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Abstract

Black start is one of the most important ancillary services that should be required by National Grid in the UK which
traditionally has been provided by large power stations. However, the current shift towards greener technologies have opened
the door to non-traditional technologies. In this study, we explored electric vehicles (EVs) and the minimum state of charge
(SOC) that can be held by a fleet of EVs during a week that could potentially be used to help provide this service while
providing Vehicle-to-home (V2H) services to minimise the consumers’ electricity bill. We also explored the impact of different
photovoltaic (PV) penetration rates and different electricity tariffs through four different weeks of the year. In this study, we
use a machine learning model classifier to predict the start and end locations of real-world EV travel data in England. These
predictions are then used in an optimisation model to generate the SOC percentage and the consumers’ total electricity cost
for the different scenarios. The machine learning model classifier model had an overall accuracy of over 85.80%. Final results
showed that PV penetration rates and different electricity tariffs have an impact on the amount of SOC percentage that can
be held during a week for all EVs that could potentially be used in the case of a shutdown and the consumers’ final weekly
electricity cost. We found that using a dynamic tariff that follows the wholesale electricity market, the SOC percentages to
provide black start services can be kept above 40% during the week and at the same time returning a total electricity cost
under £30.00 per week.
© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Black start is one of the most important ancillary services that an electrical grid should requires in order fo keep
the lights on. This service is required to start the grid after a partial or total shutdown of the nations electrical
grid [1]. Traditionally, the provision of black start has been provided by large power stations, however, over the
last couple of years, the energy sector has shifted towards a greener future [2]. This transition has lead to exploring
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different non-traditional technologies that could be able to support the provision of black start [3]. Considering
the increasing number of distributed energy resources [4,5], non-traditional technologies such as electric vehicle
(EVs) have been explored by the National Grid ESO [3] as an option to provide black start. This report found that
one if the biggest challenges to consider for EVs to participate in the provision of Black Start is the uncertainty
surrounding the EVs’ availability and state of charge (SOC) during a given time.

Therefore, in this study we explored the minimum SOC that can be held by EVs during a certain period of time,
in this case a week, and that would permit them to be potentially used for Black Start in the case of a partial or total
shutdown while providing V2G services. In order to achieve this, we proposed a machine learning model to predict
the start and end locations of real-world EV trip data in England and therefore their availability to provide V2G
services, which in this case was focused on the provision of vehicle to home (V2H) [6] where we aim to minimise
the consumers’ electricity bill by optimising their charge/discharge cycles when they are at Home by designing
an optimisation model using the Pyomo framework [7] and Gurobi optimisation solver [8]. Furthermore, we also
explored the impact that photovoltaic (PV) penetration and different tariffs during four weeks of the year can have
on both minimising the consumers’ electricity bill and the amount of SOC that can be held at all times by the EVs
during this period time and then potentially be used for Black Start in the case of a shutdown.

2. Methods

A multi-class machine learning classifier was developed to predict the availability of an EV which is based
on the machine learning model reported in previous work by Aguilar-Dominguez et al. [9]. The model was used
to determine the location of the EVs and therefore their availability to engage in V2H services. An optimisation
model was formulated and solved using the Pyomo 6.3.0 framework [7]. The model was solved using Gurobi 9.5.0
optimisation solver [8]. Transport data taken from the UK’s National Travel Survey (NTS) [10] from 2002 to 2019
was used to train the machine learning model and predict the location of the EVs. For this work we used the Nissan
Leaf 2018 parameters, with a battery capacity of 37 kWh [11]. A 7.4 kW V2H enabled charger was considered for
the EV simulations [12]. For street charging, rapid charge up to 50 kW [13] was used to avoid infeasibility during
the optimisation process.

2.1. Case study

For this work, we used electricity consumption data [14] containing energy consumption readings for 5567
London Households and PV generation data that was collected by UK Power Networks [15] over 480 days between
2013 and 2014 in the Greater London area. The final sample of households is then taken as a stratified sample by
total energy consumption through the year of profiles where the total consumption is between 3000 and 5000 kWh
per year. This range is according to the average household electricity consumption in the UK is 3731 kWh per
year [16,17]. Each household modelled had the same 3.5 kWp PV system. Electricity consumption profiles and the
PV generation profile were interpolated from a 30-min resolution into a 1-min time resolution for one week for
each of the four seasons of the year. Fig. 1(a) shows the electricity demand of all profiles used and PV generation
during a week in winter. We also used data collected by EA Technology [18] containing real residential EV users’
travel data in England. Again, the final sample of EVs is considered as a stratified sample by total number of trips
per annum.

