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1. Introduction

Project background

This report describes simulation modelling to investigate the operation of vehicle-to-grid (V2G) power
exports from electric vehicles (EVs) and their impact on LV feeder capacity.

V2G power exports are expected to cause voltage rise on LV feeders such that the customer voltages
may exceed the permitted maximum and currents may exceed the rated cable capacities. To mitigate
this risk, it is suggested that the V2G exports could be controlled by either volt-watt control, where
exports are reduced for higher voltage; volt-var control, where reactive power is imported when
voltages are high and exported when voltages are low; or a combination of both these techniques.
These methods respond to voltage and so do not necessarily ensure that the feeder currents remain
within limits, and their operation on representative UK LV feeders has not yet been assessed.

This project aims to investigate the use of these controls on typical UK LV feeders and also to
consider whether a more targeted and granular customisation of the voltage threshold settings would
help to minimise constraints on the exported power while ensuring that LV feeders remain within
capacity limits. This ‘dynamic headroom control’ approach assumes that smart meter data would be
used to characterise the voltage rise and thermal loading due to the existing demand.

Purpose of this report

The work presented here builds on previous simulations from Work Package 1 deliverable WP1 D3
and earlier deliverables in Work Package 2.

In Work Package 1, initial simulations modelled with V2G power exports on a set of selected LV
feeders. These simulations used representative network and impedance data for the LV feeders but
the demand data was synthesized and so did not account for real-world variations in demand or allow
for the impact of variations in the HV feeder voltage and corresponding changes to the LV substation
busbar voltage.

Further simulations in Work Package 2 D2 then incorporated real world smart meter data into the
modelling, taking into account the voltage variations seen on LV feeders due to the existing demand
and also tap changes from primary substations that determine the voltage at distribution substation
busbars.

This deliverable Work Package 2 D3 extends the results from Work Package 2 D2, making use of
smart meter data captured over a longer time period, specifically to include variations over the
summer season, where voltage rise might be expected to be higher due to solar PV exports and
heating demand would be lower.

The simulation method adopted here has remained similar to that in Work Package 2 D2 and so this
report has been prepared by updating the previous deliverable, rather than by providing an
addendum, such that the results are fully described in on up-to-date document.

Simulation approach

The initial simulation models using synthesized demands have been revised to incorporate smart
meter data as a representation of the existing demand. Although the existing demand for each
customer cannot be obtained from smart meter data so that customer privacy is maintained, the
impact of these demands in terms of customer voltages can be determined from smart meter voltage
data. The smart meter demand data aggregated over all the customers on an LV feeder can be used
to estimate the current in the first mains branches from the substation, typically the cable branches
that are closest to their capacity limits.
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The smart meter data can also be used to characterise the existing demand and determine the
headroom available for the addition of V2G power exports. At many times of the day, small scale
power exports would be beneficial and offset the power imports of the existing demand. However,
there is potential for exports to occur, coordinated between all the V2G customers on an LV feeder,
and at times when the voltages are already at their maximum. Section 2 considers this existing
headroom and the selection of a specific set of worst-case conditions that could combine with the
addition of V2G exports. There is also a risk that the associated recharging will also occur when
voltages are at their minimum.

The simulations summarised in this work package may be the first within NGED to combine measured
smart meter data with hypothetical future demand models. They also demonstrate a new approach to
power-flow analysis that overcomes the limitation that the demand is not known for every customer,
by considering the new V2G demand in super-position with the measured voltages and aggregated
demand to represent the impacts of the existing demand. Section 3 of this report describes this new
simulation method.

The report presents results from these simulations, initially with no control methods in section 4, and
then with various control approaches in section 5. These controls are in some cases ‘static’ where the
control thresholds are constant for all V2G installations, as if they were factory-programmed, or
‘dynamic’ where they are adjusted for each substation, feeder or customer. This mode of operation
implies a background control process where revised threshold settings are determined by the DNO,
and also requires a communication process in which the thresholds are updated periodically for each
V2G customer.
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2. Existing headroom

2.1 Voltage ranges

The existing maximum and minimum ranges, as measured by the smart meter voltage data, have
been assessed to determine the headroom available with the existing demand and uptake of low
carbon technologies.

Voltage data has been obtained for the smart meters at each of the selected substations defined in
the WP1 D1 Site Selection Report [1]. The voltage data has 30-minute resolution and has been used
previously to determine the phases of single-phase connections [2].

An analysis method has been developed using Python software to determine the margins available at
both the upper and lower end of the permitted voltage ranges. This analysis uses the following steps
to import and process the smart meter voltage data:

1. Data from each smart meter is imported from an SQL database containing voltages for each
smart meter device id.

2. Zero values and any spurious high values are removed. From previous experience, errors in
the smart meter data processing typically result in very high values over 1e9 so this threshold
has been used here. This leaves voltages that are outside of the permitted ranges (over
253 V or under 217 V) are therefore otherwise included.

3. The smart meter samples are captured at approximately 30-minute intervals but there
appears to be a clock drift such that the 30-minute periods do not always begin at 0 and 30
minutes after the hour. The offsets differ for each smart meter. A common time-frame is
needed to compare the meter voltages against each other and so readings are interpolated to
a 1-minute basis, and then re-sampled to 30-minute periods starting at 0 and 30 minutes past
the hour.

4. The voltage data is stored in a tabular format for each substation and LV feeder, where the
table rows correspond to successive half-hour periods and the columns hold the data for each
smart meter connection. Three columns are created for the individual phase readings from
three-phase smart meters.

5. These voltage data tables are populated where readings exist for each smart meter,
extending from 1st July 2024 to 31t August 2025. This length of data history is only available
for a few meters, in some cases because the meters have only been installed more recently.
However, there are also many gaps in the data where readings have been unavailable.

Figure 1 shows the maximum voltages on each LV feeder, where the maximum is calculated over
each of the connected smart meters and separately for each half-hour period. The maximum voltages
for each half-hour period are presented as a cumulative probability density function (CDF). Dashed
line shave also been added to show the upper range limit of 253 V and the lower range limit of 217 V.

For example, taking the line for the feeder with highest voltages in cyan blue, the maximum voltage
over all the smart meters is below 253 V for around 30% of time samples, and therefore out of range
for 70% of time samples. Several feeders have maximum voltages that are above 253 V for a
significant proportion of time.

These very high voltages could potentially only occur at a very small number of meters on the LV
feeder. This is examined in Figure 2 where the maximum voltage is calculated over all the available
half-hour time samples and plotted as a CDF relative to the proportion of meters included. The lines
on this plot are straight, indicating that there are many feeders where all the meters record voltage
that are over the threshold of 253 V, even though this may occur for only a small proportion of time.
Figure 1 shows this effect as the upward pointing tail on the right of the plot where many feeders have
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voltages over 253 V for a very small proportion of time (or, in other words, the maximum voltage is
below 253 V for nearly 100% of time samples).

It seems likely that these infrequent high voltages, experienced by all the meters on the feeder, are
due to occasional high voltages at the substation busbar.
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Figure 1: Maximum voltage over all meters for each LV feeder
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Figure 2: Maximum voltage over all time samples for each LV feeder
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The probability of feeders being above the maximum voltage threshold is summarised in Figure 3.
This plot shows the proportion of feeders for which the maximum voltage is above the limit range for
the given proportion of time. For example, 1% of feeders are out of range for 50% of time samples,
and around 4% of feeders are out of range for 10% of the time.
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Figure 3: Proportion of feeders above maximum voltage range

A similar analysis for the minimum voltages is presented in Figure 4 and Figure 5.With the exception
of two feeders, the minimum voltages within the required range for most of time. However, two
feeders (in pink trace colour) have a minimum voltage below 217 V for nearly 5% of time. The two
exceptions have voltages near 25 V for a significant proportion of time, and this is assumed to be a
spurious data reading. Otherwise, feeders have voltages below 217 V only very infrequently.

This highlights a difficulty in interpreting the data as it is not possible here to distinguish between a
‘normal’ operation and occasional low voltages due to a power cut. Zero values have been excluded
from the analysis but very low voltages that might occur as power is lost or restored remain in the
data.

Figure 5 shows the minimum voltages calculated over all the time samples and plotted as a CDF of
the proportion of meters on the feeder.

The likelihood of feeders being below limits is shown in Figure 6. Apart from one feeder that has
readings near zero for a significant length of time, it is less likely to find low voltages below the
minimum limit than to find high voltages above the maximum limit. There are around 1% of feeders
that have a minimum voltage below the limit for 1% of time.
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Figure 4: Minimum voltage over all meters for each LV feeder
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Figure 5: Minimum voltage over all time samples for each LV feeder
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Figure 6: Proportion of feeders below minimum voltage range

2.2 Voltage headroom

An upper voltage headroom can be calculated as the difference between the limit of 253 V and a
maximum voltage value found from the smart meter measurements.

