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Abstract

The battery electric vehicle (EV) market is in a state of continuing rapid
evolution, both in terms of the battery capacities and charger power ratings
that vehicle manufacturers are bringing to the market and the increasingly
widespread penetration of charging infrastructure. As a result, individuals’
charging behaviours may change substantially and be different from what
has been expected or observed to date. This could have a significant effect
on the resulting electrical demand from EV charging. Aside from these tech-
nical parameters, the demographics of the population served by any given
network – and how that might affect their travel habits, particularly car use
– must be considered. In this paper, statistical analysis of a large travel sur-
vey dataset is carried out to support the hypothesis that car use is likely to
vary according to population demographics. Car-based travel diaries disag-
gregated on key demographic traits of the drivers are assigned to vehicles in
the network according to Census data pertaining to those same demographic
traits. Charging schedules are derived from these travel diaries for different
battery capacities, charger power ratings and level of access to charging to
investigate the likely effect of changing these parameters on the resulting
charging behaviour and electricity demand. It is found that out of the key
emerging patterns identified in the evolving EV market, increasing battery
capacities and the establishment of more widespread charging opportunities
may reduce the peak demand from EV charging or shift it to a time less
likely to coincide with peak domestic demand, hence making it easier for the
network to cope with increasing penetrations of EVs. On the other hand, in-
creasing charging power may increase the peak and bring it closer to a time
where it is more likely to coincide with peak domestic demand.
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Nomenclature

Sets

B Set of busbars in distribution network, indexed by b

Eh Set of EVs at household h, indexed by e

Hb Set of households at busbar b, indexed by h

Variables

∆Ei Change in EV energy storage from charging event following trip i

λi Decay constant for constant voltage region of lithium ion charging
curve, during charge event following trip i

Estart,Eend EV energy storage content at start of charging event following
trip i, EV energy storage content at end of charging event following
trip i

Pi(t) Instantaneous power demand at time t (minutes) after the plug-in time
during charge event following trip i

PDC
i Maximum rated DC charging power available during charge event fol-

lowing trip i

Smin,Si Minimum allowable EV battery state of charge, EV battery state
of charge after trip i, including any parked and/or en route charging
after and/or during the trip

t0.8i ,t∞i Time at which vehicle reaches state of charge of 0.8 in parked charging
event following trip i, time at which the charging power reaches a value
close to zero (taken as 1% of the maximum rated power) in parked
charging event following trip i

tsi ,tdi Time at which vehicle starts parked charging event following trip i,
time at which vehicle departs parked charging event following trip i
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1. Introduction

Battery electric vehicles (EVs) are cited as a key contributor to a reduc-
tion in carbon dioxide emissions and air pollution by governments worldwide,
from the UK [1] to China [2] and the US [3]. However, concerns have been
raised about the impact of widespread EV uptake and the subsequent charg-
ing at peoples’ homes, where the capacity of existing distribution networks
may not be able to cope with the increase in demand, by electricity network
owners [4], regulators [5] and policymakers [6–8]. The extent and timing
of the need for intervention is highly uncertain; this is exacerbated by two
factors as addressed in this paper: (i) the rapidly evolving EV market with
the associated change in key vehicle parameters, and (ii) the demographic
make-up of the individuals that are driving the EVs.

1.1. Electric Vehicle Parameters and the Rapidly Evolving Market
1.1.1. Battery Capacity

Based on a review of the pace of change of the EV market in recent years,
it seems that battery capacities are increasing. Battery capacities typical in
‘affordable’ EVs as recently as 2016 were typically of the order 16-24 kWh:
for example, the 2011-2015 Nissan Leaf (24 kWh) [9], the 2012-2016 Renault
Zoe (22 kWh) [10] and the 2009-2016 Mitsubishi i-MiEV (16 kWh) [11]. More
recently, the 2018-present Nissan Leaf has a 40 kWh battery as standard and
the 2016-present Renault Zoe has a 41 kWh configuration as standard. New
models are being launched, such as the 2019 Hyundai Kona Electric [12] and
2019 Tesla Model 3 [13], which at 64 and 60 kWh respectively are fairly long-
range vehicles but remain towards the lower end of the EV market in terms
of price, with post-subsidy UK prices of £32,845 and £38,800 respectively.
Volkswagen is launching their ID3 EV in 2020 with a configurations between
45-77 kWh at a starting price ‘less than £25,848’ [14]. Compared to the Tesla
Model S (2012-present), a long-established long range EV model with prices
starting at £75,500 in the UK after subsidies [15], it seems the prices of EVs
with large batteries are falling consistently with the general fall in the cost
of lithium ion batteries [16].

It is hypothesised that due to their greater driving range, vehicles with
larger battery capacities could be expected to seek fewer charging oppor-
tunities than those with smaller battery capacities. The knock-on effect of
this would be that the energy requirement of those charge events would be
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greater. The extent to which these effects will impact the power system is
uncertain.

1.1.2. Charger Power
Charging power also seems to be increasing. In terms of charging power

at peoples’ homes, a move from ‘slow’ (16 A @ 230 V ≈ 3.7 kW) to ‘fast’ (32
A @ 230 V ≈ 7.4 kW) AC charging seems likely: whereas first generation
EVs such as the 2011-2015 Nissan Leaf [9] and the 2009-2016 Mitsubishi i-
MiEV (16 kWh) [11] could only accept ‘slow’ AC charging, all new generation
EVs referenced in the preceding section are rated for ‘fast’ AC charging.
Furthermore, as there is generally no difference in price between a ‘slow’ and
a ‘fast’ AC charger (for example, the WallPod EV charger retails at £320
in the UK for either 16 or 32 A configuration [17]), it could be reasonably
expected that most consumers would opt for the high power rating option.

While a switch to DC charging has been discussed in the literature –
such as [18], in which it is discussed how switching to DC charging and
consequential removal of on-board AC/DC converters could (i) reduce the
up-front cost of the vehicle and (ii) increase charging efficiency – for the near
future AC charging at the above rates is expected to remain dominant. The
charging rates based on 16/32 A cables given above are from the SAE J1772
charging standard detailed in [19].

