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1. Executive summary
The UK’s net-zero transition will require greater electrification of heating and transport. This will
significantly increase electricity usage to supply the extra demand, requiring both more generation
capacity and more network capacity to deliver energy to where it is needed. While the additional
needs are well studied for normal operations, it is exceptional situations that drive requirements.
This project investigated one situation that may give rise to upper limits on demand: the aftereffects of a prolonged outage (“Cold Start”). When the power is restored, heating systems and
Electric Vehicle (EV) chargers will activate in abnormal numbers to make up the heat lost and
charge used by households during the outage, on top of the usage of other appliances. The
combined effect will be a temporary supernormal peak (cold load pick-up) in demand, which could
impact conductors and transformers in the electricity distribution network – with effects depending
on the scale and duration of the peak.
To investigate this potential issue, UK Power Networks and Energy Systems Catapult collaborated
under UKPN’s Network Innovation Allowance (NIA) to use simulation to understand the behaviour
of domestic electricity consumers and a distribution network supplying them under Cold Start
conditions, in future scenarios for 2030 with greater electrification of heating and transport. The
simulations represented a real-world 11kV feeder, the “Dales Court Teed” feeder supplied from
Highfield Primary in Ipswich, and included dynamic modelling of demand and load-flow analysis of
both the 11kV feeder and synthesised Low Voltage (LV) networks based on generic templates. This
feeder was selected for the analysis as it was considered representative of other feeders in the
UKPN EPN network, but generalisability to other networks was not directly investigated. Low
Carbon Technology (LCT) uptake values for 2030 were taken from UKPN’s Distribution Future
Energy Scenarios 2020 (DFES). (It should be noted that the LCT uptake scenarios used did not
reflect the UK Government’s “Ten Point Plan for a Green Industrial Revolution”, published in
November 2020, which would be expected to accelerate the adoption of LCTs. The future scenarios
also only consider 2030 levels of LCT uptake – other years were not modelled.) The key findings of
the project included:
•
•
•
•

•
•
•
•

The peak demand after outages can be more than double the no-outage value, both at the level of the
whole network and in terms of per-customer demand, when considering 2030 levels of LCT uptake.
Following a 24hr power outage, the longest duration outage that was studied, peak demand can last for
up to 3hrs and power flows can take up to 10 hours to return to baseline levels.
Even for the shorter outages studied (8 hrs) peak demand increased by almost 75%.
Compared to the present day, After Diversity Maximum Demand (ADMD) values were 25% higher in the
2030 no-outage case, but increased further after the power outage by almost 100% to over 4kW per
consumer.
Outage duration was seen to have the most significant impact on peak demand following the outage.
LCT uptake scenario choice and restoration time/day had an observable but less significant impact.
LV feeder segments can experience up to 50% overloading, even for the 8hr outage. However, only a
small minority of these overloading events lasted longer than 20 minutes.
Possible approaches to mitigate Cold Start effects include operational policies, network controls,
demand-side flexibility and conventional reinforcement.
Re-energising the full network after Cold Start could cause protection relay or fuse tripping, but this was
not studied.

These findings suggest that network operators should take steps to ready their networks for Cold
Start events in the 2030 horizon or sooner:
•

Identify network regions with high risk of adverse effects from CLPU. These could include areas at high
risk of prolonged outage and/or areas with high volumes of expected LCT uptake.
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•
•
•

Analyse costs and benefits of management measures for high-risk areas to identify candidates for
deployment.
Explore novel mitigation methods based on in-home appliance flexibility.
Further develop policies, procedures, and standards from detailed results from the modelling, in
particular updating design standards for new networks to accommodate Cold Start events.

Our particular recommendation here is to work towards including targeted network investment
plans in RIIO-ED2 Smart Plan development.
While not the subject of this project, the results also have implications for forecasting demand in a
Black Start situation. Methods developed during the project could be further expanded to support
these steps, for example by further investigating LCT uptake levels at which different networks
require reinforcement, in order to ensure robustness of electricity networks to a net-zero future.
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2. Glossary of terms
Term

Abbreviation

Definition

After Diversity Maximum Demand

ADMD

A measure of maximum instantaneous electrical power
demand per customer, taking into consideration the fact
that different customers normally behave differently and
so their peak demands will not coincide in time. Therefore,
the definition of ADMD for a certain set of customers is
the maximum of the combined demand of all customers in
the set, divided by the number of customers in the set.

Air Source Heat Pump

ASHP

A heating appliance that uses a vapour-compression
refrigeration cycle to extract heat from ambient air at a low
temperature and emit it at a higher temperature for
heating purposes.

Air to Air Air Source Heat Pump

ATA-ASHP

An ASHP which emits heat directly to interior air in a
building.

Air to Water Air Source Heat Pump

ATW-ASHP

An ASHP which emits heat to a flow of water, which may
be used either for space heating via wet radiators or for
provision of hot water (normally indirectly by heating
water in a tank).

Background demand/load

-

Electricity demand from domestic consumers that does not
constitute space/water heating (excluding point-of-use
water heating) or EV charging. Examples of background
load would be use of common domestic appliances
(kettles, televisions etc.), electric ovens for cooking or
electric showers.

Black Start

-

The process of recovery from an outage affecting an entire
electricity network, involving the sequential
reconnection/reactivation of generation and demand,
maintaining operation within safe limits at all times, until
all parties are back on supply.

Business As Usual

BAU

Day-to-day operations.

Cold Load Pickup

CLPU

The phenomenon where, when an electrical circuit is
reenergised after an outage, the load/demand on the
circuit is higher than would have been expected under
normal circumstances. This is due to numerous effects
operating over different timescales, from milliseconds to
hours; this project explored some of the possible causes.

Cold Load Pickup Duration

CLPUd

A parameter used in the simulation, to represent the CLPU
effect on background demand. This parameter defines the
duration of the temporary peak in demand.

Cold Load Pickup Peak

CLPUp

A parameter used in the simulation, to represent the CLPU
effect on background demand. This parameter defines the
magnitude of the temporary peak in demand.

-

The focus of this project - the process of recovery from a
prolonged outage affecting a segment of the electrical
distribution network during which the wider electricity
system has remained operational. Outages of interest are
those where the duration is long enough to cause
substantial CLPU effects for electrical appliances over a
timescale of hours.

Cold Start
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Term
Cost Benefit Analysis

Deliverable

Abbreviation
CBA

D

Definition
An assessment of different options, taking into account the
(potentially weighted) costs and benefits (financial or
otherwise).
An artefact (report or presentation) completed over the
course of this project and delivered to UKPN.

Dales Court Teed

DCT

An 11kV feeder supplied from Highfield primary substation
in Ipswich, used as the scope of the simulation for this
project.

Distributed Energy Resources

DER

Electrical generation or storage devices connected to the
distribution network.

Distribution Future Energy Scenarios

DFES

A set of scenarios describing future composition of the
energy system, developed by a DNO. In this report the
term will mean specifically the DFES developed by UKPN.

Distribution Network Operator

DNO

An entity that owns and manages a section of the electrical
distribution network in the UK.

Distribution substation

-

An electrical substation that steps-down 11kV to LV.

Distribution System Operator

DSO

An entity that operates a section of the electrical
distribution network in the UK, with additional
responsibilities beyond a DNO in terms of short-timescale
management of supply and demand within their network.

Energy Networks Association

ENA

The organisation representing the views of DNOs and
other electricity and gas network operators in the UK and
Ireland.

Eastern Power Network

EPN

One of the three licence areas operated by UKPN, covering
primarily the east of England.
In this report, a vehicle for personal transportation whose
onboard stored energy source is solely electrical.

Electric Vehicle

EV

Energy Systems Catapult Limited

ESC

EnergyPath® Operations

EPO

A simulation tool developed by ESC, focusing on
operational-timescale modelling of whole energy systems
linking physical, digital and business domains across the
value chain.

High Voltage

HV

Electricity supplied at 11kV line-to-line.

Low Carbon Technology

LCT

An umbrella term covering technologies that replace
greenhouse-gas-emitting devices with alternatives that
reduce emissions of greenhouse gases. Specifically, in this
report LCT is used to refer to EVs and electrified heating
systems.

LSOA

A system of geographical subdivisions of the UK defined
by the Office for National Statistics, identified by a code
number (e.g. E01030001), defined to contain 1,000-3,000
people.

Lower layer Super Output Area

Low Voltage

LV

Electricity supplied at 400V line-to-line (230V line-toneutral), the usual supply for domestic properties.

Network Innovation Allowance

NIA

A funding source for network innovation projects in the
UK, defined by the RIIO price-control process,
administered by individual RIIO network licensees.
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Term
Network Innovation Competition

Abbreviation
NIC

Definition
A funding source for network innovation projects in the
UK, defined by the RIIO price-control process,
administered by Ofgem.

Metering Point Administration
Number

MPAN

A unique identifier for an electricity meter.

Plug-in Hybrid Electric Vehicle

PHEV

A vehicle including both an electric powertrain, powered
from a small onboard battery, and a combustion-engine
powertrain; the two powertrains can be used separately or
together to propel the vehicle. The battery can be
recharged both from the combustion engine and from
connection to an offboard electricity supply.

Primary substation

-

An electrical substation that steps-down 33kV to 11kV.

Revenue = Incentives + Innovation +
Outputs

RIIO

The current framework for regulatory price controls for
network companies in the UK.

State of Charge

SoC

The electrical energy stored in a battery as a percentage of
its maximum capacity.

UK Power Networks (Operations)
Limited
Voltage unbalance

UKPN
-

In a three-phase electrical network, a measure of the
difference between the (peak) voltages of each electrical
phase at a specific point in the network. Voltage unbalance
is typically caused by different power demand on different
phases, and high levels of unbalance can cause damage to
devices connected to the network.
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3. Project overview
This report describes work carried out in the project “Cold Start”, with the following aim:
‘To study issues associated with restoring electrical power to a distribution network
segment, after an extended power outage under severe weather during which the wider
Great British (GB) electricity system has remained operational (“Cold Start”), in a future
world where significant proportions of domestic heating & transport are electrified.’

The motivation behind the project is that a key part of the United Kingdom’s strategy for
transitioning to a net-zero energy system involves increased electrification of both domestic
heating and personal mobility. This trend will increase electricity flows on the distribution network
under normal conditions; however, there is the potential for a more significant effect on power
flows during the immediate aftermath of a prolonged localised power outage, due to the
characteristics of both heating and transport demand, in the form of increased Cold Load Pickup
(CLPU). During the outage houses will cool down, and will require more power to reheat once the
outage ends compared with the power that would have been required to maintain temperature.
Likewise, for a multi-hour outage EVs may continue to be used during the outage and so are more
likely to require charging once power is restored. Both of these effects will lead to elevated levels
of demand for a limited period of time as the situation returns to normal. This elevated demand
has the potential to affect adversely the operation of the distribution network supplying the area of
the outage: increased power flows may pull down voltages, cause network assets (both conductors
and transformers) to overheat and in extreme cases may cause protection systems to operate, as
well as causing unbalance between phase voltages due to the uneven split of LCTs between
electrical phases.
A related but distinct problem is termed Black Start: the reenergising of an entire electricity system
after a complete power outage. The major concerns here are the limited ability of generators to
restart operations without an available supply, and the need to connect generation and demand
sequentially in order to maintain stable system operation at every step; however, the results from
this project may be relevant to understanding the dynamics of the domestic component of
electricity demand after a nationwide outage.
In this project we sought to explore the extent of the potential problem due to future Cold Start
events, using simulation to allow us to represent higher levels of LCT uptake than occur in today’s
world and to apply different multi-hour fault scenarios to a large set of consumers. From the
outputs of the simulation we have recorded and analysed the dynamics of the temporary demand
increases due to the event, and the resulting impacts on the network in terms of voltages and
power flows (relative to stated power capacity of network assets), under a number of scenarios in
order to investigate the effect of a number of variables on the outcome (outage duration, time of
day/day of week and level of LCT uptake). This project forms part of a wider programme within
UKPN to equip their networks to be robust to future demand scenarios, considering the scale of
the problem associated with future Cold Start, the circumstances that may lead to particularly
significant issues, and the most appropriate approaches to manage such events including
traditional network reinforcement and smart control systems.
UKPN summarised the approach of the project with the following three objectives:
‘Objective 1: Simulate loads on electricity system in a future “Cold Start” scenario with
greater electrification of heat and transport.
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‘Objective 2: Derive insights from model data regarding future electricity system (e.g. new
ADMD values and potential resulting impact on design standards).
‘Objective 3: Create recommendations on integrating findings into UKPN’s BAU processes.’

In order to carry out the project, we used an innovative simulation environment: ESC’s
EnergyPath® Operations tool (EPO). EPO integrates dynamic models of the behaviour of energy
assets and appliances with full-featured network analysis via load-flow, enabling it to represent the
physical impacts of fault conditions under different scenarios. Within EPO, ESC constructed a model
of a portion of a real electricity distribution network within UKPN’s Eastern Power Network: the
Dales Court Teed 11kV feeder, an example of a typical 11kV feeder in EPN, which is supplied from
Highfield primary substation in Ipswich (Figure 1 shows the area where the feeder is located). The
electrical network model was built from a combination of real 11kV network construction
information and generic LV network designs, and included 1,704 simulated domestic electricity
customers. Onto this network model we applied forecasts of future levels of heating and transport
electrification drawn from UKPN’s 2020 Distribution Future Energy Scenarios1 (DFES); uptake levels
for 2030 were chosen, to represent a broadly plausible level of LCT uptake that might coexist with
present-day network construction without further reinforcement. This model provided a platform
to explore a number of different outage scenarios, in order to understand the range of possible
effects resulting from Cold Start events.

Figure 1: The approximate geographical path of the Dales Court Teed 11kV feeder, shown in red. The feeder is supplied from
Highfield primary substation. (Map © OpenStreetMap contributors. Base map and data from OpenStreetMap and
OpenStreetMap Foundation. Data available under the Open Database License, https://www.openstreetmap.org/copyright.)

UK Power Networks. “Distribution Future Energy Scenarios,” February 2020.
https://innovation.ukpowernetworks.co.uk/2020/02/06/distribution-future-energy-scenarios/.
1
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4. Key findings
Cold Start in 2030 leads to significant peaks in demand

Capacity of feeder head segment

24hr outage

Figure 2: Total demand across all consumers connected to the simulated 11kV feeder (Dales Court Teed) following a 24hr
power outage with 2030 “Engaged Society” LCT uptake, and corresponding baseline cases for 2030 and 2020 levels of LCT
uptake. The dotted line indicates the capacity (in MVA) of the segment of the 11kV feeder closest to its primary substation.