In Figure 7 the maximum voltage is calculated for each feeder based on the maximum over all smart
meters and over all available time samples. As expected from the plots shown above, some feeders

have no headroom available, but others have up to 12 V available for additional voltage rise, such as
would be generated by V2G.

In Figure 8 the headroom is based on the maximum voltage over all feeders that is not exceeded for
99% of time samples. This avoids degrading the headroom due to rare transient events, but raises a
risk that these could coincide with voltage rise due to V2G and so make the extreme voltages worse.
This 99% confidence approach gives an increased capacity for V2G, such that there are fewer
feeders with no headroom at all, and many feeders have between 5V and 10V available, with up to
15V in one case.

Equivalent plots are shown in Figure 9 and Figure 10 for the lower voltage ‘headroom’. There is a
much greater margin available for increased voltage drop than for voltage rise, either with absolute
minimum voltages of a 99% confidence level over the time samples.

Voltage ranges with 99% confidence limits have been adopted for the purposes of the simulation
modelling as this gives a more reliable estimate of the headroom typically available. There is a risk
with using the absolute maximum and minimum values that the headroom available would reduce as
longer time periods of data are used in the analysis. There is a greater chance of finding an extreme
high or low voltage if longer periods of smart meter data are assessed.

Selecting a 99% confidence level does not imply that deviations from permitted voltage ranges can be
accepted in 1% of cases, but allows the analysis to move forward without the available headroom
being degraded by occasional deviations from normal operating conditions that are not the main
concern of the V2G control methods.
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Figure 7: Upper voltage headroom for maximum voltages over all meters and time samples
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Figure 8: Upper voltage headroom for maximum voltages over all meters and 99% of time samples
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Figure 9: Lower voltage headroom for minimum voltages over all meters and time samples
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Figure 10: Lower voltage headroom for minimum voltages over all meters and 99% of time samples

2.3 Thermal capacity headroom

Typically, the bottleneck on an LV feeder in terms of thermal capacity is the mains cable that runs
from the substation to the first junction, as this section carries the aggregated current from all the
connected customers. There may be other constraints within the LV feeder mains, for example of the
conductor sizes are tapered and if the capacity is reduced by a greater proportion than the reduction
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in aggregated current, but for a first approximation, the thermal headroom can be considered on the
basis of the first mains branch from the substation.

Smart meter demand data cannot be provided for individual domestic customers due to privacy
constraints and is instead recorded as an aggregated demand for each LV feeder. This is therefore an
appropriate metric for comparison with the rated capacity of the LV feeder cables.

This comparison also needs to take into account the additional customers without smart meters, and
for which the only demand metric available is an estimated annual consumption (EAC).

The demand data for each LV feeder is imported and a list of customer meter point administration
numbers (MPANS) for the customer connections is defined. Demand data has been obtained for the
period from 15t July 2024 to 31st July 2025, though with less complete coverage before October 2024.

Aggregated demand data samples are excluded for values over 1 x 10°.

The smart meter demand data provides four power quadrant values, active import P,; and export Py,
and reactive import Qg; and export Qgrg. The mean complex power Sgyers for any half-hour period is
therefore given as

Ssmers = (Par — Pag) +j * (Qri — Qrg)

The data is assumed to be recorded in units of watt-hours and on a half-hourly basis. Powers in watts
are therefore found by multiplying the recorded complex power by a factor of 2.

There is no phase information within the aggregated demand data and so an approximation is made
that the demand can be partitioned into phases in proportion to the EAC for each customer. The
method also needs to allow for the variable number of smart meters providing a reading, in some
cases where there are fewer smart meters at an earlier time as some had yet to be installed, but also
allowing for instances where not all smart meters provided a reading. The complex power for the
feeder spgepgr IS then calculated as

1
NSMETS) . ZiENSMETS,p EAC; + §Zi€Nnon—SMETs EAG

SFEEDER,t,p = SSMETS,t * < 3 EAC
IENSMETS,p i

TSMETS,t

where ssvers,: IS the aggregated smart meter demand power for sample t. The aggregated demand
is scaled by the ratio of the total number of smart meters Ngyvgrs and rsyers is the number of meters
providing a reading at this time. The reading is also scaled for each phase by the ratio of the total
EACs for the number Ngygrs,, Of smart meters on this phase, and a third of the total EACs for the
number N,,,-smers Of non-smart meters on the feeder for which the phase is unknown.

The maximum conductor current amplitude for each half-hour period Iy, . is calculated assuming a
nominal voltage of 230 V and taking the maximum over the complex powers for each phase

|SFEEDER,t,p|

Imax,t = mz?x 230

The maximum current can be calculated over the available time samples and compared with the
minimum current rating of the feeder main from the substation. This current rating is derived from the
initial simulation results for the selected feeders [3] where network data was imported with Connect
LV cable type impedances associated with each cable impedance line code. The simulation software
finds the minimum capacity rating, where this is known, for all cable branch sections from the
substation to the first service cable junction or the first mains junction.

Figure 11 shows the distribution of maximums current for LV feeders, below 300 A for most feeders
but with a few outliers where the maximum current can be close to 500 A. The current rating differs for
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each feeder so Figure 12 shows the utilisation ratio for each feeder, defined here as the ratio of the
maximum current to the ‘winter cyclic’ cable capacity rating. This ratio is mostly below 1.0, but for a
few outlier LV feeders there is a utilisation greater than 1.0. As with the voltage headroom analysis,
these maximums can occur for a short period of time. With a few exceptions, feeders have a
utilisation of up to 0.7 times the rated cable capacities.

A current capacity headroom is calculated for each LV feeder by taking the difference between the
maximum utilisation and a nominal utilisation of 0.7, as shown in Figure 13. Feeders with an existing
utilisation of 0.7 or above have a headroom of zero. So, for example, there are several histogram bars
in Figure 16 for utilisation around up to 0.2, and these map to 0.5 or over in Figure 17.

Although there are a few feeders where the exiting demand appears close to the cable rating, most
feeders have spare capacity. It is possible that on those where the utilisation appears close to the
rating, the high estimated current is due to the various approximations relating to the non-smart
meters, and so this result does not necessarily indicate that the feeders are over capacity in practice.

Number of feeders

200 400
Current, A

Figure 11: Maximum currents for each LV feeder
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Figure 13: Current capacity headroom
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3. Simulation method

The simulations presented in this report follow the outline plan from the WP1 D1.2 Control Algorithm
Definitions.

The simulations described here develop several new steps in the power-flow analysis method for LV
network modelling.

1. Customer connections are configured to use their detected phase groups

2. Smart meter voltage data is integrated into the power-flow analysis so that the model aligns
with real-world data

3. A super-position method has been developed to model the added impact of the V2G imports
and exports as a deviation relative to the existing demand

4. The iterative power-flow solver, based on the forward-backward sweep method, now also
operates iteratively to apply the volt-watt and volt-var control methods

These modifications have added to the complexity of the software and so it has been necessary to
include a simplification such that the simulation operates only for worst-case time steps, rather than
for all the time steps in the data series. The development of this simulation method has been a time-
consuming process and the simplification relating to the time steps maintains the processing time for
the models within a feasible scale such that it is still possible to include each of the selected
substations and feeders and a variety of different configuration options.

3.1 Phase identification

WP2 D1 describes the phase identification process. This uses smart meter voltage data to assign
customers with three phase groups. Since there is mostly no independent substation monitoring that
can act as a reference for the three-phase voltages, the three customer phase groups cannot be
associated with phase L1, L2, L3. However, since the key concern is to model the effect of unbalance,
it is sufficient to assign the customers into the three phase groups and knowledge of the actual phase
conductors would not change the results. The phase identification assigns the customers to phase
groups A, B, C, which are arbitrarily associated with L1, L2, L3 in the model.

When constructing the network model, all customer MPANs are modelled here as single-phase
connections. For the simulations described in WP1 D3 the phases were randomly assigned but now
use the detected phases.

3.2 Smart meter data test cases

The model makes use of both the smart meter voltage data for individual customers and the
aggregated demand data for each LV feeder. This data effectively provides a calibration offset to the
voltages seen at each customer node and to the total demand power supplied into the feeder at the
substation busbar.

Voltage data is imported for each customer and re-sampled to a common half-hour time-series, as
described in section 2.1. Readings are excluded for each meter if the voltage falls outside a band of
200 V to 300 V.