For the electricity pricing, a dynamic tariff introduced by Octopus Energy in the UK where the user gets access
to half-hourly energy prices tied to wholesale prices and updated daily [19] was used. This data has also been
reported in previous work by Aguilar-Dominguez et al. [9,20]. Data containing electricity prices for a flat tariff [21],
an economy seven tariff [21] and a recently introduced tariff from Octopus Energy called agile go [22]. The price of
these tariffs are for the WCIE 6BT London area. Finally, street charging electricity price [13] and surplus generation
selling prices for London [23] were used. Fig. 1(b) shows a summary of the electricity pricing data used for a week
in winter.

Moreover, we explored how PV penetration through the four seasons of the year and different tariffs can impact
the minimum SOC that can be sustained at all times by all the EVs when engaging in V2H and are used for their
main purpose of travel. For this, we consider PV penetration rates of 0%, 10%, 25%, 50%, 75%, 90% and 100%
using the four different tariffs previously described. Moreover, four different weeks representative of the four season
of the year were studied which are January 12 to January 19 for winter, April 13 to April 20 for spring, July 20 to
July 27 for summer and October 6 to October 13 for autumn. This gives a total of 112 different scenarios.
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Fig. 1. Data for a week in winter from Monday to Sunday. a. Household electricity consumption mean, min and max aggregated values
and PV generation. b. Electricity tariff prices.

2.2. Data pre-processing

As reported by Aguilar-Dominguez et al. [9], the NTS dataset provides data on personal travel patterns such as
how, why, when and where people travel in the UK. For this work, we used data collected between 2002 and 2019.
We filtered the data to users that were reported as the main driver of a private vehicle.

2.3. Machine learning algorithm

The machine learning tasks for this work are divided into two steps. Both are classification models, where the
first task predicts the EV’s start location and the second task, predicts its end location. The predicted locations are:
Home, Work and Other. For each task, a total of 1,060,029 rows of data were used which then later was split into
training and test set with a split of 70% and 30% of data, respectively.

After preparing the data for each task, we used a Light Gradient Boosted Machine framework [24] for both tasks.
Finally, the resulting models were used to predict the location of the EA technology dataset [18].

2.4. Optimisation

After the vehicles’ location has been predicted, the resulting data was used in the optimisation model. The final
stratified data included 50 profiles which was then used consistently for all scenarios described above. The optimi-
sation model used was originally adapted from Barbour and Gonzilez [25] and later used in Aguilar-Dominguez
et al. [9,20].

The model is constrained by the physical limits of the EV’s SOC, given by Eq. (1). For this work we consider
ESOCnin = 0.05 and ESOCmar = (.95

ESOCmin < Ef?c < ESOCnax (1

Egs. (2)-(4) describe the energy stored inside the battery for each vehicle including the initial and final values
where 7 refers to the efficiency of the charger. Efy?c refers to the state of charge of the electric vehicle at time 7.
SOC™" and SOC/ are the initial and final state of charge values for each electric vehicle, 50% of the original

battery capacity in both cases. ES“%¢ refers to the energy charged to the EV at time ¢ when at Home. Eff,sc arge
refers to the energy discharged to the house at time ¢. E,f,h,”rgem“’ refers to the energy charged to the EV at time ¢
when at Other. E,'jft’”de refers to the energy required for each trip at time .
soc init , SOC
Ej i = SOC" % E 2)
soc inal , [SOC
Ey S5 = SOCT ! s« E A3)
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ESOC = (50€ 4 [( Eeharse | EChanestrect) « Tl]
_ I:Eg’itscharge % (]/77)] _ E:jihide, t>0 (4)

Eq. (5) imposes the minimum SOC percentage that could potentially be used for black start if required, where
E'reshold refers to the coefficient that will determine the minimum SOC that can be held during at all times for all
EVs.

