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BACKGROUND
Smarter Network Storage Project
The Smarter Network Storage (SNS) project, funded through Ofgem’s Low Carbon Network Fund, is
carrying out a range of technical and commercial trials using energy storage to tackle the challenges
caused by the transition to a low-carbon electricity sector. Through demonstrating the multipurpose
application of the installed 6MW/10MWh energy storage device at Leighton Buzzard primary
substation, the project is exploring methods for accessing multiple ‘stacked’ benefits, maximising
value from alternative revenue streams for storage, while also deferring traditional network
reinforcement at the site.
The project is providing the industry with a greater understanding and a detailed assessment of the
economic business cases for energy storage when operated in this ‘multi-purpose’ way. Ultimately the
project aims to help encourage adoption of this key smart grid solution for the benefit of customers.

Purpose
Engineering Recommendation P2/6 was released in 2006 to include the methodology for evaluating
the contribution of non-network assets, such as Distributed Generation (DG), to network security of
supply. Despite this extension, energy storage systems are not considered in the current planning
standard for distribution networks. Given the growing interest towards distributed storage solutions,
as well as their fundamentally different operating principles due to their capability to act as both load
and generation, it is imperative to identify novel methodologies for assessing their contribution to
security of supply. The purpose of this work is to investigate ways in which the P2/6 framework can
be extended to accommodate energy storage in the security assessment of distribution networks. In
particular, the report aims to:










Identify the main factors that differentiate energy storage from DG resources, necessitating the
shift towards a fundamentally different modelling framework based on chronological analysis of
distribution network operation needed to evaluate security contribution of energy storage;
Explore and identify the characteristics that pertain to energy storage and can influence its
security contribution. These characteristics include, among others, size of the energy tank,
demand forecast accuracy, state of charge estimation accuracy and storage plant availability.
Propose an integrated approach towards assessing storage’s contribution to security of supply,
while remaining consistent with the fundamental principles of the P2/6 methodology. A
technology agnostic approach is to be adopted to ensure that the proposed methods can be
applied to different types of energy storage systems.
Carry out extended case studies on synthetic and realistic distribution networks to quantify the
security contribution of different storage plants and provide concrete examples of applying the
proposed methodology to a variety of cases.
Pinpoint suitable amendments, if any are needed, to the P2/6 methodology to accommodate the
evaluation of energy storage technologies from a network security perspective.
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EXECUTIVE SUMMARY
This report is the main deliverable for the Successful Delivery Reward Criteria (SDRC 9.6) for the
Smarter Network Storage project and satisfies in full the following criteria set out in the project
direction:
A. Scenario tests are designed to demonstrate and assess the storage contribution to network
security by Imperial College. A number of different case studies are presented in Section 3
and Section 4 of this report.
B. Operational data and performance relating to the trials have been captured and are analysed in
Section 3 and Section 4 of this report.
C. The present summary report has been produced by Imperial College and describes the
methodology applied, key assumptions and results of the analysis of the benefits of energy
storage to distribution networks and contribution to security of supply, including
recommendations for amendments to network design standards
Distribution network security has traditionally relied on conventional assets such as transformers and
circuits to supply energy to consumers from the upstream grid. In recent years, there has been
increasing interest in utilising non-network assets to improve cost efficiency and increase security of
supply. In particular, Engineering Recommendation P2/6 was released in 2006 to extend the existing
capacity credit methodology to include DG resources when assessing a network’s security of supply.
Despite this extension, Energy Storage (ES) systems are not considered in the current planning
standard. Grid scale ES devices are growing in their role around the world in facilitating cost-effective
evolution to lower carbon systems due to their ability to provide a wide array of services across all
voltage levels. In the case of energy storage connected at the distribution level, plants can increase
network resilience through different means such as maintaining supply for the duration of a network
outage or peak shaving. Despite the potential for storage solutions to enhance security of supply, the
P2/6 standard does not currently provide a framework for calculating contribution of ES plants. Given
the growing interest towards distributed storage solutions, as well as their fundamentally different
operating principles, it is imperative to define a methodology for assessing their contribution to
security of supply so that it can be quantified and rewarded appropriately.
ES is different to other energy sources in a variety of ways, warranting the development of a new
capacity credit calculation method. First of all, whereas DG is solely constrained by its technical
availability, ES facility must be able to provide adequate power output while energy stored should be
sufficient to supply the load. In other words, whereas conventional resources, such as DG, typically
face only power constraints, storage facilities can face both power and energy constraints. This
necessitates the use of chronological simulation tools instead of relying on load-duration curves, as
defined in the existing standard.
Another aspect of the existing P2/6 philosophy which requires amendment when applied to the case of
energy storage is that the asset under investigation is supposed to be capable of serving the entire
demand corresponding to the asset’s power rating. For instance, the capacity credit for a DG plant is
computed on the basis of a single reference load duration curve scaled so as to match the DG power
rating. Given that using ES for peak-shaving entails serving only part of the load and using substation
capacity for re-charging during low-demand hours, a different modelling approach is required.
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Figure 1:Peak shaving requirement for two different demand shaped (“flat” shape on the left panel; “peaky” shape
on the right panel) for the same level of maximum power shortfall of 30% (red line). Shaded area denotes residual
demand to be serviced by storage plant. Note that y-axis is the ratio of demand to the maximum.

Another direct implication of the presence of energy constraints is that demand shape plays a major
role when determining peak shaving requirements. For instance, as shown in Figure 1, for a given
maximum power shortfall level (in this case shortfall is 30%, meaning that the network capacity is
30% lower than the maximum demand level), there is great difference between the two demand
profiles in terms of the amount of energy to be served as well as available network capacity for
charging during off-peak hours. These considerations that arise due to the presence of energy
constraints need to be reflected in the Standard modification and we hence propose use of appropriate
metrics, the maximum power shortfall and maximum shortfall duration (similar to the concept of
‘hours at risk’), as a proxy to describing the peak-shaving requirements of specific system.
An important note is that storage plants are highly flexible and can provide a wide range of market
services to the electricity system beyond security provision via peak-shaving. Given that the plant
operator’s goal is profit maximisation across these services, it is possible that at a time where peak
shaving would be required, the plant’s resources have already been expended for some other activity
due to forecasting errors. As a result, the storage plant’s operational strategy and forecast quality
regarding how much energy and power must be allocated for security provision purposes is of
fundamental significance. Note that such considerations do not arise in the case of conventional
network assets. All the above issues raise the need for a probabilistic security credit methodology
drawn on the basis of a large number of credible scenarios of favourable/adverse uncertainty
realisations, demand shapes etc.
Engineering Technical Report (ETR) 130 which supplements the P2/6 standard defines three
approaches to assess the security contribution from DG. Each approach determines a “contribution
factor” (also described as the “F-factor”) that is the ratio of security contribution to DG capacity. For
example, with DG capacity of 10MW and a contribution factor of 50% the contribution to security is
taken to be 5MW.
-

Approach 1: gives contribution factors based on simple look-up tables defined by technology
type and number of units of each generator;
Approach 2: is intended for use with all DG types. It uses look-up tables and charts to derive
contribution factors based on the availability of non-intermittent generation or the required
persistence time for intermittent resources.
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-

Approach 3: is more comprehensive and flexible and is described in detail in ETR131. A
spreadsheet tool is provided for performing the calculations of contribution factor with site
specific data.1

The present report provides a detailed analysis in a vein similar to Approach 3, identifying and
assessing all factors that affect the contribution of energy storage to security of supply, namely State
of Charge (SOC) estimation errors, ES operator strategies for energy and power allocation, errors in
load forecasts and different types of demand profiles, availability and efficiency of the storage power
plant and contribution from adjacent DG plant. A methodology based on chronological Monte Carlo
simulation is proposed for the evaluation of energy storage security contribution.
By carrying out detailed case studies on a synthetic test system and subsequently using historical data
from different network sites, useful conclusions are drawn on the potential for storage to provide
security of supply through peak shaving.
-

-

-

-

Demand shape is shown to be of paramount importance; although a network’s security
shortfall is usually characterised solely on the basis of its maximum power shortfall, temporal
and magnitude characteristics of load can radically alter security contribution. In particular,
detailed simulations have been carried out to characterise the security contribution of the
Leighton Buzzard storage plant. The installed system has been shown to provide 100% of
Equivalent Firm Capacity (EFC-expressed in terms of the power shortfall) based on 2015
loading conditions that involve a maximum power shortfall of 2.78 MW2.
Further studies have been carried out to investigate how this contribution changes as a
function of the network’s maximum power shortfall for different power and energy
capabilities. For example, on the basis of the available load measurements, the plant’s EFC
under a scenario where there is a 6 MW power shortfall from the firm capacity has been
estimated to 67.83%. As expected, increased power and energy capacity result in increased
security contribution with a saturation effect due to the highly non-linear relation between
Expected Energy Not Supplied (EENS) and EFC. In addition, higher power shortfalls result in
a decrease of security contribution since the peaks to be served become larger and maximum
shortfall duration increases considerably.
Studies on the demand flatness indicate that peaky demand patterns are best suited for peak
shaving by energy storage assets; flat demand profiles cannot benefit from storage as there is
very limited scope for charging.
A large number of case studies are carried out and presented in Section 3 to quantify the
impact of power and energy forecasts. In the case of Leighton Buzzard, error levels in the
order 10-30% were shown to reduce contribution quite moderately. However, error levels in
the order of 100% (i.e. about ±1MW in terms of power forecast accuracy and ±2MWh in
terms of energy forecast accuracy) and above can considerably reduce contribution. Overall,
the effects of energy forecast errors are shown to be more severe. Risk-averse operational
strategies involving the over-allocation of resource on the basis of proportional overcommitment and committing resources according to a reduced estimate of the available
network capacity are shown to be very effective in mitigating the effects of unsuccessful
forecasts. However, the proportional control strategy is shown to suffer in cases of severe

1

The context of the three approaches in P2/6 and ETR 130 are comprehensively described in the report
“Distributed Generation addressing security of supply and network reinforcement requirements”, accessed at:
http://innovation.ukpowernetworks.co.uk/innovation/en/Projects/tier-2-projects/Low-Carbon-London(LCL)/Project-Documents/LCL%20Learning%20Report%20-%20A8%20%20Distributed%20Generation%20addressing%20security%20of%20supply%20and%20network%20reinforce
ment%20requirements.pdf
2
Although the nameplate rating of the Smarter Network Storage device is 6MW, the same support to customers
could have been achieved with reinforcement upstream of the overhead lines with 2.78MW of additional
capacity.
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under-prediction; the latter method is more robust but results in higher resource overallocation. Finally, the effect of SOC estimation errors, although potentially substantial at
high levels, is shown to be modest for the range of 1-5%.
The main output of the present report are EFC security contribution tables which have been produced
for a large number of scenarios to assist in guiding the extension of the P2/6 standard eliminating the
need for technology-specific assessment. In particular, taking the demand time series at Leighton
Buzzard as a reference (i.e. typical demand profile) we have computed the ES security contribution
for different maximum power shortfall levels, different shortfall durations (captured by creating
alternative flat/peak demand shapes).
The contribution of storage plants of different power and energy capability for a typical demand
profile are shown in
Table 1 below. Power shortfall is used to indicate peak shaving requirement as a percentage of the
peak demand. For example, a 5% power shortfall means that the network’s capacity limit is 5% below
the maximum recorded demand level. For each shortfall scenario we assess storage plants that have a
power rating equal to 100%, 125% and 150% of the shortfall, while three different energy capacities
are analysed; 2 hours, 4 hours and 8 hours. In the cases where power rating is different to maximum
power shortfall, normalised EFC is expressed in terms of the maximum power shortfall.
Table 1: Normalised EFC (in terms of the shortfall) for storage plants of different energy capacity across different
maximum power shortfalls; storage plant power rating is equal to maximum power shortfall (typical demand profile)