Since the aim here is to assess the effectiveness of V2G control algorithms based on voltages
measured at the customer connection, the simulation requires that a reading is available for each of
the V2G devices in the model. Time steps are therefore removed from the set of available data if any
of the smart meters on the feeder has not provided a reading.

V2G Simulation with Smart Meter Data, Loughborough University Page 15 of 65



In some cases, for example where a smart meter has only recently been installed, or where the data
capture process is very intermittent, this filtering process can result in very few half-hour periods
remaining valid. Smart meters are therefore dropped from the set if they have provided readings for
less than 50% of half-hour periods in which any of the meters on the feeder have provided a reading.
While this modification reduces the number of smart meters available to the model, by removing a few
meters with data communication problems the overall information content available to the simulation
process can be optimised.

The half-hour periods are then further selected to ensure that an aggregated demand reading is
available.

Once all these steps have been completed, the remaining data set has a series of half-hour time
samples, each of which has an aggregated demand reading, and a number of smart meters that each
have a corresponding voltage reading. The aggregated demand reading is represented as a complex
power Ssumers,:, as described in section 2.3.

This time-series data, for which both demand and voltage readings are available, is used in the
power-flow analysis as a baseline condition. The additional impact of V2G can be modelled in
combination with this baseline case.

Earlier modelling in this work package selected specific test case half-hours, but the results presented
here included all of the half-hours for which data is available, giving a more representative indication
of the frequency and probability with which voltage or thermal constraints are exceeded, and of the
expected export power from the V2G installations.

For each of these test cases, the voltages at each smart meter and the aggregated demand are
stored for later use in the power-flow analysis, together with the time at which the test case conditions
occurred.

In addition to the aggregated demand, the smart meter data also provides the number of meters that
returned a reading and that are included in the aggregation. This number of readings is stored
together with the voltage and demand data for each test case, and is needed to scale the total
demand to approximate the additional demand from customers without smart meters.

3.3 Smart meter data scaling

The complex power of the aggregated demand data needs to be scaled to allow for the inclusion of
smart meters that have not provided a reading in the selected half-hour period and for the non-smart
meters.

Since the demand data is aggregated across all the smart meters on the feeder, rather than those on
each phase of the feeder, a further method is needed to disaggregate the total demand between the
three phases. In a business-as-usual implementation of the V2G control techniques, the smart meter
groups could be customised so that a separate aggregated demand is calculated for each phase of
the feeder, subject to the number of meters being above the minimum required for privacy
requirements. This process could make use of phase identification techniques developed for the
SMITN NIA project, or alternatively the modified methods developed within this project and described
in WP2 Deliverable 2.1.

A further complication in this scaling process arises as the number of customer connections that are
represented in the network data is not necessarily consistent with the expected number of meters on
each feeder.

The scaling method therefore proceeds as follows:

1. A simulation model of the feeder cables is constructed, as described in WP1 Deliverable 1.3,
using the network data from Electric Office and with customer connections defined by service
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connections within this data, where they exist, or by adding MPANSs at their locations recorded
in CROWN and with a synthesized service cable to connect to the nearest point on the feeder
main.

2. A set of radial feeders is identified within these cable branches. Mostly this set of feeders
corresponds with the feeder identifiers listed in CROWN as having customer connections, but
in some cases additional feeders are found (for example where an unused cable remains in
the Electric Office data), and there are also examples where feeders listed in CROWN do not
appear to have any associated cables in the network data.

3. Time-series demand data is created for each of the meters on an identified feeder, using the
Elexon profiles corresponding to the profile classes defined in CROWN and scaled by the
EAC for each individual customer. This demand data is created at half-hourly resolution for a
time duration that matches the earliest and latest possible dates of the smart meter data.

4. For each test case listed in section 3.2, the simulation sample corresponding to the test case
timestamp is identified. The simulated demand data based on Elexon profiles for this half-
hour period is then used to estimate the proportion of the aggregated smart meter demand
that should be allocated to each phase.

5. The aggregated demand data is scaled by the ratio of the number of meters on the modelled
feeder, to the number of meters providing a reading in the aggregation. This gives an
estimate of the total demand on the feeder.

6. The demand on each phase is calculated by finding the proportion of the total demand due to
meters in each of the phase groups.

This process makes several assumptions:

e The demand for customers with non-smart meters follows the same temporal variations as
the aggregated demand for customers with smart meters

e The proportion of demand for each customer within the total varies linearly with their annual
demand based on the recorded EACs

There is also an implied approximation that the aggregated demand of the customers, after scaling to
allow for the non-smart meters, equals the combined power supplied into the feeder. In reality this
power would be slightly increased due to losses. A future development of this method could run a
power-flow analysis on this baseline test case to determine the total power on each phase at the
feeder input with losses taken into account.

After the process outline above has been completed, the test case data is updated to include the
complex power on each phase at the feeder input, together with the voltage data readings as defined
above.

3.4 Selection of customers with V2G

The previous simulation models described in WP1 Deliverable 1.3 used the Distribution Future
Energy Scenarios from 2035 to define an anticipated proportion of 81% customers having an EV
charger. These customers were selected randomly from the full set of customers in the model of
feeders at each substation.

In the revised simulations described here, it is only possible to model an EV charger where smart
meter data is available, since the smart meter voltage readings are required as an input to the volt-
watt and volt-var control methods. On average the proportion of customers with smart meters is
similar to this predicted uptake of EV chargers, around 75%, and so the model has been revised to
place an EV charger at each of the customers with smart meters.
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As in the previous simulations, a worst-case assumption has been applied such that every customer
with an EV charger participates in the V2G exports and the subsequent re-charging.

3.5 Demand model assumptions

As noted above, the previous simulations considered a future scenario where customers would be
expected to adopt solar PV, heat pumps and EV charging in addition to their participation in V2G
export events.

A future control method for V2G would be based on smart meter available at this future time, such
that this data would include the impacts of any other low carbon technologies that had been adopted.
The demand for these low carbon technologies would not need to be synthesized — it would already
be represented in the customer voltage and aggregated demand data.

The same approach has therefore been adopted for the simulations described here, such that the
baseline case defined by the existing smart meter data is modelled with the addition of exports from
each of the customers with a smart meter.

The existing headroom is low, or zero, on many feeders and so there is already a need for the V2G
controls to be invoked without the further addition of exports from solar PV. The addition of further
demand to the model due to heat pumps or EV charging would reduce the need for V2G controls to
be applied to exports, as the exported power would offset an increased local demand, but the
modelling would still need to consider the case that exports could occur when these appliances are
not in use.

Although the exports are described in throughout this report as being associated with V2G, the
modelling could equally be taken to represent a case where exports are due to domestic battery
storage.

3.6 Super-position simulation method

The modelling described here use a new method that enables a simulated demand for the V2G (or
battery storage) exports to be combined with real-world smart meter data representing the existing
demand.

This makes an approximation that the voltage differences along the feeder can be calculated
individually for each type of demand, and that these voltage differences can be added to find the total
voltage difference for the combined demand.

The voltage drop AV along a feeder branch can be approximated as

PR + QX
v

AV

where P and Q are the active and reactive power and V is the nominal feeder voltage, and R and X
are the resistance and reactance of the feeder cable. When P and Q are negative, AV is negative and
represents a voltage rise.

If the total demand P + jQ is comprised of two separate demands P; + jQ; and P, + jQ, then

_ (P +PIRT (0 + QX _ PR+ QX PR +QuX

AV
|4 |4 4

= AV, + AV,

Within the limits of the approximation in this voltage drop calculation, it is therefore reasonable to
assume that the voltage impact of separate demands can be added.

Strictly, there are interactions between the individual loads, as the losses in each cable branch
increase with the square of the current, and therefore approximately with the square of the power
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delivered. The power P + jQ in delivered by branches carrying both load currents therefore depends
on the combined downstream losses and so does not increase linearly as in the simple
approximation. However, LV feeder losses are typically less than 2% of the total demand and so
these second-order effects can be neglected as being small in comparison to the more critical
estimates needed about the number and power of the future V2G exports.

The following process has been used to combine the smart meter voltage data and the simulation
data:

1. The simulations of the V2G operation include only the export powers or the imports for re-
charging. The demand at any customer meter with no V2G (in effect those with no smart
meter) is zero.

2. The impact of the existing demand is reflected in the smart meter voltages as measured.
Voltage at customers without smart meters are unknown and the impact of V2G on these
customers is not modelled.

3. The simulation model assumes a nominal voltage at the substation busbar of 245 V.
4. Power-flow analysis of the V2G operation calculates a voltage at each customer connection.

5. The total voltage at each customer connection is then calibrated by adding a voltage offset,
given by the measured smart meter voltage minus the nominal substation busbar voltage of
245 V.