It is hypothesised that having access to a higher charger power is likely to
increase the charging demand peak; however, the extent to which this may
happen is uncertain.

1.1.3. Charging Access
It also seems likely that future EV users will have access to charging

at more locations. [20] and [21] have suggested that EV drivers are likely
to actively seek out destinations that offer charging opportunities, even at
the expense of lengthening their own journeys. This explains the recent
and ongoing growth in free-to-use public charging infrastructure, installed
by business owners as a way of attracting additional custom. As of August
2019, three of the UK’s biggest supermarket chains (Tesco, Morrisons and
Lidl) have announced plans to install free-to-use EV charging infrastructure
at their stores [22–24], highlighting a recognition by businesses who provide
parking of the draw that can be offered by EV charging facilities.

It is hypothesised that having access to charging at more locations will
reduce the stress on the distribution network that serves home charging.
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However, the amount to which this may happen is uncertain, as is the effect
of having charging available at particular locations (e.g. the effect of charging
at work vs. the effect of charging at public destinations).

1.2. Variation in Car Use within a Population
The distance driven by individuals, the frequency of their trips and the

times at which they arrive home are particularly important factors for the
consideration when quantifying likely EV charging demand, as they effec-
tively determine the energy and peak power demand on the network. Travel
habits are diverse across a population of individuals, and it has been docu-
mented in [25–27] that income, employment status and geographical location
have a significant impact on the travel habits, including the car use, of indi-
viduals. Therefore, aside from the technical specifications of the EVs charging
within a network, one must also consider the variation of car use within that
network. As this is addressed as a key gap in the existing academic literature
(section 1.3), a motivation for this paper is to characterise the impact of EV
charging on electricity networks with consideration of the demographics of
the population that is served by the network in question.

1.3. Relevant Literature
The characterisation of EV charging demand on distribution networks

is a well-researched area of the academic literature. There have been many
works based on the analysis of travel survey data — that is, self-reported data
pertaining to the location, distance and duration of individuals’ trips — to
simulate the arrival time and energy demand of a fleet of EVs, and thus derive
their likely charging schedules. The governing assumption in these works is
that if internal combustion vehicles (ICVs) were replaced with EVs, the trips
made by the individuals driving the vehicles would be unchanged. [28] uses
results from a US-based travel survey [29] to return probability distributions
of the arrival time of vehicles following a day of driving. Although the start
time of charge events are based on real data, the energy requirement is based
on the simple assumption that vehicles begin charging with a battery State
of Charge (SoC) sampled from a Gaussian distribution centred on 50%. [30]
and [31] simulate EV charging based on distributions of the time at which
the EV arrives at home (and hence starts charging) and the daily distance
driven (and hence the energy required from charging based on a fixed rate
of consumption) from statistical analysis of the UK Time Use Survey (TUS)
and the US National Household Travel Survey (NHTS) respectively. [32]
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uses Origin-Destination analysis to set origin and destination zones of each
EV’s journey based on statistical analysis of travel survey data; the distance
between the two – used to derive the energy requirement of charging – is
sampled from a Gaussian distribution centred on the straight line distance
between the centroids of the zones. [33] applies a clustering technique to
results of the Dutch travel survey (Mobiliteitsonderzoek Nederland) to pro-
duce 25 archetypal driving behaviours, from which probability distributions
of the arrival time and charging energy requirement are returned. [34] uses
a Gaussian Copula method to tie together the separate distributions of the
time a vehicle leaves home, the time a vehicle arrives home and the overall
distance it travels during the day (from which the charging energy require-
ment is derived) from the same Dutch travel data as [33]. While [28, 30–34]
only consider one driving day, [35] uses data from the week-long US NHTS
to simulate EV charging behaviour on the basis of every travel diary in the
dataset, hence giving a week-long charging demand profile that attempts to
reflect day-to-day driving behaviour.

Within the last decade, publicly funded EV trial projects have been com-
pleted with the aim of providing an insight into the driving and charging
habits of EV users. Several works have been carried out that use the re-
sults of these trials to derive probability distributions of charging start time
and energy requirement. In [36], data from the British EV trial ‘Plugged In
Midlands’ is used as a basis for clustering of EV demand profiles and a risk
assessment of the violation of network limits following the electrification of
a fleet of private vehicles displaying the same charging behaviour as in the
trial. In [37], data from Newcastle University’s SwitchEV project is used to
build a stochastic simulation of the impact of EV charging on a real distribu-
tion network feeder. [38] uses an Irish EV trial dataset to simulate charging
profiles of a fleet of EVs that may have access to charging at a variety of
locations over the course of two days, thus capturing the effect of charging
events on subsequent driving and charging behaviour.

The use of EV trial data holds two distinct advantages over the use of
travel data. Firstly, whereas it has been shown that the adoption of EVs
changes driver behaviour [39, 40], the use of travel data based on ICVs will
fail to catch any EV-specific behaviour. Secondly, the application of ICV
travel data1 to a fleet of EVs may not be feasible, given EVs’ generally lower

1Though there is no EV/ICV classification available in the NTS dataset, it can be
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driving range. However, a major limitation to using EV trial data is that
they are generally tied to a particular set of technologies and/or individuals.
For example, the trial datasets used in [36–38] concern vehicles with battery
capacities in the range 16-24 kWh and ‘slow’ charging of 3-4 kW. The rapid
changes in the EV market in terms of battery capacity and charger power as
discussed in section 1.1 mean that these datasets can become out of date. As
the research contribution made by this paper is to provide a quantification of
the likely effect of changing these parameters, the use of EV trial data is not
appropriate. Furthermore, the trial participants tend to be self-selecting and
are more likely to be of certain socio-economic backgrounds: for example,
in the SwitchEV trial, participants had to pay a £220/month fee to be in
trial, be home owners with off-street parking and satisfy insurance criteria
[42]. Therefore, it is argued that using data from these trials risks capturing
behaviour from only a subset of societal segments.

The majority of works in the literature focus on integrating EV demand
models with distribution networks, where they are expected to cause the
greatest impact [43]. With the exception of [34–36, 38], all of the other
works reviewed [28, 30–33, 37, 44–49] involve some level of simulation of EV
charging and the superposition of this demand onto a model of a distribution
network.