Power shortfall
5%

10%

20%

30%

Power/Energy
100%
125%
150%
100%
125%
150%
100%
125%
150%
100%
125%
150%

2h
100%
100%
100%
100%
100%
100%
67.70%
79.80%
100%
35.62%
40.51%
46.13%

4h
100%
100%
100%
100%
100%
100%
100%
100%
100%
57.27%
66.70%
69.87%

8h
100%
100%
100%
100%
100%
100%
100%
100%
100%
69.87%
69.87%
69.87%

As can be seen above, for relatively small power shortfalls i.e. 5% or 10% of the peak demand, energy
storage succeeds in performing peak shaving with no loss of load. However, for larger power
shortfalls, energy constraints become binding and energy capacity becomes an important determinant
of peak-shaving capability. In these, storage capacity credit will be driven by the size of the energy
tank. It is also important to highlight the presence of a saturation effect that arises in the cases of
plants with very high energy capacity due to limited charging capability; at the 30% power shortfall
level, there may be limited opportunity to make use of the available network capacity so as to recharge the energy storage up to the required level.
Table 2 presents normalised EFC values for the “peaky” demand profile, corresponding to lower
maximum shortfall durations. As can be seen below, the security contribution of storage is increased
under a peakier demand shape, given lower energy requirements for the same power shortfall. The
key message of this table is that energy storage can substantially increase security of supply
contribution through peak shaving in the case of peaky demand as long as the plant’s power rating is
sufficient; energy capacity becomes less binding and plants with as low as 4h of capacity can reach
high EFC values.
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Table 2: Normalised EFC for storage plants of different energy capacity across different maximum power shortfalls;
storage plant power rating is equal to maximum power shortfall. Peaky demand profile.

Power shortfall
5%

10%

20%

30%

Power/Energy
100%
125%
150%
100%
125%
150%
100%
125%
150%
100%
125%
150%

2h
100%
100%
100%
100%
100%
100%
74.22%
100%
100%
45.37%
51.49%
57.52%

4h
100%
100%
100%
100%
100%
100%
100%
100%
100%
71.61%
89.53%
100%

8h
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

Table 3 presents EFC values for a “flat” demand profile. The overall effect of a flattened demand
profile is reduction of security contribution since for a given power shortfall, the amount of required
energy can increase substantially. Another interesting feature to note is the saturation effect in the
case of a large power shortfall due to the limited energy import capability during off-peak hours. As a
result, even plants with very large energy capacity cannot attain full charge, giving rise to energy at
risk. One key message emerging from this table is that flat demand profiles can limit the security
contribution of storage in cases when the power shortfall is so large as to compromise the plant’s recharging ability.
Table 3: Normalised EFC for storage plants of different energy capacity across different maximum power shortfalls;
storage plant power rating is equal to maximum power shortfall. Flat demand profile.

Power shortfall
5%

10%

20%

30%

Power/Energy
100%
125%
150%
100%
125%
150%
100%
125%
150%
100%
125%
150%

2h
100%
100%
100%
100%
100%
100%
48.29%
54.51%
61.80%
30.33%
33.44%
35.72%

4h
100%
100%
100%
100%
100%
100%
76.09%
100%
100%
37.37%
37.58%
37.58%

8h
100%
100%
100%
100%
100%
100%
100%
100%
100%
37.58%
37.58%
37.58%

Another important point to consider is that the technical availability of a storage plant is an important
driver of security contribution. As expected, the lower the availability, the lower the ES contribution.
In addition, due to the non-linear relationship between EENS and EFC, reduced availability results in
substantial security penalisation in the case of plants that have a high EFC under the ‘alwaysavailable’ assumption i.e. the plant faces little energy/power constraints during intact operation. It is
also important to note that in the case of a number of storage technologies, technical failure may result
in a suspension of part of the effective power/energy capability. As such, it would be important that
all different post-fault operation capabilities (along with the associated probabilities of faults that lead
to such operating modes) are identified and considered in the security contribution calculation.
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It should be noted that following the P2/6 philosophy, the calculations of contribution to security of
supply in this report assume that normal operating conditions exist, i.e. all traditional network assets
such as lines and transformers are operating normally; ‘N conditions’ exist. In practical terms, it is
most likely that storage will be used to ensure that ‘N-1’ capacity is sufficient after an existing
traditional asset has already faulted. As such EENS practically means amount of expected energy at
risk of not being supplied.
In the main report extensive analysis has been undertaken to examine the impact of other drivers,
including energy efficiency, which is shown to become binding mostly in cases of flat demand
profiles when re-charging capability due to low network capacity becomes an issue. Furthermore, the
impacts of forecasting and SOC estimation errors are examined (these are relevant when the storage
plant is not fully dedicated to security provision). However, adoption of a risk-averse resource
allocation rule is shown to reduce the impact of adverse realisations.

KEY RECOMMENDATIONS
The key recommendations of this report are:














Energy storage plants are fundamentally different to other conventional assets due to the
presence of both power and energy constraints and their dependence on the state-of-charge.
As such, sequential simulation is required to quantify the impact of storage on security of
supply. Beyond the plant’s technical characteristics, such as energy capacity and power rate,
demand shape is a major determinant of the scope for energy storage’s contribution to
security.
In cases where the storage plant is not exclusively dedicated to the provision of security (but
also provides other services not necessarily aligned with security provision) it is important to
consider the forecasting errors related to power and energy allocation. We demonstrate that it
is possible to adopt a risk-averse commitment strategy to mitigate this effect to a large degree,
at the expense of potential resource over-commitment.
We propose the use of two metrics, the maximum power shortfall and maximum shortfall
duration, as a proxy to describing the peak-shaving requirements of specific system.
The analysis undertaken demonstrates that the current security contribution of the Leighton
Buzzard storage plant is 100% in terms of the observed power shortfall.
In general, we show that in cases of networks with low power shortfalls (e.g. 10% of the
maximum demand level), the reduced peak shaving requirements can be fully met by a
suitably-sized storage plant with as low energy capacity as two hours (EFC = 100% of
shortfall being served).
As the power shortfall increases, increased energy capacity is required to carry out peak
shaving successfully. In cases of flatter demand profiles, there is a pronounced saturation
effect since the amount of available import capacity for charging the storage plant may be
critically limited (e.g. EFC = 37% for a plant with 4-hour capacity and 30% power shortfall).
In cases of peaky demand profiles, the contribution of storage can be more substantial (e.g.
EFC = 71% for a plant with 4-hour capacity and 30% power shortfall) as long as the required
power rating is available.
The contribution of storage to security of supply in the case of flat demand profiles can be
increased substantially in the presence of DG in case that the generation operates during peak
demand conditions. We show that at 50% DG penetration, security contribution of an 8-hour
storage plant can increase from 37% to 100%. However, under lower DG penetration levels
the effect may not be material.
Storage plant availability has a substantial impact on security contribution. However, in cases
where a fault does not result in outright suspension of operation but rather in a reduction of
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power/energy capability, the penalisation to security contribution can be reduced
considerably.
Section 1 of the report provides the background to the philosophy of the P2/6 framework and
highlights its current inability to accommodate energy storage security evaluation. Subsequently, in
section 2 we present the basic modelling framework for evaluating a storage plant security
contribution on the basis of chronological analysis. In the following section we showcase a number of
case studies where different considerations such as demand forecasting errors, are progressively
introduced and their impact investigated. Section 4 applies the developed methodology towards
analysing the security contribution of the storage plant installed at Leighton Buzzard. Additional data
from London sites are employed to investigate the impact of demand shape on security contribution.
The large number of studies enables us to draw useful conclusions on the practical implications of
different drivers. Section 5 provides recommendations for the amendment of the existing P2/6
standard so as to enable the consideration of storage plants.
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ABBREVIATIONS
DG

Distributed Generation

EENS

Expected Energy Not Supplied

EFC

Equivalent Firm Capacity

ETR

Engineering Technical Report

MTBF

Mean Time Between Failures

MTTR

Mean Time to Repair

SNS

Smart Network Storage

SOC

State of Charge

SYMBOLS
α
σE
σP
σSOC
𝑫𝒅,𝒕
𝜺
̅
𝑷
̅
𝑬
𝑬𝒅,𝒕
𝑷𝒅,𝒕
𝑼𝒅,𝒕
𝑷𝑹
𝒅
𝑬𝑹
𝒅
𝑷𝑭𝒅
𝑬𝑭𝒅
𝜸𝑷
𝜸𝑬
𝑷𝑨𝒅,𝒕
𝑬𝑨𝒅
Δt

Storage plant availability (scalar)
Level of energy forecasting error (scalar)
Level of power forecasting error (scalar)
Level of state of charge estimation error (scalar)
Residual group demand above the network capacity limit at hour 𝑡 of day 𝑑 (MW)
Storage device efficiency (scalar)
Maximum power output capability (MW)
Maximum energy capacity (MWh)
Stored energy at the end of hour 𝑡 of day 𝑑 (MWh)
Power discharged by storage device at hour 𝑡 of day 𝑑 (MW)
Unsupplied energy at hour 𝑡 of day 𝑑 (MW)
Power output capability required to fully cover residual demand at day 𝑑 (MW)
Stored energy required to fully cover residual demand at day 𝑑 (MWh)
Forecasted power output capability required for day 𝑑 (MW)
Forecasted stored energy required for day 𝑑 (MWh)
Percent of power capability allocated compared to forecasted value (scalar)
Percent of stored energy allocated compared to forecasted value (scalar)
Power capability allocated for peak shaving at day 𝑑 (MW)
Storage energy allocated for peak shaving at day 𝑑 (MWh)
Simulation time step expressed in terms of hours (0.5 for half-hourly, 1.0 for hourly etc.)
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1 Security contribution of energy storage within the
P2/6 framework
Engineering Recommendation P2/6 is the current distribution network-planning standard in Great
Britain. Each Distribution Network Operator (DNO) has a license obligation to plan and develop their
systems to a standard not less than P2/63 or such other standard of planning as DNOs may, with the
approval of the Office for Gas and Electricity Markets, adopt from time to time. For demand groups
supplied exclusively by the upstream transmission network, i.e. without any non-network assets such
as DG, P2/6 is a pure deterministic standard that prescribes the levels of network redundancy for
different sizes of group demand supplied. Also, P2/6 standard defines a capacity credit for the DG
based on the concept of Equivalent Firm Capacity (EFC). EFC defines the value by which group
demand can increase due to the presence of DG. EFC can be calculated as the amount of capacity of
an ‘always available’ network connection which can replace DG while maintaining the same supply
risk level. The principal risk metric used for this type of assessment is the Expected Energy Not
Supplied (EENS). EENS is defined as the expected amount of energy not served over a period,
typically on an annual basis.
In this section we identify the main characteristics of energy storage that necessitate further modelling
considerations and explore how the P2/6 framework can be extended to accommodate these,
ultimately resulting in a description consistent with the concepts of EENS and EFC, as illustrated in
Figure 2 below. An outline of the main differences between operating conventional resources and
energy storage facilities follows.

Figure 2: Illustration of the proposed approach for calculating the capacity contribution of energy storage.