The results of the simulations indicate that the network experiences a significant peak in demand
following a power outage. The peak is attributed to the considerable decrease in diversity of
consumer demand following the power outage, i.e. CLPU (as described in section 3) – affecting
background load, electrified heating, and recharging of EVs.
Figure 2 illustrates demand with 2030 DFES “Engaged Society” levels of Low Carbon Technology
(LCT) uptake, following a 24 hour outage, with power being restored during a weekday morning
peak timeslot. The peak demand (6.3 MW) is around 2.3x higher than the corresponding baseline
case (the same scenario, but with no outage), meaning that power dissipation in network assets
would increase to more than five times the peak normal load; as indicated, this peak is also slightly
higher than the capacity of the head feeder segment, closest to the primary substation (6.1MVA).
The 2030 CLPU peak is also around 3x higher than the maximum no-outage demand for present
day (2020) levels of LCT uptake. For comparison, the simulated CLPU peak demand with 2020 LCT
uptake levels (not shown in Figure 2) following a 24-hour outage is around 4.9 MW – meaning that
the 2030 peak represents an increase of almost 30%. Present day values described are from
simulation, but align with contemporary real data provided by UKPN as discussed in section 7.1.4.
The initial peak demand lasts for 2 to 3 hours, with demand remaining considerably higher than the
baseline for up to 8 hours following power restoration. The effect on assets is discussed in Section
Page 8
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4.2. After 8 hours, demand begins to return to pre-outage levels, and can be seen to be back to
“normal” 24 hours after the power is restored. Section 7.2.1 will quantify these ‘return to normal’
values.

Peak demand prior to outage

24hr outage
Figure 3: Components of real power demand preceding and following a 24hr power outage, in 2030 in the Engaged Society
DFES scenario.

Whereas Figure 2 illustrated the peak relative to the corresponding baseline, Figure 3 represents
the three components of domestic electricity demand: heating (both space heating and hot water),
EV charging, and background load covering all other appliances.
Figure 3 shows the split of the real power demand immediately before and following the 24hroutage run. The dashed line indicates the peak total demand prior to the outage (2.7 MW), which is
comparable to the peak in the “background load” after the outage (2.8 MW) with the balance of
the peak in total post-outage demand (6.3 MW) comprising 2.5 MW of heating demand (40% of
total) and 1.1 MW of EV charging (17% of total). These latter two components of demand have
inherent scope for flexibility in terms of their associated dynamics and, to some degree, the
capabilities of the appliances.
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Figure 4: ADMD per consumer following a 24hr power outage, ending at 7am on a Friday with 2030 DFES “Engaged Society”
LCT uptake levels, and corresponding baseline cases for no outage (2030) and no outage (2020).

Bringing the results down to the level of individual consumers, the effects of an increase in
electrification of heat and transport between 2020 and 2030 (DFES “Engaged Society”) are shown in
Figure 4. We must consider that the ADMD values represent the mean values for large numbers of
consumers. As the number of houses increases, the curves can be seen to tend towards a value.
The error bars on Figure 4 represent the 95% confidence interval of this value.
For large numbers of consumers (100 or greater) the ADMD value per consumer increases by 25%
from 1.6kW for the present day, to 2kW, for the 2030 baseline case. More significantly, the effect of
the 24hr power outage can be seen to increase the ADMD by more than 100% compared to the
2030 baseline, to over 4kW per consumer. It can be observed that even the lower error bounds
have ADMD increasing by around 60% following the power outage. It is worth noting that this
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impact on ADMD might occur sooner than 2030, as a result of the Government’s “Ten Point Plan
for a Green Industrial Revolution” published November 20202.
.

Figure 5: Representative network demand following outages of different durations. The distinctive ‘spikes’ that occur at
approximately 16 hours and 24 hours are caused by storage heaters operating on an ‘Economy 7’ style tariff. Note that 16
hours after power restoration in this scenario corresponds to 11pm which is the ‘switch on’ time for the storage heaters.

The simulation results show the effects of different scenario variables on the network demand
following a power outage. The peak demand following power outages of different lengths, as well
as a baseline (no outage) scenario is illustrated in Figure 5.
The results show the peak demand following the outage increasing as the outage duration
increases. Interestingly the times taken for the demand levels to return to normal appear to be less
affected by the duration of the power outage.
Outage duration has been identified as the main factor in determining the peak demand following
the outage. Other factors that were analysed during the simulations such as the DFES scenario,
representing different levels of LCT uptake, and the time and day of the week of power restoration
HM Government, “The Ten Point Plan for a Green Industrial Revolution”:
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/936567/1
0_POINT_PLAN_BOOKLET.pdf
2
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had an observable, but less significant impact. These results are discussed in more detail in section
7.2.2.

Today’s networks would experience problems with 2030 levels of LCTs, even for
an 8hr outage
Although Cold Start events are well understood within network companies, the increased uptake of
LCTs poses new challenges which require a better understanding of extended outages causing
Cold Start events to improve network management.

Figure 6: Histogram of maximum segment loading of the LV feeders in 2030 in the Engaged Society DFES scenario.

The increased demand due to increased electrification in the future world leads to increased
loading on network assets, as shown in Figure 6 for LV feeder segments in the Engaged Society
DFES in 2030. For the baseline case (in orange) feeder loading with the 2030 demand shows some
segments loaded to 80-100% which require mitigation even without Cold Start considerations.
However, because of the “Ten Point Plan”2 this impact might happen sooner than 2030. On the
other hand, the loading after an 8hr outage finishing at 7:00am on Friday (in blue) shows that the
additional demand following the Cold Start event results in the segments’ loading crossing the
100% limit (for 3.2% of segments, which is 39 out of 1210 LV segments) compared to 75% nominal
loading for the baseline without an outage.
The results show that the peak demand following the outage pushes the segment loading beyond
thermal limits up to 50% overload. Interestingly, most of these overloads are short-lived with high
magnitude overloading (beyond 20%) sustained only for less than 20 mins after the outage. This
suggests the relevance of using dynamic asset ratings to provide more headroom for the segments
after a Cold Start event, which will be discussed in Section 4.4.
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-10% limit

-6% limit

Figure 7: Histogram of minimum voltage per LV node/busbar for a 2030 Engaged Society DFES scenario.

With the increase in the loading following a Cold Start event, voltage excursions will occur in
different sections of the network. Figure 7 shows a histogram of minimum voltages for each node
in the LV networks, for an 8hr outage as above. The additional demand following the Cold Start
event results in almost a quarter of busbars (24%, 292 out of 1239) violating a voltage limit of 6%
under the nominal (374V) set by the UK distribution standards3, compared to a negligible
proportion in the baseline simulation without an outage.
While the regulatory lower limit for voltage is -6% (374V) under non-fault conditions, previous
UKPN innovation projects considering high LCT uptake4 have assumed that a lower limit of -10%
(360V) would represent “actionable” violations that would genuinely contravene limits, whereas
situations that give rise to simulated voltage levels between -6% and -10% of nominal could in
reality be brought back within tolerance through actions such as local switching or load
reallocation. Applying this -10% limit (360V), from Figure 7 for the case of minimum LV voltage
distribution, for an 8 hour outage 1596 out of 1602 LV node voltages (99.62%) are within the limit.
This indicates that the effects of 8hr outages are almost entirely within a range where UKPN have
indicated that the dips can be managed. It is also worth noting that it is generally acceptable to
design to a voltage step change of ±10% after unplanned outages such as faults, with provision for
more extreme voltage excursions for short periods of time (e.g. -13% for 2.5s). The Distribution
Planning and Connection Code makes allowances for these events in section 4 (DPC4)5. Future
revisions to this Code to include post-outage recovery in the categories of faults covered by this

Energy Networks Association, Engineering Recommendation P28 1989, “ Planning limits for voltage
fluctuations caused by industrial, commercial and domestic equipment in the United Kingdom”.
4
UKPN LCL report “Impact of EVs and Heat Pump loads on network demand profile”, 2015
5
“DCODE: The distribution code of Great Britain”, Issue 45, June 2020
3
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limit would substantially avoid voltage excursions following a Cold Start event being classed as
regulatory breaches.
At this point, it should be noted that overloads and low voltages only occur if the protection
system does not trip first following the pick-up of the additional load. Re-energising the full
network after Cold Start could cause protection relay or fuse tripping, since the CLPU current may
be misinterpreted as a fault current (even though the circuit is healthy), meaning more trips and
the customers being without power again. Thus, it is worth highlighting the importance of using
equipment and protective devices that are rated for the increased amount of expected CLPU with
future electrification levels.
Other factors that impact the network, such as the length of the outage, the level of LCT uptake
and the time and day of the week of power restoration, are discussed in more detail in section 7.3.
Overall, our analysis has shown that even an 8hr outage causes significant CLPU effects with severe
impacts on the voltage and segment loading of the LV feeders, breaching steady-state limits (-6%
voltage/100% loading). Although there is a chance of thermal overload during CLPU, the voltage
regulation issues will be the first to occur. For the purpose of the study presented in the report, the
LV loads were modelled as constant power loads. High currents from the increased demand during
CLPU may also cause unintended operation of protection relays and thus repeated disconnection
of customers. This could be managed by targeted protection settings for normal operation and
Cold Start events, although the settings would need careful consideration to ensure their
applicability in managing the existing network assets in a cost-effective way while ensuring
customer supply is maintained.

Local characteristics determine the relative importance of different impacts
Different network performance parameters are affected to varying degrees by Cold Start at
different locations within the network studied. For example, Figure 8 illustrates the demand on four
selected LV networks following a 16hr outage in Engaged Society. The four LV networks in question
were 1R5933 and 1R5926, selected as ‘extreme’ cases – experiencing high levels of loading relative
to capacity after the outage – and 1U2107 and 1U2115 as ‘marginal’ cases, where loading was close
to, but did not exceed the rated values.
Network 1U2107 clearly has the highest demand, due to its larger number of consumers. It also
shows a more distinctive, sustained peak which is attributed to the greater impact of the loss of
diversity present for a higher number of consumers, and could lead to extended impacts on both
voltages and asset temperatures. By contrast, network 1R5926 with only 22 consumers has no
obvious peak immediately after power is restored and experiences a transitory peak demand over
two hours later. This suggests that different management methods might be applicable to
networks exhibiting these two demand patterns, if they breach limits: reinforcement-based
solutions might be the most effective for the sustained peaks shown in 1U2107, whereas flexibilitybased solutions might be a more economical method to mitigate brief issues in 1R5926 (although,
with a small number of consumers, the availability of flexibility might be limited).
Additionally, issues resulting from Cold Start may only affect individual performance parameters
within a network. For example, Figure 9 shows the maximum LV feeder segment loadings in
network 1U2107 following a 12hr outage, which are well below 100% consistent with the fact that
this network was selected as having ‘marginal’ loading. However, Figure 10 shows the network
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experiences a maximum voltage unbalance beyond the EREC P29 limit of 2%6 in a non-negligible
proportion (11.2%) of nodes. This underlines the importance of analysing different aspects of the
network behaviour in response to the cold start event, and taking this into consideration when
proposing mitigation strategies.

Figure 8: Demand on the four selected LV networks, following a 16hr power outage ending at 7:00am in Engaged Society.

100% limit

Figure 9: Histogram of maximum loading of LV feeder segments for 1U2107, following a 12hr outage ending at 7:00am on
Friday in Engaged Society

Energy Networks Association, Engineering Recommendation P29 1990 “Planning limits for Voltage
Unbalances in the United Kingdom”.
6

Page 15

Cold Start Deliverable 3: Final Report

2% limit

Figure 10: Histogram of maximum voltage unbalance in LV network nodes in 1U2107, following a 12hr outage ending at
7:00am in Engaged Society.

Operational polices and demand flexibility may represent novel management
methods
Although the current project did not specifically consider methods to manage the elevated
demand following a Cold Start event, from observations made during our simulations we have
identified potential applicability of two key approaches.
The first method was the use of short-term asset thermal ratings. We understand that, while assets
in UKPN’s distribution network may be assigned time-limited thermal capacity ratings that are
above the steady-state value, these ratings are specified to cover short duration (in
milliseconds/seconds) inrush current due to re-energisation of circuits rather than the sustained
elevated current (for minutes or hours)7 seen in this study. From a protection point of view, the
initial inrush could be managed by choosing appropriate set-points for overcurrent protection
devices such as fuses8 (e.g. allowing an operation up to 145% of the nominal fuse rating for 60
seconds). On the other hand, to manage sustained elevated currents, longer-duration short-term
asset thermal ratings could be used. As stated in Section 4.1 above, in a Cold Start scenario the
elevated demand can persist for 2-3 hours at a high level and 8 hours at a lower level, which are
comparable to the time taken for of certain classes of network assets (specifically underground
cables and transformers) to reach limiting temperatures – particularly after having cooled to
ambient temperature during the outage assets. As a result, a substantial proportion of the
violations of the steady-state thermal limits might in fact be short enough in duration to be
accommodated without leading to failure, and so it is appropriate to consider defining the shortterm overload values that can be applied without issues. An illustrative example is shown in Figure
11, for the case of LV feeder segments: for a nominal boundary (up to 30% overload for up to
10min), for an 8 hour outage 96 out of 107 violations of steady-state loading limits (90% of all
violations) are within the indicated boundary. In practice the allowable excursion properties would
be specific to the construction of each feeder segment (the figure shows violations from all
segment types); likewise the form of the boundary in this example has been chosen as a simple

7
8

Working Group Report, “Cold Load Pickup Issues”, IEEE Power and Energy Society,1994
LCNF closedown report, “Low voltage protection and communication”, Electricity North West, June 2015
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maximum time/maximum loading boundary, but in general the true thermal boundary will not be
rectangular (higher overloads will be tolerable for short durations).

Figure 11: Duration vs maximum loading for loading violations on LV feeder segments, showing an illustrative short-term
thermal rating envelope (up to 30% overload for up to 10min). 96 out of 107 total violations (90%) fall within the indicated
boundary.