All of the works in [28, 31, 33, 44, 46, 47] use simple, generic distribution
networks (for example, one of a number of IEEE distribution test feeders
[50]) to model the impact of EV charging. While the use of these generic
test feeders can provide a valuable base to develop and test a model, it is
suggested that the area-specific, often historical design features of electrical
networks are likely to have a significant effect on the impact seen by the
network from EV charging and therefore the use of generic test feeders is
prone to misrepresentation of the issues that may arise in real networks.

To this effect, there are works that have looked to simulate EV charging
demand on real networks. [45] presents analysis of part of a real distribution
network, though it only consists of a single LV feeder serving 135 house-
holds. [48] presents work on a much larger area of a real LV network serving
over 6,000 customers and [49] uses a representation of a network serving over

assumed for practical purposes to be entirely ICV-based due to the relative infancy of
EVs and their low penetration in the market – for example, in the UK they represented
0.2% of the total vehicle fleet in 2016 [41], the latest year for which NTS data is currently
available.
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10,000 endpoints on the Danish island of Bornholm. In using such large
networks, the latter two [48, 49] assign EV loads to households determinis-
tically. In contrast, [37] presents Monte Carlo analysis of EV charging on
a real GB distribution network serving 288 households which can be used
to show the variation in expected charging behaviour. While the electrical
characteristics of real distribution networks are captured in all the works dis-
cussed [37, 45, 48, 49], the demographic characteristics are left out: simple,
fixed assumptions are made as to the rate of EV penetration in the networks
and there is no disaggregation of likely travel habits within a population.

1.4. Contribution
A review of the relevant literature (section 1.3) has shown that while this

area of research is already well practised, there remain gaps in the collective
knowledge.

All the papers discussed in section 1.3 assume that when a vehicle arrives
at a location where it can charge, it will always charge – regardless of its
current level of energy storage or its future travel requirements. It is proposed
that this is an important and potentially risky assumption to make: for
example, the Electric Nation EV trial published in July 2019 found that
individuals would often go for days without charging, despite using their cars
every day and having access to a charger at home. The study found that this
was especially true for EVs with larger batteries: those with capacities above
35 kWh chose to charge on average every 3.2 days, versus every 1.5 days for
those with capacities under 25 kWh [51]. To address this important point, the
work presented in this paper models drivers’ likely charging schedules derived
from week-long travel diaries, using a heuristic method originally presented
in [52], in which the focus is to minimise the number of charging events (and
the associated inconvenience) subject to meeting the energy requirements of
a predefined set of journeys.

All of the works that attempt to characterise EV charging demand on
distribution networks use simplistic assumptions about the spread of EVs in
a network and their charging or travel habits. In this paper, a fleet of EVs
is simulated within an electrical distribution network according to the spa-
tial distribution of existing vehicles according to Census data. Each vehicle
is assigned a week-long travel diary from the UK National Travel Survey
(NTS) based on key demographic attributes of the driver found from Census
data, and these travel diaries are used to derive charging schedules from the
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heuristic presented in [52] as already mentioned. By modelling the hetero-
geneity in travel habits amongst a population and the resulting demand from
EV charging, it is suggested that this approach can contribute to a better
understanding of the area and network-specific impacts of the electrification
of private transport.

The rest of this paper is organised as follows. Section 2 presents a de-
scription of the EV parameters included in this study. Section 3 presents
statistical analysis of the UK NTS dataset to support the hypothesis that
population demographics are likely to have an impact on EV charging de-
mand. In section 4, the distribution network model is presented and it is
explained how this model is integrated with the NTS data and UK Census
data to produce a socio-technical model for evaluating the likely impact of
EV charging on a given network serving a given population. Section 5 ex-
plains how charging schedules are derived on the basis of NTS travel diaries.
Section 6 presents the key results from this study, which are discussed in
section 7. Conclusions are drawn and suggestions for future work are made
in section 8.

2. Electric Vehicle Charging Parameters

The effect of EV parameters on the resulting charging demand is inves-
tigated by considering three representative EV models, as detailed in Table
1. The battery capacities span possible values present in the EV market,
based on three representative vehicles: the Nissan Leaf 2011-2015 (24 kWh),
Hyundai Kona Electric 64 2019 (64 kWh) and Tesla Model S 100 2012 (100
kWh). The energy consumption values (which determines how the vehicles
choose charging events, further described in section 5) are taken from the US
Environmental Protection Agency (EPA)’s fuel economy test data2 [54] for
those vehicles.

2The EPA’s Federal Test Procedure is designed to allow direct comparison of emissions
and fuel economy between different vehicles for real-world driving conditions based on city
and highway driving cycles. These figures tend to be more conservative than European
data, which unlike in the US, result from tests carried out by manufacturers themselves.
This is likely to have been a key contributing factor in the ‘Dieselgate’ scandal 2015-present
[53].
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Table 1: Key parameters relating to three EV models as used in this study
EV 1 2 3
Battery capacity (kWh) 24 64 100

Energy consumption (kWh/km)
City 0.17 0.16 0.24
Combined 0.19 0.18 0.23
Highway 0.21 0.19 0.23

Charger power (kW)
Home (AC) 3.7/7.4 3.7/7.4 3.7/7.4
Workplace, public (AC) 11/22 11/22 11/22
En route (DC) 50/150 80/300 120/300

The effect of varying charger power is investigated by using ‘low’ and
‘high’ power scenarios. The low power scenario is based on ‘slow’ home
charging (single phase 16 A, 230 V) and workplace/public destination charg-
ing (three phase 16 A, 230 V); en route charging rate are based on the max
DC charging ratings of the three representative vehicles above [9, 12, 15].
The high power scenario is based on ‘fast’ home charging (single phase 32
A, 230 V) and workplace/public destination charging (three phase 32 A, 230
V); en route charging rates are based on projected near-future developments
as previously discussed in section 1.1.3.

The effect of varying level of access to charging was investigated by sim-
ulating four levels of access to charging at different locations: home only,
home & work, home & public and home, work & public. Public charging op-
portunities are defined from the following set of trip destinations, as stated
in the NTS data: food shopping, non food shopping, eat/drink with friends,
day trip, sport: participate, personal business eat/drink, other social, en-
tertain/public activity, personal business other, personal business medical.
Public charging opportunities are not available at the end of escort jour-
neys (where the main purpose of the journey is driving another individual
somewhere).