E{?'JOC > Ei[OC % (thresh()ld/loo) (5)

Egs. (6) and (7) describe the power balance and the power net coming from each household, respectively, where
EVP" and ESP™ are the energy imported and exported from and to the grid at time 7. ES?/" refers to the solar
generation at tlme t. E"us¢ is the energy required from the house at time ¢. E7¢ is the net load for each household
at time 7.

Emlar + Elmport + Edzscharge Eil(;use + Eiiport + Echarge (6)

net __ import export
E, =E, —E; (7

Egs. (8) and (9) prevent energy import when energy is exported from the house. By "' is a boolean variable.

Egs. (10) and (11) control the charge/discharge cycles of the EVs. Eq. (12) manages street chargmg Eq. (1%)
restricts charge and discharge at the same time when the EV is available at home. Where B_+""*° and Bj,"“"* a
booleans variables. ah"me describes the availability at home of each electric vehicle to charge or dlscharge at time
t. o'7¢¢" describes the avallablllty to be charged using a street charger at time ¢. In both cases, 1 means available
and O not available.

E:’)}ﬁp()rt (1 _ ex[mrt) %103 )
Esjvtport < Bsxtport %103 )
Elc)’htarge < Bjﬁarge %103 (10)
E][)jf;vcharge < Bf}!’itscharge %103 (11
E;‘ﬁurgexrreer < af}f;eet %103 (12)

charge n Bdtscharge < a]}j,f;tme (13)

Eq. (14) prevents the EV participating in arbitrage and providing energy to the house when solar energy is not
enough. Eq. (15) constraint the power imported to be equal or less than the energy required from the house or the
charger’s maximum power as required.

discharge solar house : solar house
Ev t = ‘E vt Ev,l ,if Ev,t - Ev,r <0 (14)
disch .
E; M <0, otherwise
E:}’j’POVf < Ehause’ if El/}u;use 2 pmax
import max . (15)
E,;7 <P otherwise

In order to minimise the users’ electricity bill while maximising the SOC percentage that is held at all times
for all electric vehicles and potentially used for black start, the following equation is minimised:

) . b ) o ¢ . ) ] h v
min {ZI: E <Prlc61”) * Efjr’r;por )+§ :(Prlce;e”mm * E;.largejtreet)

v | ] (16)
— Z(Pricefd’ % Eii”"”)} _ Ethreshold}
t
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Fig. 2. Metrics of the machine learning classification models and resulting predictions. a. First task, confusion matrix where the start location
was predicted. b. Second task, confusion matrix where the end location was predicted. c¢. Total number of EVs available at Home during
one week in winter from Monday to Sunday.

3. Results

3.1. Machine learning analysis

NTS data containing travel patterns in the UK from 2002 to 2019 was examined. Figs. 2(a) and 2(b) show the
resulting confusion matrix for both parts of the machine learning model, which predicts the start and end locations,
respectively. For the first part, where the start location was predicted, showing a positive ratio over 8§2.00% for all
labels and overall accuracy of 86.00% was achieved in the test set. For the second part, where the end location was
predicted, a true positive ratio over 84.00% and overall accuracy of 85.88% was achieved in the test set. Fig. 2(c)
shows the total number of electric vehicles predicted to be at Home during a week in winter. A trend can be seen
where the majority of EVs are at Home after around 19:00 h and they are away between 08:00 and 18:00. It also
shows that during the weekdays fewer EVs can be expected to be at Home when compared to the weekend.

3.2. Optimisation analysis

An optimisation model was used to reduce the electricity bill in each vehicle and get the maximum SOC that can
be held at all times for all EVs that could potentially be used for black start by scheduling their charge/discharge
cycles.

Fig. 3 shows the minimum SOC that can be held during a week for all EVs through the four weeks of the year,
the four tariffs and the different PV penetration rates. Fig. 3(a) shows the Agile tariff where the SOC percentages
vary between 40% and 50%. For this tariff different PV penetration rates tend to increase the SOC percentage
slowly the higher the PV penetration rate is for most weeks, with only the week during spring shows a decrease of
SOC percentage the higher the PV penetration rate is. Fig. 3(b) shows the Agile Go tariff with SOC percentages as
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Fig. 3. Minimum SOC that can be hold at during a week for all EVs through the four weeks of the year, four different tariffs and different
PV penetration rates that could potentially be used for Black Start in the case of a total or partial shutdown.