It is worth noting that our approach has only considered 2030 levels of LCT uptake. Further into the
future, LCT uptake is expected to increase further and so Cold Start effects on loading are likely to
become more severe. We have not quantified such effects, but notwithstanding we suggest that
dynamic ratings may be applicable for deferring investment until more clarity exists regarding
decarbonisation pathways for heating and transport put forward by the UK Government’s ”Ten
Point Plan”2.
The second approach with apparent potential is the exploitation of demand flexibility. As illustrated
in Figure 3, pre-outage maximum demand was approximately comparable with the peak in
“background load” following the outage, with the contributions from transport and heating
representing demand classes with inherent flexibility. Since thermal, voltage level and voltage
unbalance issues on the network are all ultimately caused by heightened demand, in general terms
managing flexible demand appropriately can contribute to avoiding issues that would otherwise be
caused by CLPU effects. Therefore, assuming the distribution network is sized to accommodate a
steady-state load of (at least) the pre-outage peak, there is a potential that almost the entire
background load component could be brought back immediately after the outage without any
constraint, while management of the heating and EV charging loads could maintain the overall
demand within a safe level for the network. (However, there may be limits to the ability to avoid
issues depending on the connection points of flexible demand within a network – for example, it is
feasible in 2030 for a short LV feeder to host no EVs or electrified heating, meaning that no
flexibility would be available to manage voltage issues at the tip of that feeder.) The degree to
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which this management could be achieved is naturally dependent on the degree to which
physically feasible flexibility is made available, both in technical terms and in terms of commercial
arrangements. A key consideration driving the availability of flexibility is the customer perspective:
flexing appliance demand will delay warm-up of heating systems and recharging of vehicles, which
is obviously not ideal following a long outage, but may be preferable if it allows some electricity
demand to be reenergised rapidly - in contrast to a phased restoration where some customers
might be totally off supply for extended periods after the end of the outage (which might be tens
of hours if it is necessary for batches of customers to return to normal before subsequent batches
are restored).
Additionally, in principle there is potential to manage Cold Start events using a combination of
network reconfiguration devices (e.g. on-load tap changers, remote closable circuit breakers, soft
open points) and conventional reinforcement. These options were not explored in the current
project but should be considered in any Cost-Benefit Analysis (CBA) to determine approaches to be
taken forward in a specific context.
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5. Recommendations for next steps
Applying these results to support Business-as-Usual processes
The results of this project, in terms of the scale of effects from Cold Start events in the 2030
horizon, suggest that network operators should consider the following steps to maximise the
robustness of their networks to such events:
•

•

•

•

Identify network regions with high risk of adverse effects from CLPU by considering the probability
of prolonged outages, the forecast rate of LCT installation within existing asset lifetimes, and the
circumstances of network construction. A risk-based approach allows targeting mitigation effort to the
most vulnerable areas; it is anticipated that areas of new network will be sized to accommodate CLPU
effects, but legacy installations and adopted Independent DNO networks may have limited capacity and
so may be more vulnerable.
Analyse costs and benefits of management measures for high-risk areas to identify candidates for
deployment, covering options including smart network management solutions, use of dynamic ratings,
procurement of flexibility from distributed generation and storage and/or accelerating reinforcements
which are already being planned for. Our particular recommendation here is to work towards including
targeted network investment plans in RIIO-ED2 Smart Plan development.
Explore novel mitigation methods based on in-home appliance flexibility. This should include both
development of propositions that would appeal to consumers, and assessment of the technical
feasibility and level of benefit achieved, to allow for inclusion in CBAs.
Further develop policies, procedures and standards from detailed results from the modelling. These
include design standards for both building new networks and reinforcing existing networks, such as
EREC P5 for LV networks9; planning procedures, linking load growth to reinforcement assessment e.g. via
the ENA notification protocol for heat pumps and EV chargers; and operational procedures such as
future revisions of EREC P2 covering supply restoration times10, section 4 of the Distribution Planning
and Connection Code5 which could be expanded to include post-outage recovery in the categories of
faults covered by the -10% voltage limit, short-term or dynamic asset ratings and corresponding
protection settings, guidelines for flexibility procurement to manage emergency conditions, and voltage
policies (considering the value of creating different voltage design policies for rural and urban networks
due to their differing susceptibilities to Cold Start effects).

A key contribution of this work is providing evidence that Cold Start impacts in 2030 are
significant for outages as short as 8 hours – with the potential for more rapid LCT uptake, as
proposed in the recent “Ten Point Plan”2, to bring forward the time horizon when significant
impacts may be expected and for higher LCT uptake to further reduce the minimum outage length
that causes issues.
While this study used network information from UKPN, we believe that the findings are relevant
to other DNOs since we have used a generic LV modelling approach based on the Transform
Model, developed based on input from all network operators, and since all regions are expected to
see significant levels of LCT uptake in coming years. In particular, the results show the significant
impact of Cold Start on load diversity in areas with near-future levels of LCT uptake. However, rates
of LCT uptake may be different in different areas due to geographical and socioeconomic factors,
and so the time horizon at which effects become significant may also vary across the UK.

Energy Networks Association. “Engineering Recommendation P5 Design Methods for LV Underground
Networks for New Housing Developments,” 2017.
10
Energy Networks Association. “Engineering Recommendation P2 Security of Supply,” August 2019.
http://www.dcode.org.uk/assets/files/Qualifying%20Standards/ENA_EREC_P2_Issue%207_(2019).pdf .
9
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From the perspective of the network’s demand customers, we believe that these results contribute
further evidence that deploying smart appliances, including for electrified transport and
heating, will bring benefits to all customers – in this case, through the potential to avoid or
mitigate secondary loss of power following reenergisation if the EV chargers or electric heating
systems can limit or postpone demand until the network can accommodate their load. The terms
under which such load management takes place should, however, be carefully considered in order
to avoid undue impacts on individual domestic customers, particularly vulnerable customers, and it
is unlikely that all such demand will be shiftable. We envisage that in general postponement of EV
charging will be more acceptable than restricted heating, but any mechanisms should allow
individual domestic customers’ circumstances to be taken into account.
Additionally, although it was not an aim of the project, we recognise that these results could
inform planning for Black Start events – situations where an outage has occurred across the
electricity system, not simply in a localised area as considered here. The key consideration in Black
Start is sequencing restoration of generation and demand to energise the complete system while
maintaining safe and stable operation. We did not consider the generation side in our work, but
results on future CLPU effects would inform the rate at which demand can be reconnected for a
given generation capacity if outages are prolonged.
One caveat is that this project studied only one particular 11kV feeder with representative LV
feeders, meaning that there may be some limitations in terms of wider rollout. However, we
consider that the measures set out above would provide significant value if applied as a business as
usual (BAU) approach. In the long term these steps would contribute to improved awareness of,
and ability to mitigate risks of, adverse outcomes from Cold Start – through new or improved
business processes to manage the new demands, and leading to better consumer experience
(including vulnerable customers) during Cold Start events.

Potential future work
The methods we have developed in this project could form the basis of support for the steps
identified in the previous section – combining information already gathered by the DNO with
additional data sources to allow tailored assessment of network impacts of Cold Start.
One key area would be to simulate a broader range of network structures, both at LV and 11kV,
under different conditions to characterise the sensitivity of network outcomes under Cold Start to
certain key factors e.g. housing stock, LCT uptake and network construction. This information,
combined with forecasts for LCT uptake in future years such as UKPN’s DFES1, would also make it
possible to assess the time horizons under which different networks might require reinforcement.
The effects of changes in network planning policies on Cold Start impacts, and their associated
costs, could also be quantified. In order to do so, it may be appropriate to address some of the key
limitations identified in this work:
•
•
•
•

Aligning simulated consumer numbers with actual consumers served
Refining representative LV network modelling to align with information available to UKPN, including
per-MPAN load curves
Including non-domestic customers in network matching & simulation
Incorporating updated LCT uptake modelling (upcoming DFES 2021) and better representing consumer
characteristics that encourage uptake. In particular, the UK Government’s “Ten Point Plan for a Green
Industrial Revolution”2, published November 2020 while this project was in progress, is likely to
accelerate the adoption of electrified heating and EVs. The uptake levels for 2030 in the DFES 2020
scenarios are therefore likely to be met before that date.
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•
•

Exploiting more recent consumer behaviour data11,12 to improve appliance usage modelling
Simulating protection operation, to show impacts on consumers due to re-tripping after faults,
potentially including the effects of short-term transient phenomena not studied in this project

A further, broader area of future investigation is that of novel methods to manage restoration via
network management devices and/or in-home control. Digitalisation of network operations
enables the possibility of using dynamic network reconfiguration through devices such as
automated on-load tap changers and soft open points to manage demand following an outage,
both through sequential restoration and through sharing capacity between multiple assets. Allied
to this is the potential for smart control over in-home devices, not least the very low-carbon
technologies that contribute the largest share of post-outage demand as discussed in section 4.4 –
but which also may have additional influences on their operation from other factors outside the
network segment in question, such as electricity wholesale market prices. With anticipated
deployment of millions of such appliances in the UK alone in the coming decades, it important to
ensure any requirements for flexibility are included in relevant product standards to maximise the
potential benefit.
Exploration of this area could comprise further Network Innovation Allowance (NIA) and/or
Network Innovation Competition (NIC) submissions, recognising the innovative nature of the tools
and methods that would be used to investigate them. Alternatively, the upcoming RIIO-ED2
regulatory period may allow scope for such activities to be carried out to support BAU processes
directly. Potential components of such projects might include:
•

•
•
•
•
•
•

Design of management schemes combining appliance-level and network-asset-level control at different
geographical scales, balancing needs of the DNO/DSO (Distribution System Operator), customers and
other participants in the value chain
Simulation of control operation under different scenarios
Assessment of impacts on vulnerable customers, for instance via direct customer engagement
Real-world trials of promising schemes (although care would be needed in drawing conclusions from
the forms of trial that would be possible within ethical constraints)
Development of CBA methods to include novel management approaches
Identification of changes to policy and regulatory structures, such as LCT equipment standards and
considerations for national-scale flexibility markets to balance national and local priorities
Potential interaction with knock-on smart grid communications failures and resulting needs for fallback
local operation modes e.g. based on recognising supply voltage depressions – this topic could itself
include design, simulation, consumer engagement and policy aspects such as security-of-supply
standards for smart technology

Ensuring the robustness of electricity networks to future Cold Start events is a matter of key
importance for network operators. In this project we have started to explore the dimensions of the
problem, which has allowed us to identify the potential for major impacts on networks if
appropriate steps are not taken. Although we recognise the work is limited, studying a typical area
has led to conclusions that we believe will be applicable in other geographies. In particular, due to
the characteristics of demand we consider there is potential to use operational practices (shortterm ratings), smart management of network assets, and demand-side flexibility to mitigate the
effects of this type of event. We believe there are opportunities for future investigation to support

UK Power Networks. “Recharge the Future: Charger Use Study,” September 2018. http://www.elementenergy.co.uk/wordpress/wp-content/uploads/2019/02/20180921_UKPN-Recharge-the-Future_Charger-UseStudy_FINAL.pdf
12
Energy Systems Catapult. “Consumer, Vehicle and Energy Integration Electric Vehicle User Trial Dataset,”
2020.
11
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relevant stakeholders in selecting and targeting the right interventions in networks, in order to
secure the UK’s transition to a net-zero future.
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6. Appendix: Model structure and assumptions
This section describes the steps taken to implement the simulations used in this project. The highlevel simulation architecture will be described, as well as the generation of the required input data.
Key aspects of the modelling will be covered, highlighting known limitations, and justifying
assumptions.

High-level approach
The aims and objectives of the project were addressed through the following steps:
 Generate consumer data set. This involves identifying the set of domestic properties connected to










the network of interest, and their physical parameters, such as property type and size.
Construct a network model, covering a specific section of 11kV network, its secondary substations
and downstream LV networks.
Develop background scenarios, specifying:
 LCT uptake levels for EVs and electrified heating, based on DFES predictions.
 Weather conditions
 Power outage event parameters:
• Duration of outage
• Day of the week, and time of day of power restoration.
Allocate domestic properties with heating technologies, consumer behaviour profiles and EV
ownership.
Analyse Cold Start behaviour for balanced loads in simulation. This indicated which classes of
network assets (within the scope of the network studied) are particularly vulnerable to overloading.
The whole network was simulated, but all loads were assumed to be balanced.
Principal metrics were:
 Power flows over time following power restoration for each branch level within the network at
11kV and LV.
 Time taken to return to “normal” operation, in terms of power flows.
 Violations of asset thermal limits (amount and duration, in terms of asset loading) during the
network recovery phase.
 Violations of voltage limits (amount and duration) during the network recovery phase.
A key assumption when analysing the results is that electrical appliances connected to the network
operate as desired by the consumer, without any override control from the network. This is to assess
the potential impact on the network of the increased loads associated with a Cold Start event if
power is restored without such control systems.
Analyse Cold Start behaviour for selected unbalanced networks in simulation. Using initial
analysis of the balanced simulations, individual LV networks were selected and re-simulated in an
unbalanced condition. The criteria for down selection of the specific LV networks included:
 Most severe infringements of asset loading or voltage constraints.
 Asset loadings or voltages closest to but less than the corresponding limits.
 Highest levels of LCT uptake across consumers on that network.
Derive insights from the simulation results regarding the behaviour of demand in a future world,
and its implications for network, including:
 Revised ADMD for consumers, assuming unconstrained operation of LCTs, under different LCT
uptake scenarios.
 Potential for adverse outcomes for network studied in a Cold Start situation.
 Comparison between recovery time after power restoration and thermal time constants of
relevant assets, such as transformers, to assess benefits of temporarily relaxing capacity
limits during the recovery period.
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Simulation architecture
To simulate the required scenarios for this project, we utilised our EnergyPath® Operations (EPO)
dynamic simulation framework. EPO is our first-of-a-kind software environment to simulate the
operational-timescale behaviour of future energy systems.
Figure 12 illustrates the EPO framework, as configured for this project. The key data inputs and
data flows are shown, as well as the core components of the dynamic simulation. Each of these
areas will be covered in more detail in Section 6.3.