3. Statistical Analysis of Car-Based Travel Diaries from the UK
National Travel Survey

3.1. Overview
The UK National Travel Survey is conducted annually for around 15,000

residents. Data is gathered via a face-to-face interview and a self-completed
diary for all trips taken over a 7-day period [55]. The 7-day period recorded

10



differs between the individuals recording the data, hence minimising any
bias from seasonal effects and holidays. The resulting dataset for the years
2002-2016 as used in this study contains 101,214 week-long travel diaries
of car-based trips (i.e. any trip made in any other mode of transport was
removed), which have been aligned such that they all take place from 00:00
on Monday to 23:59 on Sunday. Key data fields for all car-based trips in an
example NTS travel diary are shown in Table 2.

Table 2: Example UK NTS travel diary (car-based trips)
Trip
#

Origin Destination Trip Start Trip End Distance
(miles)

1 Home Work M 07:20 M 08:00 25
2 Work Home M 18:30 M 19:20 25
3 Home Entertain M 20:15 M 20:40 12
4 Entertain Home M 22:30 M 23:00 12
5 Home Work Tu 07:20 Tu 08:00 25
6 Work Home Tu 18:10 Tu 19:00 25
7 Home Work Th 14:30 Th 15:10 25
8 Work Home Th 18:20 Th 19:00 25
9 Home Sport Th 19:40 Th 20:00 6
10 Sport Home Th 21:00 Th 21:45 6
11 Home Work F 07:20 F 08:00 25
12 Work Home F 18:20 F 19:00 25
13 Home Food shop Sa 13:00 Sa 14:00 5
14 Food shop Home Sa 16:00 Sa 17:00 5
15 Home Visit friends Su 14:30 Su 15:00 12
16 Visit friends Home Su 20:30 Su 21:00 12

3.2. Disaggregation of National Travel Survey Travel Diaries on the Basis of
Employment Type and Means of Travel to Work

Aside from filling in a travel diary, NTS respondents also answer some
questions about themselves. In this study, car-based travel diaries are dis-
aggregated on the basis of the individual’s employment type (employed, un-
employed or self-employed) and their means of travel to work (car driver,
car passenger, train, bus, bicycle, walk or did not answer (DNA) – i.e. un-
employed/works from home). Table 3 shows the number of travel diaries
by each combination of employment type and means of travel to work. By
using UK Census data of the same fields, this is used to assign travel diaries
to the fleet of EVs instantiated in the network that are likely to represent
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the travel habits of the individuals served by that network – this is further
explained in section 4. Table 3 shows the number of NTS travel diaries by
each combination of employment type and means of travel to work.

Table 3: Number of UK National Travel Survey (2002-2016) travel diaries by economic
activity and means of travel to work category

Means of travel to work
Train Bus Car

driver
Car
pas-
senger

Bicycle On
foot

DNA

Employed 2,444 967 46,158 734 1,234 2,989 32,806
Self-
employed

261 69 6,413 96 72 564 6,766

Unemployed 0 0 0 0 0 0 2,346

The vast majority (84.7%) of individuals who completed NTS travel di-
aries were in employment during the week of the survey, 11.6% were report-
edly self-employed and the remaining 3.7% were unemployed. The latter all
did not answer when asked their means of travel to work. Of the other eco-
nomic activity types, there is shown to be an uneven spread of travel diaries
between categories of means of travel to work, with car driver being by far
the most reported: 54.4% of those in employment drove a car to work and
45.9% of those self-employed reported the same.

Of particular importance to impact of EVs’ charging demand on a res-
idential distribution network is the distance driven (and hence the energy
requirement), the arrival time at home and the duration of the parking event.
The following sections 3.2.1-3.2.3 present analysis of the differences in indi-
viduals’ behaviour when aggregated on the basis of employment type and
means of travel to work.

3.2.1. Total Distance Covered in NTS Travel Diaries by Employment and
Means of Travel to Work

Figure 1 shows cumulative distribution functions (CDFs) for the total
distance driven (km) for all car-based trips in the NTS travel diaries by
economic activity and means of travel to work.
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Figure 1: Cumulative distribution functions showing probability of car-based travel diaries
exceeding given total distance (km) by economic activity and means of travel to work

As shown in Figures 1, while there is no significant difference in the
total distance or time driven by varying economic activity types, there does
appear to be a difference by means of travel to work, with the car driver and
car passenger classifications significantly more likely to drive further than
those who take other means of transport to work. For example, whereas
the median distance driven by all employed respondents who did not take
a car to work (as either a driver or a passenger) is approximately 100 km,
the median distance driven by those who drove to work is over 200 km. The
self-employed curve is less smooth than the others because there are fewer
data points (see Table 3).

3.2.2. Parking Event Arrival Time in NTS Travel Diaries by Employment
and Means of Travel to Work

Figures 2 shows probability distribution functions (PDFs) for end time of
any journey to home by economic activity and means of travel to work for
weekday trips in 15 minute intervals.
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Figure 2: Probability density functions showing probability of home parking event arrival
time by economic activity and means of travel to work for weekday car-based trips

Figure 2 shows characteristic spikes in arrival time in the evening around
17:00-19:00 as drivers arrive home from their daily activities; this behaviour
is shown to be particularly apparent for employed individuals who use a car
to get to work, either as driver or passenger. The self-employed dataset shows
a less pronounced peak, but the highest values remain within the bounds of
17:00-19:00. Individuals reporting themselves as unemployed exhibit broadly
similar behaviour to the other categories, though the peak in their arrival
time at home is earlier than employed or self-employed individuals, in this
case happening before 16:00.