Currently one of the main tenets of the P2/6 philosophy is the quantification of security contribution
of non-network assets, such as DG, without considering the reliability of the existing distribution
network. In the case of conventional distributed resources this ‘isolation’ approach may be acceptable;
resource availability is independent of the distribution network. However, in the case of energy
storage, operation is not autonomous; access to the upstream network is essential to enable charging
of the plant with energy to be discharged when needed at a later time.
To this end, the present security contribution analysis of storage focuses on its capability for peakshaving. As shown in Figure 3, peak shaving refers to serving the residual demand above the
network’s secure capacity limit, as defined by the standard. Under the assumption of a perfectlyreliable distribution network, peak shaving is warranted during afternoon peak hours with the storage
plant charging back to its desired energy capacity during night-time hours. Although these
assumptions may limit the analysis in certain aspects, they are fully justified given that P2/6 is the
existing network standard and the only available framework for quantifying the security contribution
of storage.
3

Distribution Code, Paragraph DPC 4.2.1, accessed at: http://www.dcode.org.uk/assets/files/dcodepdfs/DCode%20v26%20Sept%202015.pdf
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Power
Required energy

Required power

N-1 secure capacity

Local demand

Peak hours

Time

Figure 3: A storage facility used for peak shaving must be capable of supplying enough energy and power during
peak hours. Shaded area indicates the amount of energy to be delivered for peak shaving.

The second important characteristic is that whereas DG is solely constrained by its technical and
resource availability (e.g. wind etc.) and maximum stable generation level, the storage facility must
have both enough power output capability and energy stored to supply the load. In other words,
whereas conventional resources, such as DG, typically face only power constraints, storage facilities
can face both power and energy constraints. These constraints can be independent or combined. For
example, it is possible to have sufficient amount of energy stored but the maximum storage output
may be less than the peak demand to be served; a power constraint arises. The opposite situation of an
empty tank and sufficient power capability gives rise to an energy constraint. Naturally, there may
also be cases where there is insufficient energy in the tank and the plant’s power output capability is
less than the demand to be served; this is a case of a combined power and energy constraint
occurrence. As a consequence of the above, the actual shape of the demand peak being served is
important in addition to the peak magnitude. As a result, whereas DG contribution can be estimated
using load-duration-curve-based methods, chronological modelling of the operation of the storage
facility is essential to identify occurrences of power and energy constraints and quantify the
unsupplied energy.
Furthermore, in case of storage it is important to recognise that the plant can provide a wide array of
other services, which may interfere with network security provision. For example, energy arbitrage
and provision of balancing services typically constitutes a significant revenue stream for a profitmaximising storage plant operator. In the presence of a perfect demand forecast, plant operator
maximising their profit would be expected to direct their resources (power output capability and
stored energy) to perform peak shaving, given that the remuneration scheme to commercially
incentivise security provision is more attractive than the potential profit of price arbitrage. In practice
however, demand forecasts can be inaccurate leading to inefficient allocation of storage resource. For
instance, an operator might not expect a peak shaving need for a specific day, choosing to discharge
the stored energy for price arbitrage purposes instead. In the event that a peak shaving need does arise
some time later, the storage plant may be facing an energy constraint resulting in unsupplied energy in
the network. Note that a similar situation can arise due to a power constraint. It follows that the
provision of multiple competing services that draw upon the same finite pool of stored energy and
power output capability, and given the uncertainty of energy and power needed to support network
security, the storage operator would need to strategically allocate energy and power ahead of actual
delivery time, on the basis of the best available forecast.
Thus, a key implication is that storage security contribution will be highly dependent upon the quality
of the demand forecast. In cases where a high-quality forecast is available, the storage plant’s
contribution to security of supply can be very significant and is primarily driven by the plant’s
technical constraints i.e. output rate and energy storage capacity. In cases of low-quality forecast the
storage contribution can be severely reduced; a large storage plant can have minimal security
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contribution if its capability is not scheduled appropriately to cover for peaks shaving purposes. It is
imperative to also highlight that in practice, a risk-averse storage operator may choose to over-allocate
storage resources in an effort to cover adverse forecast errors. For example, a conservative strategy
may entail the allocation of additional energy and/or power compared to the predicted values. These
are important considerations to be examined when quantifying the storage security contribution.
A final point particularly pertaining to electrochemical storage systems utilising batteries is their
performance degradation over time and most importantly the limited understanding and modelling of
this process. In the context of security, the main consequence of this is that inaccuracies may be
introduced to state-of-charge (SOC) monitoring, resulting in adverse situations. For example, the
operator may have reserved a specific amount of energy for day-ahead operation but in practice the
amount of stored energy may be lower or higher due to a SOC estimation error. This is an effect that
may result in inability to supply load during peak hours and has been taken into account in our
analysis. As before, this effect raises the case for adopting a risk-averse attitude by committing extra
energy when possible to limit the effect of estimation errors and increase the security contribution of
storage.

2 Proposed EFC calculation methodology
The points presented in the previous section highlight the fundamental differences between
conventional distributed resources and energy storage. It is clear that calculating the security
contribution of the latter is considerably more complex, entailing chronological analysis of the system
under study. In addition, the consideration of multiple random variables, related to the possible
forecast realisations, necessitate the use of a chronological Monte Carlo framework for approximating
the EENS values of interest. In section 2.1 we present the base-case chronology based model for
performing EENS calculations and showcase an algorithm for estimating the corresponding EFC
value. Section 2.2 provides the modelling method for storage plant availability. In section 2.3 we
discuss the modelling of load forecasting errors. SOC estimation errors are introduced in section 2.4.

2.1 Chronological analysis and EFC calculation methodology
As outlined in section 1, the most important step in calculating the contribution of a particular asset to
security of supply is to compute the system’s EENS when equipped with the asset under investigation.
An important issue is that energy storage devices have “state memory” as the state of charge is
coupled to the preceding operational decisions. As a result, carrying out chronological analysis where
the storage plant is operated along the time horizon under study is necessary to identify cases of
energy and/or power constraints. Under the assumption of purely deterministic network operation,
where the demand is perfectly known a priori and no sources of uncertainty exist, chronological
analysis against the projected demand background suffices for the calculation of the system’s EENS.
A set of assumptions regarding the operation and resource allocation regime are necessary to
accommodate storage modelling within the P2/6 methodology. In particular:





For the purposes of the present analysis, we assume that the storage plant is tasked with
providing security of supply during peak hours of the day e.g. between 2pm and 8pm, to
cover the residual load that exceeds the network’s secure capacity limit.
The storage facility is able to charge sufficiently over the off-peak hours, guaranteeing the
storage plant is fully charged to the required level by the onset of the on-peak window.
Each day, the storage plant operator computes two separate forecasts regarding the day-ahead
demand pattern. One forecast value is the maximum required power predicted throughout the
day. The other forecast value is the required energy to ensure all residual demand is serviced.
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The operator allocates the amount of power and energy to be reserved for security provision
purposes the following day on the basis of these two forecasted values. The allocated power
refers to the amount of maximum storage power output that applies throughout the day. The
allocated energy refers to the total energy which can be used for discharging purposes in the
course of the day.
Sequential simulations carried out are quasi steady-state with a user-defined times step Δt. In
the case of Energy Storage security contribution analysis, where we focus on steady-state
behaviour and hence, a Δt of half-hour is chosen to capture the characteristics of interest..

The operator can choose to allocate more or less power and/or energy compared to the forecasted
value depending on their attitude towards unserved energy. This capability becomes most relevant
when forecasting errors are introduced. Note that this straightforward linear approach to model risk
attitude is chosen for its simplicity; more involved strategies can also be implemented, such as the
amount of over/under-allocation being a non-linear function etc.The mathematical formulation for an
hourly chronological analysis of a generic storage device follows:
𝐷𝑑,𝑡
𝜀
𝑃̅
𝐸̅
𝐸𝑑,𝑡
𝑃𝑑,𝑡
𝑈𝑑,𝑡
𝑃𝑑𝑅
𝐸𝑑𝑅
𝑃𝑑𝐹
𝐸𝑑𝐹
𝛾𝑃
𝛾𝐸
𝐴
𝑃𝑑,𝑡
𝐸𝑑𝐴
Δt

Residual group demand above the network capacity limit at hour 𝑡 of day 𝑑 (MW)
Storage device efficiency (scalar)
Maximum power output capability (MW)
Maximum energy capacity (MWh)
Stored energy at the end of hour 𝑡 of day 𝑑 (MWh)
Power discharged by storage device at hour 𝑡 of day 𝑑 (MW)
Unsupplied energy at hour 𝑡 of day 𝑑 (MW)
Power output capability required to fully cover residual demand at day 𝑑 (MW)
Stored energy required to fully cover residual demand at day 𝑑 (MWh)
Forecasted power output capability required for day 𝑑 (MW)
Forecasted stored energy required for day 𝑑 (MWh)
Percent of power capability allocated compared to forecasted value (scalar)
Percent of stored energy allocated compared to forecasted value (scalar)
Power capability allocated for peak shaving at day 𝑑 (MW)
Storage energy allocated for peak shaving at day 𝑑 (MWh)
Simulation time step expressed in terms of hours (0.5 for half-hourly, 1.0 for hourly etc.)

EENS across the simulation horizon is computed as follows:
𝑃𝑑𝑅 = max{𝐷𝑡,𝑑 }

(1)

𝐸𝑑𝑅 = ∑ 𝐷𝑡,𝑑

(2)

∀𝑡∈𝑑

∀𝑡∈𝑑
𝑃d𝐹 ~U(𝑃𝑑𝑅 − 𝜎 𝑃 ̅̅̅̅
𝑃𝑅 , 𝑃𝑑𝑅 + 𝜎 𝑃 ̅̅̅̅
𝑃𝑅 )
𝐹
𝑅
𝑅
𝐸𝑑 ~𝑈(𝐸𝑑 − 𝛼 𝐸 ̅̅̅̅
𝐸𝑅 , 𝐸𝑑 + 𝛼 𝐸 ̅̅̅̅
𝐸𝑅 )
𝐴
𝐹
𝑃
𝑃𝑑,𝑡 = max(𝑃̅, 𝛾 ∙ 𝑃𝑑 )
𝐸𝑑𝐴 = max(𝐸̅ , 𝛾 𝐸 ∙ 𝐸𝑑𝐹 )
𝐸𝑑,𝑡0 = 𝐸𝑑𝐴

𝐴
𝐸𝑑,𝑡 = max(𝜀 ∙ (𝐸𝑑,𝑡−1 − 𝛥𝑡 ∙ min(𝑃𝑑,𝑡
, 𝐷𝑑,𝑡 )),0)
𝑃𝑑,𝑡 = −(𝐸𝑑,𝑡 − 𝐸𝑑,𝑡−1 )
𝑈𝑑,𝑡 = 𝐷𝑑,𝑡 − 𝑃𝑑,𝑡

(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)

EENS = ∑ 𝑈𝑑,𝑡

(11)