Figure 12: EnergyPath® Operations configuration for Cold Start project

EPO is ideally suited for providing the analysis required for this project. The framework contains
modules to simulate the core components of the energy system such as the consumers and
distribution network, at both a business and physical level. EPO can model distribution networks
where the structure and parameters of the network are known. Where this information is not
available, EPO can ‘synthesise’ representative versions of different network types, to allow the full
network hierarchy to be analysed. EPO can provide detailed flow analysis of the network assets and
feed these results back into the dynamic simulation at simulation runtime.
EPO contains physical models of the thermodynamics of a domestic property and a range of
different heating technologies (both conventional and low carbon). It also contains a physical and
behavioural model of EV operations and charging activities.
EPO allocates LCTs, consumer usage profiles, and EV ownership to individual domestic properties in
the simulation, based on probability distributions. These distributions can be taken from present
day data, or forecasts, allowing EPO to compare results from a range of possible future worlds.
EPO simulates at operational timescales, simulating the behaviour within the scenario in 60 second
time steps. This allows the responses of individual properties and network assets to be analysed in
high fidelity.
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EPO has extensive data logging capabilities and can capture large amounts of data relating to
network assets, individual properties, and individual appliance operations. These data can be
collated, interrogated, and presented to allow detailed analysis of the simulation results, and
support robust conclusions.

Scenarios and modelling assumptions
The following sections describe the key elements of the simulation framework that pertain directly
to the work carried out on this project. For some elements it is necessary to make assumptions to
sensibly bound the scope of the work. These assumptions will be highlighted and explained, where
appropriate.

Generating the set of consumers to be simulated
Domestic electricity consumers in the simulation were derived from the 2011 UK Census13. A
dataset of households in the region containing the selected distribution network was generated
including approximate spatial location, based on the postcode, and the classification of each
domestic property in terms of building type (detached, semi-detached, flat etc.). Households were
assumed to be supplied from their closest distribution substation, and those whose closest
distribution substation is connected to the selected 11kV feeder (Dales Court Teed, denoted DCT)
were included in the simulation. A representation of this can be seen in Figure 13. However, from
the information provided by UKPN we inferred that five substations on the Dales Court Teed feeder
supply only non-domestic consumers (based on their name, number of customers supplied and/or
kVA rating), and so these substations were excluded from the allocation and simulation processes.
These substations were Cemetery (1U2106), S P S (1R5906), Pumping Station (1R5912), Cowells
Knightsdale Rd (1U2108) and Waspes Farm (1R5911).

Figure 13: Schematic representation of the process for allocating consumers to distribution substations on the Dales Court
Teed (DCT) 11kV feeder

Office for National Statistics. “KS401UK (Dwellings, Household Spaces and Accommodation Type),” 2011.
https://www.nomisweb.co.uk/census/2011/ks401uk .
13
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Additional attributes for each domestic property, including size and age, were then selected
probabilistically from distributions in appropriate data sources including the Census, the English
Housing Survey14 and other published national statistics.
The scope of the project included the simulation of domestic consumers only. Industrial and
commercial consumers are excluded from analysis. It is assumed that the usage from these
consumers is likely to be low following a power outage (either through reduction in activities or
due to the use of backup generation). However, the exclusion of industrial and commercial
consumers will lead to a slight underestimate of the overall network stress.

Network model
The network used for the Cold Start studies covers an 11kV HV feeder, 11kV/400V transformers at
distribution substations and the downstream 400V LV feeder segments.
The 11kV feeder data was provided by UKPN representing the Dales Court Teed (DCT) feeder
supplied from Highfield primary substation in Ipswich. This feeder was selected as it is typical of a
broad class of feeders in having underground (UG) segments close to the primary substation
serving an urban area with high load density, and overhead (OH) sections further from the primary
serving more rural locations with lower load density. Thus, the DCT feeder represents
characteristics of different classes of customers and networks, and so is well suited for an extended
Cold Start study. The data provided by UKPN included the single line diagram of the 11kV DCT
feeder, with corresponding 11kV/400V substation IDs and names; length, size and construction of
the feeder segments with impedance values; and MVA and fault levels. For the current ratings in
the HV OH lines, we followed the EREC P27 issue 215 requirements and for the UG sections we used
data provided by UKPN in the file “Cable_conductor_ratings.docx”. Careful selection and inclusion
of ratings are critical to map the exact behaviour of feeder segments, for instance OH lines have
low thermal inertia and so heat up quickly when overloaded and represent an immediate safety
issue if they sag below the statutory minimum clearance. For the purpose of simulation within EPO,
this information was used to model the DCT feeder in the power flow analysis tool IPSA, a
screenshot of which is shown in Figure 14.

Ministry of Housing, Communities & Local Government. “Floor Space in English Homes,” July 12, 2018, 46.
https://www.gov.uk/government/publications/floor-space-in-english-homes .
15
ENA EREC P27 Current Rating Guide for High Voltage Overhead Lines Operating in the U.K. Distribution
System, Issue 2 2020.
14
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Figure 14: Screen shot of 11kV HV feeder modelled in IPSA
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For the LV networks, UKPN provided the distribution substation transformer rating, the number of
LV ways, and the number of consumers on each LV way for the 34 downstream LV networks
supplied by the DCT feeder. However, this project only considered the behaviour of domestic
consumers under Cold Start conditions and it was not possible to differentiate between domestic
and non-domestic customers from the data provided by UKPN; thus, the sets of domestic
consumers served by each substation were developed through the process described in the
previous section. In terms of the LV feeder construction, in agreement with UKPN, at each
distribution substation serving domestic customers a generic LV network was synthesised based on
the Transform Model™ developed by EA Technology16. For each distribution substation, the
approach identifies a single LV feeder archetype from Transform that is the “closest match” to the
population of consumers served by that substation, based on the different types of domestic
properties on the network. The selected network archetype then determines the structure of the
synthesised LV network and the electrical properties of the cables. It is then assumed that all LV
feeders leaving this substation and serving domestic customers comply with this archetype. Our
process also allows for manual “sanity checking” and corrections of the assigned network types.
Section 7.1.3 states the detailed results of this matching, including the details of the Transform
feeders selected through the matching process.
It is important to note that the Transform feeders are commonly used to examine a range of
possible scenarios for the UK. Indeed, the Transform Model™ uses designs of ‘average feeders’ to
extrapolate the impacts on UK distribution networks. Thus, Transform feeders may not be precise
representations of the actual LV feeders in the relevant area, and so the conclusions drawn should
be considered to apply to a generic network rather than the real network in question.
The matched Transform feeder types were then used to model the 29 LV networks believed to
supply domestic consumers, out of the total 34 distribution substations (see Section 6.3.1 for more
details). The number of LV feeders synthesised for each substation was based on the number of
consumers specified as supplied from that feeder archetype in Transform, and on the total
population of consumers supplied by that substation. The networks were again built in the power
flow analysis tool IPSA software, a screenshot of which is shown in Figure 15.

16

EA Technology, "Assessing the Impact of Low Carbon Technologies on Great Britain’s Power Distribution
Networks," Project No: 82530, Jul. 2012.
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Figure 15: Screenshot of 400V LV feeder segment modelled in IPSA

The description above considers balanced operation, but unbalance between the demands on each
phase can occur on a persistent basis where there are different mean demands on each phase, and
also as a short-term unbalance as customers on each phase switch appliances on and off. The
impacts of unbalance may be more significant on rural feeders where single-phase transformers
and single-phase feeder sections occur, which is are present on the DCT feeder used in this project.
To analyse this we have used the capability of IPSA to model unbalanced LV networks. For HV
feeders unbalance has minimal impact compared to LV feeders, where the level can be highly
dependent on individual customer demands, and so we did not simulate the entire network under
unbalanced conditions. Individual LV networks were selected for unbalanced analysis based on
their behaviour under balanced conditions. Figure 16 shows an example of an LV network, using
the same Transform Model™-derived network structure, built using the unbalanced capabilities of
IPSA.
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Figure 16: Screenshot of an example LV feeder modelled for unbalanced analysis in IPSA

LCT uptake scenarios
For the simulation analysis presented in the project we have used LCT uptake values for 2030 from
the UKPN 2020 DFES predictions1. This includes the present day, low electrification (“Steady
Progression”) and high electrification (“Engaged Society”) scenarios for heating and EV uptake as
illustrated in Figure 17 and Figure 18 respectively. For the high electrification scenario we have
considered 11% “existing electric” heating (split into storage heaters and direct heating), 8% ASHP
(split into ATW and ATA, where ATA uses immersion water heating), and 32% of cars as EVs (some
houses have >1 EV). For the medium electrification scenario, we have considered 10% existing
electric heating, 5% ASHP, and 21% of cars as EVs. For the purpose of this project we have assumed
that all “electrified cars” as defined in the DFES behave as battery-only EVs; the DFES specifies that
some electrified cars will be plugin-hybrid EVs, but the proportions of BEVs and PHEVs for 2030 are
not supplied at an overall level (per-area forecasts were available but were not used in our
modelling).
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Figure 17: Percentage split of Heating Appliances for different UKPN DFES scenarios
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Figure 18: Percentage split of Vehicle Types for different UKPN DFES scenarios
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Figure 19: Percentage split of Heating Appliances for different National Grid FES scenarios
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Figure 20: Comparison of EV uptake for UKPN DFES and National Grid FES scenarios

For comparison, Figure 19 illustrates the heating appliance uptake levels for 2050 from the National
Grid Future Energy Scenarios (FES) 2020 predictions17; a breakdown for 2030 is not available. The
high national uptake of electrified heating is evident in the “Leading the Way” and “Consumer
Transformation” scenarios where gas boilers are almost completely replaced by low carbon
technologies by 2050. UKPN’s DFES also predicts a similar trend for the heating appliance uptake
levels for 2050 in the “Engaged Society” scenario. However, in the FES “Steady Progression”
scenario in 2050, gas boilers still play a significant role in heating, representing 68% nationally,
whereas UKPN’s “Steady Progression” predicts only 38.5% gas boilers in 2050.
Likewise, Figure 20 shows the comparative EV uptake forecasts over the period 2020-2050: a strong
growth is predicted beyond 2030 nationally for the high electrification scenarios in FES in which the
percentage is expected to triple in a decade, whereas DFES predicts a more measured rate of
increase. The difference between high-uptake and low-uptake scenarios in FES is much greater
than the corresponding range in DFES, even though DFES values include both BEVs and PHEVs.
However, although in the 2030 timescale the high-uptake FES and DFES scenarios are all similar.
It is worth noting here that in both the DFES scenarios used in this work, and the national FES
values, heating in 2030 will still be predominately gas based and at most one third of vehicles will
be electrified, indicating that the results from this project will not represent the full scale of Cold
Start events if and when heating and transport are fully electrified. Moreover, with the introduction

National Grid ESO. “Future Energy Scenarios,” July 2020. https://www.nationalgrideso.com/futureenergy/future-energy-scenarios/fes-2020-documents .
17

Page 32

Cold Start Deliverable 3: Final Report

of the Government’s “Ten Point Plan for Green Industrial Revolution”2, considerable changes to the
LCT uptake scenarios are expected compared to what we have assumed in this report.

Allocation of appliances and other attributes
In order to accurately simulate network loading, we need to add further detail at the level of
individual consumers – principally the specific allocation of LCTs (EVs and electrified heating),
usage profiles and phase of connection (for unbalanced analysis).
Allocation of LCT appliances, usage profiles and phases to domestic consumers will be
probabilistic. The probability distributions for each allocated quantity are based on the following
factors:
•

Heating system type: A property can be allocated either a conventional, non-electric heating system
(Gas boiler, Oil boiler) or an electric heating system (Electric resistive heating, electric resistive heating
with additional storage heating, ASHP Air-to-Air (ATA), ASHP Air-to-Water (ATW)). The allocation of the
type of heating system is based on the LCT uptake scenario only. Unfortunately, there was insufficient
data on future heating appliance uptake to allocate by other parameters, such as property type or size.

•

Number of EVs: A property can be allocated from 0 to 3 EVs, based on property type and LCT uptake
scenario. Because the scope of this project is focussed on domestic consumers, only domestic EV
charging will be considered (as opposed to public or workplace-based charging). Therefore, the
allocation of EVs to a particular property favours property types with a higher likelihood of off-street
parking (generally detached or semi-detached properties), which would be necessary to facilitate this
kind of charging.
Table 1: Distribution of EVs per property type for DFES "Engaged Society" scenario
Detached

Semidetached

End Terrace

Mid Terrace

Flat

Converted
Flat

0

63.2%

68.8%

80.4%

87.9%

90.0%

89.1%

1

30.9%

26.2%

16.5%

10.2%

8.4%

9.2%

2

5.5%

4.7%

2.9%

1.8%

1.5%

1.6%

3

0.4%

0.3%

0.2%

0.1%

0.1%

0.1%

Table 1 shows the set of values used for allocating EVs to domestic properties in the DFES “Engaged
Society” scenario. These values are calculated based on the forecast level of EV uptake in the DFES, and
then mapped to the different property types represented within EPO. This is achieved by first taking all
houses with off street parking available. Any house with no off-street parking has 0 EVs allocated to it,
by default. We assume that vehicle ownership numbers follow Department for Transport projections 18,
and that each vehicle has an independent chance of being an EV. Note that despite Table 1 showing
the scenario with the highest levels of EV uptake, most houses still have no EVs, and the probability of a
property having three EVs is very low.
•

18

Installed EV charger: If a property has at least one EV, it is also allocated an EV charger. A property has
a 20% chance of being allocated a 3.6kW charger and an 80% chance of being allocated a 7kW charger.
These charger powers were chosen to be representative of the most common chargers available, and to
reflect the increasing proportion of high-power chargers expected to be installed, however the
probabilities chosen were arbitrary due to lack of supporting data. The allocation is independent of
property type and LCT uptake scenario. The allocation process assumes that if a property is allocated

https://www.gov.uk/government/statistical-data-sets/tsgb09-vehicles
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more than one EV, each EV has a separate charger and they will be the same rated power. The EV
charging model does not use any “smart” scheduling for flexibility. There is also no modelling of
Vehicle-to-Grid capabilities.
•

EV battery capacity: EVs are allocated with a particular battery capacity, and maximum range. The
probability distribution is based on data for the most popular EVs on the market in 2019 19 and is
independent of property type and LCT uptake scenario. Like EV chargers, the allocation process assumes
that all EVs allocated to a property are the same “model”, and thus have the same battery capacity and
maximum range. This is an identified simplification in the modelling. It is more likely properties with
more than one EV would have a mix of long-range and medium/short-range vehicles.

•

Number of occupants and background demand profile: Allocated based on the property type only.
Background demand profile data is generated from published models of appliance usage by domestic
consumers20.

•

Phase: Allocated independently from all other factors (i.e. a 1-in-3 probability for each phase, under all
circumstances). However, if a network segment is explicitly identified as single-phase, then all consumers
on that segment will be allocated the same phase. No split-phase systems were identified in the network
under study but loads supplied on a split-phase system would be represented as single-phase loads.