3.2.3. Parking Event Duration in NTS Travel Diaries by Employment and
Means of Travel to Work

Figures 3 shows CDFs for the parking event duration for all home-bound
journeys from the NTS travel diaries by economic activity and means of
travel to work.
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Figure 3: Cumulative distribution functions of parking event duration of car-based trips
ending at home within NTS travel diaries by economic activity and means of travel to
work – weekday trips

Figure 3 shows that individuals across all types of economic activity and
means of travel to work are prone to long – relative to the typical duration
of EV charging events – parking sessions at home, with 70-80% of parking
events at least 200 minutes in duration. For most groups of individuals,
there is approximately a 20% likelihood that their parking event will be
longer than a full 24 hour period. The ‘S’-shaped curve characteristic of all
three charts shows that there is a cluster of parking events that are shorter
in duration (0-400 minutes) and another cluster around 800-1000 minutes,
which is particularly accentuated for the employed individuals who use a car
to get to work either as a driver or passenger. This is thought to align with
typical overnight parking events between arriving at home from work one
day and driving to work again the next.

4. Integration of UK National Travel Survey Car-Based Travel Di-
aries with Distribution Network Model

4.1. Study Distribution Network — Glasgow Southside, UK
The network used to instantiate an EV fleet and model the impact as

a result of their charging consists of a primary substation, a high voltage
(HV, 11 kV) feeder, five secondary substations and twenty-four low voltage
(LV, 0.4 kV) circuits serving a total of 857 households. Figure 4 shows the
distribution network plotted over OpenStreetMap data, showing the location
of network assets. The yellow square represents the primary transformer, blue

15



circles represent secondary transformers and black points represent customer
endpoints. HV circuits are represented by red lines and LV circuits are
coloured by circuit (and hence electrical connectivity).

Figure 4: Glasgow Southside distribution network plotted over OpenStreetMap data show-
ing location of network assets

4.2. 2011 UK Census Data
The last completed Census in the UK was in 2011. Responses to any Cen-

sus question for all GB OAs are available from the UK Data Service’s Infuse
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service [56]. There are two Census questions used in this study: i) the num-
ber of vehicles (0-4+) at the household, and ii) the employment type/means
of travel to work of individuals within the OA; a composite question based
on the same attributes on which the NTS travel diaries were disaggregated
in section 3 – for example (employed, car driver), (self-employed, train) or
(unemployed, DNA).

Whereas the NTS employment type options are employed, self-employed
and unemployed, the Census employment type contains an additional option:
economically inactive. This is defined as someone who is out of work, and
not actively looking for it [57] – including retirees. It is assumed in this paper
that their travel habits are similar to those of the unemployed group, and
the travel diaries attributed to the latter are used accordingly.

Figure 5 shows the car availability per household and the economic activ-
ity by individuals in the study network area in comparison to the Scotland
average. Figure 6 shows the proportion of individuals in the study network
area by economic activity and means of travel to work for each type of eco-
nomic activity respectively, also in comparison to the Scotland average.

Figure 5: Proportion of households by car/van availability (left) and proportion of indi-
viduals by economic activity (right) in study network area
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Figure 6: Proportion of individuals by means of travel to work for each type of economic
activity in study network area

Figure 5 shows that the study network is characterised by a large avail-
ability of vehicles, with a proportion of households without cars almost three
times less than the Scottish average, and significantly greater proportions of
households with 2, 3 and 4+ vehicles in the household. Employment is low
in the area; just over half of the Scottish average and the proportions of self-
employed, unemployed and economically inactive are all significantly higher
than the Scottish average. Figure 6 shows that a majority of those who are
in some kind of employment (employed and self-employed) use a car to get
to work, in accordance with the Scotland average data. It should be noted
that whereas all NTS respondents who claimed to be unemployed answered

18



‘DNA’ to means of travel to work, this was not an option on the Census
form. A significant proportion answered ‘from home’, which may amount to
the same thing; otherwise, it may be that they report normally travelling to
work by a method when in work, and that at the time the Census was carried
out they reported themselves to be unemployed or economically inactive.

4.3. Instantiation of EV Fleet in Network
The network data and Census data are combined to create a fleet of EVs

as described in Algorithm 1. Each busbar in the network is matched with its
corresponding OA, and hence distributions of responses to the two Census
questions discussed are returned. These distributions are used in a Monte-
Carlo style approach to instantiate a fleet of EVs and assign them with travel
diaries that are likely to represent the travel habits of the local population.
It is assumed in this study that all vehicles present in the network according
to the Census data are replaced by EVs.

In Algorithm 1, B is the set of busbars in the network, indexed by b. Hb

is the set of households connected to busbar b, indexed by h. Eh is the set
of EVs at household h, indexed by e.

Algorithm 1 Instantiation of EV fleet based on study network Census data
1: for each b in B do
2: Return set Hb of households connected at b
3: Return Census distributions of car/van availability and economic activity/means

of travel to work in corresponding OA
4: for each h in Hb do
5: Sample distribution; return set Eh of EVs at h
6: for each e in Eh do
7: Sample distribution; return economic activity/means of travel to work of

EV driver
8: Assign NTS travel diary of car-based trips
9: Derive idealised charging schedule from travel diary

As already mentioned, there is a discrepancy in the responses of the means
of travel to work question between the NTS and the Census. If a driver is
returned as being in any category with zero travel diaries as in Table 3, an
unemployed - DNA travel diary is assigned. It is acknowledged that the use
of the DNA travel diaries in this fashion could be a source of unreliability
in the analysis; however, the main differences (as shown in Figures 1-3) are
between individuals who drive to work and those who do not.
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In the results presented in section 6, the process in Algorithm 1 is run
for 10 trials for each combination of parameters investigated. Due to the
large number of domestic premises served by the study network, there is a
significant amount of averaging that takes place as the simulation is carried
out. Resulting confidence intervals are shown in the results presented in
section 6.

4.4. Domestic Demand Modelling
To investigate the degree to which charging demand coincides with the

existing domestic demand (i.e. that which exists before the introduction of
EVs), a higher-order Markov chain based household energy demand model
from [58, 59] is used to synthesise likely demand profiles for the domestic
premises in the study distribution network (Figure 4). The model simulates
household electricity demand based on the active occupancy of households,
derived from analysis of the results of the UK Time Use Survey – a large-
scale household survey of more than 20,000 individuals that aims to shed
light on how people in the UK spend their time [60]. The reader is directed
to [58, 59, 61] for detailed information on the domestic demand tool used in
this study. As with the instantiation of EV travel diaries in the study network
(Algorithm 1), this analysis was conducted on a basis of 10 Monte Carlo trials.
All trials were based on a winter weekday, as to reflect the peak demand on
the system and the ‘worst case’ as planned for by the distribution network
operator. The resulting domestic demand profiles for the study network are
shown in Figure 10.

