the national demand where charging is controlled to flatten load in
residential networks, compared to uncontrolled charging. Under this control scheme, the
national profile becomes a shifted version of the industrial load profile. This results in an
increase in peak demand of up to 6 GW, which is almost as large as the one observed with
uncontrolled charging. While this increase is within the UK’s current generation limit, it
does increase the minimum installed generation which is required; this is important when
looking to the UK’s future generation portfolio, as it aims to reduce carbon emissions.

Alternatively, load could be flattened at the national level, however this would require
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Figure 7.1: The GB national demand profile throughout the year with uncontrolled
charging, and controlled charging if load is flattened in residential distribution networks.

distribution networks to offset the shape of the industrial load. Figure 7.2 shows the
loading from the Rochdale case study, but where charging is controlled to flatten load
nationally, at the transmission level. In the simulation from section 6.2.1, where charging
was controlled to flatten load in the distribution network, controlled charging avoided
violating the transformer limits in all cases. Whereas, in this case several of the Monte
Carlo runs resulted in peak loads above the transformer limit. This is due to the overnight
peak required to offset the industrial trough. Therefore, while controlling charging in this
manner does significantly reduce the probability of a transformer overload compared to
uncontrolled charging, this network would still require an upgrade.

More broadly, controlling charging in this way would significantly increase the number
of networks with transformer constraint violations. Figure 7.3 shows the expected number
of networks with violations, when EV charging is controlled to flatten the load at either
the distribution or transmission level. Approximately 50% of the transformer overloads
that are avoided by flattening the load at the distribution level are encountered if load
is flattened at the transmission level. Voltage violations on the other hand are not
significantly increased, possibly due to the individual vehicle charging profiles still being

slow compared to the uncontrolled 3.5 kW loads, or due to the quadratic relationship
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Figure 7.2: The LV network loading from the case study section 6.2.1, but where the
controlled charging scenario represents flattening load at the transmission level.
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Figure 7.3: The expected number of distribution constraint violations with uncontrolled
charging, and charging controlled at either the distribution (D) or transmission (T) level.

7.2 Multi-objective smart charging

It is clear that either a 6 GW increase in peak demand, or a 10% increase in network
violations are undesirable. This section investigates whether it is possible to achieve both
no increase in national peak demand, and no increase in LV network violations.

In Figure 6.6 from Chapter 6 it is shown that there are many areas that suffer no
increase in network violations, even with uncontrolled charging of a 100% electric fleet.
This is a result of many of the networks being fitted with oversized transformers. Over-

specifying networks can be partly attributed to the small number of available transformer
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sizes, but also to the difficulty in estimating network demand before the properties are
connected. This means that some areas have some additional capacity which could be
used to offset the flat load in constrained areas, maintaining a flat national load.

It has been shown that flattening load in all distribution networks results in a new
peak in national demand during the late morning. In order to offset this, many local
networks would need to reduce their load at this time of day, thereby increasing their
peak demand (because the total energy demand is fixed, so a reduction as one time must
result in an increase at another). The aggregated increase in residential peak demand
that is possible without violating transformer limits can be estimated using the controlled
charging Monte Carlo simulation results from Section 6.2. For each local authority, the
distance between the transformer limit and the simulated peak load upper bound is
calculated. If the distance is negative (i.e. the transformer limit is below the maximum
demand) then that area is assumed to have zero flexibility. Otherwise, it is assumed that
a network from the area can allow that increase in peak demand without violating its
constraints. These results can be aggregated by scaling each area’s allowable increase by
the number of networks in that area.

Figure 7.4 shows the allowable cumulative increase in LV network peak demand as a
percentage of networks. Networks are ordered from most to least flexible. The asymptote
of the curve shows that 27% of networks have no allowable increase, however the rest of
networks have at least some flexibility. Overall, around a 9 GW increase in residential
peak demand is possible without increasing transformer violations, and 6 GW of this can
be achieved using only the 30% least constrained networks. This demonstrates that there
is a large amount of flexibility in some distribution networks, but does not prove that it
is possible to flatten national load without violating constraints.