This considers that
Vsubstation,real = chstomer,real + AVl

Vsubstation,model = chstomer,model + AVZ

where Vypstation,real 1S the unknown actual substation voltage and Veystomer real IS the measured
customer voltage from smart meter data and AV, is the voltage drop due to the existing demand; and
similarly Vsypstationmodel iS the nominal voltage assumed for the substation in the model, Vystomer,model
is the calculated voltage of the smart meter customer with voltage drop AV, due to V2G operation (or
rise if this is negative).

We wish to find a revised customer demand Vystomer revised Where the substation voltage remains the
same and the additional voltage drop AV, is added

Vsubstation,real = chstomer,revised + AVl + AVZ

This is determined as
chstomer,revised = Vsubstation,real - AVl - AVZ

chstomer,revised = chstomer,real + chstomer,model - Vsubstation,model

For each smart meter customer in the simulation, a voltage is therefore calculated where the
customer voltage from the V2G simulation is calibrated by the additional of an offset given by the
measured smart meter voltage minus the nominal simulation substation voltage.

Based on this approximation alone, the simulation could adopt any value for the substation voltage
but in order to minimise the inaccuracies associated with second-order effects such as losses, as
described above, it is preferable for the substation voltage to be close to the actual value. A voltage of
245 V has been found in previous work to be a reasonable estimate.
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The voltage offsets are also required where the model investigates the impact of V2G with voltage
control, since this would operate on the basis of the customer voltage with both demands taken into
account. The control action is therefore determined by the simulated voltage plus the offsets derived
from smart meter data.

A second calibration has been included so that the combined power from the existing demand and the
additional V2G demand can be calculated. This uses the aggregated feeder demand from smart
meter data, scaled as described in section 3.3 to allow for the proportion of smart meters that returned
a reading, the additional demand from non-smart meters, and then shared between the phases on the
basis of the Elexon profile demands for the selected time sample.

The scaled estimate of the existing complex demand at the feeder input for each phase is then added
to the simulated demand for V2G, giving a total complex demand power on each phase. This addition
is an approximation, since the combined demand would have increased losses, but the associated
error will be small relative to the other uncertainties in the demand model. The combined complex
power for each phase therefore allows for the potential for existing demand to be reduced by V2G
exports.

The combined complex power is used in the analysis to calculate a current amplitude, assuming a
nominal voltage of 245 V at the substation, such that cable utilisation relative to the current rating can
be estimated.

3.7 lterative solution method

The power-flow analysis using the forward-backward sweep method already uses an iterative
approach. It is assumed that the power of customer loads remains constant, and that the current
drawn by these loads can be calculated based on this defined power and the simulated voltage. The
method begins by calculating the current for each of the customer loads while assuming that there are
no voltage drops within the feeder. Working from the customer loads backwards the substation, the
solver then calculates the aggregated current in each branch. Once these currents have been
defined, it is then possible to work forwards from the substation towards the customer loads and
calculate a voltage at each node allowing for the voltage drops due to the current in each branch. This
gives a revised estimate of the voltage at the customer loads. Again, assuming that the customer load
has a constant power, an updated current estimate can be calculated. This continues until the voltage
at each node converges so that differences between iterations are below a defined limit.

A second iterative process is needed to implement the volt-watt or volt-var control methods. Power-
flow analysis produces an estimate of the voltage for each node with V2G connected, and the control
methods adjust the active or reactive power demand with respect to this voltage amplitude (adjusted
by the offsets to allow for the existing demand, as in section 3.6). A reduction in active power at one
V2G customer will affect the voltage rise seen by all other customers on the feeder. In effect, this
creates a revised power-flow analysis problem which must be solved again using the process
described above.

A method has been adopted here where the power-flow analysis initially considers V2G with no
control methods applied. Where V2G is exporting, this will produce a high voltage rise at many
customer connections.

The simulation method then iteratively applies the control at each V2G connection in turn, repeating
the power-flow analysis after each iteration to calculate revised voltages throughout the network.

As this process progresses, voltage rise from exports is reduced and it is possible that no control
action is required by the V2G connections that are considered later in the sequence. Those
considered first will modify their active or reactive power to a greater extent. The impact on individual
customers is likely to differ based on the arbitrary sequence in which the simulation requests the
control actions. In a physical device these control decisions are likely to be updated repeatedly and
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asynchronously by each of the V2G installations and so the modelling approach here is necessarily a
simplification.

To reduce the impact of selecting any one arbitrary sequence for implementing the control decisions,
the ordering is randomised for each LV feeder and for each half-hour within the available time-series
data obtained from the smart meters.

Rather than running the control iteration separately for each half-hour, this is implemented by solving
each of the half-hour samples in parallel. The power-flow analysis is still repeated one for each V2G
connection, but the V2G connections are updated in a different randomisation sequence for each of
the half-hours in the data.

Work package 3 of this project will address the potential instabilities of this iterative process in further
detail. For now, a control action is requested once from each V2G installation and there are no further
updates once each V2G installation has been checked.

3.8 Voltage control methods

Three voltage control methods have been modelled.

1. Volt-watt control, where the active power is progressively ramped down to zero for voltages
increasing from a lower threshold setting to an upper threshold setting, as shown in section
2.3.7 of WP1 Deliverable 1.3 but with variable thresholds defined for these simulations.

2. Volt-var control, where the reactive power is progressively ramped up to a defined percentage
of the V2G permitted export power. Reactive power is imported at high voltages and exported
at low voltages, with the magnitude defined by a ramp between lower and upper thresholds.
This is shown in section 2.3.8 of WP1 Deliverable 1.3.

3. Volt-watt-var control, where both the above techniques are applied. The volt-var control action
is defined first, as this may set a limit to the available active power. Further reductions to the
active power are then applied based on volt-watt control. Both control actions are taken at the
same time, rather than for example by only reducing active power if importing reactive power
has not achieved a sufficient voltage reduction.

Throughout the simulation results, the same volt-watt control settings apply when results are
compared for volt-watt control individually or when used in combination with volt-var control.

3.9 V2G parameters

As in the previous WP1 Deliverable 1.3 simulation work, the EV and V2G parameters have been
assumed as follows:

EV charger rated power 7 kKVA
V2G maximum export power 3.7 kW

Volt-var reactive power imports Ramping from 0% of charger rated power at 240 V
to 60% of charger rated power at 258 V

Volt-var reactive power exports Ramping from 0% of charger rated power at 220 V
to 40% of charger rated power at 207 V

For the volt-var reactive power of 60% of the charger rated power, the inverter would retain capacity
to provide 80% of this rated apparent power of 7 kVA, or 5.6 kW, as active power. Since the export
power is in any case limited here to 3.7 kW the use of reactive power will not further reduce the
available active power range for exports. However, any reactive power exported when re-charging will
reduce the scope for active power to be imported.
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The frequency of operation for V2G and the duration of the export periods is so far highly uncertain.
Rather than model a speculative operational time for V2G, the simulations consider two extreme
cases:

1. Where V2G is exporting continuously
2. Where V2G is importing continuously (as with re-charging)

This approach allows the worst-case current loading and voltage rise to be calculated, taking into
account the possibility that V2G could be active at any time.

The metrics considering over-voltage and current over-loads are probabilistic. To calculate the
probability of an overload happening at any time of the day, the model therefore needs to consider
V2G exports and imports at any time of the day.

This method implies an assumption that exports and imports at any time of the day are equally likely.
3.10 Simulation metrics

Results in the following sections present five key metrics, as follows:

Maximum voltage

The maximum voltage at any customer meter, calculated over all the half-hour periods in the
simulation time series

Probability of over-voltage or under-voltage

The number of half-hour periods where the voltage exceeds 253 V, or is below 217 V, divided by the
number of half-hour periods in the simulation time series

Maximum loading

The maximum aggregated current in the first feeder cable from the substation, calculated over all the
phases connected to the distribution transformer, and over all the half-hour periods in the simulation
time series at any customer meter, expressed as a fraction of the rated capacity of the cable.

Probability of over-load

The number of half-hour periods where the aggregated current in the first feeder cable from the
substation exceeds the rated capacity of the cable, divided by the number of half-hour periods in the
simulation time series

Mean export power
The mean export power, averaged over the number of half-hour periods in the simulation time series

The probability and mean export power metrics are also shown as summary values where results are
averaged over all the customers on all the feeders for the substations included in the simulation
results.
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4. Results with V2G

The first results presented here show the impact of V2G in the absence of any control methods. Each
set of results include data for 134 LV feeders from the list of selected substations previously used in
the WP1 Deliverable 1.3 simulations.