Allocation probabilities are assumed to be independent for each allocated quantity and for each
domestic property, i.e. no spatial clustering of appliances will be represented beyond that implied
by the input data (e.g. clusters of domestic properties of similar ages and types).

Heating system models
To simulate increased diversity in heating system technology in 2030, the following heating
systems have been modelled:
•
•
•
•
•
•

Gas boiler
Oil boiler
Electric resistive heating
Electric resistive heating, with additional storage heating
Air Source Heat Pump (ASHP) (Air to Air)
Air Source Heat Pump (ASHP) (Air to Water)

As described in Section 6.3.4 each domestic property is allocated one heating system, based on the
property type and proportion of each heating system in the LCT uptake scenario.
The domestic heating thermodynamics is based on a lumped-parameter model with thermostatic
control of the relevant heating appliance, to maintain the consumers desired setpoint temperature.
Heat loss to the environment is driven by the ambient temperature. All electrical heating loads will
be modelled as constant-power devices, that are unaffected by changes in voltage; while
representative of inverter-driven compressors in novel appliances such as ASHPs, this is a
simplification for resistive heating devices does not represent the fact that current would fall as
voltage dips, hence overstating the level of voltage depression and overloading. The power factor
for electrified heating loads has a value of 1 and remains constant throughout the simulation.

https://www.gov.uk/government/organisations/department-for-transport/about/statistics
McKenna, Eoghan, and Murray Thomson. “High-Resolution Stochastic Integrated Thermal–Electrical
Domestic Demand Model.” Applied Energy 165 (March 1, 2016): 445–61.
https://doi.org/10.1016/j.apenergy.2015.12.089 .
19
20
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The conventional heating systems (Gas boiler, Oil boiler) are of less direct interest to the project, as
they do not affect electricity demand on the network. Gas consumption, and other non-electricity
energy vectors are not modelled.
Electric resistive heating (electric radiators) can be allocated independently to a property or
combined with storage heating. They are modelled with a power of 7kW when allocated
independently, or 3.5kW, if combined with storage heating. The storage heating component uses
an “Economy7” style model, between 11.30pm and 6.30am to help balance overnight electricity
demand. This produces distinctive ‘steps’ in the heating electricity demand around these particular
times.
The two type of ASHP use a coefficient of performance value, which is assumed to be affected by
the ambient temperature. They are modelled with a rated thermal power of 7kW, and an efficiency
of 0.97.

Electric Vehicle model
The EV modelling in EPO is focussed on the charging patterns of the EVs, as opposed to modelling
their specific usage activities throughout a day. Currently the EV model makes no attempt to
simulate time-varying EV usage (such as a morning commute, a parked period during the day, and
then a drive back home), and instead adopts a ‘constant discharge’ approach, where the battery
depletes at a constant rate throughout the day, based on the simulated distance driven. The
distance a particular EV travels in a day is chosen from a probability distribution derived from the
National Travel Survey21. Figure 21 plots a histogram of this distribution. Shorter journeys are more
common, with 49% of journeys less than 40 km. This affects how quickly an EV’s battery will be
depleted and how often it will require a recharge.

Figure 21: Distribution of EV distance driven per day

National Travel Survey: England 2016:
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/633077/n
ational-travel-survey-2016.pdf
21
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Another attribute that is modelled is the plug-in time. This represents the time of day that the
average consumer will plug in their EV to charge. This value is again selected from a probability
distribution derived from study data22.

Figure 22: Plug in time of day profiles for weekdays and weekends.

As would be expected a higher proportion of plug-in events occur in the evening peak time, from
around 5pm to 9pm. This is more defined during the week, which accounts for commuting
activities. This evening peak is still present in the weekend distribution, but is slightly earlier, and
more spread, illustrating the greater diversity of consumer behaviour over the weekend period.
A third parameter which is modelled is the plug-in and plug-out State of Charge (SoC) values. It
would not be realistic to model an EV battery as being depleted to 0% SoC and then recharged all
the way up to 100%. Trial data23 shows this is not consistent with consumer behaviour. Again,
values for plug-in and plug-out SoC are chosen from a distribution.

22
23

My Electric Avenue: http://myelectricavenue.info/about-project
My Electric Avenue: http://myelectricavenue.info/about-project
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Figure 23: Plug-in and plug-out SoC profiles.

Figure 23 tells us that rather than drain the battery completely, the most likely range of plug-in SoC
is between 30 and 50%. Consumers generally plug out somewhere between 90 and 100%. This
effects the modelling, because if the average charge cycle is charging from 40% up to 90%, this
only requires half the battery to be effectively charged (as opposed to a more simplistic 0 to 100%
model), which takes significantly less time and energy.
One assumption made in the model is that all EVs begin the simulation at the same SoC. This value
was chosen to be 67.5%, based on the mean SoC observed at midnight (the time of day the
simulation starts) during model testing. Clearly this is a simplification, however it is a more robust
assumption than simply using an arbitrary value such as 100% or 50%. Any artefacts of this
assumption will be diluted by the use of the 3 day settling period at the start of the simulation (see
Section 6.3.10). Another assumption is that EVs are constant power devices when charging and are
modelled with a power factor of 1.
To summarise the EV modelling process, all EVs begin at a predetermined SoC (67.5%). An initial
distance to drive, SoC plug-in, SoC plug-out and plug-in time value are selected from the
distributions, for each individual EV. The EV begins to discharge at a constant rate, determined by
the distance driven. When the EV reaches its chosen SoC plug-in, it waits until its chosen plug-in
time, and then begins to recharge. Once the plug-out value is reached the EV stops charging and
begins to “drive” again. At this point a new set of values are randomly selected for the four
variables. This ensures that the behaviour of EVs is different between different “journeys”.
This EV model is relatively simple but does address key considerations relevant to this project. The
use of a plug-in time distribution means that a higher proportion of charging events are
concentrated around the times they would be expected (evening peak). Also, the realistic
distribution of driving distances means that EVs can take several days to discharge to their
specified levels. For power outage events lasting for less than one day, this means the impact of EV
charging on the network is reduced, as only a subset of EVs require immediate charging when
power is restored. There is no consideration in the model for any change in consumer behaviour
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due to the power outage, which in principle might affect a consumer’s likelihood to drive and
charge their EV; such a change might be either tending towards higher usage, if severe weather
prompts more vehicular journeys, or less usage if consumers conserve battery charge during the
outage. This would be an area for enhancement in future modelling work.

Background consumer demand model
‘Background load’ refers to all domestic electricity demand that does not constitute heating or EV
charging. Examples of background load would be use of common domestic appliances (kettles,
televisions etc.), electric ovens for cooking or electric showers.
Rather than model individual appliances directly, we use a consumer demand model (see section
6.3.4) to provide time-profiles of aggregated background load for a particular domestic property
for different times of day, and type of day (e.g. weekday or weekend). This way we can model the
expected peaks in background load that occur, for example on a weekday morning and evening
during the traditional peaks in demand. All appliances contributing to the background load are
modelled as constant power devices. Because appliance loads are partially inductive, they are
modelled with a lagging power factor of 0.95.
Following a power outage, the diversity of demand on the network is greatly reduced. This is due
to large numbers of devices switching back on instantaneously. This is particularly relevant for “cold
appliances” (e.g. fridges and freezers) which would normally operate at a duty cycle significantly
less than 100%, but following a prolonged outage would be required to operate continuously in
order to cool back down to their required temperatures. Consumer behaviour is also likely to be
less diverse following the outage, as appliances that were unavailable during the outage are used.
To approximate the expected increase in background load following a power outage without
representing each appliance’s usage, we have used a delayed-exponent CLPU model24. The model
uses parameters to define an initial peak, representing the temporary reduction in load diversity,
which then decays exponentially back to the pre-outage levels. The duration of this peak is
described by the Cold Load Pickup duration value (CLPUd), and the height of this peak (expressed
as a factor multiplying the original demand) is described defined as the instantaneous demand
multiplied by the Cold Load Pickup peak (CLPUp) value.
Table 2 shows the values that were used in the simulations; for outage durations not explicitly
defined, the values for CLPUd and CLPUp were calculated through linear interpolation. The
exponential decay rate after the peak was -0.0005/s. Unfortunately, the limited published
information on this phenomenon (summarised in Table 3, including both real and simulated Cold
Load events), particularly for longer outages, meant that the values chose were not well supported
by evidence and that it was not possible to represent any dependency on factors beyond the
duration of the outage; this is an identified limitation with this work, since factors such as the time
of power restoration are likely to influence the cold load pick-up values.
Figure 24 visualises the chosen values in comparison to the identified data, highlighting the scarcity
of data for outages longer than 8 hours. For CLPUd, values in the midpoint of the range were
chosen for outages below 8hrs and a minor increase was included for a 24hr outage to reflect

Schneider, Kevin P., Eric Sortomme, S. S. Venkata, Melanie T. Miller, and Leslie Ponder. “Evaluating the
Magnitude and Duration of Cold Load Pick-up on Residential Distribution Feeders Using Multi-State Load
Models.” IEEE Transactions on Power Systems 31, no. 5 (September 2016): 3765–74.
https://doi.org/10.1109/TPWRS.2015.2494882 .
24
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intuition that longer outages will lead to longer undiversified peaks. For CLPUp, a constant value
was chosen as data existed to support an increasing peak height and intuition again suggests
diversity in background appliances will be minimal at a constant value after prolonged outages.
Table 2: CLPU values used in the model.

Outage duration (hours)

Cold Load Pickup duration
(CLPUd) (mins)

Cold Load Pickup peak (CLPUp)
(multiplication factor)

3.5

90

2.5

8

120

2.5

24

150

2.5
Table 3: CLPU data sources

Source

Outage
Duration
(hh:mm)

CLPUd
(hh:mm)

CLPUp
(x factor)

IEEE PES Working Group Document 1994

00:39

00:16

3.4

01:20

00:16

6.7

09:00

01:06

3

“Modelling Impact of Cold Load Pickup
on Transformer Aging Using
Ornstein-Uhlenbeck Process”, IEEE TRANSACTIONS ON POWER
DELIVERY, VOL. 27, NO. 2, APRIL 2012

08:00

5:00

1.75

“Modelling of Active Distribution Networks for Power System
Restoration Studies”, IFAC 2018

00:06

00:25

2

“A Practical and Cost Effective Cold Load Pickup Management Using
Remote Control”, Western Protective Relay Conference 2014
Spokane, Washington, USA

03:50

00:45

2.22

01:40

00:25

2

08:00

n/a

3

“Cold Load Pick-up” EVERT AGNEHOLM
Department of Electric Power Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY Göteborg Sweden 1999:

03:00

00:42

2.3

03:30

01:50

3

A. Al-Nujaimi, M. A. Abido and M. Al-Muhaini, "Distribution Power
System Reliability Assessment Considering Cold Load Pickup
Events," in IEEE Transactions on Power Systems, vol. 33, no. 4, pp.
4197-4206, July 2018

02:23

00:50

2

C. Hachmann, G. Lammert, L. Hamann and M. Braun, "Cold load
pickup model parameters based on measurements in distribution
systems," in IET Generation, Transmission & Distribution, vol. 13, no.
23, pp. 5387-5395, 3 12 2019,

02:23

00:04

2.54

02:20

00:20

1.55

K. P. Schneider, et al, "Evaluating the magnitude and duration of
cold load pick-up on residential distribution using multi-state load
models," in IEEE Transactions on Power Systems, vol. 31, no. 5, pp.
3765-3774, Sept. 2016, .

02:00

0:30

1.16

02:00

0:35

1.64

03:00

0:40

1.49

F. Bu, etal, "A Data-Driven Framework for Assessing Cold Load PickUp Demand in Service Restoration," in IEEE Transactions on Power
Systems, vol. 34, no. 6, pp. 4739-4750, Nov. 2019,

01:00

02:00

2

J. Aubin, R. Bergeron and R. Morin, "Distribution transformer
overloading capability under cold-load pickup conditions," in IEEE
Transactions on Power Delivery, vol. 5, no. 4, pp. 1883-1891, Oct.
1990,

01:00

02:00

2

V. Kumar, et all "DG Integrated Approach for Service Restoration
Under Cold Load Pickup," in IEEE Transactions on Power Delivery,
vol. 25, no. 1, pp. 398-406, Jan. 2010,

02:00

01:20

2.5
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Figure 24: CLPU duration (top) and CLPU peak multiplier (bottom) with respect to outage duration for the data sources in
Table 3. The chosen values used in the simulation are shown as red markers.

To illustrate this model, Figure 25 shows the CLPU of background load for two different outage
lengths, for a situation where the background load is a constant value (unlike the main simulation,
which uses a time-varying profile of background load). For the 8hr outage we can observe the
CLPUp has increased the load by 2.5x, from 2000W to 5000W. The duration of the peak, CLPUd is 2
hours, from hour 9 to hour 11. The load has decayed back to the pre-outage level approximately 5
hours after the power is restored.
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Figure 25: CLPU responses using our assumptions for a constant 2000W demand for different outage durations.

Weather conditions
As we are simulating a future world with non-negligible amounts of electrified heating (up to 19%
for the DFES ‘Engaged Society’ scenario, See section 6.3.2) installed, weather effects will have an
impact on the results and conclusions. This is because colder weather will cause the temperature of
properties to drop more rapidly during a power outage event. Once power is restored, more
energy will be required to reheat the properties to their requested temperature setpoints, which
will require more electrical power from the network.
To evaluate a “worst case” scenario, an hourly temperature profile was used corresponding to the
weather event colloquially known as the “Beast from the East” (23rd February to 4th March 2018).
The air temperature at 2m height was extracted from the MERRA-2 dataset25, using spatial
interpolation to obtain values for the geographical location of the Highfield primary substation
supplying the Dale’s Court Teed feeder.
Figure 26 illustrates the air temperature in the geographical area of the network to be modelled,
for the relevant dates. It can be observed that the average temperature for this period is
significantly lower than the average for the time of year.

Gelaro, Ronald, Will McCarty, Max J. Suárez, Ricardo Todling, Andrea Molod, Lawrence Takacs, Cynthia A.
Randles, et al. “The Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-2).”
Journal of Climate 30, no. 14 (May 1, 2017): 5419–54. https://doi.org/10.1175/JCLI-D-16-0758.1 .
25
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Average monthly temp (~3°C)

Average temp for this period (~0°C)

Figure 26: Air temperature for the 9-day simulation period. The grey shaded area represents the initial 72 hour ‘settling
period’.