It may be possible to formulate a convex optimisation problem which optimises charg-
ing in each network and nationally simultaneously. However, the large number of nec-
essary variables means that computational complexity is likely to be an issue. There-
fore, developing a convex formulation which calculates a strategy that optimises national

charging while minimising local network constraints is beyond the scope of this thesis.
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Figure 7.4: The cumulative allowable increase in LV network peak demand without trans-
former violations.

However, it is demonstrated that for the GB system a solution exists which minimises
national peak demand and local network constraints.
In order to test the feasibility of achieving both goals, a heuristic algorithm is proposed

to search for optimal charging profiles. The algorithm is described by the following steps:

1. Calculate the aggregate EV charging profile that would meet the total EV charging

demand while flattening national load.
2. For a given area, scale the aggregate profile to the charging demand from that area.
3. Superimpose the charging profile on the existing demand.

4. Compare to the transformer demand limit; if necessary adjust charging to (if pos-

sible) prevent violation of the transformer limit.

5. Extract final charging profile.

6. Subtract the chosen charging profile from the required aggregate profile. Repeat

2-6 until charging for every area has been assigned.

The goal of this algorithm is to find a set of charging profiles that, where possible, avoids
violating local constraints while maintaining a flat national demand. Figure 7.5 illustrates
a single run through these steps for a single area. I should be noted that the order in

which the areas’ charging is calculated will have a significant affect on the result. In step 1
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the optimal aggregated charging of the remaining EVs is calculated. For the first iteration
this will be the inverse of the national demand profile (meaning that the load after EV
charging would be completely flat). However, as charging is assigned to EVs this profile
will be adjusted. In the second step this profile is scaled to meet the energy demand of
the EV from a given network. Note that artificially inflated values for household and
EV demand have been chosen for illustrative purposes - this does not correspond to an

existing area. In step 3 this charging profile is superimposed onto the existing demand

from that area and the transformer limit is shown as a red dotted line. In this case
the proposed charging demand would violate the transformer limit, so in the 4th step
the charging is adjusted until the transformer violation has been avoided. Step 5 shows
the final charging profile for that area in blue, and the unadjusted profile from step 2

show with a dotted line. Finally, the assigned charging is removed from the aggregate

profile in step 1, such that the areas whose charging has not been assigned can offset the

adjustments required by this network.
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Figure 7.5: The heuristic algorithm steps.

The performance of this algorithm depends on the order that the areas’ charging is

assigned. If the final networks have very little flexibility they will not be able to meet
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the goal profile; in order to perfectly meet the national goal profile, the final network
must not require adjustments in step 4. To maximise the chances of success, the charging
should be assigned to networks from most to least constrained. This means that the first
networks will already be fully constrained, so the load will be completely flattened in
these networks, while the last networks should have a large degree of flexibility.

To understand the reason this approximation works consider the following. If all
networks’ EV charging followed the goal aggregated profile (scaled to that networks energy
demand) then the national aggregated load would equal the goal. However, some networks
are not able to follow this profile and this will skew the national load. If we can anticipate
this skew then the unconstrained networks can compensate by following an exaggerated
version of the goal profile. The proposed algorithm constantly adjusts the goal profile
to reflect the networks which have been unable to follow it. The larger the number of
networks which have not been able to meet the goal profile, the more exaggerated the
adjusted profile will become. By calculating the networks’ charging in order from most
to least constrained, there is the largest chance that the final network can meet the most
exaggerated goal profile.

Figure 7.6 shows the charging profiles assigned to three areas with increasing amounts
of flexibility. The allowable percentage increase in peak demand (from the perfect flat-
tened scenario) is shown in brackets below the name of the area. Bracknell Forest is
already at risk of overloading its transformer limit with perfectly controlled charging, so
it is assigned a completely flat load. Whereas, Cheltenham and North Devon both have
allowable increases in peak demand, so they are assigned charging profiles more similar to
the aggregate goal profile from Figure 7.6. The peak demand increase is more substantial
in the North Devon case because this is one of the least constrained networks, so its
charging is assigned last, meaning its profile is offsetting the constrained networks that
were unable to meet the overnight increase in peak demand.