low as 25% and as high as around 50%. PV penetration rates seem to have an impact through all weeks. The higher
the PV penetration rate, the higher SOC percentage can be sustained. Fig. 3(c) shows the Economy Seven tariff
with SOC percentages are between around 30% and can go up to around 50%. PV penetration rates here seems to
have the opposite impact as the previous tariff where the higher the PV rate is, the lower the SOC percentage is for
most weeks. Fig. 3(d) shows the Flat tariff where the SOC percentages achieve a 50% in most weeks and most PV
penetration rates. In this tariff, the lower the PV penetration rate, the higher the SOC percentage is and decreasing
the higher the PV penetration rate is in all seasons except for winter, which shows a steady 50% regardless of the
PV penetration rate.

Fig. 4 shows the total electricity costs for all the parameters tested in this work. In general, the total cost follows
a trend where the prices are low for all tariffs and weeks as long as the PV penetration rates go up. This is because
depending to the tariff and time of the day, it might be more beneficial to sell any solar generation surplus to the
grid rather than use it to charge the EV, which might also affect the SOC percentages that can be held at all times
as there is no incentive to use that surplus energy to charge the EV and increase the SOC of the EV. Moreover,
the higher the PV rate is present, the lower the price will be across the four weeks of the year tested in this work.
Total electricity cost can range between around -£10.00 and around £60.00, where negative values indicate that the
household will be payed (i.e. from selling solar surplus).

4. Conclusion and further work

In this work, a machine learning model was trained to categorise the start and end locations of a vehicle into
three different locations, Home, Work and Other. The model was used to predict the location of real-world EV
users’ travel data in England. The machine learning task was split into predicting the start and end locations of an
EV. For this task, NTS data from 2002 to 2019 was used to train both classification models. The machine learning
model was able to achieve a true positive ratio over 82% for both tasks.
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Fig. 4. Total electricity cost for each household per week with different tariffs and PV penetration rates.

The resulting predictions were fed into an optimisation model formulated that was designed using the Pyomo
framework and solved with the Gurobi optimisation solver. Household electricity consumption data and PV
generation data collected between 2013 and 2014 from the Greater London Area was used. Four weeks representative
of the four seasons of the year, different electricity tariffs and PV penetration rates were explored in order to know
the impact on the amount of SOC that can be held at all times by all EVs that could be used for Black Start in the
case of a total or partial shutdown while also providing V2H services to minimise the consumers’ electricity bill.

We concluded that different tariffs and different PV penetration rates have an impact on the amount of SOC
percentage that can be hold during a week for all EVs that could potentially be used in the case of a shutdown
and the consumers’ final weekly electricity cost. For the Agile and Agile Go tariffs, PV penetration rates mostly
have a positive impact across most of the four weeks tested showing an increase on the SOC percentage consistent
to higher PV penetration rates. Opposite to this, Economy Seven and Flat tariffs show a decrease on the amount
of SOC percentage whenever the PV rates are high. Surprisingly, the Flat tariff returns the most consistent highest
SOC percentages in most weeks with 50% regardless of the PV penetration rate, however, this is at the expense
to the customer because the Flat tariff is the one of the most expensive. With Agile tariff the SOC percentage is
between around 40% and 50%. The remaining two tariffs, Economy Seven and Agile Go, return SOC percentages
between 25% and 50% where lower PV rate for the Economy Seven showed an increase on the SOC percentage
and for the Agile Go higher PV penetration rates increased SOC percentages.

Different factors should be considered when providing V2H services, such as the amount of energy required for
each different household, EV owners travel behaviour and the location of such household that might impact the
solar generation. In general, PV penetration does help to reduce the total electricity costs. Overall, to be available
with as much charge as possible for black start at all times, whilst maintaining a low cost for the customer is best
for the consumer to be on the Agile Tariff with as much PV as affordable. Using this tariff, the SOC can be kept
above 40% during the week and the total electricity cost less than £30.00 per week.
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In this work we did not consider any incentive for holding a certain SOC percentage at all times during the week,
which by doing so might change the SOC percentage during different weeks of the year, PV penetration rates and
tariffs used. Also, we did not simulated a black start event. Both of these will be consider in future work.
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