Outage parameters
When specifying the parameters of the power outage event, three variables have been defined.
The first is the duration of the outage. For the balanced network analysis outage durations of 8, 16
and 24 hours will be studied. These durations were selected based on those studied in published
sources26,27. A 24hr outage was chosen as the maximum to represent a realistic “worst case”
scenario. For the unbalanced network analysis, the minimum duration will be reduced to 4 hours.
The rationale is that the effects of imbalance will manifest after shorter outage durations. Duration
of outage is an important variable, as it directly influences the CLPU behaviour of the background
load (see section 6.3.7). It is also an important factor when considering the extent to which
properties will have cooled when electrified heating is not available, and the subsequent energy
demands required to reheat the properties. A longer outage will also likely lead to more EVs
depleting their batteries and requesting an immediate charge once the power is restored.
The second variable was the time of day of the power restoration. Two times were chosen for
analysis. 7am, representing the morning peak, and 6pm, representing the evening peak. The time
of day that the power is restored will affect the current consumer behaviour at that time. Evening
and morning peaks have been selected for analysis as this is the time at which consumer
background load is expected to be highest. Note that the time that the power outage must start is

London Economics. “The Value of Lost Load (VoLL) for Electricity in Great Britain,” July 2013,
https://www.ofgem.gov.uk/ofgem-publications/82293/london-economics-value-lost-load-electricity-gbpdf
27
Electricity North West. “Value of Lost Load to Customers: Customer Survey (Phase 3) Key Findings Report,”
October 5, 2018 https://www.enwl.co.uk/globalassets/innovation/enwl010-voll/voll-general-docs/voll-phase3-report.pdf
26

Page 42

Cold Start Deliverable 3: Final Report

not explicitly defined, but is inferred from the required restoration time, and the required outage
duration.
The day of the week of power restoration is the third variable. We will consider supply restoration
on a Sunday, representing a weekend, and a Friday, representing a weekday. As with the time of
restoration, the day of the week will directly influence the consumer behaviour in the form of
increased or decreased background load. It should be noted that the modelling of consumer
background loads in EPO makes a distinction between weekdays and weekend days, but not
between individual days in those groups. Therefore, it is only necessary to model a single weekday
and a single weekend day. The selection of Friday and Sunday as these days does have some
rationale, due to historical demand effects. Selecting a Friday and Sunday allows us to consider the
power outage occurring during a weekday (Thursday) and weekend (Saturday), also the subsequent
initial network recovery period occurring during weekdays (Monday/Tuesday) and weekends
(Saturday/Sunday).

Timing of simulated outages
The simulations have been designed to allow a three day settling period at the start of the
simulation (shown as a grey shaded area on Figure 26), to allow all elements within the simulation
to settle to a steady state and remove any artefacts injected through initial conditions. The outage
events have been designed to occur during the fourth day of the simulation. The time that the
outage starts is directly related to the time it is required to end, and the required duration, for the
particular scenario variable (see section 6.4). Depending on the required outage duration, power
will be restored on either the fourth or fifth day.
Table 4 illustrates some combinations of start and end times. Note that in all cases, the earliest that
the outage can start is 00:00 on Day 4, to preserve the 3-day settling period.

Table 4: Examples of outage start/end time combinations

Required Outage End
Time

Required Outage
Duration

Outage Start Time

Outage End Time

07:00

24hrs

07:00 Day 4

07:00 Day 5

07:00

8hrs

23:00 Day 4

07:00 Day 5

18:00

24hrs

18:00 Day 4

18:00 Day 5

18:00

8hrs

10:00 Day 4

18:00 Day 4

Once the power is restored, the simulation enters the network recovery period which lasts for the
remainder of the simulation time.
This approach allows all simulations to experience the period of coldest weather during the initial
network recovery period (nominally simulation days 5 to 7). The rationale is that experiencing the
coldest weather while trying to reheat a cold property will require the greatest amount of energy
input and greatest strain on the network, leading to results which can be considered to be a worst
case. Allowing the power restoration to occur within a small window of the overall simulation time,
also allows more accurate comparison between the different scenarios. However, because this is
real temperature data, and the different scenarios are intended to occur for different durations and
at different times of day, it is not possible to ensure identical weather conditions between them all.

Other aspects excluded from simulation
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For clarity, the list below details other aspects of the electricity system outside the above categories
that were not included in the simulation:
•

•

•

•

•

The national-scale wholesale electricity market and national electricity generation/storage were not
simulated. We assumed that the area affected by the outage was small on a national scale, and hence
sufficient power was available from generation to meet the needs of the relevant network segment
during the Cold Start scenario. The resulting financial impacts on market participants were not assessed.
Distribution-connected electricity generation and storage (Distributed Energy Resources, DERs) within
the Dales Court Teed network segment were not simulated. If present, these would reduce the effective
impact of the Cold Start event; however, it is likely that these would not be online following the outage
due to the triggering of Loss of Mains (LoM) protection, and for the case of solar PV the output would
be low given the season and weather conditions simulated (as stated in section 6.3.8).
Operation of electricity network protection devices (e.g. fuses at 11kV or LV) was not simulated. In
practice, in the face of sufficient CLPU effects these may activate and prevent damage to network assets
at the expense of increasing the time for which customers are off supply. Investigating this area forms a
potential area for future work.
Investment costs associated with ensuring network robustness to Cold Start scenarios was not assessed
in this project – either the cost of appropriate network reinforcement, or the cost of investing in control
systems for demand management to avoid the need for reinforcement. Again, this represents a potential
area for further investigation in future.
Short-timescale Cold Load Pickup effects, on the order of milliseconds or seconds, were not represented
in the simulation. These include magnetisation currents for transformers, capacitor charging and motor
starting currents. While these can be significant in magnitude28, their short duration means that adverse
effects on network assets will be transitory in nature.

Experiments carried out
In order to explore a range of potential effects of Cold Start on demand and on networks, we
performed a number of groups of simulations, starting with five groups of simulations of the whole
11kV feeder and its downstream LV networks and domestic consumers using balanced load-flow:
•
•
•

•

•

B1 Base run: 24hr outage finishing at 7am on Friday in DFES “Engaged Society”.
B2 Effect of outage duration: Combined with B1 another two sets for 8hr and 16hr outage durations
were performed to identify the shortest outage for which significant Cold Start effects can be observed.
B3 Effect of time of day/day of week: In addition to the base run in B1 three more runs for outages
finishing at 6pm on Friday, 7am on Sunday and 6pm on Sunday, and with outage duration chosen based
on the results of experiments B1 and B2 to identify a length that causes moderate effects in those
scenarios.
B4 Effect of LCT uptake/Future Energy Scenario: To analyse the Cold Start under the effects of
different LCT uptake levels, experiments for DFES “Steady Progression” were performed for B1 to B3
instead of Engaged Society.
B5 Sensitivity to uncertainty: 9 additional simulations equivalent to B1, but with different Monte-Carlo
sampling of uptake of LCTs, number of occupants and usage profiles.

Based on the results of the balanced analysis, certain individual LV networks were chosen and resimulated individually in an unbalanced condition to explore voltage unbalance issues. Four LV
networks were selected for unbalanced analysis:
•

Two extreme cases

Friend, Fred. “Cold Load Pickup Issues.” In 2009 62nd Annual Conference for Protective Relay Engineers,
176–87. College Station, TX, USA: IEEE, 2009. https://doi.org/10.1109/CPRE.2009.4982512 .
28

Page 44

Cold Start Deliverable 3: Final Report

Swan Lane LV network matched as a rural village UG network type with two LV ways
containing 32 customers in one and 2 customers on the other. Assigned low carbon heating
level of 12% with 16EVs (0.47 per house)
o Church Lane LV network matched as a rural farmstead network type with two LV ways
containing 11 customers on each. Assigned low carbon heating level of 5% with 10 EVs (0.45
per house)
Two marginal cases
o Baronsdale Close LV network matched as a new build housing estate network type with six
LV ways containing 19 customers on one and 31 each on the other five. Assigned low carbon
heating level of 13% with 77EVs (0.44 per house)
o Knightsdale Road LV network matched as a suburban street network type two LV ways
containing 34 customers in one and 29 on the other. Assigned low carbon heating level of
11% with 19 EVs (0.31 per house)
o

•

We performed two groups of simulations for each LV network modelled in unbalanced mode:
•
•

U1 Base run: 12hr outage finishing at 7am on Friday in DFES “Engaged Society” as the baseline case
U2 Effect of outage duration: In addition to U1 two other cases with 4hr and 8hr outage durations,
due to the anticipated greater sensitivity of voltage unbalance to Cold Start effects.

Additionally, for the Baronsdale Close LV network the following sensitivity run has been carried out:
•

U3 Sensitivity to uncertainty: For a 12hr outage, 9 additional simulations equivalent to U1, but with
different Monte-Carlo sampling of uptake of LCTs, number of occupants, usage profiles and connection
phase.
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7. Appendix: Detailed results and analysis
Comparison of results against other data sources
Given the context of this project, there is limited scope for direct validation of the results of the
simulations due to the limited uptake of LCTs to date and the limited available data on network
performance under Cold Start conditions (although we are aware of occasional analogous
situations, such as abnormal electricity demand in Richmond due to a gas outage in January
202029). However, a number of specific areas have been identified where modelling assumptions
and other data sources can be compared.

Customer numbers on substations
As described in section 6.3.1, the set of domestic customers supplied by each LV substation was
derived algorithmically from geospatial and network-structure data sources. To understand the
level of accuracy of the approach, we compared the results against information provided by UKPN
on the actual numbers of customers (total of domestic and non-domestic) supplied by each
substation, drawn from UKPN’s PowerOn system. (Unfortunately a breakdown of this data into
domestic customers and non-domestic customers was not available to us.)
In overall terms, the numbers were similar: our synthesis approach yielded 1,704 domestic
customers in total fed from the Dales Court Teed feeder, compared with 1574 customers of all
types across the 29 LV substations included in the analysis (1587 including all substations supplied
by the feeder). Since our approach is based on Census data, the excess of domestic customers in
our simulation is not likely to be due to erroneous creation of domestic customers, but instead to
erroneous assignment of customers to an LV substation fed by Dales Court Teed where in reality
they would have been supplied from a different 11kV feeder. However, this excess of domestic
customers will create higher levels of demand on the feeder compared with its design capacity and
so may suggest network problems where none would exist in practice.
At a more fine-grained level, we compared the actual numbers of customers on each LV substation
(again, domestic + non-domestic) against our synthesised numbers of domestic customers. The
results are presented in Figure 27. This indicates that, while generally there is a clear correlation
between actual number of customers and synthesised number of customers, there are significant
errors that are generally similar in magnitude to the substation size. This is not unexpected, since
the simple nearest-substation assumption described in section 6.3.1 will not reflect the realities of
LV network design, but suggests that the approach is generally reasonable in the absence of more
detailed information regarding the characteristics of the customers served by a substation. One key
area where customer numbers may cause issues is in assessing loading of secondary transformers
(11kv-LV) in cases such as Fynn Lane (1R5904), which serves one customer in reality but was
allocated 32 by the synthesis process; this suggests that the transformer will show readings
consistent with extreme overload in the simulation, which may not reflect reality.

Whatslooking.com. “Gas / Electricity Supply in Richmond (TW9),” February 1, 2020.
https://whatslooking.com/community_news/update-9am-saturday-gas-electricity-supply-in-richmond-tw9/ .
29
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Figure 27: Comparison of actual total number of customers against synthesised number of domestic customers supplied by
each LV substation (presented on a log-log plot due to the wide variation in substation capacity).

As a final comparison, we reviewed the population growth assumptions to 2030 used in the UKPN
DFES. These are specified for each Lower layer Super Output Area (LSOA) with UKPN’s distribution
area, based on the development plans of the relevant local authorities. It is unlikely that the set of
customers supplied by Dales Court Teed will align with LSOA boundaries; however, since the
synthesis approach described in section 6.3.1 is grounded in the LSOA structure, it is possible to
analyse the distribution of synthesised customers across LSOAs.
Therefore, Table 5 lists the LSOAs hosting synthesised domestic customers that are allocated to LV
substations fed by Dales Court Teed, as well as the corresponding values from the DFES for the
number of domestic connections in each LSOA both in 2019 and forecast for 2030. The population
growth averaged across all these LSOAs is 28% from 2019 to 2030, and 14% if the per-LSOA
growth rates are weighted by the proportions of synthesised customers in each LSOA. Applying
these population growth rates to the DCT-specific customer numbers would give up to 1,794 total
customers in 2030 using the weighted growth rate of 14% (or 2,015 using the average growth rate
of 28%); in this context, the 1,704 domestic customers simulated is more plausible as an estimate of
the 2030 population.
Table 5: LSOAs hosting synthesised domestic customers, and their population in 2019 and 2030 from DFES

LSOA code

Number of
synthesised
domestic
properties
in LSOA

E01029973
E01029974

Number of domestic
connections in LSOA
(from DFES)

Proportion of
domestic customers
in LSOA in 2019
included in
simulation

Population of LSOA
in 2030 relative to
2019 (ratio of
values from DFES)

In 2019

In 2030

490

667

687

73%

103%

78

651

671

12%

103%
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LSOA code

Number of
synthesised
domestic
properties
in LSOA

E01029975

Number of domestic
connections in LSOA
(from DFES)

Proportion of
domestic customers
in LSOA in 2019
included in
simulation

Population of LSOA
in 2030 relative to
2019 (ratio of
values from DFES)

In 2019

In 2030

60

539

556

11%

103%

E01029976

147

687

708

21%

103%

E01029977

296

682

703

43%

103%

E01030001

3

804

1,871

0.4%

233%

E01030029

14

702

723

2%

103%

E01030033

238

717

739

33%

103%

E01030045

2

851

1,340

0.2%

157%

E01030175

5

1,052

1,104

0.5%

105%

E01030207

16

761

798

2%

105%

E01030221

355

986

1,736

36%

176%

9,099

11,636

Total

Uptake of Low Carbon Technologies (LCTs) in 2030
The UKPN DFES also provide forecasts for uptake of electric vehicles and heating technologies in
each LSOA in 2030. As mentioned in the previous section in connection with population growth,
since the LSOA regions do not align with the electricity distribution network structure it is not
possible to make a direct comparison based only on the information given. As a proxy, Table 6
shows DFES forecasts for LCT uptake for each LSOA for the “Engaged Society” scenario, scaled by
the proportion of that LSOA’s forecast domestic customer numbers in 2030 that were included in
the simulation. (Although our simulation distinguished between ATA and ATW ASHPs, and between
resistive storage heating and direct-acting resistive heating, the DFES forecasts are provided for
“heat pumps” and “storage heating” as aggregate values.) For example, LSOA E01029973 hosted
490 of the domestic customers simulated and is forecast to contain 687 domestic customers in
2030 according to the DFES, so its total forecast of 251 EVs was scaled down by 490/687 to give a
prediction of 179 EVs that would have been included in the simulation – compared with 251 EVs
that were allocated in our approach based on the scenarios stated in section 6.3.3 and the
assignment approach described in section 6.3.4.
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Table 6: Comparison of the numbers of LCTs forecast in the 2030 “Engaged Society” DFES in each LSOA, scaled to represent
those that would have been seen in the simulations, against the uptake numbers results from the allocation process used to
prepare for the simulation.