Figure 7.7 shows the national load after this algorithm has been applied to charging in
each distribution network, broken down into industrial, domestic and charging load. The

addition of EV charging has not resulted in an increase in peak demand, suggesting that
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Figure 7.6: The total residential load in three example local authorities with and without
the proposed controlled charging. The percentage of allowable overshoot in peak demand
is shown in brackets in the title of each subfigure.

it is possible to avoid an increase in national peak demand without increasing constraint

violations. The effectiveness of each of the considered charging strategies are summarised

in Table 7.1.
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Figure 7.7: The national load profile under the proposed controlled charging scheme,
broken down into domestic, industry, and charging load.

Note that deploying the multi-objective strategy does mean that no networks will
require upgrades — in section 6.2.2 it is shown that many networks will require upgrades
even with controlled charging, and this remains the case. However, the increase in con-
straint violations seen in Fig. 7.3 has been mitigated. It is also worth noting that the

losses in the distribution networks with non-flat load will be increased, and this has not
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Peak Demand Under-voltages Transformer Overloads

Uncontrolled +16% +10% +20%
charging

Transmission level +0% +7% +11%
load flattening

Distribution level +12% +6% +2%
load flattening

Multi-objective +0% +6% +2%

smart charging

Table 7.1: A summary of the effects of each charging scheme assuming that all EV
demand is met.

been considered here. However, it is likely that a more optimal set of charging profiles
could be found using formal optimisation techniques — these results merely prove that a

feasible solution exists.

7.3 Concluding Remarks

There is an inherent conflict between the optimal EV charging according to the trans-
mission and distribution systems in GB; meaning that it is impossible to achieve optimal
operation of both residential networks and the national system simultaneously. If charg-
ing is optimised at the distribution level, the national peak demand increases by up to
6 GW. On the other hand, if charging is optimised at the national level an additional
10% of networks will require reinforcement. However, oversized components mean that
many residential networks are operating a large distance from their demand limits. If this
additional flexibility is properly exploited, it is possible to find a comprise between the
systems’ optimal charging profiles, avoiding both the increase in national peak demand
and the increase in network upgrades.

For other power systems, if the industry load profile is not flat then it is impossible
to flatten load in all residential networks and nationally. However, without analysing
how close the distribution networks are to their operational constraints, it is not possible

to say whether it is possible to avoid residential network constraint violations and an
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increase in peak demand.
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Chapter 8

Conclusions

This thesis has addressed the research question:

As we move towards a 100% penetration of electric vehicles, how will this affect the

steady state operation of the electricity network?

Two components were identified to this question. First, what would be the impact of
uncontrolled charging of a large fleet of electric vehicles on the electrical power system?

Second, what would be an appropriate strategy to reduce this impact?

The Impact of Uncontrolled Charging In order to answer the first question, this
thesis made two major contributions to the existing research. Firstly, spatial heterogene-
ity of EVs was incorporated into modelling of EV charging by using a large national travel
survey that includes location data. Although travel survey data has been used previously
in EV charging studies, few of these use the raw data, and none include the secure access
version of the survey (which provides geographic information about participants). This
new data source allows the regional impact of EV charging on the system to be evaluated
nationally for the first time. Secondly, a stochastic modelling method for domestic un-
controlled charging was proposed which combines vehicle usage from travel survey data
with charging data from an EV trial. Unlike existing strategies, this allows stochasticity

in both vehicle use and charging to be incorporated simultaneously.
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Uncontrolled charging simulations were then carried out using the Great Britain (GB)
and Texas power systems as case studies. The impact on the generation, transmission,
and distribution systems were considered simultaneously — allowing the relative severity
of the impact of EV charging in these systems to be investigated. The generation system
operation was quantified in terms of changes to the national demand profile, and the im-
plications this has on maximising the use of renewables is discussed. For the transmission
system, violations of line limits and increases in losses were investigated for both normal
operation and in the N-1 case. For the distribution system, the percentage of residential
networks experiencing transformer overheating and under-voltages was investigated.