5. Derivation of EV Charging Schedules from UK National Travel
Survey Data

5.1. Overview
One of the most challenging aspects regarding modelling the impact of

EVs on the electricity system is the impact of human behaviour, specifically
how individuals decide to schedule charge events. This effectively determines
the frequency, duration and energy requirement of charge events and hence
their impact on the electricity system.

In this paper, a greedy heuristic algorithm originally presented in the
author’s earlier work [52] is used to derive ‘idealised’ charging schedules from
NTS travel diaries (though a summary is provided in this section, the reader
is referred to [52] for a detailed explanation of how the heuristic works). These

20



idealised charging schedules represent a scenario in which EV charging is seen
by drivers as an inconvenience, and therefore something that they would aim
to minimise. In summary, the method returns the minimum number of charge
events required to satisfy the energy requirements of an NTS travel diary
(Table 2), choosing parked charging events first and resorting to en route
charging events only when parked charging opportunities are not sufficient
to meet the travel diary’s energy requirements.

It is noted that the pricing of different charging types is not considered in
this study, nor in the algorithm originally presented in [52]. This is expected
to have a considerable effect on where people choose to charge, and is further
discussed as piece of future work in section 8.

A summary of the algorithm used is shown in Figure 7. Smin is defined as
the minimum allowable SoC that would enable the vehicle to drive a further
25 km on the combined level of energy consumption (Table 1), based on
an assumed level of driver prudence. Si is the SoC after trip i including
the addition of any energy from parked charging after, or en route charging
during, trip i.
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Figure 7: Summary of heuristic algorithm used to derive charging schedules from NTS
travel diaries (originally from [52])

5.2. Example Charging Schedules
While EVs will seek to minimise the time spent en route charging, gaining

only enough energy it needs to arrive at the end of the trip with the minimum
permitted SoC, they will seek to gain the maximum possible from any parked
charging event, subject to the charger power and a standard lithium-ion
constant current – constant voltage (CC-CV) battery charging curve (Figure
8) [62–64].
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Figure 8: Battery charging profile for lithium-ion batteries for four different C-rates (i.e.
charging power per unit battery capacity) — solid lines show applied power, dashed lines
show battery SoC

The instantaneous power Pi(t) of the charge event following trip i at time
t (minutes) after the plug-in time tsi is given in (1).

Pi(t) =

{
PDC
i , t ≤ t0.8i

PDC
i e−λi(t−t

0.8
i ), t > t0.8i

(1)

where PDC
i is the rated capacity of the charger, taken from Table 1. Whereas

en route charging is carried out using a DC charger, home and workplace/public
charging is done with AC charging: in this case, the DC power the vehicle can
receiver is equal to the AC charger power multiplied by a one-way AC/DC
conversion efficiency of 88%, in accordance with empirical results presented
in [63]. t0.8i is the time in the charging event following trip i at which the
battery’s SoC reaches 0.8 and the charging event transitions from the CC re-
gion to the CV region. λi is the CV-region decay constant of charging event
following trip i. This is derived for different battery capacities and charging
power ratings by equating the area under the curve of the CV region in Fig-
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ure 8 to 20% of the battery capacity (for more details, the reader is referred
to [52]). Values of λ for all combinations of battery capacity and charger
power used in this study are presented in Table 4.

Table 4: Decay constant λ as used to apply charging power to network

λ (x10−3)
Charger power (AC)

3.7 kW 7.4 kW 11 kW 22 kW

Battery Capacity
24 kWh 11.29 22.59 33.58 67.16
64 kWh 4.24 8.47 12.59 25.21
100 kWh 2.71 5.42 8.06 16.12

∆Ei, the energy gained in charge event following trip i, is given by the
area under the power curve in Figure 8 (2).

∆Ei =

∫ min (t∞i ,tdi )

tsi

Pi(t)dt (2)

where tdi is the time at which the vehicle departs the charging event following
trip i, which is set by the departure time of its next trip, and t∞i is the time
at which the charger switches off as the applied power has reached 1% of its
rated value (at this point, the battery is considered full).

Tables 5 and 6 show idealised charging schedules as derived by the heuris-
tic presented in [52], if those trips were taken in (for Table 5) a 24 kWh EV
under the low charging power scenario with access to home charging only,
and (for Table 6) a 64 kWh EV under the high charging power scenario with
access to home, work and public charging. The energy consumption values
for both cases are taken from representative EV models of those battery sizes
(Table 1).

In the simulation, the vehicle’s SoC at the start of the travel diary is
randomised between the minimum permissible – that which allows the EV a
remaining range of 25 km on the combined energy consumption value, based
on how far a prudent driver would be willing to drive before recharging – and
1, i.e. a full battery. In the examples presented in Tables 5 and 6, the initial
SoC was set at 50% to allow comparison.

In Tables 5 and 6, Estart and Eend are the energy contents of the vehicle’s
battery (i.e. the SoC multiplied by the battery capacity) at the start and
end of the charging event respectively.
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Table 5: Idealised charging schedule derived from NTS travel diary in Table 2 for an EV
with a battery capacity of 24 kWh, low charging power scenario, H¬W¬P charging access

Trip
#

Charge
Type

ts (Day,
HH:MM)

td (Day,
HH:MM)

Estart

(kWh)
Eend

(kWh)
PDC

(kW)
t0.8 (Day,
HH:MM)

2 En route M 19:10 M 19:12 4.68 6.07 50 —
2 Home M 19:20 M 20:15 4.68 7.67 3.26 M 23:48
3 En route M 20:38 M 20:39 4.68 4.97 50 —
4 Home M 23:00 Tu 07:20 4.68 24 3.26 Tu 03:28
6 Home Tu 19:00 Th 14:30 9.64 24 3.26 Tu 21:56
10 Home Th 21:45 F 07:20 5.67 24 3.26 F 01:34
14 Home Sa 17:00 Su 14:30 6.22 24 3.26 Sa 20:59