Figure 14, Figure 16 and Figure 17 show results for a baseline using time samples from the existing
smart meter data, as described in section 3.2.

Figure 14 shows the maximum voltages at customer meters, with each point on the curve
representing the maximum voltage over all half-hour time samples for one meter. The plot shows that
V2G will cause over around 70% of customers to have a worst-case voltage rise exceeding the upper
limit of 253 V, shown on the plot as a dashed line. As noted previously in section 2.1, even in the
baseline case, calculated from the existing smart meter, a few customers will have worst-case
voltages that exceed the limit.

Figure 15 shows the probability of over-voltages for each of the customer meters. For the baseline
case with existing smart meter data, even though the maximum voltage may exceed the limit, this will
be a rare event for more customers. However, over-voltages with V2G exports are much more likely
and for around 30% of customers there is close to a 100% probability of having a voltage over the
limit. Voltage rise with V2G exports is therefore expected to cause higher maximum voltage, in
addition to causing a much higher probability of over-voltages.

Clearly this would be a concern, although it should be noted that this represents a case where all
customers with V2G are exporting simultaneously. The customers included in the model here are also
on feeders that have originally been selected as having a higher risk of voltage rise due to V2G in the
absence of any further reinforcement work.

The aggregated currents shown in Figure 16 are also high. This plot shows the maximum current for
each feeder, calculated over each of the half-hour samples and over each of the phases at the
transformer busbar.

The corresponding cable utilisation is shown in Figure 17, where the aggregated current in each of
the feeder mains is expressed as a ratio of the cable rating. Around 80% of feeders remain below
100% utilisation but 20% of feeders are above this, with some reaching twice the rated capacity. This
confirms that the thermal limits, at least in the rare worst-case scenario that has been modelled, will
also be a concern, although it may be acceptable for cables to run at higher than their rated capacity
for very short periods.

Figure 18 shows the corresponding probability of current over-loads. In the baseline case with existing
smart meter data, these over-loads have a probability of occurrence that is near to zero, confirming
that the worst-case currents shown in Figure 17 are very rare. This is not the case with V2G exports
and around 10% of feeders can be expected to be overloaded at any time that simultaneous V2G
exports occur.
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Figure 14: Maximum voltages with V2G exports

10 Existing

V26 export

08 4

06

04

Probability of over-voltage

02

0.0

0.0 02 04 06 08 10
Proportion of meters

Figure 15: Probability of over-voltage with V2G exports
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Figure 16: Maximum feeder currents with V2G exports
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Figure 17: Maximum cable utilisation with V2G exports
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Figure 18: Probability of over-load with V2G exports

The plots below show the impact of coordinated V2G re-charging, again modelling the case that this
could occur at any time over the simulated time series

Voltages shown in Figure 19 are out of range for over 40% of customer meters with V2G imports, but
only a small percentage of customers would expect to have under-voltages based on existing smart
meter data. The probability of under-voltages, shown in Figure 20 is near zero for the baseline case,
again confirming that the existing problems with low voltages are very rare, but over 20% of customer
meters would expect to have voltages below the limit with simultaneous V2G imports.

The maximum cable utilisations and probability of over-load shown in Figure 21 and Figure 22 are
also extremely high, with 50% of feeders having a worst-case utilisation higher than the cable rating,
and with 50% of feeders also expected to have over-loads whenever V2G imports occur.

The cable utilisations for importing are higher than those for exporting since the full 7 kW capacity of
the EV charger can be used, rather than the permitted export of 3.7 kW. As noted in the WP1
Deliverable 1.3 report, some means of diversifying the recharging would be needed to avoid these
very high currents. Customer may delay recharging until an off-peak period, for example when a low-
rate tariff begins. Since the start time for this tariff is likely to be the same for all customers, it is
plausible the recharging demand will be synchronised as modelled here.

A further risk is that the proposed volt-watt control so far only applies to voltage rise. There may also
be a need for a control method to apply to imported power.

A caveat to these simulation results should be noted as there is a risk of double-counting the EV
charging import power. It can safely be assumed that the baseline demand does not already include
any V2G exports, although it is possible that the selected test cases may coincide with exports from
battery storage systems, so it appears reasonable for the simulation to add exports from each
customer. However, some customers on a feeder will already have EV chargers and it is likely that
the minimum voltage test cases will occur when these EV charging is active. The impact of these EV
chargers is therefore already represented in the baseline smart meter data and so the demand may
be over-estimated adding the V2G recharging at each of the selected customers.
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Figure 19: Minimum voltages with V2G imports
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Figure 20: Probability over under-voltage with V2G imports
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Figure 22: Probability of over-load with V2G imports

The results shown so far in this section assume that there no control has been applied to the V2G
exports or imports. When exporting, the mean export power for V2G expected from the customer
installations is therefore equal to 3.7 kW, which has been assumed as the rated export capacity.

Given that uncontrolled V2G exports are predicted to cause voltage and thermal overload issues on
LV networks, one option would be to limit the number of V2G installations that have permission to
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connect to the feeders. In an idealised scenario, the number of connections would be exactly chosen
such that the worst-case voltage rise for any customer on the feeder, and the worst-case feeder
current will be extended exactly to the permitted limits, but not beyond.

This scenario can be approximated using a pro-rata combination of the existing baseline case and the
case with uncontrolled V2G at the rated export power for each customer. This approach maintains the
same number and spatial distribution of V2G installations as in the case of uncontrolled V2G but finds
a mean power level from each customer on the feeder that would just reach either the voltage rise
limit, or the thermal overload limit, whichever is the more severe constraint. In practice, it is more likely
that the export power from each V2G installation would be maintained at the modelled 3.7 kW, and
the number of customer connections would be reduced. However, the impact can be modelled
approximately by assuming that all V2G customers can connect, but at a lower maximum export
power. This approximate approach avoids the statistical difficulty that would arise from the many
different voltage rise results that would arise with many different subsets of the original set of V2G
customers.

The export power for a V2G installation on a feeder is calculated as:

Piimited = Pratea X min(hy, hy)

where Pjimiteq 1S the export power that does not exceed limits, P.,cq IS the uncontrolled export power
of 3.7 kW, and hy and h; are limiting factors relating to the voltage and current headroom respectively.

The voltage constraint factor hy is zero if the maximum existing voltage Vpax existing ON the feeder is
already above 253 V, but if headroom is available

< 253 — Vmax,existing )

Vmax,export - Vmax,existing

hy = min
v tENt

where Viax export 1S the maximum voltage with uncontrolled V2G exports.

Similarly hy is zero if the maximum existing cable current I,y existing IS greater than the cable rating
I ateq, bUt if headroom is available

. Irated - Imax,existing
h; = min
tENt Im

Where I,y export IS the maximum current with uncontrolled V2G exports.

ax,export — Imax,existing

Headroom factors hy and h; are calculated for each feeder and then applied to all the meters on each
feeder. This gives a cumulative probability distribution for the expected export power of V2G overall,
as shown below in Figure 23. This shows that around 50% of meters would be entirely unable to
export power and only around 5% of meters would be permitted to export at full power. Although this
approach has the advantage that no feeder reinforcement would be required, from the perspective of
V2G, but the potential contribution from V2G exports to system balancing on the grid would mostly be
lost.
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Figure 23: Mean export power for V2G for connections on feeders with voltage and current limits
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5. Results with voltage control algorithms

5.1 Control algorithms for voltage rise
This section introduces the voltage control methods to mitigate the impacts of V2G.

The plots below show the impact on maximum feeder voltages and on the aggregated feeder currents
in terms of utilisation of the rated capacity.

The volt-watt control method for these results uses a lower threshold of 252 V and an upper threshold
of 253 V, in effect so that the control method is applied over a range that is close to the actual
permitted limit.

As expected from the threshold settings, both the volt-watt and volt-var-watt control are mostly
effective in limiting the voltage rise such that it remains below 253 V for most feeders. The maximum
voltages in Figure 24 move closer to the limit, making use of the headroom where this is available.
Figure 25 shows the corresponding probability of over-voltage with these control methods, also
indicating that over-voltages are only slightly more likely with V2G using volt-watt control than in the
existing baseline case.

The volt-var control method achieves a reduction in the maximum voltage but nearly 50% of feeders
still exceed the limit. The probability of over-voltage with volt-var control is less than with uncontrolled
V2G, but still very much greater than in the baseline case with existing smart meter voltages.

The voltage drop is approximately proportional to PR + QX, where P and Q are the active and reactive
powers, and R and X are the cable resistance and reactance. Active power P is negative when there
are net exports from the feeder cable, and in the absence of any reactive power Q the voltage drop
will be negative, i.e. a voltage rise. For LV distribution cables R > X and so high reactive (positive)
values of reactive power are needed to introduce a useful difference to the voltage drop.