The scope of this analysis is limited to the steady state operation of the system. Hence,
system frequency and fault dynamics are not investigated. Additionally, all analysis is
on the demand side and from the perspective of the network operator — meaning that,
the implications on the electricity market, suppliers, and consumer are not included.

For the GB power system, uncontrolled residential charging of a 100% EV fleet would
result in an 8 GW increase in peak demand, an increase in N-1 transmission violations,
and 28% of low voltage distribution networks would require upgrades. Transformer over-
loads were twice as likely as under-voltages. The low voltage networks most likely to
experience problems were those where private vehicles were the main form of commuting,
vehicle ownership was above average, and existing electricity demand was high. With
a 100% penetration of EVs the worst hit areas were commuting towns to the west of
London, and cities in the north of England. However, in the 2030 projected scenario the
local penetration of EVs had a much greater significance than the local travel behaviour.

For the Texas system, uncontrolled charging also resulted in an 8 GW increase in
peak demand, although this represented a smaller percentage increase than in the GB
case. Low voltage networks in Texas have a very different style compared to the GB
case, and household demand is significantly larger (due to air-conditioning loads, and a
more electrified heating system). This meant that in the distribution network simulations
constructed, no network violations occurred — even with uncontrolled charging of a 100%

EV fleet. This is particularly surprising, given that the vehicle usage in Texas is higher
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than in the UK. It should be noted that far less information was available for the Texas
case study, so rigorous conclusions can not be drawn. However, these results demonstrate

the dependance on the impact of EV charging on the structure of the power system.

Mitigation Strategies The second component of the research question focuses on how
smart charging can be used to reduce the impact of EV charging on the network. However,
in order to answer this one must first consider what the optimal charging strategy for the
system is. With this in mind, two further contributions were made.

First, the action of a variety of smart charging strategies were directly compared
using stochastic simulations of residential charging. Specifically, loss minimisation was
compared to load flattening, and bi-directional peak demand minimisation was compared
to the uni-directional equivalent. These comparisons allow the relative performance of
various smart charging strategies to be quantified. Secondly, the conflict between the
interests of the distribution and transmissivon level systems in terms of EV smart charging
are investigated. Existing literature predominately focuses on a single level of the system,
and how its operation can be optimised, without considering the consequences to the rest
of the system. Understanding the conflict between the levels of the system is important
because a single optimisation strategy for smart charging needs to be selected.

A convex formulation for 3-phase loss minimisation was proposed such that loss min-
imisation and load flattening could be directly compared. Then, stochastic charging
simulations for a variety of networks and loading conditions were carried out. Minimis-
ing losses directly minimises under-voltages, however it requires detailed modelling of
the network impedences which may not be available.. The additional reduction in losses
achieved compared with flattening load was only moderate (15-65 Wh per household per
day, depending largely on the network structure). Furthermore, the direct loss minimisa-
tion resulted in an increase in peak demand — meaning the reduction in voltage violations
may be offset by an increase in transformer overloading.

Based on these observations, a smart charging formulation is proposed which achieves
some reduction in losses, without the increases in peak demand and modelling complexity.

It is shown that reducing phase imbalance achieves approximately half of the reduction
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in network losses, without the increase in peak demand.

The potential for AC bi-directional EV charging (V2G) to reduce peak demand in
residential networks was quantified, compared to uni-directional smart charging. This is
important because bi-directional charging requires additional infrastructure and market
costs compared to uni-directional smart charging, so the additional value must be properly
understood before the technology is pursued.