∀𝑑,𝑡
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The power required to ensure no unserved energy for a particular day is computed according to
equation (1) as the maximum residual demand level that occurs. In a similar vein, the amount of
energy to be stored to ensure no energy at risk is calculated according to equation (2) as the sum of all
residual demand for a particular day 𝑑. Equations (3) and (4) are related to forecasting accuracy and
are explained in more detail in section 2.3. Equations (5) and (6) implement the chosen resource
allocation strategy; using an allocation factor larger than 100% results in resource over-allocation,
while using a factor less than 100% results in under-allocation compared to the forecasted value. Of
course, the amount of power and energy allocation is ultimately constrained by the physical
specification of the storage plant. Equation (7) defines that the storage device is fully charged to the
target level 𝐸𝑑𝐴 at the start of day 𝑑; this follows from the assumption that the storage plant is able to
fully charge during off-peak hours. Equation (8) is the storage plant state equation applying to all
hours except 𝑡0 ; the charge at the end of hour 𝑡 is equal to the charge at the start of the period minus
any power that was discharged. Storage power output 𝑃𝑑,𝑡 is computed as the difference between two
consecutive states of charge. Subsequently, unserved energy for period 𝑡 is computed as the difference
between demand to be served and discharged power. Finally, EENS is calculated as the overall sum of
unserved energy across the simulation duration.
Following the EENS calculation, the final step is to compute EFC quantifying the storage security
contribution. The EENS that arises in a system equipped with an ‘always available’ network
connection of size 𝜔 MW can be calculated as:
EENSω = ∑ min(𝐷𝑡,𝑑 − ,0)

(12)

∀𝑡,𝑑

Subsequently, the EFC ∗ value corresponding to a particular target EENS∗ can be defined as the size of
an ‘always available’ circuit of size ω that gives rise to the same risk level. The corresponding EFC*
value can be identified by using a heuristic search algorithm over a search domain Ω as defined in
(13); the squared difference is a widely-used convergence metric to imply the convergence in mean.
EFC ∗ = arg min{(EENS ω − EENS∗ )2 }
Ω

(13)

We showcase the chronological analysis of storage operation and the impact of power and energy
allocation choice through a series of examples. Demand levels for an entire year have been generated
using demand shapes as defined for the IEEE RTS system4 Residual demand above the network
capacity capability arises during the afternoon hours between 02:00 p.m. and 8:00 p.m., a total of 6
hours per day during which electricity demand is increased. The residual load time series for all 365
days and the corresponding load duration curve are shown in Figure 4 and Figure 5 below. Note that
for the purposes of this example, the maximum peak demand above the network’s N-1 secure capacity
is 1 MW, i.e. max{𝐷𝑡,𝑑 = 1MW}.

4

Reliability Test System Task Force of the Application of Probability Methods Subcommittee, “IEEE reliability
test system,” IEEE Trans. Power App. Syst., vol. PAS-98, no. 6, pp. 2047–2054, Nov. 1979.
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Figure 4: Daily demand curves showing load to be serviced by storage facility.

Figure 5: Load duration curve.

As can be seen in Figure 5 above, the storage plant is expected to supply load for a total of 2190 hours
throughout the year and the overall energy to be served for peak shaving purposes is 1,570 MWh. In
more detail, the histogram depicting the distribution of daily required maximum power output 𝑃𝑑𝑅 is
shown in Figure 6; the values range from a minimum of 0.65 MW to a maximum of 1 MW which
occurs three times. The mean required power is 0.79 MW.
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Figure 6: Histogram of daily required power 𝑷𝑹
𝒅.

Figure 7 shows the histogram of the daily required energy 𝐸𝑑𝑅 ; the minimum required energy for a
single day is as low as 3.58 MWh while the maximum value is 5.40MWh with the mean being 4.30
MWh.

Figure 7: Histogram of daily required energy 𝑬𝑹
𝒅.

The results of an example chronological analysis with perfect energy and power forecast and 𝜸𝑷 , 𝜸𝑬 =
100% are shown in Figure 8. Note that to facilitate visual inspection, only the first 10 days of
operation have been plotted (240 hours). The top plot shows the 10 peak demand curves that the
storage needs to supply. The second and third plots show the energy and power allocation scheme for
each day. More precisely, the blue bars show required power energy to ensure EENS = 0 for each day,
magenta bars show the predicted power and energy requirements (which in this case is equal to the
true value) and cyan bars show the eventual allocation according to the chosen operational strategy.
For this particular example, we adopted a full power and energy allocation strategy, meaning that
sufficient power and energy is reserved to successfully perform peak shaving without any energy at
risk. The fourth and fifth plots illustrate the operation of the storage facility. The former shows the
storage power injections to the system; note that withdrawals for charging have been omitted. The
latter plot shows the plant’s State of Charge (SOC) throughout the 10 days, assuming 100%
efficiency. Finally, the last plot shows the unserved power in the system, which in this study is zero.
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Figure 8: Operation of storage facility with 𝜸𝑷 = 100% and , 𝜸𝑬 = 100%.

Given that no unserved demand occurs in the above case study, it is straightforward to conclude that
the storage device under the examined operational strategy and in the absence of any forecast errors,
EFC = 1MW. An additional analysis is performed with 𝛾 𝑃 = 50% and 𝛾 𝐸 = 100% to showcase the
impact of power constraints; less than the required power is allocated, which gives rise to power
shortfalls although enough energy has been stored to service demand peaks. Operation is shown in
Figure 9. As can be seen below in the bottom plot, some unserved energy arises because the allocated
power output capability is not sufficient to fully cover peak demand. As a result, even though enough
energy has been allocated, the stored energy is not fully depleted (black curve). For the annual
simulation, the EENS for the chosen strategy is 700.65 MWh, amounting to 46.5% of total energy.
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Figure 9: Operation of storage facility with 𝜸𝑷 = 50% and , 𝜸𝑬 = 100%.

Figure 10: Operation of storage facility with 𝜸𝑷 = 100% and , 𝜸𝑬 = 50%.

An additional analysis is performed with 𝛾 𝑃 = 100% and 𝛾 𝐸 = 50% to showcase the impact of energy
shortfalls; less than the required energy is allocated, resulting in a depleted storage tank and energy at
risk. This is evident in the operation plots of Figure 10 above, where some unserved power arises midpeak due to state of charge being at zero. For the annual simulation, the EENS for the chosen strategy
is 785.24 MWh, amounting to 50% of total energy. It is important to note that EENS is less than the
previous case showing that reducing energy allocation can have less severe effect that power underallocation.
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We finally present analysis performed with 𝛾 𝑃 = 50% and 𝛾 𝐸 = 50% to showcase the impact of
combined energy and power shortfalls. As can be seen in Figure 11 shows demand and operation of
storage plots. For the annual simulation, the EENS for the chosen strategy is 785.24 MWh, amounting
to 50% of total energy as before. Note however that the shape of unserved power is different between
Figure 10 and Figure 11, with unserved energy in the first case occurring after energy is depleted
while unserved energy in the latter case arising due to a combination of power and energy shortfalls.

Figure 11: Operation of storage facility with 𝜸𝑷 = 50% and , 𝜸𝑬 = 50%.

The EENS vs. EFC plot is shown Figure 12, calculated according to equations (13) and (14). The
function is non-linear with increasingly less energy at risk required to result in a higher EFC value. As
expected, an EENS equal to the entire load being at risk is equal to an EFC of 0 MW. For the storage
device to have the perfect security contribution of 1 MW, meaning even the highest system peaks of
1MW can be fully serviced, an EENS of 0MW throughout the year is required. Using this curve, we
can calculate the EFC for the allocation strategies presented above. In particular, the case with 𝛾 𝑃 =
50% and 𝛾 𝐸 = 100% results in an EFC of 0.40 MW, while the cases with 𝛾 𝑃 = 100% and 𝛾 𝐸 = 50%
with 𝛾 𝑃 = 50% and 𝛾 𝐸 = 50% result in EENS = 785.24 MWh which corresponds to an EFC of 0.36
MW.
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Figure 12: System’s EENS (MWh) versus size of an always available circuit i.e. Equivalent Firm Capacity (MW).

In Figure 13 we present system EENS and storage EFC as a function of power and energy allocation
factors 𝜸𝑷 and 𝜸𝑬 . One point of interest to be highlighted is that energy and power under-allocation
are almost equivalent until a level of 50% is reached, after which EFC is more sensitive to 𝜸𝑷 .

Figure 13: Sensitivity analysis of EENS and EFC as a function of power and energy allocation factors 𝜸𝑷 and 𝜸𝑬 .

2.2 Modelling storage plant availability
In the previous calculations it was assumed the storage plant was always available for operation. In
practice, the storage plant may be susceptible to faults, thus limiting its security contribution. As
mentioned in section 1, a repairable asset’s availability can be expressed as a scalar α ∈ [0, 1]
representing the percentage of time it is in service. For a given storage availability α, the resulting
EENS can be computed as the weighted average EENS = α × EENSon + (1 – α) × EENSoff, where
EENSon signifies energy at risk when the storage plant is online, while EENSoff signifies energy at risk
when the plant is not used for peak shaving. The former is calculated in a straightforward manner
through the chronological simulation process shown in section 2.1, while the latter is by definition
equal to sum of energy to be serviced throughout the year 𝑬𝑬𝑵𝑺𝒐𝒇𝒇 = ∑𝑫𝒅,𝒕 ; in the absence of
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storage none of the residual demand can be serviced. The basic concept is illustrated in Figure
14Error! Reference source not found..
Load

Load

EENSoff

Load

EENS = α x EENSon + (1-α) x EENSoff

EENSon
‘always available’
storage EFC
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Storage EFC

Duration
(b)
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Figure 14: (a) EENS when the storage plant is offline (b) EENS when the storage plant is online (c) Resulting EENS;
the plant’s equivalent firm capacity (EFC) is denoted on the y-axis.

As can be seen above, the security contribution of a storage plant can be computed on the basis of a
weighted average EENS that considers the impact of non-availability. Note that this straightforward
way of modelling the effect of storage plant availability is possible due to the underlying assumption
regarding independence between faults and other system state variables such as time of year, hour of
the day, etc. This method also assumes that a plant suffering a failure is restored without losing its
original SOC level. As such, it is not necessary to carry out Monte Carlo simulations of faults of
different durations occurring at different times. Referring to the example shown in the previous
section with 𝛾 𝑃 = 50% and , 𝛾 𝐸 = 50%, if we were to model the storage plant as having an availability
of 95%, the system EENS increases from 785.24 MWh to 824.50 which corresponds to an EFC of
0.34 MW.

Figure 15: Sensitivity analysis of EENS and EFC as a function of power and energy allocation factors 𝜸𝑷 and 𝜸𝑬 with
storage plant availability of 95%

In Figure 15 above we present system EENS and storage EFC as a function of power and energy
allocation factors 𝛾 𝑃 and 𝛾 𝐸 in the case that storage plant availability α is 0.95. It is evident that
storage security contribution is reduced and reaches a maximum EFC of 0.73 MW which corresponds
to the minimum achievable EENS of (1-α) × EENSoff = 78.52 MWh.
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In cases where a technical failure does not result in incapacitation of the entire plant but in reduced
power/energy storage capability, the same logic of obtaining the resulting EENS as a weighted sum of
different operating conditions can be used.

2.3 Modelling forecasting errors

Realisation

Probability/MWh

Required
Energy
(MWh)
Low forecast error
Medium forecast error

Probability/MWh

Probability/MWh

In the previous section we assumed perfect foresight regarding local demand profile. In practice,
forecast errors may prevent the operator from having full information of the optimal power/energy
capability to be allocated for peak reduction; a higher-than-anticipated demand peak is bound to result
in energy at risk. It follows that forecast errors can have a significant impact on the storage plant’s
security contribution. There are different approaches towards modelling forecasting errors. For the
purposes of this analysis we assume that the demand forecast error can be adequately modelled by a
uniform probability distribution centred on the actual realised value. The forecast variability is
defined by a factor 𝜎 defining the distribution maximum and minimum points according to Figure 16.