Table 6: Idealised charging schedule derived from NTS travel diary in Table 2 for an EV
with a battery capacity of 64 kWh, high charging power scenario, HWP charging access

Trip
#

Charge
Type

ts (Day,
HH:MM)

td (Day,
HH:MM)

Estart

(kWh)
Eend

(kWh)
PDC

(kW)
t0.8 (Day,
HH:MM)

5 Work Tu 08:00 Tu 18:10 5.38 64 19.36 Tu 10:22

By comparison of Tables 5 and 6, the effects of changing EV parameters
on the charging schedules of EVs can be seen. Whereas the 24 kWh EV had
to charge on five of the occasions when it parked and had to stop to charge en
route twice due to the charging opportunities being insufficient, the 64 kWh
EV had to charge only once on the occasions when it parked and managed
to avoid any en route charging stops. The higher charger power means that
the duration of the CC part of the charging event (between ts and t0.8) is
significantly shorter than it would have been otherwise, allowing the vehicle
to gain more energy from a charging stop of a given duration. Whereas the
24 kWh EV could only charge at home, the 64 kWh EV also had the option
of charging at work or public destinations. It chose to charge at work, after
trip 5, rather than after any other trip because by doing so, it could defer its
charging until the latest possible opportunity and take the maximum possible
SoC to the end of its travel diary.

5.3. Application of Charge Events to Network
Time series are generated that represent the instantaneous charging de-

mand from each vehicle in the fleet in 10 minute intervals using the data in
the charging schedules produced from each travel diary (e.g. Tables 5 and
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6). For each charging event, (1) is used to apply a power at each timestep t.
All home charging events are applied to the busbar at which the vehicle was
instantiated (as in Algorithm 1). Work, public and en route charging events
are assumed to take place outwith the study distribution network modelled,
and are not applied in this study.

Results are presented for a two-day period from midday on the second
day of the week to midday on the fourth day of the week (i.e. 12 pm on
Tuesday to 12 pm on Thursday) to minimise any boundary effects resulting
from the assumed initial SoC.

6. Results

6.1. Analysis of Charge Events
Figure 9 shows the time series of charging demand from each mode of

charging, Figure 10 shows the time series of domestic demand and domestic
demand plus home charging, Figure 11 shows the time series of the propor-
tion of EVs in the network i) charging and ii) charging in the CC mode of
the battery charging profile (Figure 8) and Figure 12 show the total energy
extracted from each charging type over the seven day period – for all combi-
nations of EV parameters trialled. The titles of each plot refer to the battery
capacity (kWh), the charging power scenario (low/high) and level of access
to charging at different locations: H, W and P refer to access to charging at
home, work and public destinations respectively and a negation (¬) symbol
preceding any of those letters implies a lack of access to charging at that
location. Charts in all figures show the spread of the results across the 10
trials carried out: in Figures 9-11, the shaded regions show the 95% confi-
dence intervals of the loading or charging coincidence at 10 minute intervals
and the solid lines show the mean values. In Figure 12, the mean values are
shown by the height of the bars; 95% confidence intervals are shown by error
bars.
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6.2. Network Loading Time Series

Figure 9: Time series of home, work and public charging demand for varying combinations
of battery capacity, charger power and levels of access to charging at different locations
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Figure 10: Time series of domestic demand and domestic plus home charging demand for
varying combinations of battery capacity, charger power and levels of access to charging
at different locations
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6.3. Coincidence of Charging

Figure 11: Coincidence of EVs charging and coincidence of EVs charging at full power for
varying combinations of battery capacity, charger power and levels of access to charging
at different locations 29



6.4. Energy added

Figure 12: Total energy added to vehicles by charging at home, work, public and en route
for varying combinations of battery capacity, charger power and levels of access to charging
at different locations 30



7. Discussion

7.1. Effect of Battery Capacity
Figure 9 shows that increasing the battery capacity for a given charger

power and level of access to charging reduces the prominence and magni-
tude of the peak, with a 30% reduction in peak charging demand from hav-
ing a fleet of 24 kWh EVs to having a fleet of 64 kWh EVs. Notably, the
peak demand also occurs later when battery capacities are larger: using the
low power, H¬W¬P scenario as an example, the peak demand recedes from
around 8 pm if all vehicles had 24 kWh batteries to around midnight for both
64 kWh and 100 kWh cases. Figure 10 shows that increasing the battery ca-
pacity for a given charger power and level of access to charging leads to the
shifting of charging demand late into the night, resulting in a higher load on
the network at off-peak times.

These patterns are explained by the patterns of EVs plugging in, as shown
in Figure 11. As discussed in section 5.2, EVs with larger battery sizes
are expected to charge less often – but when they do charge, their energy
requirement per charge event is expected to be greater. This means that the
proportion of these vehicles that are charging at full power (in the CC region
of the charging curve in Figure 8) is higher as these vehicles take longer to fill
up their batteries. The result is a later peak and a smaller difference between
peak and trough.

Figure 12 shows that in terms of the total energy added to the vehicles, an
increasing battery capacity causes a reduction in the energy added from en
route charging, as the increased driving range of the vehicles means that they
are less likely to be forced to charge en route. Note that the total amount of
energy varies according to (i) the particular travel diaries assigned in a given
trial and (ii) the level of energy consumption for each representative vehicle
(depending on the battery size) – see Table 1.

The effect of battery size on EVs’ charging demand is shown to have a
saturating effect; while there is a significant difference between 24 kWh and
64 kWh, there is no discernible difference in the magnitudes of the peaks
between 64 kWh and 100 kWh. This is likely due to the relationship of the
driving range of the vehicles with the distance of the trips that the vehicles
actually complete. As shown in Figure 1, approximately 50-80% (depending
on economic activity and means of travel to work) of travel diaries recording
less than 200 km of driving distance. The relative EPA real-world ranges of
the three representative vehicles used for this study are 121 km for the 24
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kWh Nissan Leaf, 415 km for the 64 kWh Hyundai Kona and 507 km for
the 100 kWh Tesla Model S [54]. It is suggested that the relative frequency
of parked charging opportunities with that of journeys undertaken seems to
produce this saturating effect.