For the GB case, the benefit that this service provides compared to smart uni-
directional charging is largely dependant on the number of EVs on the system; when
the penetration is low a significant reduction in peak demand is possible, but as more
EVs are added the feeder energy demand is increased, and at 100% penetration there is
no additional benefit to bi-directional charging. There are also a number of additional
costs incurred by providing this service. The throughput of EV batteries will be increased
by up to 150%, likely accelerating their degradation. There will also be a small increase
in the resistive losses in the network, and a large increase in the charger losses (meaning
the user will see an increased electricity bill). Therefore, unless there are large financial
incentives to reduce peak demand, the results do not present a strong argument for V2G
in GB residential networks.

On the other hand, for the Texas case, an additional reduction in peak demand was
possible with V2G regardless of the number of EVs on the network. This difference could
largely be attributed to EV charging representing a smaller percentage of the total load
on network in the Texas case. Similar to the GB case, the increase in battery throughput
is closely linked to the amount of V2G provided. However, in this example the increase
in losses was dominated by resistive losses in the network (meaning the increase will be
funded by all users on the network, regardless of whether they own an EV or not).

Flattening load at the residential network level will not flatten it at the national
level (and vice-versa), due to the non-flat industrial load that is connected to the higher
voltage network; in the GB case flattening load locally would result in a 6 GW increase in
national demand, while exclusively flattening load nationally would mean an additional

10% of networks require intervention.
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It was noted that many residential networks have oversized transformers (due to
limited sizes or difficulty in estimating demand). Therefore, a heuristic method was
proposed which exploited the additional flexibility in over-specified networks to flatten
load nationally without increasing constraint violations in residential networks. For the
GB case, it was demonstrated that using appropriate smart charging it was possible to

achieve both zero increase in peak demand and zero increase in constraint violations.

General Remarks Taking these two case studies into account, the following more gen-
eral conclusions are made about the impact of EV charging on power systems. Residential
chargers present a large load compared to typical household appliances and uncontrolled
charging is likely to exacerbate the existing peak in demand.

Whether the additional load causes issues for the residential network to which the
charger is connected, will depend on how far away from its voltage and thermal limits the
network is operating. The distance of a network from its operational limits is determined
by the structure of the network and the demand that it was designed to withstand;
most notably, if there is electric heating already in the network then the addition of EV
charging will not represent as large a proportional increase in demand.

At the transmission system level, there will also be an increase in peak demand. This
means that the minimum generation capacity required to ensure demand is met increases.
The maximum currents carried by the high voltage transmission system will also increase,
in both the normal operation and N-1 scenarios.

Smart charging in residential networks offers a large amount of flexibility. EVs can be
co-ordinated to optimise load at either the transmission level system, or the distribution
level system. For the transmission level system, the optimal scenario is a flat national
load profile.

In the distribution system, the optimal scenario for each network depends on the oper-
ating conditions of the network; flattening load will protect against transformer overload,
while minimising losses will reduce under-voltages. However, in practice these schemes
will produce very similar results. There is likely to be some conflict between the optimal

scenarios at both the transmission and distribution levels, but (depending on the design
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of the LV networks) it may be possible to compromise by flattening national load while
ensuring no local constraints are violated — it is possible in the GB system.
Vehicle-to-grid may be able to further optimise the operation of the system, but
this comes at the expense of additional losses in the charger and network, as well as
a potentially accelerating the ageing of EVs batteries. If there is a large amount of
renewable generation on the system, EV charging could also be used to offset uncertainty
in generation. Ideally this would be done using real-time control, however reasonable
performance can be achieved using stochastic optimisation on a day-ahead basis.
Overall it is shown that to understand the impact that EV charging will have on a
specific power system, it is important to consider local travel behaviour, existing demand,
and network structure in the analysis. This thesis has contributed new methods which

allows this to be done, and has demonstrated these on the GB and Texas systems.

8.1 Future Work

The following areas have been identified as requiring further research:

(1) Detailed analysis of other systems. Network-specific analysis of other countries power
systems must be done in order to compare the degree with which EV charging will affect
the system. This would be especially useful to do for countries that share interconnections
(e.g. the northwestern European counties connected to the GB system), so that the
likelihood of these connections being available at peak times can be assessed.