𝜎 𝐸 𝐸𝑅

1
𝜎 𝐸 𝐸𝑅

𝐸 𝑅 − 𝜎 𝐸 𝐸𝑅

𝑬𝑹

𝐸 𝑅 + 𝜎 𝐸 𝐸𝑅 Predicted

Energy
(MWh)

High forecast error

Predicted
Energy
(MWh)
Figure 16: Different possible energy forecast errors drawn from a peak demand realisation (left) and the probability
density function of the forecasted energy for a certain day (right).

In order to model the power forecast error, equation (14) shown below is used, where ̅̅̅̅
𝑃𝑅 is the
average required power over the study horizon, and 𝜎 𝑃 is the relative error defining the distribution
minimum and maximum points.
𝑃d𝐹 ~U(𝑃𝑑𝑅 − 𝜎 𝑃 ̅̅̅̅
𝑃𝑅 , 𝑃𝑑𝑅 + 𝜎 𝑃 ̅̅̅̅
𝑃𝑅 )

(14)

In a similar vein, in order to model energy forecast error, equation (15) is used, where ̅̅̅̅
𝐸𝑅 is the
average daily required energy over the study horizon, and 𝜎 𝐸 is the relative error defining the
distribution minimum and maximum points.
𝐸𝑑𝐹 ~𝑈(𝐸𝑑𝑅 − 𝛼 𝐸 ̅̅̅̅
𝐸𝑅 , 𝐸𝑑𝑅 + 𝛼 𝐸 ̅̅̅̅
𝐸𝑅 )

(15)
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The impact of inaccurate power and energy forecasts is displayed in an example below, where the
storage operation for the allocation scheme 𝜸𝑷 = 100% and 𝜸𝑬 = 100% under forecast errors 𝝈𝑷 =
20% and 𝝈𝑬 = 20% is shown.

Figure 17: Operation of storage facility with forecast errors 𝝈𝑷 = 20% and 𝝈𝑬 = 20% under allocation scheme 𝜸𝑷 =
100% and 𝜸𝑬 = 100%.

As can be seen in the second sub-plot of Figure 17, showcasing power allocation, there are instances
with more power being forecasted (allocated) than actually needed (e.g. last day), while in other cases
less power than needed is forecasted (e.g. first day) leading to power shortfalls. The same holds true
for energy forecasting, while independent from power forecasting errors. Focusing on the first day, it
is evident there an adverse realisation for both power and energy allocation has been provided,
leading to the plant’s inability to meet peak demand while also running out of energy during the last
peak hours. In other cases, such as day 7 (hours 144 - 168), forecasted power is above the maximum
demand experienced that day, while forecasted energy is less than required, leading to energy at risk
due to an energy shortfall. The opposite scenario is also possible, as in day 8 (hours 168 - 192), where
more than enough energy has been allocated, but energy at risk occurs due to a power shortfall. For
this particular run, the annual energy at risk sums up to 97.70 MWh which corresponds to an EFC of
0.71MW, demonstrating that forecasting errors have a significant impact on storage security
contribution.
From the above discussion, it follows that risk-averse storage plant operators that wish to minimise
energy at risk can opt for a more conservative resource allocation strategy to mitigate the effect of
adverse forecast errors. In this vein, a resource over-allocation scheme involving 𝛾 𝑃 > 100% and/or
𝛾 𝐸 > 100% can be adopted to improve storage’s contribution to security of supply. An example
simulation is performed for the allocation scheme 𝛾 𝑃 = 110% and 𝛾 𝐸 = 110% under forecast error
levels of 𝜎 𝑃 = 20% and 𝜎 𝐸 = 20%, utilising the same uncertainty realisations shown in Figure 17 for
comparison purposes. The first 10 simulated days are shown in Figure 18. As can be seen below,
allocated energy and power (cyan bars) are larger than the forecasted values (magenta bars) mitigating
the inaccurate forecasts. For example, for day 3 (hours 48 - 72) the energy requirement forecast of
4.17 MWh is less than the eventual realisation of 4.51 MWh. However, the additional energy
commitment is sufficient to mitigate this forecast error and carry out peak shaving with no demand
interruptions. Although this additional allocation is not sufficient to alleviate energy at risk
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throughout, it does lead to significant improvement of the capacity value of energy storage. Overall,
the annual energy at risk sums up to 31.95 MWh, corresponding to an EFC of 0.79 MW. It is clear
that this allocation scheme has considerably increased storage’s security contribution. Nevertheless, it
is crucial to point out that the commercial attractiveness of resource over-allocation for security
purposes will be highly dependent on market conditions, given the plethora of different services that
storage owners can provide. The above examples serve to demonstrate the fundamental trade-offs that
characterise allocation of energy and power output capability for security versus other competing
services such as price arbitrage.

Figure 18: Operation of storage facility with forecast errors 𝝈𝑷 = 20% and 𝝈𝑬 = 20% under allocation scheme 𝜸𝑷 =
110% and 𝜸𝑬 = 110%.

The studies and computations presented above were performed on a single uncertainty realisation; a
single power and energy forecast was provided for each day. However, in cases where stochastic
processes influencing system operation are present, Monte-Carlo based methods are typically used for
reliability calculations. Monte Carlo methods rely on high-density random sampling of the various
stochastic parameters to obtain the value of interest, in this case EENS. As indicated by equations (14)
and (15), forecasted power and energy requirements are not deterministic, but follow a chosen
probability distribution (in this case uniform). As a result, the calculation of EENS involves the
calculation of a large number of EENS values and averaging to obtain the underlying expected value.
Subsequently, the storage EFC can be computed following a heuristic search process, as before.
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An example of forecasted energy distribution for different 𝜎 𝐸 is shown in Figure 19, where the
required energy 𝐸 𝑅 is 4.35MWh. As can be seen below, in the case that 𝜎 𝐸 = 10%, the forecasted
energy requirement is uniformly distributed between 𝐸 𝑅 − 𝛼 𝐸 ̅̅̅̅
𝐸𝑅 = 3.9 MWh and 𝐸 𝑅 + 𝛼 𝐸 ̅̅̅̅
𝐸𝑅 = 4.78
MWh.

Figure 19: Probability distributions of sampled forecasted required energy realisations for different relative standard
deviations 𝝈𝑬 (𝒏 =1,000 samples).

Exploring the convergence behaviour of EENS calculation is a step of paramount importance to
ensure that the calculated security contribution is acceptably close to the true underlying value. For
this purpose, convergence behaviour analysis is undertaken to determine the number of Monte Carlo
simulations to be performed. Naturally, the variability of the stochastic process as well as the relation
between the stochastic process and EENS largely drive convergence behaviour. As an example, we
show convergence behaviour for 𝜎 𝑃 = 0% and 𝜎 𝐸 = 0% in Figure 20 below. The blue line
represents the EENS estimate evolution, while the light blue lines indicate upper and lower estimate
bounds. The red error bars designate the standard error 𝑒 of the estimated EENS, computed according
to 𝑒 = 𝑠⁄√𝑛, where 𝑠 is the sample standard deviation and 𝑛 is the number of samples.
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Figure 20: Evolution of EENS estimate as a function of Monte Carlo runs for 𝝈𝑷 = 𝟐𝟎% and 𝝈𝑬 = 𝟐𝟎% (sampled
daily power and energy forecast realisations across a year).

As can be seen in the figure above, if a single Monte Carlo run is performed i.e. a single power and
energy forecast realisation is sampled for each day, then the EENS estimate can be highly variable. In
particular, depending on which realisation is sampled, the EENS estimate can be a value between 87
and 120 MWh, with the standard error being 5MWh, while the true value is 105 MWh. Note that the
computed standard error means that 68.2% of the population are within one standard error deviation.
By increasing the number of sampled runs to 100, the standard error is reduced considerably to
±0.1MWh. Upper and lower bounds and estimate variance reduces even further with increased
number of samples, eventually reaching a steady-state, indicating that a few hundred samples are
sufficient to guarantee convergence. Given that convergence behaviour is highly dependent upon the
variability of simulated stochastic processes, it is prudent to undertake such analysis to ensure the
number of samples being used yield reliable estimates of the sought metrics.
In Figure 21 we present system EENS and storage EFC as a function of power and energy allocation
factors 𝜸𝑷 and 𝜸𝑬 ranging from 0% to 150% for the forecast error levels of 𝝈𝑷 = 20% and 𝝈𝑬 = 20%.

Figure 21: Sensitivity analysis of EENS and EFC as a function of power and energy allocation factors 𝜸𝑷 and 𝜸𝑬
under forecast errors 𝝈𝑷 = 20% and 𝝈𝑬 = 20%.
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As can be seen above, the plant’s EFC increases in an almost linear fashion as a function of both
allocated energy and power, reaching the maximum 1 MW security contribution when allocated
power and energy are both above 140%.

2.4 Modelling SOC estimation errors
Another important consideration is the fact that the operator may not have perfect information
regarding the plant’s SOC. For example, the operator may have reserved a specific amount of energy
for day-ahead operation but in practice the amount of stored energy may be lower or higher due to a
SOC estimation error which is a common characteristic in many battery storage systems. This is an
effect that may result in inability to supply load during peak hours and should be taken into account in
our analysis. In order to model this effect, equation (6) must be modified according to equation (16)
below.
𝐴
𝐹
𝐸𝑑,𝑡
= 𝛾 𝐸 𝐸𝑑,𝑡
+ 𝜉𝑑,𝑡
where

𝜉𝑑,𝑡 ~𝑈(−𝜎 𝑆𝑂𝐶 ̅̅̅̅
𝐸𝑅 , +𝜎 𝑆𝑂𝐶 ̅̅̅̅
𝐸𝑅 )

(16)
(17)

The impact of inaccurate SOC estimation is displayed in an example below with an artificially high
level of SoC estimation of 20% included to demonstrate the effect. The storage operation for the
allocation scheme 𝜸𝑷 = 100% and 𝜸𝑬 = 100% under 𝝈𝑺𝑶𝑪 = 20% is shown in Figure 22. In the
interest of simplicity, power and energy forecast errors have been ignored. When examining the daily
energy allocation pattern (third plot) it is evident that despite the perfect energy forecast (magenta
bars), the amount of energy allocated (cyan plot) is not on target. In particular, the green and red
rectangles next to 𝑬𝑨 indicate the energy difference between 𝑬𝑭 and 𝑬𝑨 due to SOC estimation errors;
rectangles are green in cases where 𝑬𝑨 > 𝑬𝑭 , while red rectangles indicate 𝑬𝑨 > 𝑬𝑭 i.e. the allocated
energy is less than the amount intended due to an adverse SOC estimation error. As can be seen
below, in cases where SOC estimation errors result in energy over-allocation, no energy at risk is
necessary. In situations where the opposite holds true, demand is interrupted due to an energy
shortfall. For example, during the fifth simulated day (hours 96 - 120), the energy forecast dictates the
allocation of 4.49 MWh for peak shaving purposes. The plant operator allocates this amount but due
to SOC estimation inaccuracy, only 3.79 MWh are stored, leading to an energy shortfall of 0.7MWh.
For this particular run, the annual energy at risk sums up to 88.76 MWh which corresponds to an
EFC of 0.72MW, demonstrating that SOC estimation errors can have a significant impact on storage
security contribution.
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Figure 22: Operation of storage facility SOC estimation error 𝝈𝑺𝑶𝑪 = 20% under allocation scheme 𝜸𝑷 = 100% and
𝜸𝑬 = 100%.