Volt-watt control is also effective at limiting the increase in cable capacity utilisation, as shown in
Figure 26. The utilisation increases, as V2G exports can exploit the available voltage headroom, and
the maximum feeder currents mostly remain within 100% of the rated capacity. However, a small
proportion of feeder have currents higher than their rated capacity, demonstrating that a method
based on voltage control does not guarantee compliance with thermal constraints.

For both the volt-var and volt-watt-var control methods the currents are significantly increased and are
higher than with the V2G exports alone. This suggest that an additional control method is needed to
ensure that the currents associated with reactive power, created to address the concern with voltage
ranges, do not create a further problem with thermal capacity limits.

Figure 27 shows the corresponding probability of over-loads for the control methods, again showing
that this risk is increased by volt-watt and volt-watt-var control, and is greater than with uncontrolled
V2G. Volt-watt control is much more successful although there are still a few feeders where overloads
are highly likely.

The reductions in extreme voltages with volt-watt and volt-watt-var control are achieved by limiting the
exported power, as shown in Figure 28. In this figure, only the volt-watt and volt-watt-var control
methods are shown. In the baseline case, the exports are of course zero, and with uncontrolled V2G
and with volt-var control the exports are the full rated 3.7 kW.

Exports are reduced less for the volt-watt-var control than for volt-watt alone, although the volt-watt-
var control is also slightly less effective in mitigating voltage rise.

On average, with volt-watt control, 40% of customers have no constraint, but the remaining 60% have
between zero and 100% reduction in their exports. Mean export powers are higher with volt-watt-var
control than with volt-watt control alone.
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Figure 24: Maximum voltages with controlled V2G exports, volt-watt ramp 252 V to 253 V
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Figure 25: Probability of over-voltage with controlled V2G exports, volt-watt ramp 252 V to 253 V

V2G Simulation with Smart Meter Data, Loughborough University Page 33 of 65



4.0 1

35 4

Maximum lecading
[ (%] Pt L
(¥, ] [] (¥, ] =

[
L]

0.5 1

00

Existing

W25 export

Wolt-var V2G5 export
Volt-watt V2G export
Volt-watt-var V26 export

02 0.4 06
Proportion of feeders

08

10

Figure 26: Maximum cable utilisation with controlled V2G exports, volt-watt ramp 252 V to 253 V
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Figure 28: Mean V2G export power, volt-watt ramp between 252 V and 253 V

The impact on customers has been found to be unevenly distributed. Figure 29 shows the mean
export power with additional traces plotted showing the CDFs for the customers that have the nearest
distance on the feeder to the substation and for those that have the furthest distance. These CDF
traces are less smooth as there are fewer meters included, but they show that customers that are
furthest away from the substation are constrained more than those who are nearer.

These plots use results from a subset of feeders where there are 20 or more customers as the curves
would be skewed by including feeders with very few customers. In an extreme case, if there is only
one customer on a feeder, the customers at maximum and minimum distance from the substation
would be the same. More generally, when data from all the customers is plotted, the points from each
feeder contribute to the cumulative frequency distribution in proportion to the number of customers on
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the feeder. However, when the data from the customers at maximum and minimum distance is
plotted, there is on data point per feeder. Data points from feeders with fewer customers are then
given greater weighting. Since the constraints on feeders with fewer customers have a different
statistical distribution, this change in the weighting for each data point needs to be taken into account
when results are compared. The restriction that customers are only included in the plot from feeders
with 20 or more customers reduces this disparity.

It might be expected that customers towards the remote ends of feeders will unfairly be constrained
more since they experience the greatest voltage rise. This is confirmed by the plots, but these
customers are disadvantaged, relative to the full set of customers, by less than the advantage to the
customers who are nearest to the substation. Rather than characterising the fairness such that the
more distance customers are disproportionately disadvantaged and less able to earn income from
V2G, it is more the case that customers near to the substation are disproportionately advantaged. For
the cases modelled here, the impacts of V2G are substantial and it is necessary for many customers
to reduce their active power so that voltages are maintained with limits. Those customers at the ends
of feeders will almost certainly be included in the constraints, but they have no more exports to lose
than the customers elsewhere on the feeder. Those who are nearer to the substation will have lower
voltages and so reduce their active power less, and may also be fortunate that the more numerous
customers elsewhere on the feeder take their control action first such that no further reductions are
necessary.
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Figure 29 Mean V2G export power, minimum and maximum distances, volt-watt ramp 252 V to 253 V

With increased utilisation of the feeder cables for V2G exports, it would be expected that losses will
increase. Exported power from V2G will offset existing demand imports but, for the simulation models
considered here where all the V2G customers export at the same time, the exports will be greater in
magnitude than the demand and so feeder cable losses are likely to increase instead of being
reduced.

A slightly different approach is needed to calculate losses from the simulation results than has been

used for the results shown above. These previous results only need to consider the impacts while the
exports are active, and so the simulations have modelled a scenario where V2G exports occur all the
time, so that the probability of over-voltage, or the mean export power, can be calculated for any time.
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However, where losses are considered, it is more important to understand the mean losses over time,
rather than only when the V2G customers are exporting. Since the proportion of time when exports
are required has not been defined, results have been calculated for between zero and six half-hour
periods in a day (ie. up to 3 hours per day, on average, of exports). These results select half-hours
with a uniform distribution over the available smart meter data samples, such that there is no
weighting to any specific time of day for exports.

The calculation of losses is presented here only for the first branch in the feeder, in effect the cable
route from the substation busbar to the first tee-junction or service cable connection. This is a
necessary restriction since the simulation model calculates a super-position of the V2G demands over
the currents due to the existing customers, and this is only known from smart meter data where the
demand from the full set of customers on the feeder has been aggregated. Although the
disaggregated currents due to V2G demands are known throughout the feeder, the currents due to
the existing demand are not. The losses in the first feeder branch are generally higher, per unit length,
than losses elsewhere on the feeder, but there are typically many downstream branches beyond the
first tee point and so the losses shown here are only a small proportion of the total. As a simple
approximation, it might be assumed that total feeder losses increase in a similar proportion to the
losses in the first feeder branch, on the basis that the majority of customers are assumed to have
V2G exports and so the aggregation statistics may be similar to the existing demands.

Figure 30 shows the mean losses in the first feeder branch, calculated over all feeders, for V2G
exports without any voltage-based control. There is a linear increase in losses from the case with the
existing smart meter data, rising as a greater number of half-hours per day are assumed for V2G
exports. In practice, there would be additional losses due to the recharging following the export
periods, and this effect is not included here. For exports alone, losses increase from an average of
17 W per feeder, to around 70 W, assuming that a worst-case scenario (for losses) in which all V2G
customers export at the same time for 3 hours per day.
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Figure 30 Mean losses in first feeder branch for V2G export

Figure 31 shows how these worst-case losses, again assuming exports for 3 hours per day, are
impacted by the voltage-based control strategies. With volt-var control, losses nearly double relative
to V2G without control, due to the increased current amplitudes associated with the reactive power

V2G Simulation with Smart Meter Data, Loughborough University Page 39 of 65



transfers. With volt-watt control, here assuming control thresholds ramping power to zero between
252 V and 253 V, losses are roughly halved. However, as noted above, this also significantly reduces
the power exports achieved. Using the combined volt-watt-var control and these same thresholds,

losses are similar to the case with no control, although exports are also reduced as shown in Figure
28.

While V2G exports clearly increase losses, and this may be considered a negative impact, this impact
needs to be balanced against the value to be gained by providing power exports to balance the grid.

If a typical EV battery has a 95% efficiency when charging or discharging, and therefore a roundtrip
efficiency of around 90%, then losses of 10% of the charging power are associated with V2G exports.
This can be compared to the overall losses of the distribution network, typically around 7% of
delivered power, although this figure is inevitably higher at times of peak demand (since cable losses
increase with the square of power). While distribution losses are clearly a significant concern, they are
therefore of a comparable order of magnitude to the losses inherent in supplying power from V2G
exports. These losses may be reduced if the required exports were instead provided by grid-scale
batteries connected at higher voltage levels, but with the additional capital cost (and embodied energy
cost) associated with duplicating the storage capacity that could already by available from EVs.
Losses may also be reduced if the V2G exports are required to meet domestic demand that is
distributed throughout the network and therefore co-located with the EV chargers.
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Figure 31 Mean losses in first feeder branch for V2G export 3 hours per day
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5.2 Control algorithms for voltage drop

There is less scope for mitigation of voltage drop during recharging as the volt-watt control method
defined so far does not apply in this case.