(2) Simultaneous analysis with electrified heating. Electrified heating is going to present
similar problems as EV charging to residential networks. Although this changes is likely to
happen more slowly, meeting decarbonisation targets relies phasing out gas heating. It is
therefore important to understand how heating and vehicle charging will interact, and the
system reinforcements they will necessary. This is particularly important because much
of the costs in upgrading the network is in labour and construction (not in materials) so
if networks are to be upgraded it is preferable to only do it once.

(8) Rapid public charging analysis. This thesis has focused on only domestic charging
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but, even rapid public charging will also play a role — at the least in motorway service
stations. Therefore it is necessary to also analyse what a large rapid charging network
would mean for the high voltage system, and how much it is likely to be used.

(4) Smart charging implementation. This research did not consider the implementation
strategy of smart charging, only the benefit that it could achieve. There are two aspects
which much be tackled before mass smart charging can be successfully implemented.
Firstly, the technical co-ordination of EVs needs to be designed — this includes building
communication infrastructure and designing a control architecture. Secondly, a social
implementation strategy is needed — a way of incentivising consumers to adopt smart

charging and rewarding them for participating.
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Appendix A

Line Thermal Limits

In this thesis, thermal limits of lines in distribution networks were not considered as
a failure mechanism, because in general under-voltages occur before thermal limits are

violated. This appendix includes analysis supporting this hypothesis.

A.1 Heating in overhead lines

Consider a overhead copper cable which runs from the substation of a network to the
node that is the largest electrical distance away. The cable has length L, radius r, and
temperature T,,. The node at the substation is at voltage V; and the other end is at

V1, which should be the lowest voltage in the network. This arrangement is described in

Figure A.1.
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Figure A.1: A diagram of the idealised overhead line.
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The resistive power dissipate in the cable can be described as:

(Vi = W)?

Presitive = IQR = R )

(A.1)

where [ is the current through the line, and R is its resistance. The resistance of a

conductor is a function of its geometry, such that:

L L
p="" == (A.2)

A mr2’

where p is the resistivity of the conductor, and A is the cross-sectional area. Assuming
that most of the losses are dissipated at heat, at steady state there must be a balance
between the resistive power lost and the thermal power leaving the wire. For the case of
overhead lines, heat is predominately dissipated via conduction, which can be described

as:
Pconvection - hAs (Tw - Ta) ) (Ag)

where h is the thermal transfer coefficient, A, is the surface area, and T, is the ambient
temperature. In this example the exposed surface area is the outer surface of the cylinder,

such that:
Ag =2nrlL. (A.4)

By equating (A.1) and (A.3), and substituting (A.2) and (A.4), the following expression

can be be found:
12
(leLVO)T — 2hL(T, —T,). (A.5)

This can be rearranged to find an expression for the temperature of the wire in terms of
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the voltage drop and cable parameters:

(A.6)

An under-voltage occurs when V] falls below the voltage lower bound, so this expression
can allow the temperature at this point to be estimated. If the temperature is within
safe bounds, then the voltage limit is the constraining limit of the line, rather than the
thermal limit.

Copper cables are rated to a temperature of at least 60°C. For a low voltage line at the
point of an under-voltage it is assumed that Vj = 240 V and Vi = 216 V. The resistivity
of copper is 1.68 x 107® Qm, and an ambient temperature of T, = 25°C was assumed.
The heat transfer coefficient will depend on whether there is wind or not, but a value of
h =60 W/m’K was chosen [260]. Using this information it follows that the thermal and

voltage limits will be coincident when the following equation is satisfied:

r=12x10""L%. (A.7)

Figure A.2 shows the region of cable dimensions where an under-voltage occurs before
a line limit, with cable diameter on the horizontal axis and length of the vertical. The
range of cable diameters that are used for residential networks is shown by the red dashed
lines, it can be seen that if the network length is over 150-220 m then an under-voltage
will occur before a thermal overload. All of the test networks used in this analysis cover
a greater distance than this (see Appendix B), therefore under-voltages will always be
the limiting constraints.