As before, the unfavourable effect of SOC estimation errors raises the case for adopting a risk-averse
attitude towards mitigating adverse realisations. By committing extra energy it is possible to limit the
effect of estimation errors and increase the security contribution of storage. To this end, we
investigate the impact of adopting a risk-averse strategy with 𝛾 𝐸 = 110% on the preceding example.
The simulation results for the first ten days are shown in Figure 23. Referring back to the simulation
of day five in this case study, the risk-averse operator chooses to allocate 1.1×4.49=4.94 MWh, which
is eventually reduced to 4.24 MWh due to the SOC estimation error of 0.7 MWh. Thus, the effect of
energy over-allocation is to supress the energy shortfall to 0.25 MWh. This holds true in other
instances as well, resulting in an annual ENS for this particular stochastic realisation equal to 22.36
MWh. As mentioned earlier, in practice, resource over-allocation schemes come at some opportunity
cost due to foregoing the access of alternative revenue sources. As such, the storage operator should
undertake a comprehensive cost benefit analysis against a set of projected market backgrounds to
estimate the commercial attractiveness of over-allocating energy for security provision purposes
against competing services.
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Figure 23: Operation of storage facility SOC estimation error 𝝈𝑺𝑶𝑪 = 20% under allocation scheme 𝜸𝑷 = 100% and
𝜸𝑬 = 110%.

Finally, in Figure 24 we present system EENS and storage EFC as a function of power and energy
allocation factors 𝛾 𝑃 and 𝛾 𝐸 ranging from 0% to 150% for the SOC estimation error level 𝜎 𝑆𝑂𝐶 =
20%.

Figure 24: Sensitivity analysis of EENS and EFC as a function of power and energy allocation factors 𝜸𝑷 and 𝜸𝑬
under SOC estimation error 𝝈𝑺𝑶𝑪 = 20%.

A first remark to note is that over-allocating power (i.e. 𝛾 𝑃 > 100%) has no effect on the plant’s
security contribution. This is a straightforward concept; SOC estimation errors result solely in
instances of energy shortfall and thus extra resource commitment in terms of power capability is
irrelevant beyond the point where daily peak demand can be met. A second remark is that an energy
allocation scheme above 140% is required to guarantee a perfect security contribution of 1 MW.
Furthermore, while the relation between 𝜸𝑬 and EFC is linear for low resource allocation schemes, it
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becomes highly non-linear at higher levels. This effect is due to the non-linear nature of the EENS vs.
EFC curve shown in Figure 12.

2.5 Conclusions
In this section, we have showcased the proposed security credit calculation methodology. In the
interest of being consistent with the existing P2/6 philosophy, the EFC metric has been adopted to
express energy storage’s security contribution. Modelling based on load duration curves does not
apply in the case of storage; chronological simulations within a Monte Carlo framework that
adequately samples all principal sources of uncertainty (i.e. load forecasting, SOC estimation) is
necessary. The model’s input parameters include the load time series, the storage plant’s power and
energy capability, power and energy forecasting errors as well as SOC estimation errors. The
flowchart corresponding to the security capacity calculation of EFC using N Monte Carlo simulations
across 𝐷 days is shown in Figure 25.

System with
storage EENS
calculation

d=1

Compute required power and
energy for dth day

Reference EENS
calculation

n=1
ω=0
d=1

Sample nth realisation of power
and energy forecast

Compute ENSω,d

Compute allocated power and
energy according to control scheme
n=n+1

d=d+1

d=d+1

Sample nth realisation of SOC
estimation error
d = D?
Simulate storage operation and
compute ENSd,n

EENSω = ∑ ENSω,𝑑

n = N?

ω = ω + Δω

ω=𝜔
̅
d = D?

END
EENS ∗ = ∑ ENSd,

EFC calculation

N

EFC ∗ = arg min EENS ω − EENS ∗

2

Ω

Figure 25: Flowchart for calculating storage EFC.

As can be seen above, the quantification of EFC involves the computation of EENS* (which
corresponds to the average annual energy at risk in a system equipped with the storage plant under
study), as well as a calculation of a set of reference EENS values across a set of circuit sizes Ω =
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{0, . . , ω
̅ } i.e. a set of candidate EFC values spanning 0 MW to a user-defined upper bound ω
̅ , usually
equal to the plant power rating, sampled at Δω intervals. Choice of Δω ultimately dictates the
accuracy of the computed EFC value. For clarity, we mention that the reference EENS calculation
essentially involves simulating successively larger circuits to construct the reference EENS vs. EFC
curve. Subsequently, the EFC calculation involves finding the closest circuit rating which is
equivalent to the downstream capacity made available through the storage device.
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3 Impact case studies
Section 2 showed that the security contribution of storage is influenced by multiple parameters
beyond the technical specification of the storage plant; forecasting and state estimation quality are of
paramount importance when providing security of supply. In this section we investigate the impact of
these factors towards security contribution by performing three studies. The first study aims at
investigating the impact of power forecast errors, the second case study is aimed at energy forecast
quality while the third focuses on SOC estimation errors.

3.1 Impact of power forecast errors
As mentioned in Section 2, storage plant operators have to allocate power and energy capability
across different services in order to maximise revenue. As such, there is a strong commercial interest
to allocate just enough power and energy capability toward security provision purposes, freeing up
resources for other profit-making functions. However, how much power will be needed to ensure peak
shaving can take place without energy at risk is unknown. Typically, operators rely on statistical
techniques and empirical knowledge to carry out demand predictions for the target horizon, usually
day-ahead. In this case study we are interested in the maximum predicted power which will dictate
how much power output capability will be committed for security purposes during the afternoon
hours. As stated earlier, prediction of this power level suffers from forecasting errors. In this case
study we investigate the relationship between the relative power forecasting error 𝜎 𝑃 and the storage
security contribution (EFC). In addition, we aim to explore how a risk-averse power over-allocation
strategy can mitigate adverse error realisations and increase security contribution. In more detail, we
compute EFC for six error levels while assuming a uniform probability distribution. This analysis is
undertaken for three resource commitment strategies of varying power commitment level 𝛾 𝑃 . We
expect that forecasted errors of high variability warrant more conservative approaches since there is a
significant possibility that the realised demand peak level is radically different than the one predicted.
The analysis results are shown in Figure 26.

Figure 26: EENS (MWh) and EFC (MW) as a function of power forecasting error levels, for different operational
strategies.

As can be seen in Figure 26, the higher the relative forecast error variability 𝜎 𝑃 , the higher the EENS
is for a particular strategy and the lower the plant’s security contribution. For example, whereas a
125% over-commitment strategy is sufficient to guarantee no energy at risk under a forecast error of σ
= 10%, the same strategy results in an EFC of about 0.80 MW under σ = 40%. Furthermore, the plots
indicate that adopting a power over-commitment strategy has a clear mitigating effect. A risk-averse
strategy that involves power over-allocation results in a higher security contribution. Note that the
effectiveness of over-commitment is characterised by diminishing returns; especially in low error
levels there is no need to adopt 𝛾 𝑃 = 150% since 𝛾 𝑃 = 1 5% succeeds in achieving a very high
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contribution. Note that in the cases where the allocation factors are above 100%, these are ultimately
constrained by the physical rating of the storage device (power and energy). As a result, such overallocation factors are applied only in cases where a low allocation has been initially made and there is
room for further commitment; this is taken into account in equations (5) and (6). It is worthwhile to
note that power under-allocation strategies naturally result in reduced security contribution but are
also less variable as a function of forecast level. For example, 𝛾 𝑃 = 50% results in an EFC of 0.36
MW across all 𝜎 𝑃 levels. This is because in the case of a power under-allocation scheme, the
symmetric nature of the error results in adverse realisations balancing out with non-adverse
realisations. In the case of 𝛾 𝑃 > 100%, this is not the case since over-allocation has an asymmetric
effect; it assists in the case of adverse realisations but makes no difference in the case of favourable
realisations. The present analysis serves to illustrate the non-linear nature and materiality of this tradeoff. In practice, the storage owner should undertake a profit-maximising optimisation that balances
between the cost of imposed financial penalties for not providing sufficient security and the potential
profit made available by freeing-up his storage resources to the opportunity of providing further
commercial market services such as energy arbitrage.

3.2 Impact of energy forecast errors
In this case study we are interested in the predicted energy which will dictate how much energy
capability will be committed for security purposes during the afternoon hours. As stated earlier,
prediction of this energy level suffers from forecasting errors. In this case study we investigate the
relation between the relative energy forecasting error 𝜎 𝐸 and the storage security contribution (EFC).
In addition, we aim to explore how a risk-averse energy over-allocation strategy can mitigate adverse
error realisations and increase security contribution. As before, we compute EFC for six error levels
while assuming a uniform probability distribution. This analysis is undertaken for three resource
commitment strategies of varying power commitment level 𝛾 𝐸 . The analysis results are shown in
Figure 27.

Figure 27: EENS (MWh) and EFC (MW) as a function of energy forecasting error levels, for different operational
strategies.

As can be seen in Figure 27, the higher the relative forecast error variability 𝜎 𝐸 , the higher the EENS
is for a particular strategy and the lower the plant’s security contribution. For example, for the case
that σ = 0.5 MW and no energy over-commitment takes place, the plant’s EFC is reduced to about
0.65 MW since there is a large number of days where the plant does not have enough energy to fully
serve the demand peak. In addition, as expected, energy over-allocation has a positive effect on the
plant’s security contribution but again with diminishing returns. As stated earlier, the operator’s
decision on the optimal risk-averse strategy can be substantially informed by such simulations.
However, embedding these results in a cost-benefit framework is essential to ensure that plant is
operating on the profit-risk efficient frontier.
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3.3 Impact of SOC estimation errors
In this case study we are interested in the impact of SOC estimation errors which interfere with the
energy allocation process, giving rise to the possibility that the energy allocated is different to the
intended amount. We investigate the relation between the relative SOC estimation error 𝜎 𝑆𝑂𝐶 and the
storage security contribution (EFC). In addition, we aim to explore how a risk-averse energy overallocation strategy can mitigate adverse uncertainty realisations and increase security contribution. As
before, we compute EFC for six error levels while assuming a uniform probability distribution. This
analysis is undertaken for three resource commitment strategies of varying power commitment level
𝛾 𝐸 . The analysis results are shown in Figure 28.

Figure 28: EENS (MWh) and EFC (MW) as a function of SOC estimation error levels, for different operational
strategies.

As can be seen in Figure 28, the higher the relative forecast error variability 𝜎 𝐸 , the higher the EENS
is for a particular strategy and the lower the plant’s security contribution. For example, for the case
that σ = 0.5 MW and no energy over-commitment takes place, the plant’s EFC is reduced to about
0.65 MW since there is a large number of days where the plant does not have enough energy to fully
serve the demand peak. Overall the effect of SOC estimation errors is similar to energy forecasting
errors, but with the important difference that in this analysis the mitigating effect of energy overallocation is more pronounced. It is evident that adopting 𝛾 𝐸 > 100% can result in significant
increase of security contribution. This has to do with the definition of the probability distribution
governing SOC estimation errors; it has been defined in terms of the average required energy and is
not influenced by the chosen over-allocation scheme.

3.4 Conclusions
In this section, a series of studies has been undertaken to investigate the extent to which different
parameters can impact the security contribution of energy storage. The undertaken analysis is useful
in showcasing the type of sensitivity analysis that can be carried out with the developed tool to
investigate security contribution robustness. In particular, we quantify the impact of energy and power
forecasting errors as well as the potential for a proportional resource over-allocation scheme to
mitigate the effect of adverse realisations. In a similar manner, the impact of SOC estimation errors is
quantified. We show that all these three parameters can have a significant impact on security
contribution; the statistical characterization of all sources of uncertainty potentially influencing
storage operation is a task of paramount importance.