7.2. Effect of Charger Power
Figure 9 shows that increasing the charging power increases the promi-

nence, magnitude and ramp of the peak demand for a given battery size and
level of access to charging. On the other hand, the minimum charging de-
mand is reduced: in most cases, to near-zero in the middle of the day. The
timing of the peak is brought forward: using the H¬W¬P scenario as an
example, the peak for the 24 kWh case is brought from 8 pm to 7 pm and
the peak for the 64 kWh and 100 kWh cases are brought from midnight to
around 10 pm. Similar patterns are observable from Figure 10: an increase
in charging power brings charging demand forward to be coincident with the
existing domestic demand peak, resulting in the highest overall demand to
the network coming from a fleet of EVs with 24 kWh batteries, high charging
power and access to charging at home only.

Figure 11 shows that the proportion of EVs charging through the night is
expected to reduce slightly if charging power is increased, and the proportion
of EVs charging at full power is expected to reduce significantly. This is
because vehicles will fully charge their batteries in a shorter time if they
have access to a higher charger power.

Figure 12 shows that there is no significant change in the energy added to
vehicles when changing the charging power. This suggests that the majority
of parked charging events are long enough to fill the vehicles’ batteries even
with the low power charging scenario.

7.3. Effect of Charging Access
It is shown in Figure 9 that increasing the level of access of charging at

different locations can significantly reduce the home charging peak, and thus
the peak that the study network concerned would experience, as shown in
Figure 10. This is done at the expense of an increase in demand in work and
public location charging. Of particular interest is workplace charging, which
in most scenarios is seen to be the new peak demand of all charging modes.
This is due to the generally smaller variance in the time of arrival at work
compared to the time of arrival at public places.
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Figure 11 shows that being able to charge at other locations significantly
reduces the proportion of EVs charging at home overnight; a similar effect is
observable on those charging at full power.

Figure 12 shows that increasing the number of locations that individuals
can charge at spreads the energy added across different charging types. A
reduction in en route charging is seen, due to individuals being less likely
to have long stretches without parked charging opportunities. It is shown
that as when the en route charging energy reaches a certain level, it does
not get any smaller. It is suggested that this is due to the presence of long
journeys, which outstrip the range of vehicles and force them to stop and
charge. Home charging remains the majority of charging for all cases, which
is in line with predictions made in [8].

7.4. Discussion of Results in Context of EV Markets and Electricity Net-
works

As already discussed in section 1.1, it is proposed that EV parameters and
the resulting impact to the electricity system – as characterised by Figures
9-12 – will move towards increasing battery capacity, increasing charging
power and access to charging at more locations.

GB peak domestic electricity demand generally occurs between 6-7 pm
when cooking, lighting and audiovisual demands are increased generally when
people get home from work [65–67]. Therefore, EV charging will have the
greatest network impact when the peak demand from charging coincides
with the peak domestic demand. Figure 9 shows that an increase in battery
capacity could make it easier for distribution networks to provide for peak
EV charging demand, given that it is more likely to occur later on when
domestic demand is lower. Increasing charger power, however, could bring
greater challenges to the distribution system as the peak from EV charging
is seen to increase significantly. Aside from providing a means of charging
for those who lack access to charging at home, the results presented should
provide a mandate for increasing the penetration of workplace and public
destination charging as a method of reducing the latent peak demand on
residential-dominated distribution networks.

The results presented are based on the overarching assumption that the
primary driver of individuals’ behaviour is to minimise the number of charg-
ing events required to cover the energy requirements of a set of journeys.
While this may be reasonable to assume in a system where individuals pay
a constant rate for their vehicle charging, and indeed some of these effects
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have been noted in EV trials [51], a different set of behaviours are expected
to emerge if there are variable prices applied to EV charging. For example,
in a Vehicle 2 Grid scheme whereby the owner is remunerated for having a
portion of their vehicle’s battery accessible – generally speaking by an aggre-
gator to participate in the provision of grid services such as energy arbitrage
or frequency response, the user is effectively incentivised to plug their vehicle
in more often. In this scenario, the EV could be seen as a flexible resource
rather than simply a demand to be met.

8. Conclusions and Future Work

This paper has presented analysis of the likely impact of three key EV pa-
rameters – battery capacity, charger power and the set of locations at which
the EV can charge – on the resulting charging demand of a fleet of EVs in-
stantiated using data from a real GB distribution network and corresponding
demographic data from the UK Census, in doing so presenting a method for
characterising EV charging demand based on key demographic indicators re-
lating to the population of individuals served by a particular network. Out
of the key emerging patterns identified in the evolving EV market, increasing
battery capacities and the establishment of more widespread charging oppor-
tunities may reduce the peak demand from EV charging or shift it to a time
less likely to coincide with peak domestic demand, hence making it easier
for the network to cope with increasing penetrations of EVs. On the other
hand, increasing charging power may increase the peak and bring it closer to
a time where it is more likely to coincide with peak domestic demand, thus
making it more difficult for the network to cope.

As mentioned already in section 5, the pricing of different charge types
and the resulting effect on how drivers charge their vehicles has not been
considered in this study. It is recommended that future work be conducted
as to what the likely effect on pricing could be on how drivers charge, and
what the resulting impact on the electricity system could be.

It is now mandated (as of July 2019) that every installation of EV charg-
ing infrastructure eligible for government grants in the UK should be ‘smart’,
i.e. ‘have the capability to receive, interpret and react to a signal’ [68]. How-
ever, it is not yet clear how this will be done or upon what set of technologies
it will be based. Therefore, the methodology and results presented in this
paper are valuable to network owners, regulators and policymakers as it
sets the likely temporal variation in energy demand that will be placed on
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distribution networks if the focus of the future transport system relies on
significant penetrations of battery EVs. With regards to the future potential
of ‘smart’ charging to minimise the impact of EV charging on networks, the
work presented in this paper lends itself particularly well to a piece of future
work investigating the extent to which EV charging can be controlled within
the constraints of an electricity network, bearing in mind the demographic
spread of the individuals served by it and given likely scenarios pertaining to
the spread in EV parameters.
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