It is possible that there are some networks for which this will not be true — particularly
in the case of micro-grids. However no test low voltage distribution network was found
which did not satisfy this inequality — including a set of 25 British distribution networks
from [253].
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Figure A.2: The relationship between cable parameters that determines whether a voltage
or thermal limit occurs first. The shaded area shows lines for which voltage limits are
the constraints. The red dashed lines show the range of available cable diameters that
are used in LV distribution networks.
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Appendix B

Test Networks

Analysis of distribution system operation requires an electrical model of the network.
Precise models of the GB and Texas networks were not available, so test networks had to
be used to simulate behaviour. This section describes the networks used in the analysis
in Chapter 6. The first section details the networks used in the GB wide analysis, while

the second describes the smaller test feeders used to compare smart charging objectives.

B.1 GB Representative Networks

Networks differ regionally in GB; in cities networks tend to connect a large number of
homes densely, while rural areas are smaller but sparser. Here, three example 3-phase
residential networks are used to quantify the effects of vehicle charging on distribution
networks, each representing a different network style. The networks were taken from [253],
and are shown in Figure B.1. They were purposefully selected to represent a typical
network from rural, suburban, and urban areas respectively. The blue markers show the
locations of households, and the black marker shows the substation location.

Unfortunately, these networks did not come with transformer ratings, so assumptions
had to be made. Data describing transformer ratings from 32,854 LV circuits in GB
was obtained from a DNO. Figure B.2 shows the distribution of transformer ratings for
networks which had 50-80, 150-250, and 400-600 households respectively.

The most popular transformer size was 500 kVA in most areas. According to the
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Figure B.1: The test networks used. Blue markers show the household locations and the
black marker shows the substation position.

guidance in [248], networks with Economy 7 meters are designed to a higher limit than
those with gas meters. Rural areas have a higher penetration of Economy 7 meters than
suburban areas, so this might explain why 500 kVA transformers are more popular on the
smaller networks. For the larger networks, 500 kVA was still the most popular, however,
there was considerably less data available for these networks; while there were roughly

10,000 networks in the small and medium bracket, there were only around 100 in the

Based on this analysis, the following transformer sizes were assumed. For the rural
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Figure B.2: The transformer ratings of networks with varying numbers of households..

and sub-urban networks: For the rural and suburban networks, local authorities with
more than 10% of households had Economy 7 meters were given a 500 kVA transformer,
while those with less were assumed to have a 315 kVA. The urban networks were all

assumed to have 800 kVA transformers.

B.2 Test Feeders

In order to compare the action of smart charging objectives in realistic loading conditions
a test feeder was required. These simulations were not geographically specific, so the
style of network is less important (providing it is realistic).

For both the UK and Texas case study popular open source test feeders were used
to ease comparisons between existing literature. For the UK case, the IEEE European
Low Voltage Test Feeder is used (see Fig. B.3a). There are 55 loads on the system, each
of which represent a single residential household. The base voltage is at 230 V and the
system frequency is 50 Hz.

For the Texas case study, Feeder K1 from the EPRI set of test networks is used [261].
This network (shown in Fig. B.3b) has 311 residential loads, and 13 industrial loads. It

was assumed that the industrial loads were fixed and constant with time. The network
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has base voltages of X and Y, and the system frequency is 60 Hz.

and the system frequency is 60 Hz.
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Figure B.3: The test feeders considered. Blue markers show the household locations and
the black marker shows the substation position.

As part of the sensitivity analysis in section 6.3.1.2, a selection of the other test
feeders from [253] were used for comparison. The table below allows the reader to map

the networks mentioned in that section to those from the paper:

# 1 2 3 45 6 7 8 9
Network 4 21 16 1 3 2 19 7 2
Feeder 1 3 2 1 1 1 3 4 4
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