Page 37 of 64

SDRC 9.6 Analysis of Integrated Energy Storage Contribution to Security of Supply

4 Leighton Buzzard case study
In this section, a full dataset from Leighton Buzzard primary substation for the first half of year 2015
is used to evaluate the contribution of the Smarter Network Storage plant. The plant is rated at
maximum 6MW output with an energy capacity of 10 MWh corresponding to 1.67h at peak output.
The realised demand for the period ‘3 January 2015 00:0’0 to ‘29 April 2015 23:30’ is used to
examine the potential security contribution of storage for peak shaving purposes. Demand time series
for this 177 days’ period is shown in Figure 29. As can be seen below, peak demand reaches 36.78
MW, although for the majority of days’ demand is consistently below 35MW.

Figure 29:Demand time series at Leighton Buzzard substation.

The firm capacity rating at Leighton Buzzard is 34MW during the winter months and 28.5MW in the
low-demand spring months, equating to a maximum power shortfall of 2.78MW during the duration
of the study. These firm capacity limits are using the substation as point of reference considering the
losses in the overhead lines, i.e. the winter loading limit of the overhead line is 35.6MVA. The EENS
that arises when the Leighton Buzzard storage plant is connected is reduced from the base case value
of 96.6 MWh to 0 MWh i.e. peak-shaving is carried out successfully at all cases with no energy at
risk. This corresponds to an EFC value of 2.78MW which in normalised terms can be 100% in terms
of the shortfall being served or 46.33% in terms of the nameplate power rating (note however that the
latter metric is underestimating the security contribution since the plant may successfully support
peak-shaving at even higher powers shortfall levels).
In order to more comprehensively explore the potential security contribution of storage we also
compute EENS and EFC for artificially lower network limits. In addition, we drop the seasonal
change on the network’s transfer limit. We continue our analysis by investigating the plant’s security
contribution when the network’s capacity limit is set at 30.78 MW. This value is chosen so as to
ensure that maximum peak shaving required (in this case 6 MW) is just within the technical
capabilities of the storage plant, therefore representing a scenario where the chosen power rating of
storage installed is exactly equal to the maximum deviation observed above network firm limits. On
average, the daily required power is at 0.92 MW while the required energy is at 1.74 MWh. The
network simulation is shown in Figure 30. As can be seen below, for the vast majority of days, the
plant is able to successfully carry out peak shaving and service residual demand above the network’s
limit. However, there are five days during which energy constraints arise due to the plant’s 10 MWh
energy capacity not being sufficient to ensure zero energy at risk. In particular, on the 21st day of the
examined period, the required energy reaches 13.23 MWh leading to 3.23MWh of load at risk. In
total, EENS for this system sums to 10.70MWh meaning that the plant’s EFC = 4.07 MW i.e. 67.83%
of the nameplate capacity of 6MW. This value is drawn on the basis of the reference EENS vs. EFC
curve shown in Figure 31 below.
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Figure 30: Storage plant (6MW/1.67h) simulation when maximum power shortfall is 6 MW.

Figure 31: EENS vs. EFC for the Leighton Buzzard case study when maximum power shortfall is 6MW.

We continue this analysis by first analysing other scenarios of power shortfall. A sensitivity analysis
around the plant’s power and energy capability is also undertaken in order to provide insight towards
the contribution that plants of different sizes can provide to a network facing power shortfalls.
Subsequently, other factors of interest are also examined. The impact of demand shape is
demonstrated through a series of studies along with the effect of energy efficiency. Finally, the
analysis is concluded with a sensitivity analysis around power and energy forecasting errors, where
two mitigation strategies are presented; proportional resource over-allocation and allocation drawn on
the basis of a more conservative network capacity limit.

4.1 Shortfall analysis
In some cases, the operator may have information on the maximum power shortfall characterizing a
specific network. As such, it is useful to have access to tables of security contribution of plants of
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different sizes so as to evaluate the plant’s addition to security of supply. In this section we investigate
contribution of nine plants of different size ranging between 2MW and 6 MW in power capability and
1.67h to 8h in terms of energy capacity. Note that for example a 2MW/8h plant has a capacity of
16MWh. These nine plants are examined against four different power shortfall scenarios; 2, 4, 6 and 8
MW. For instance, the maximum power shortfall of 8 MW essentially means that the network
capacity limit has been reduced to 28.78 MW, leading to peak residual demand of 8 MW. Note that
for all case studies the Leighton Buzzard demand time series is used as the basis. Duration curves for
the four power shortfall scenarios are shown in Figure 32, while the corresponding EENS vs. EFC
curves are shown in Figure 33 (which is based on calculating the effect of successively bigger cables,
lines or transformers creating more upstream capacity on remaining energy at risk). As can be seen
below, in the 2MW shortfall case there are only about 20 half-hour periods where peak-shaving is
required since demand goes above the 34.78 MW limit only a few days during the experiment. In
contrast, the network with 8 MW shortfall requires peak-shaving for almost 500 half-hour periods.
Note that in all cases, normalised EFC values are drawn in terms of the maximum power shortfall.

Figure 32: Duration curves of residual demand for different power shortfalls.

Figure 33: EENS vs. EFC for different power shortfalls (logarithmic y-axis has been used).

Table 4 shows simulation results for the maximum demand shortfall scenario of 2 MW. Note that for
each storage plant, two entries are shown; EENS (MWh) and normalised EFC (percentage in bold).
As can be seen in the resulting table, all nine storage plants can fully service the residual demand that
arises. In particular, a plant as small as 2 MW/1.67 successfully performs peak-shaving leading to
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EENS of 0 MWh. This is because at this small shortfall scenario the maximum required energy is just
1.36 MWh. Note that power constraints do not arise since all plants are large enough to service the 2
MW peak that occurs.
Table 4: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall of
2 MW.

Power/Energy
2 MW
4 MW
6 MW

1.67h
0 MWh
100%
0 MWh
100%
0 MWh
100%

4h
0 MWh
100%
0 MWh
100%
0 MWh
100%

8h
0 MWh
100%
0 MWh
100%
0 MWh
100%

Table 5 shows simulation results for the maximum demand shortfall scenario of 4MW; maximum
daily required energy in this case is 5.97 MWh. Naturally, in this scenario the smaller-sized plants
rated at 2MW face significant power and energy constraints, resulting in reduced security
contribution. In contrast, the 4MW and 6 MW plants can fully service residual demand and result in a
perfect security contribution.
Table 5: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall of
4 MW.

Power/Energy
2 MW
4 MW
6 MW

1.67h
11.91 MWh
50.25%
0 MWh
100%
0 MWh
100%

4h
6.11 MWh
58.00%
0 MWh
100%
0 MWh
100%

8h
6.11 MWh
58.0%
0 MWh
100%
0 MWh
100%

Table 6 shows simulation results for the maximum demand shortfall scenario of 6MW; maximum
daily required energy in this case is 13.23 MWh. As expected, the contribution of 2MW plants is
reduced even further due to their significant power and energy constraints. The 4MW plants also
suffer considerably for the same reason; the 4MW/1.67h plant faces significant power and energy
constraints, while the 4MW/4h and 4MW/8h face solely power constraints. In the case of 6 MW
plants, energy constraints apply to the 6MW/1.67h as already discussed. By increasing the energy
capacity of the 6MW these limitations are resolved and a 100% EFC is achieved.
Table 6: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall of
6 MW.

Power/Energy
2 MW
4 MW
6 MW

1.67h
95.65 MWh
34.83%
34.53 MWh
52.50%
10.70 MWh
67.83%

4h
51.67 MWh
46.33%
6.11 MWh
72.00%
0 MWh
100%

8h
51.67 MWh
46.33%
6.11 MWh
72.00%
0 MWh
100%

It is also of interest to also evaluate storage plant performance for even higher shortfalls. As load on
site on which storage is installed increases, the device will gradually change from being expected to
serve the peaks in demand to also serve some of the ‘shoulders’ around the peaks. This will put a
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strain on its energy capacity and as such, as the load demand on site changes, the same device with the
same nameplate rating can have a reduced contribution factor due to the increasing strain on its
energy capacity. To examine this case, an 8 MW shortfall has been simulated, meaning the network
capacity limit has been set at 28.78 MW. Simulation results are shown in Table 7. As can be seen, the
large reduction of network capacity limit results in a great penalisation of the plants’ security
contribution. Given that the maximum daily required energy is 28.4 MWh, energy constraints arise for
all plants with the exception of the 6MW/8h which, however, cannot deliver the required amount of
peak-shaving due to its low power capability. EFC values for the 2MW plants are below 40% while
4MW plants have a security contribution below 60%.
Table 7: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall of
8 MW.

Power/Energy
2 MW
4 MW
6 MW

1.67h
348.73 MWh
28.50 %
237.35 MWh
36.50%
143.51 MWh
45.25%

4h
231.81 MWh
37.00%
69.54 MWh
55.75%
9.79 MWh
76.50%

8h
204.03 MWh
39.83%
51.67 MWh
59.75%
6.11 MWh
79.00%

4.2 Availability analysis
In this section we perform an analysis of the impact of the storage plant’s technical availability. Note
that the sum of residual energy to be served in the case of a 6MW power shortfall is equal to 408
MWh. Using this figure, it is possible to compute security contribution of a repairable storage plant of
technical availability α. Results for 99%, 95% and 90% availability are shown in Table 8.
Table 8: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall of
6 MW across different availabilities. Post-fault storage plant operation is fully suspended.

Availability

Power/Energy
2 MW

99%

4 MW
6 MW
2 MW

95%

4 MW
6 MW
2 MW

90%

4 MW
6 MW

1.67h
98.77 MWh
34.17%
38.26 MWh
51.00%
14.67 MWh
64.67%
111.27 MWh
31.83%
53.20 MWh
45.83%
30.57 MWh
54.33%
126.89 MWh
29.33%
71.88 MWh
40.50%
50.44 MWh
46.67%

4h
55.23 MWh
45.17%
10.12 MWh
68.33%
4.08 MWh
74.33%
69.49 MWh
41.00%
26.20 MWh
56.83%
20.40 MWh
60.50%
87.31 MWh
36.67%
46.30 MWh
48.17%
40.80 MWh
50.17%

8h
55.23 MWh
45.17%
10.13 MWh
68.33%
4.08 MWh
74.33%
69.49 MWh
41.00%
46.30 MWh
48.17%
20.40 MWh
60.50%
87.32 MWh
36.67%
26.20 MWh
56.83%
40.80 MWh
50.17%

As can be seen above, the impact of reduced availability can be significant. First of all, one important
implication is that an availability below 100% results in a non-perfect security contribution even for
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very large plants; this is as expected since there will inadvertently be some energy at risk during the
storage plant outage. As a result, the maximum security contribution possible when availability is
99%, 95% and 90% is 74.33%, 60.50% and 50.17% respectively; a very substantial penalisation. In
general, plants which under the ‘always-available’ assumption have a high contribution are severely
penalised in terms of EFC, whereas plants that had a low contribution do not suffer as much. For
example, the security contribution of the small 2MW/2h plant is reduced from 34.83% to 34.13%
when availability is brought down to 99%; a moderate change. On the other hand, the contribution of
the 6 MW/4h plant is reduced from 100% to 74.33%. This asymmetry is due to the highly non-linear
relationship between EENS and EFC (shown in Figure 33).
However, in the case of some storage technologies, especially electrochemical storage where
essentially the plant is an aggregation of individually-controlled battery cells, technical failure does
not necessarily mean outage of the entire plant. In practice, a failure may affect only part of the
plant’s operation. In Table 9 we show security contribution of storage plant with 99%, 95% and 90%
availability, whose post-fault operation can make use of 80% of their original power/energy capability
is preserved. For example, following a fault, a 4MW/4h plant is reduced to an effective size of
3.2MW/4h plant (note that energy capacity in terms of MWh is reduced, but stays the same when
expressed in terms of hours).
Table 9: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall of
6 MW across different availabilities. Post-fault storage plant operation takes place with 80% of original
energy/power capability.