Figure 32 shows the impact of volt-var control on minimum voltages, reducing the worst-case voltage
drop such that the minimum voltages are higher. For this selected test case, the proportion of feeders
that remain above the minimum limit happens to be similar with volt-var control as without.

Figure 34 shows the corresponding impact on cable utilisation, where currents are slightly greater with
the volt-var control than without. As seen above, the probability of over-load is around 50% and not
diminished by the control techniques.

As noted above, further control methods would be needed to avoid problems with low voltages and to
mitigate the associated high currents. An increase in the supply of reactive power would assist in
managing the voltage ranges but would increase the thermal constraints, and so either a control of
the active power, or a diversification in the timing of recharging, appear to be necessary.
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Figure 32: Minimum voltages with controlled V2G imports
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5.3 Fixed threshold variations

This section presents results where the volt-watt thresholds are varied from a default range of 252 V
to 253 V as in the previous section.

Figure 36 to Figure 40 show results for volt-watt and volt-watt-var control with threshold ranges of

e 240Vto 245V,
e 245V1to 250V,
e 250Vto 255V,
e 255Vto 260V,

As would be expected the lower thresholds reduce the maximum voltages more severely and the
higher thresholds reduce voltages less. A lower threshold provides a higher certainty that the upper
voltage limit will not be exceeded, whereas higher thresholds allow a greater number of feeders to
have no constraints applied.

Lower volt-watt thresholds also significantly reduce the probability of over-voltages. Setting thresholds
higher the upper limit of 253 V not only allows higher maximum voltages but also allows them to occur
more frequently.

The use of a narrower ramp range does not significantly affect the results in terms of the impact on
the network, although will mean that customers have a distinct transition between either being
constrained or not. Wider ramp ranges are expected to provide greater stability in the control system,
with a reduced likelihood that V2G inverters will repeatedly switch on and off in response to small
voltage differences. This real-time effect is not captured in the simulations presented here so the
following results show only case with the 5 V ranges.

The variations in volt-watt thresholds have a corresponding impact on the cable utilisation, as in
Figure 38. Although there are a few feeders with very high cable utilisation (and also very high
voltage, as in Figure 36), results for any of the threshold ranges are mostly acceptable, since there is
greater headroom for cable utilisation than there is for maximum voltage.

Not surprisingly, the improved compliance with voltage and cable utilisation limits for lower volt-watt
control thresholds has an impact on the export power from V2G. Figure 40 shows how each 5 V step
reduction in threshold settings has a significant increase in the expected export power constraints,
with V2G largely switched off for the tightest threshold setting where the ramp range is between 235 V
and 240 V.
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5.4 Locally optimised thresholds

Results shown above use a common volt-watt threshold for all customers. This section considers an
alternative approach where the optimal threshold range, selected from the ranges described in
section 5.3, is determined separately for all the customers at each substation or on each LV feeder.
This introduces a dynamic response to the headroom as it is assumed that this threshold would be
selected on the basis of voltages and aggregated demand derived from previous smart meter data.

The optimisation method considers results with each of the 5 V threshold ranges shown in section 5.3
and excludes thresholds where either the maximum voltage after controls have been applied is above
253V, or the cable utilisation is greater than unity. The selected threshold range is that highest range
that will avoid the voltage and thermal constraints, while maximising the mean exported power from
V2G. If no threshold is found to be valid, in effect where there is already no headroom, a default
lowest threshold setting of 240 V to 245 V is used.

This process aims to find the minimum possible constraint to the total export power from each of the
LV feeders at the substation, such that the maximum voltage and maximum cable utilisation on each
feeder remain within voltage and thermal limits.

Where results are calculated per feeder, the threshold is selected only on the basis of the relevant
feeder. Results for a threshold per substation select the lowest threshold of any feeder. A business-
as-usual implementation would use a similar process for each, but with the group of customers
selected accordingly. While the use of individual thresholds for each feeder would increase the
complexity of the process in terms of the data handling, the requirement for smart meter data
collection would be similar in both cases. An initial selection could determine which customers
experience the greatest voltage rises or drops, such that only those meters would need to be included
in the ongoing smart meter data collection.

Results for thresholds customised for each substation or each feeder are shown in Figure 41 to
Figure 45. The maximum voltages for volt-watt control shown in Figure 41 are no higher than with the
existing smart meter data where this is already above the limit, but can be higher where there is
headroom available. With the default option of thresholds between 240 V and 245 V, there is virtually
no increase in voltages above the existing baseline. With volt-watt-var control the maximum voltages
can be lower than the existing baseline due to the reductions provided by the imported reactive
power.

Figure 42 shows that the probability of over-voltages occurring is similar in all cases, although a very
few customers would still not avoid having voltages over the upper limit. The probability of over-
voltage shown here is very low because due to the threshold selection process which attempts to
avoid any over-voltage occurring, other than those that cannot be avoided due to the voltage
variations in the existing smart meter data.

The maximum cable utilisation with volt-watt control in Figure 43 is mostly within limits but there are a
few feeders where overloads would occur with any of the volt-watt control methods, and this likelihood
is increased relative to the baseline case. For these feeders, an even lower default threshold range
would be needed in order to ensure that the current remains within limits, even though there may be
no concerns with the voltage. With volt-watt-var control, the additional currents due to the
consumption of reactive power increase the maximum cable utilisation.

This is also reflected in the probability of over-loads shown in Figure 44, where there is a very low risk
using volt-watt control, but a certainty of over-loads with volt-watt-var control for around 5% of
feeders, in the event that all V2G installations export at the same time. As above, the very low
probabilities for volt-watt control are due to the threshold selection where over-loads are avoided
other than where they already occur in the existing smart meter data.
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The use of locally customised thresholds allows the mean export power from V2G to be increased, as
shown in Figure 45. There is no trace here for the existing baseline case, for which there are no
exports, but the more granular customisation to feeder level allows for a greater export than with
customisation to substation level.

These plots all show curves relative to the arbitrarily selected default of a thresholds between 240 V
and 245 V. Compared to this default, the local customisation allows for a significant increase in the
mean export power, with the consequence that the maximum voltages and currents increase closer to
their limits, making the best use of the available headroom.

A less conservative default could have been assumed, in which case the relative gains in export
power would have been less. It may be difficult to impose a default standard, adopted by all V2G
installations, where the export power is reduced to zero for a voltage of 245 V or above, especially as
this is well below the permitted upper limit of 253 V. However, raising this default, for example to
progressively reduce export power between 250 V and 255 V, would allow the risk of over-voltages or
over-loads to remain.
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Figure 41: Maximum voltages with V2G exports using locally customised thresholds
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A practical implementation of this method would require a means of determining which thresholds to
use for each feeder. This might operate based on experience of historical smart meter data.

It would be convenient if the maximum voltage in the absence of V2G export events could be used to
indicate which thresholds should be set for each feeder. Possibly a lower threshold would be required
where the voltages are otherwise higher.

Figure 46 shows the threshold settings for each feeder, plotted against maximum voltage for the
baseline scenario. The y-axis value shows the mid-point of the ramp range, so for example control
thresholds between 250 V and 255 V will have a mid-point of 252.5 V.

Unfortunately, there is no discernible pattern to the optimum threshold settings, although no feeders
with a high voltage in the absence of V2G are assigned the higher threshold settings. Where the
baseline voltage is lower, the optimum threshold settings could have any of three ranges, and the
lower threshold range of 240 V to 245 V could be required for feeders with maximum voltages ranging
from 245 V up to 260 V. However, the plot confirms that the higher threshold settings are always
selected where the maximum baseline voltage is within the permitted limit.

Similarly, the maximum current loading for the existing baseline case is also unhelpful in determining
the thresholds required, as shown in Figure 47 where the lowest threshold may be needed for feeders
ranging from near zero loading to full utilisation of the rated capacity.

Figure 48 shows the equivalent case where the threshold settings are plotted against the V2G voltage
with no controls applied. Intuitively this seems a more appropriate voltage to use for a threshold
selection algorithm as it relates more directly to the extent to which controlled constraints are needed.
However, this raises a practical difficulty that the feeder would need to be operated for some period
without V2G constrained, potentially exceeding the voltage and thermal limits, in order for the
optimisation algorithm to learn the appropriate voltage range and therefore to determine the settings.
The mode of operation would likely be unacceptable.