Scaled
DFES
forecast of
number of
EVs in LSOA

LSOA

Total
number of
EVs
allocated in
simulation

Scaled DFES
forecast of
number of
heat pumps
in LSOA

Total
number of
heat pumps
allocated in
simulation

Scaled DFES
forecast of
number of
“electric
storage” in
LSOA

Total
number of
resistive
heating
systems
allocated in
simulation

E01029973

179

204

17

44

6

24

E01029974

26

23

2

5

0

3

E01029975

20

31

2

3

5

2

E01029976

50

37

4

12

1

6

E01029977

107

115

9

28

0

14

E01030001

0

2

1

0

0

1

E01030029

5

2

0

2

0

0

E01030033

85

89

8

19

5

6

E01030045

1

1

0

1

0

0

E01030175

2

1

0

0

1

0

E01030207

6

17

1

0

1

1

E01030221

91

119

57

23

256

14

571

641

103

137

276

71

Total

These values are shown graphically in Figure 28. This indicates that our values for EV uptake by
each LSOA are substantially proportional to the DFES predictions (R2 = 0.98), although greater by
approximately 13%; this may be due to the fact that we took overall values for EV uptake across the
whole of UKPN’s licence area, whereas the DFES forecasts represented higher EV uptake in London
as a continuation of historically high uptake. However, the comparison was substantially less close
for heat pumps (R2 = 0.29) and resistive heating (R2 = 0.12). This may be due to our assumption of
equal uptake probabilities for heating systems for every domestic property in the simulation,
whereas DFES incorporates other factors such as property type and the presence/absence of gas
network infrastructure in the local area (increasing the likelihood of electrification for off-gas
properties). A particular discrepancy involves the very significant number of resistive heating
systems in LSOA E01030221 (1,252 across the whole LSOA out of 1,736 predicted domestic
connections i.e. 72%). In overall terms, our simulations included higher numbers of EVs and heat
pumps than DFES and substantially lower numbers of resistive heating systems.
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Figure 28: Comparison of forecasts of EV, heat pump and resistive heating uptake per LSOA, between the UKPN DFES
“Engaged Society” values (disaggregated to LSOA resolution and scaled to represent the fraction that would be included in
the simulations) and the values resulting from the allocation process. A linear best-fit line is plotted for each data series.

LV network structure
As described in section 6.3.2, limited information was available regarding the LV networks supplied
by Dales Court Teed, and so the LV network structures for the simulation were synthesised based
on generic templates for LV feeders. Table 7 shows the LV feeder types from the Transform
Model™ chosen for each LV substation on the Dales Court Teed feeder. Within the scope of this
project, we did not perform any additional checks to confirm whether the cable types or lengths
assumed in Transform corresponded to the actual network construction.
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Table 7: LV feeders matched to Transform model

Substation Name

Matched
Transform Model™
feeder type

Feeder
rating
(kVA)

Main
Length
(m)

Total
Length
(m)

139

280

400

No. of
Customers
per Feeder

Cable Type

Chesterfield Dr
Knightsdale Rd
Knightsdale Pad
Wharfedale Rd
Dales Court
End

LV6 Suburban
street (3, 4 bed
semi-detached or
detached houses)

34

0.1 in2 CU (UG)

Larks Hill
Hall
Larchcroft Rd
Baronsdale Cl
Pipps Ln
Fynn Ln

LV7 New build
housing estate

205

210

300

31

185 mm2
Waveform AL
(UG)

LV9 Rural village
(overhead
construction)

163

300

500

16

0.1 in2 CU
(OHL)

June Ave
Dales Rd
Allens Farm
Vicarage
Keightley Way
Mill
Poplar Fm

LV10 Rural village
(underground
construction)

141

240

400

32

95 mm2
Waveform AL
(UG)

LV11 Rural
farmsteads small
holdings

70

180

200

11

0.025 in2 CU
(OHL)

Hillside
Redgates
Swan Lane
Westerfield
House
Lower Rd
Church Ln
Pipps Fm
Railway Stn
Rectory
Swans Nest
Cemetery
SPS
Pumping Station
Cowells
Knightsdale Rd

Excluded since assumed non-domestic customers only

Waspes Farm
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Since only domestic consumers were included in this analysis, no substations were matched to the
Transform feeder types that had a significant number of commercial/industrial consumers. Thus,
only Transform feeder types LV6, LV7, LV9, LV10, and LV11 were included in the simulation.
As described in section 6.3.2, multiple LV feeders were created for each LV network based on the
matched Transform template in order to accommodate the (synthesised) number of customers on
that network. On occasion, this led to numbers of LV ways significantly different from the actual
number of LV ways for that substation as specified in information provided by UKPN. Figure 29
shows the relationship between actual and predicted number of LV ways across all LV substations,
indicating that the relationship is not strong (18% overprediction on average, R2 = 0.47). This effect
is driven by both the difference between the Transform feeder design and the actual feeder design,
and between the synthesised and actual number of customers on each feeder. As a hypothetical
alternative, Figure 30 shows a corresponding plot of the number of LV feeders that would have
been needed if actual (2020) customer numbers had been used. While the correlation is still weak,
it is improved (11% overprediction on average, R2 = 0.67). Variations in the number of synthesised
LV feeders relative to the true numbers have the potential, via the number of customers per feeder,
to affect observed voltages (larger numbers of feeders would correspond to fewer customers per
feeder, reducing voltage drops along the feeder for the same cable type); however, unfortunately
information was not available to allow this to be investigated further.
15
14
13
12

Predicted # LV ways

11
10
9
8
7
6
5
4
3
2
1
0
0

1

2

3

4

5

6

Actual # LV ways
Figure 29: Predicted vs actual numbers of LV ways for each LV substation using synthesised customer numbers, also showing
the ideal-fit line (black dashed) and a linear best-fit line (pink dotted, 18% overprediction on average, R2 = 0.47)
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Figure 30: Predicted vs actual numbers of LV ways for each LV substation using actual customer numbers, also showing the
ideal-fit line (black dashed) and a linear best-fit line (green dotted, 11% overprediction on average, R2 = 0.67)

Contemporary load profiles
A key validation of the dynamic simulation is to compare simulated demand with real-world
measurements.
UKPN supplied historical current measurements at the head of the Dales Court Teed (DCT) 11kV
feeder as shown in Figure 31, indicating that during the winter period (analogous to the period of
the simulation) the line current varies between approximately 40 A to 125 A. For comparison,
Figure 32 shows simulated current values at the head of the DCT feeder over a 7-day simulation
with no outage, using contemporary values for uptake of EVs and heating systems as discussed in
section 6.3.3., from 35 A to 117 A. In terms of apparent power, the historical measurements were
0.8 - 2.4 MVA while the simulated values were 0.7 - 2.2 MVA.
The fact that the simulated values span approximately the same range as the real-world values,
while only including demand from domestic electricity customers, suggests that the simulation is
overpredicting aggregate demand in the present day – and hence potentially also in future
scenarios. Possible explanations include overestimation of the number of domestic customers on
the feeder, as described in section 7.1.1; and overprediction of present-day electric heating uptake
in the simulation, since the present-day electric heating uptake values represent UKPN’s entire
network including the London region where electric heating is widespread, whereas it may be less
common in the EPN region. (However, this is somewhat counter to the analysis in section 7.1.2
which suggests our simulation is underpredicting electric heating uptake in the local area in 2030.)
In the absence of other data (e.g. the split between domestic and non-domestic load) we did not
re-baseline the model against historical values, to avoid introducing artefacts. As a result, predicted
absolute effects on voltages and asset loadings may be overstated; nonetheless, relative effects on
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demand in Cold Start events compared with corresponding baselines (e.g. multiplier factors) should
remain unaffected by this issue.

Figure 31: Real-world measurements of line current at the head of the Dales Court Teed feeder, from 19/6/2019 to
19/6/2020.

Figure 32: Simulated line current at the head of the Dales Court Teed feeder over a 7-day period using present-day EV and
heating system uptake levels.

We understand that information systems available to UKPN contain estimated load curves for each
MPAN, for different days of the week and different months, based on information on customers’
socio-economic background - both for contemporary load and for forecast levels of LCT uptake.
This would have allowed a more fine-grained comparison of simulated demand against other
sources, including whether the spatial distribution of demand within the network is similar between
the simulation and reality. Unfortunately, during this project it was not possible to compare these
values with the results obtained from simulations.

Impacts on aggregate demand
Demand across whole feeder under ‘worst case’ conditions
Section 4.1 discussed the key findings in relation to the 24hr outage, using DFES 2030 “Engaged
Society” LCT uptake levels. This is considered to represent the “worst case” scenario that was
studied, as it represents the longest outage duration, with the greatest increase of LCT uptake.
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Section 6.3.7 discusses why a longer outage will place more strain on the network, due to the
increased size of its undiversified peak.
Section 4.1 illustrates the network demand for this scenario, and suggests that the demand returns
to “normal” around 8 hours after the power is restored. Figure 33 shows the actual time for power
flows in the network segments to return to “normal” levels. “Normal” is defined as the baseline
condition for the particular scenario (restoration time, level of LCT uptake) and “returning to
normal” is defined as when the demand is within a given tolerance of this value for 15 minutes or
more.

Figure 33: Time for network power flows to return to "normal".

Figure 33 shows most network segments return to normal in under 10 hours, and over 60% have
returned to normal in under 5 hours. After 20 hours 99% of network segments have returned to
normal, with the maximum return time of 21 hours. These statistics are collated in Table 8.
Table 8: Proportion of network segments which return to "normal", for a given threshold.

Within 10%

< 5hrs

5-10 hrs

10-20hrs

20-30hrs

61%

31%

7%

1%
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Even with a relatively relaxed 10% threshold, a non-negligible (8%) number of network feeder
segments have failed to return to normal, 10 hours after the power is restored. This may be due to
network segments having a disproportionate amount of LCT allocated to the properties that are
connected to them. More electrified heating load following the power outage, particularly due to
the cold weather conditions (see Section 6.3.8), or EV charging requirements following a 24hr
outage, would lead to greater demand and more strain on particular network segments. EVs in
particular, are more likely to be allocated to detached properties, and so network segments with
greater proportions of detached properties (for example, in suburban and rural areas) may
experience these effects more acutely.
As described in Section 6.3.4 the allocation of LCT appliances in the scenarios is probabilistic. As
this is subject to a degree of uncertainty, a Monte Carlo sampling approach was used to generate 9
additional (10 total) variations on the “worst case” scenario. These variations used the same basic
scenario parameters – 2030 LCT uptake from DFES “Engaged Society” and a 24hr power outage
with power restoration occurring at 7am on a weekday. The variation relates to the shuffling of
allocated appliances between domestic properties. Although the proportions of each type of
appliance remain the same, the specific domestic properties that they are allocated to will vary.

Figure 34: Mean network demand for 24hr power outage and corresponding mean baseline. The ‘sensitivity to uncertainty’
envelope is shown, representing the range of values across all Monte Carlo simulation runs.

Figure 34 illustrates the ‘sensitivity to uncertainty’ envelope for the 24hr outage and baseline runs,
which represents the maximum and minimum value, at each simulation timestep, for the 10
simulation runs. The envelope has an average difference of between 4-5% from the mean. This
indicates that the effects of uncertainty have a modest effect on the demand.
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Figure 35: Time to return to "normal” and the peak demand, for each of the Monte Carlo simulation runs.

Figure 35 shows no correlation between the peak demand and ‘return to normal’ time for the 10
simulation runs. This is expected and illustrates the ‘random shuffling’ of allocated LCT appliances
between scenarios. We can also see that the range of ‘return to normal’ times is between 9.5 and
12 hours. This corresponds to between 4.30pm and 7pm, and Figure 34 shows this is where the
outage and baseline curves do start to converge.

Demand across whole feeder for different scenarios
Section 7.3.1 focussed on the “worst case” scenario – the longest outage duration, with the highest
proportions of LCT uptake. However, as described in section 6.4, a range of different scenarios have
been studied to understand the impacts of different outage conditions and LCT uptake levels.
As identified in “Key findings” (Section 4.1, Figure 5) the duration of the outage has a significant
impact on the peak demand, once power is restored. This can also be seen in the ADMD values for
different outage lengths, shown in Figure 36.
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Figure 36: ADMD per consumer, for different outage durations, 2030 “Engaged Society” LCT uptake scenario

Compared to a baseline ADMD value of 2.0kW per consumer, even an 8hr outage has a significant
effect, increasing by 65% to 3.3kW per consumer. Although the ADMD per consumer continues to
increase with increasing outage duration, this increase is not linear, and is starting to plateau
around 24hr duration. A possible reason for this behaviour could be as the outage duration
increases the proportion of houses that have cooled below their required setpoint, or EVs that
require charging, once the power is restored. However, this proportion can only increase up to a
point – after a certain duration of outage all houses will have cooled below their required setpoint.
Therefore, on power restoration all houses will require immediate reheating. An increase in the
outage duration cannot increase this number of houses, as it is already at the maximum, and
therefore has less of an impact on the ADMD. It can cause the houses to have cooled further –
leading to a greater heating requirement and a wider, but not necessarily higher, peak.
The return to “normal” time for different outage lengths has also been analysed, and the results are
shown in Figure 37. The high density of points clustered in each plot is very noticeable. A possible
reason for this high density clustering is an artefact of the CLPU modelling (see section 6.3.7).
Because the CLPUp is applied as a multiplier to all LV segment loadings, as it decreases past a
certain level, many LV segments see their loading values drop below the threshold at the same
time. From Figure 25, we can see that a 10% threshold would require the loading to drop to
2200W. Reading across shows us this occurs at approximately 12.5 hours – 3.5 hours after the
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power was restored. This value of 3.5 hours aligns with the high density of points we observe in
Figure 37, for the 8 hour outage.
This is an identified limitation of the CLPU modelling. However, we would still expect to see a high
number of points in the general area shown, although we would expect them to be less densely
clustered around one specific time.

Figure 37: LV segment return times for a range of outage durations

Outage duration has been identified as the most significant factor on peak demand following a
power outage, although the other variables studied do show noticeable effects.
Figure 38 shows the effect of different levels of LCT uptake on demand. As expected, the scenario
with highest LCT uptake (DFES “Engaged Society”) shows the highest demand.
During the initial peak following power restoration, the difference in demand between the 2020
present day scenario and 2030 “Engaged Society” scenario (~ 1.6 MW) is around 4 times the
difference seen during “normal” operation (~ 0.4 MW). The reason for this difference is due to the
decreased diversity after the outage. We know that the “Engaged Society” scenario has greater LCT
uptake than 2020 – however during normal operation only a proportion of this LCT is being used at
any particular time, because of the diversity of consumer behaviour. Reduce this diversity, and the
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proportion being used at that time increases, leading to the increase in the difference between the
demands. The demand curve for the 2030 “Steady Progression” scenario sits roughly in between
the other two. This is as expected when we consider the level of LCT heating uptake increases from
12% in 2020 to 19% in “Engaged Society”, with “Steady Progression” roughly in the middle on 15%.
Unlike outage duration, which sees the maximum demand plateau after a certain time, if levels of
additional simulations were carried out with even greater levels of LCT uptake than those already
studied, we would expect the peak demand to continue to increase accordingly.

Figure 38: Representative network demand following a 16hr power outage, for different 2030 LCT uptake scenarios and
2020 LCT uptake levels.
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Figure 39: Representative network demand for different power outage end times for a 16hr power outage, 2030 DFES
“Engaged Society”. Note that due to the different outage end times, the timeframes for each plot are not aligned.

Another variable that was modified between simulation runs was the time and day of the week for
power restoration. Figure 39 shows the network demand for the four combinations of outage end
time and end day. The Sunday morning peak is clearly significantly lower than the other three. This
likely represents the increased diversity of user demand on a weekend morning.

Impacts on network
Having assessed the key findings of the Cold Start event on the LV distribution network in Section
4.2, it is then possible to analyse the other key factors and impact on the HV feeders to provide an
indicative operational performance of both balanced and unbalanced networks.

Impact of Cold load pick-up on balanced network
For the balanced analysis, we have simulated the integrated HV and LV feeders as described in
Section 6.3.2. Following the discussion in Section 4.2 on the key findings in relation to the 8hr
outage, using DFES 2030 “Engaged Society” LCT uptake levels, Figure 40 and Figure 41 shows the
impact of Cold Start on the 11kV HV feeders.
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Figure 40: 11kV segment maximum loading

Figure 41: 11kV busbar minimum voltage

As illustrated in Figure 40 all the 11kV segment loading are within the 100% loading and the
majority are within a nominal loading of 75% even with the outage. A similar trend is also visible for
the 11kV busbar voltage variations following a Cold Start, as seen in Figure 41, voltages at all of the
nodes modelled for the HV network are above -6% (10.34 kV) regulatory lower limit. This indicates
the effects of Cold Start has only a modest impact on the HV feeder as the system is designed to
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deliver 6% drop at the customers terminals with the 11kV voltage being controlled at the primary
substation.

Figure 42: LV busbar voltage violations

Figure 42 shows the correlation between the magnitude and duration of the LV feeder voltage
violations and provides an illustration of how much and for how long the network is stressed after
the cold load event. As illustrated the minimum voltage violations show a large cluster of minor
voltage violations which are short compared to a small number of individual long and severe
busbars violations. This complements the analysis presented in the key finding Section 4.2 (see
Figure 7) that with an “actionable” low voltage limit (-10%) almost all the short and severe
violations can be accommodated following an 8hr outage.

Figure 43: Maximum transformer loading comparison
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The transformer loading is heavily depended on the number of customers allocated to the
individual feeders, for which we have used the methodology outlies in Section 6.3. The network
design for the LV feeders from the 2012 Transform model and the customer predictions based on
that has caused some artefacts in the transformer loading. To compensate for that we have used a
scaling method based on the actual number of all types of customers and the predicted number of
residential customers on the DCT feeder. The results presented here used this scaling approach
with Figure 43 showing the transformer loading for the same 8hr outage indicating the risk of
overloading in a number of LV substations (6 out of 29). As it can be observed, one of the
transformers is overloaded to 250% even in the baseline (no outage) which is identified as an
artefact of the allocation prediction we used in the modelling (see Section 6.3.1).

Figure 44: Transformer loading violations

Figure 44 shows the correlation between the magnitude and duration of the transformer loading
violations and provides an illustration of how much and for how long the transformers are stressed
after the Cold Start event. As observed most overloading is short and minor compared to few long
and severe violations. As stated in Section 4.4 and illustrated in Figure 11, short-term dynamic
rating of transformers can be considered here to manage the additional overloading on selected
transformers caused by Cold Start events.

Impact of different scenarios on the balanced network
Section 7.3.1 focussed on an example scenario for 8hr outage duration with the highest
proportions of LCT uptake. However, as described in section 6.4, a range of different scenarios have
been studied to understand the impacts of different outage conditions and level of LCTs on the
network. Having analysed the impact on Cold Start event on the LV feeder busbar voltage
distribution in Section 4.2, Figure 7, here we look at the impact of outage duration.
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Figure 45: Busbar minimum voltage comparison for different outage durations in the Engaged Society

Figure 45 illustrates that duration of the outage has a modest impact on the busbar minimum
voltage. This is evidenced by the similarity in the voltage distribution values for 16hr and 24hr
outage lengths.

Figure 46: Magnitude of maximum feeder loadings for different outage durations

Figure 46 shows the correlation between the magnitude and duration of maximum feeder loading
for different outage duration. Even though severe long duration loadings can be observed with
longer duration outages most overloading are short and minor. This is unsurprising given that
segment loading is directly related to the consumer demand and as seen in Section 7.2.2, with
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increasing outage duration ADMD is starting to plateau causing the loading to peak at a certain
fixed value.

Figure 47: Minimum busbar distribution with different time and day

Another variable that was modified between simulation runs was the time and day of the
week for power restoration. Figure 47 shows the voltages at each busbar of the LV network
for the four combinations of the outage end time and end day. There is a clear impact of
weekday and weekend outage end time with the outage on a Sunday clearly has a
significantly lower impact than the other three. As discussed in Section 6.2.2 and Figure 36
the voltage follows the demand pattern with weekend morning representing increased
diversity of user demand.
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Figure 48: LV segment maximum feeder loading violations for a 16hr outage with different time and day

A similar comparison in Figure 48 for the maximum feeder loading clearly shows the impact of a
weekend outage compared to a weekday outage. The severe long duration loadings are not
evident for the weekend outages, indicating the even distribution of loads among the feeder
segments due to increased diversity on weekend. It is also worth noting here that, for the Sunday
morning simulation case, there are no feeder violations (no feeders exceeded 100% loading) which
agrees well with the ADMD analysis ain Section 6.2.2.
Until this point for all the network impact analysis, we have used the highest LCT uptake scenario
(DFES “Engaged Society”) and shows highest demand as presented in Section 6.2.2 compared to
the present day and DFES “Steady progression” levels. To this end, we identified that as the
network characteristics follow the user demand, other levels of LCT uptake will have a smaller
impact on the network.

Impact of Cold load-pickup on unbalanced network
Distribution networks are inherently unbalanced given that the load demands on each phase are
always changing randomly and it is worth investigating the impact of cold load events on the
unbalance levels. If not managed properly, unbalances in the LV network can lead to neutral
currents at around 35% of phase currents contributing significantly to variable losses for the highly
unbalanced network. Moreover, severe unbalances decrease equipment lifetime, considerably
speed up the replacement cycle of equipment, and significantly increase system operation and
maintenance costs. To understand the effect of Cold Start on unbalance, as previously stated four
LV networks were identified to perform unbalanced tests, a selection of which and their individual
demand are presented in the “Key findings” (see Section 4.3) out of which two are shown here as
an example. We have quantified the levels of phase imbalance using the voltage unbalance level as
defined in the ENA EREC P29 standard6, calculated as the maximum deviation from the average of
the three phase voltages, divided by the average of three phase voltages. EREC P29 quotes a
maximum allowable unbalance level of 2% before damage may be sustained to connected
equipment.
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2% limit

2% limit

Figure 49: Voltage Unbalance levels for extreme case with high level of loading and fewer customers

2% limit

2% limit

Figure 50: Voltage Unbalance levels for typical case with high level of loading and moderate number of customers

Figure 49 and Figure 50 show histograms of maximum voltage unbalance at each node, for a 12hr
outage finishing on 7:00 am Friday for a DFES “Engaged Society” scenario, in each case compared
to the baseline without outage, for one “extreme” network (Church Lane) and one “typical” network
(Knightsdale Road), selected based on a combination of loading and LCT uptake. For the extreme
case (Figure 49) we observed that the 2% limit is exceeded following the outage by more than half
of busbars, attributed to the presence of unbalanced LCT loads e.g. EVs at houses causing less
diversity for feeders with a low number of customers; this network also sees busbars violating the
2% limit in the no-outage condition, due to the high level of LCT uptake. On the other hand, for the
typical case (Figure 50) the level of voltage unbalance is within the allowable range for all busbars,
even with the outage.
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Figure 51: Voltage unbalance violation for the extreme case (the Church Lane LV network)

Figure 52: Voltage unbalance violation for the typical case (the Knightsdale Road LV network)

To analyse the severity of unbalance levels following the Cold Start events, violation durations were
calculated for the same two networks described above. It is to be noted here that these plots used
a voltage unbalance limit of 1.5% to capture the variations. The scatter plot in Figure 51 shows that
for the extreme case with the outage, higher voltage unbalance levels can be observed compared
to the no outage case, however, they are short duration events. On the other hand, for the typical
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case in Figure 52, even with the outage, a minimal level of voltage unbalance is observed, well
below the regulatory 2% level.
From the analysis, we can observe that one the one hand, a smaller number of customers on a
network results in low diversity with increased LCT uptake; and, on the other hand, with a large
number of customers the load diversity may act to cancel out the phase imbalance.

Figure 53: Level of voltage unbalance on the Baronsdale Close LV network for a range of outage durations

The voltage unbalance for different outage lengths has also been analysed, and the results are
shown in Figure 53 for the Baronsdale Close LV network (1U2107). A jitter plot is used here to
visually compare the sensitivity to outage duration and to identify the trends in the voltage
unbalance distribution. The changes in the clustering of voltage unbalance level for increased
outage lengths (4hr to 8hr) is noticeable, however, for outages longer than 8hrs for this network
the maximum unbalance level remains constant. This indicates that the level of unbalance is largely
dependent on the network characteristics and for the LV network analysed here, it can occur for an
8hr outage with the level of LCTs and customers allocated (see Section 6.4).
The sensitivity of voltage unbalance to uncertainty around LCT uptake in a single LV network is
shown in Figure 54, for a 12hr outage ending on Friday 7:00 am and for corresponding baseline
runs with no outage. Maximum voltage unbalances across all busbars in the network are
computed, for each of 9 simulations of the same network where LCT devices, usage profiles and
phases are reallocated to consumers. (As described in section 6.3.4, phase is allocated to
consumers via a Monte Carlo approach where in the worst case one phase might have complete
uptake of HPs while the other two have no uptake.)
The range of unbalance voltage distribution for the 9 simulation runs shows that with the outage
the voltage unbalance level goes beyond the standard limit of 2%, as expected. The range shows
that for the same network with Cold Start, the impact on voltage unbalance can be severe with the
worst case (3.95%) reaching double the minimum value (1.825%). This indicates that the level of
uncertainty has a significant effect on the unbalance level, with the Cold Start event causing high
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level of voltage unbalances and corresponding effects such as losses and heating. It is also worth
noting here that the unbalance level for the baseline without outage exceeds the 2% limit for
certain scenarios, showing the need for potential consideration of voltage unbalance level and its
implications on networks in the 2030 high electrification scenario.

Figure 54: Variation of voltage unbalance level on the Baronsdale Close LV network for 12hr outage for the range of
sensitivity studies performed using Monte Carlo simulation runs

From our analysis, the key factors driving unbalance levels in individual networks after a Cold Start
event are the number of LV ways, customers allocated to each LV way, the level and type of LCT
uptake and feeder construction. This observation could be used to provide additional support for
ensuring that there is an adequate balancing of loads across phases during a CLPU with a high
level of LCT and loading.
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8. Appendix: Project deliverable timeline
Within the overall project timeline of 10/03/2020 to 09/03/2021, the outputs from the project have
been and will be made available through four sequential deliverables, outlined in Table 9.
Table 9: Deliverables of the Cold Start project

Deliverable
D1 Interim feedback
(presentation)

Date
•
•
•

D2 Resolved feedback
(presentation)

•
•

D3 Final report
(this document)

•
•
•

D4 Dissemination and next
steps
(presentations and
workshops)

•
•

•
•

•

Overview of model structure
Generic preliminary simulation results from
base scenario (network + consumers)
Review of assumptions for D2

8/9/2020

Simulation results from full model under
reviewed assumptions
Impacts on network in balanced and
unbalanced load scenarios

20/10/2020

Description of modelling approach and
assumptions
Simulation results from full model under
reviewed assumptions
Impacts on network in balanced and
unbalanced load scenarios

Draft 13/11/2020

High-level overview of method, assumptions
and results
Engagement with UKPN and external
stakeholders regarding findings, with
particular reference to:
Steps needed to allow integration into BAU
Further information to enable BAU integration
(e.g. simulations of other networks/seasons;
investigation into potential control systems
covering performance simulation, customer
study and/or investment assessment)
Considerations on impact on BAU policies and
if to proceed to a second stage to assess
mitigations.

UKPN stakeholder
workshop 11-15/1/2021

Final version 10/12/2020

External stakeholder
workshop 1-15/2/2021
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