Regardless of this practical issue, neither the baseline voltages with no V2G, or the voltages with V2G
active and uncontrolled seem to suggest an obvious relationship with the optimum thresholds, and so
it would be necessary for the control system to adopt thresholds and then adjust them periodically if
the voltages or currents are found to be too high or exports are constrained unnecessarily.
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Figure 46: Feeder threshold selections for volt-watt control relative to baseline maximum voltage
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Figure 47: Feeder threshold selections for volt-watt control relative to baseline maximum loading
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Figure 48: Feeder threshold selections for volt-watt control relative to V2G maximum voltage

5.5 Time-gated thresholds

The previous sections have demonstrated that thresholds for volt-watt control may need to be set
significantly below the upper voltage limit to ensure that V2G does not cause either voltage or current
limits to be exceeded. There is a risk that the use of these thresholds will unnecessarily constrain
export powers if they are applied in time periods when the V2G would not have caused limits to be
exceeded even without controls.

This section considers whether the mean export power could be increased if the volt-watt control is
selectively enabled only in time periods when necessary.

An idealised implementation could be modelled by assuming that V2G could operate without controls
for any half-hour in which the voltage and current limits are not exceeded. In half-hours where either
of the limits are exceeded, a default threshold could be applied using settings that are common to all
V2G installations.

This approach models an upper bound on the improvement in mean export capacity relative to the
use of the default threshold for all time periods, where the thresholds are enabled individually for each
half-hour period. A practical implementation would require a real-time communication system so that
every V2G installation would be aware of the voltages and aggregated current elsewhere on the
feeder. This model is therefore not achievable in practice using smart meter data that is collected
retrospectively, but the results provide a useful upper bound on the increase in export power that
could be obtained.

Results for this idealised approach are formed by combining results for V2G with no controls with
results for V2G with a threshold applied. For each individual half-hour period, the results for V2G with
no control are selected if this would not cause limits to be exceeded. Otherwise, the results for V2G
with the volt-watt control are selected.

A more practical approach could use previous smart meter data to select half-hour periods in the day
when voltage or current limits have not previously been exceeded. The selected half-hours would
need to be reviewed periodically, and there is also a risk that half-hour periods could be excluded
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even though the feeder would remain within limits on most days. This approach could be applied
either for each LV feeder, or for all the LV feeders at a substation.

This approach is modelled here assuming perfect foresight of the half-hours when limits might be
exceeded. Results for this approach are formed in the same way as for the idealised method
described above, but with the selection being applied for each of the 48 half-hour periods in a day.
V2G with volt-watt control is selected if limits are exceeded for the half-hour period on any day within
the simulation time-series.

The mean export powers for results with time-gated thresholds are shown in Figure 49, where the
default case uses volt-watt control with thresholds applied continuously. By definition, the probability
of over-voltages or current over-loads is the same with time-gated thresholds as in the default case,
since the thresholds are always applied if limits are exceeded.

The plot shows that there is a benefit of increased export power if volt-watt control is only enabled in
time periods when it is required. The benefit is less for higher thresholds which apply less of a
constraint, but would allow a greater risk of voltage or current limits being exceeded. For a default
threshold range of 240 V to 245 V, there is an increase in the mean export power per customer of
around 200 W if the time periods are selected on the basis of individual feeders, and an increase of
around 100W if the time periods are selected over all the customers at a substation.

Mean export power

mm Default

e Substation
[
[

3.0 1
Feeder
Idealised

25 4

2.0 4

Power, KW

15 1

10 1

05

00 -

235 240 240 245 245 250 250 255 255 260

Figure 49: Mean V2G export power with time-gated threshold
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6. Conclusions

Results from power-flow simulations are presented where smart meter data has been combined with
the possible future demands from V2G exports to model the expected voltage rise, thermal loading
and constraints to exported power. The smart meter data is used to provide a baseline representing
the existing demand and the V2G demand is added to this by superposition.

We believe that these are novel techniques and that this may be the first time that smart meter data
has been integrated into power-flow analysis within NGED.

This report extends previous work in Work Package 2 D2, using a longer periods of smart meter data
so that results are more representative and include demand variations over the summer season when
solar PV generation will be higher, and heating demand will be lower, so that there is a greater risk of
voltage rise that may limit the headroom for V2G exports.

In preparation for this modelling the report has first examined the impact of the existing demand in
terms of customer voltages and thermal loading. This work finds that there are many instances where
measured voltages fall outside the permitted ranges, but that these are very infrequent events and
possibly due to faults or maintenance work. However, there are a few feeders where voltages exceed
the upper limit of 253 V more persistently. On 1% of feeders, voltages are above the upper limit for
50% of time samples, and around 3% of feeders are out of range for 10% of the time. Low voltages
also occur but it is less common to find persistent under-voltages than over-voltages. There are
around 1% of feeders that have a minimum voltage below the limit for 1% of time.

Most feeders have thermal capacity available, with the majority of feeders having an aggregated
demand that represents no greater than 70% utilisation relative to the ratings of mains cables in the
first branch out from the substation. This headroom is available for future LCT growth, and for V2G
operation. The most likely concern for V2G operation would be any synchronised re-charging after an
export event, where the imports would combine with the existing demand. Exports would likely offset
the exiting demand, such that the headroom would be greater than the capacity implied by the cable
rating. However, there is also the possibility that recharging will occur when there is already a net
export, and therefore less capacity available.

V2G operation without any additional control can have a significant impact on voltage ranges and
thermal loading. Assuming a worst-case where all V2G customers export at the same time, around
70% of feeders would exceed the upper voltage limit, with many being significantly above this. Over
20% of feeders would exceed 100% cable utilisation relative to the rated capacities of the branches
directly connected to the substation.

The corresponding recharging is also a concern. If this were equally coordinated with all V2G
installations charging at the same time, nearly 40% of feeders would have voltages below the lower
limit. There would also be over 40% of feeders exceeding 100% utilisation. Thermal loading is a
greater concern for the recharging than for the V2G exports as the imports can use the full 7 kW rated
capacity of the inverter rather than the permitted export power of 3.7 kW.

The modelling then considers the impact of volt-watt and volt-var control algorithms, and volt-watt-var
where both techniques are combined. Initially the models consider fixed threshold settings, as they
would be with a standardised factory configuration deployed to all customers.

Volt-watt and volt-watt-var control are both effective in ensuring that voltage rise does not exceed
limits. Volt-var also reduces voltages, but many feeders still have significant over-voltages.

Volt-watt control is also effective for managing thermal loading, but both the volt-var and volt-watt-var
methods increase currents due to the additional reactive power. Volt-var when used alone increases
thermal loading more than with uncontrolled V2G.
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However, the improvements through volt-watt and volt-watt-var control are achieved at the expense of
constraining the export power. Approximately 20% of feeders would have mean export power reduced
by 1.5 kW or more. The additional reactive power in volt-watt-var control allows this reduction to be
slightly reduced, although the risk of thermal overloads would increase.

The results also demonstrate an unfairness in the constraints between customers on the same
feeder. Intuitively it would be expected that customers at the ends of feeders are constrained more.
The results have shown this effect, but a slightly more notable inequality is that customers near to the
substation are constrained much less. The exports from those at the ends of feeders are reduced only
slightly more than for the average customer.

Variations in the fixed threshold settings for volt-watt and volt-watt-var control can be used to increase
the confidence that feeders will remain within voltage and thermal loading limits. Clearly this improves
the V2G operation from the network perspective but reduces the total exports that can be achieved
from V2G, therefore offering less benefit for balancing power on the wider electricity system.

A more targeted approach where threshold settings are individually selected for each substation
allows feeders to operate closer to their headroom limits and so increases the scope for power
exports. The customised thresholds can be selected such that the cable utilisation remains below
100% and so that the maximum voltages do not exceed the available headroom.

Selection of customised thresholds for each substation allows significantly lower export power
constraints than the use of a fixed threshold range that would have given similar confidence that the
maximum voltage would not be exceeded.

This approach can be extended to a finer spatial resolution by defining a customised limit for each LV
feeder. This gives a further increase in the total export power. Work so far has not identified any
simple approach that might be used to determine the optimal threshold for each feeder, for example
by considering how this optimal threshold varies with the maximum voltages in the baseline case or
with uncontrolled V2G. More likely, the selection of thresholds would need to follow an iterative
approach with ongoing monitoring of the smart meter voltage data and then thresholds being reduced
as the uptake of V2G, or the frequency of exports, increase over time.

An alternative approach to customising the control thresholds could selectively enable the V2G
control techniques according to the time of day. At times when voltage or thermal constraints are
unlikely to be exceeded, V2G could operate without any controls, but with the controls being enabled
when necessary. This might, for example, require V2G control during the middle of the day when
solar PV exports are higher and demand is lower, but allow controls to be disabled in the evening
when demand is higher and voltages are lower.

The benefits of this approach are relatively low, giving an increase in the mean export power per
customer of around 200 W if the time periods are selected on the basis of individual feeders.
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