Availability

Power/Energy
2 MW

99%

4 MW
6 MW
2 MW

95%

4 MW
6 MW
2 MW

90%

4 MW
6 MW

1.67h
95.83 MWh
34.83%
34.69 MWh
52.50%
10.81 MWh
67.83%
96.56 MWh
34.67%
35.35 MWh
52.17%
11.27 MWh
67.50%
97.48 MWh
34.50%
36.17 MWh
51.83%
11.83 MWh
67.00%

4h
51.88 MWh
46.33%
6.21 MWh
72.00%
0.01 MWh
99.83%
52.72 MWh
46.00%
6.62 MWh
71.50%
0.05 MWh
99.17%
53.77 MWh
45.67%
7.14 MWh
71.00%
0.1 MWh
98.33%

8h
51.88 MWh
46.33%
6.21 MWh
72.00%
0.01 MWh
99.83%
52.72 MWh
46.00%
6.62 MWh
71.50%
0.05 MWh
99.17%
53.77 MWh
45.67%
7.14 MWh
71.00%
0.1 MWh
98.33%

As can be seen above, when comparing between Table 8 and Table 9, it is clear that the ability for
partial post-fault operation results in a very substantial mitigation of the impact of reduced
availability. As such, it is important to map the different post-fault operational states along with their
associated probabilities and draw storage’s contribution to security of supply on that basis.
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4.3 Demand shape analysis
In this section we investigate the impact of demand shape. While all preceding analysis was carried
out on the original Leighton Buzzard demand measurements, it is crucial to examine how the same
plants would fare under a flatter demand shape.

4.3.1 Flatness factor analysis
We introduce a flatness factor φ which modifies a demand time series to be flatter or peakier. Note
that the total energy requirement remains unaffected; for φ between 0 and 1, the demand shape
become flatter (less difference between on-peak and off-peak hours and an overall reduced maximum
demand level), while negative φ leads to a peakier demand profile (larger difference between on-peak
and off-peak hours and increased maximum demand level). A flatter demand profile results in smaller
peaks but can compromise the storage plant’s ability to charge to the required level during off-peak
hours since the network’s energy import capability is reduced. Most importantly, for a given power
shortfall, the network’s secure capacity limit is modified according to the new peak demand level. For
example, whereas a 6 MW shortfall for φ = 0 corresponds to the network limit being 30.78 MW, φ =
0.25 corresponds to a limit of 26.96 MW. As a result, flatter demand shapes can lead to increased
energy requirement for a given day.

Figure 34: Demand across the first three days for different flatness factors φ. Note that φ=0 refers to the original
demand shape, while increasing φ results in an increasingly flat demand shape.

For the purposes of this study we examine three different demand shapes. A ‘flatness’ factor φ is
introduced to denote how the shape has been modified. A φ = 0 corresponds to the original demand
shape while lower values result in flatter shapes, with reduced variability between peak and off-peak
times; φ = 1 denotes a flat demand shape equal to the average demand. The demand shape
modification takes place so that the total energy consumption stays constant. Demand shapes for
different φ factors are displayed in Figure 34.
Even a modest change in the demand shape can significantly change the storage plant’s security
contribution. For example, changing φ from 0 to 0.25 results in an increase of EENS from 10.70
MWh to 59.53 MWh and a reduction in normalised EFC from 67.83% to 53.83% in the case of a 6
MW shortfall for the power plant of size 6MW/1.67h.The detailed simulation results are shown in
Figure 35 below. By comparing Figure 35 to the case of the original demand shown in Figure 30, it is
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clear that in the flat demand case there are more cases of energy at risk. Most interestingly, the
amount of daily required power (third row in the plots) is considerably larger in the flat demand case
with some days requiring even above 20MWh of energy. This clearly indicates that it is not only the
maximum power shortfall that drives storage operation requirement, but also the shape of demand.

Figure 35: Storage plant (6MW/1.67h) simulation when maximum power shortfall is 6 MW and φ = 0.25.

As before, we perform several sensitivity studies around the power and energy capability of the
storage plant across different φ factors to provide insights towards the impact of demand shape on
security contribution. All studies have been carried out for a maximum power shortfall of 6 MW.
Table 10 shows security contribution of nine storage plants of different size for φ = 0.25. Note that
this corresponds to a peak demand of 32.96 and a network capacity limit of 26.96 MW. For this
shape, the maximum required demand in a single day is equal to 21.32 MWh. As such, most plant’s
security contribution deteriorates. More precisely, plants with energy capacity of 1.67h and 4h result
in a reduced EFC value with the exception of the 6MW/4h plant which can still carry out peakshaving at no EENS due to its capacity (24 MWh) being larger than the maximum required.
Interestingly, the 2MW and 4MW plants with capacity of 8h have an improved security contribution.
For example, the 2MW/8h plant’s EFC increases from 46.33% to 59.80%. Whereas in the original
case this plant’s energy capacity was enough to ensure daily peak-shaving at 0 EENS, a reduced EFC
of 46.33% was computed due to frequent power shortfalls. In the φ = 0.25 case, although the 16MWh
capacity is not enough for some days, power capacity shortfalls are much less frequent. This results in
an increase of EFC. This highlights that characterising a network’s need for peak-shaving cannot be
fully characterised by the maximum power shortfall. Demand shape is also an important driver since
it determines the amount of energy required as well as the frequency of occurrence of large demand
levels beyond the plant’s power rating. Again, note that all normalised EFC values are calculated on
the basis of the maximum power shortfall of 6MW.
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Table 10: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall
of 6 MW for φ = 0.25.

Power/Energy

1.67h

4h

8h

2 MW

231.12 MWh
31.17%
128.48 MWh
42.33%
59.53 MWh
53.83%

123.43 MWh
43.00%
15.99 MWh
69.83%
0 MWh
100%

25.8 MWh
59.80%
10.64 MWh
73.83%
0 MWh
100%

4 MW
6 MW

Table 11 shows security contribution of nine storage plants of different size for φ = 0.5. This study
corresponds to a peak demand of 29.14 and a network capacity limit of 23.14 MW. The maximum
required energy for a single day is increased to 42.67 MWh. As can be seen below, the altered
demand shape results in considerable decrease of storage security contribution. This is primarily due
to the increase energy requirements. However, even in the case of the 6MW/8h plant whose 48MWh
capacity suffices for peaks-having has a reduced contribution of 53.67%. This highlights the impact of
demand shape on the plant’s ability to charge during off-peak hours; the flatter demand shape results
in a considerable reduction of energy available for charging.
Table 11: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall
of 8 MW for φ = 0.5.

Power/Energy

1.67h

4h

8h

2 MW

1016.63 MWh
21.67%
794.54 MWh
26.33%
624.97 MWh
30.67%

736.16 MWh
27.67%
410.45 MWh
38.17%
204.81 MWh
50.00%

463.33 MWh
36.00%
163.19 MWh
53.33%
160.12 MWh
53.67%

4 MW
6 MW

This effect is even more pronounced for flatter demand shapes, Table 12 shows security contribution
of nine storage plants of different size for φ = 0.75. This study corresponds to a peak demand of 25.32
and a network capacity limit of 19.32 MW. The maximum required energy for a single day is
increased to 81.96 MWh, since the amount of hours that demand is above the network’s capacity limit
is increased dramatically. As can be seen below, there is extremely little scope for charging during
off-peak hours. Actually for the majority of days demand is above the network’s limit and no charging
can take place. In the few days that storage power can be dispatched, the state-of-charge is very low
and contributed little in peak shaving. Although this is an extreme example, placing unrealistic peakshaving requirements, it helps to highlight the impact of demand shape on the plant’s contribution to
security of supply.
Table 12: EENS and EFC for storage plants of different power and energy capability and maximum power shortfall
of 8 MW for φ = 0.75.

Power/Energy

1.67h

4h

2 MW

6124.18 MWh
21.33%

6124.18 MWh
21.33%

8h
6124.18 MWh
21.33%

4 MW

6124.18 MWh
21.33%

6124.18 MWh
21.33%

6124.18 MWh
21.33%

6 MW

6124.18 MWh
21.33%

6124.18 MWh
21.33%

6124.18 MWh
21.33%
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4.3.2 Demand profiles from different substations
In the previous section we saw the impact of demand flatness to security contribution. However, it is
not always possible to capture the majority of temporal and magnitude variations with a single
parameter. Half-hourly load measurements have been provided by UK Power Networks for a number
of substations. In this section we determine what the contribution of the Leighton Buzzard storage
plant would be if it was fitted to one of these substations. In particular, the five sites analysed are:
-

LPN Beckton Sewage 33 kV
LPN Bengeworth Road
EPN Brentwood 11 kV
LPN Bromley South 11kV
LPN Imperial College

Two months of data has been provided for each season. The demand time series plots for different
seasons are shown in Figure 36 below. Note that for some substations, the provided data included
solely apparent power (MVA) instead of active power load. To be consistent with all the preceding
analysis, the analysis has taken place on the MVA data while assuming a unity power factor.

Figure 36: Demand time series for the five substations across different seasons; y-axis in MW.

As can be seen above, the five examined substations have radically different consumption levels and
temporal profiles. These differences are evident also across different seasons for the same substation.
More information is presented in Table 13, where we showcase maximum, minimum and average
demand levels for the different cases.
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Table 13: Maximum (top entry), minimum (middle entry) and mean (bottom entry) demand levels across different
substations and seasons. All values in MW.

Site/Season

Winter
18.28
6.48
11.85

Spring
16.57
-3.93
12.36

Summer
18.28
6.48
11.85

Autumn
16.56
0.84
11.87

Bengeworth

100.08
36.90
59.02

109.83
41.47
66.96

100.08
36.90
59.02

78.72
38.31
56.18

Βrentwood

11.00
4.25
7.58

14.41
5.01
8.82

11.00
4.25
7.58

12.66
4.44
8.12

Bromley

28.39
11.55
20.19

39.67
13.20
24.45

28.39
11.55
20.19

33.43
12.51
21.82

Imperial College

24.34
6.61
14.07

21.81
7.55
14.45

24.34
6.61
14.07

23.06
7.31
14.40

Beckton

The load at Beckton substation exhibits low variation throughout most days, although on some
specific occasions the load can rapidly decrease, even becoming negative during spring months, due
to high DG injections. Bengeworth substation exhibits by far the highest electrical load. The temporal
profile can be peaky particularly during winter and summer months, as can be seen in Figure 36. The
load at Brentwood substation exhibits a very typical off-peak/on-peak pattern with low overall
electricity consumption. Bromley again exhibits the typical load temporal pattern of night-time
troughs and afternoon peaks. Note that this substation’s load magnitude is severely coupled to the
time of year; spring demand is considerably higher than other seasons. Finally, the load at Imperial
substation exhibits the expected on-peak/off-peak pattern with reduced magnitudes during weekends.
We proceed with quantifying the EFC of a 6MW/1.67MW storage plant installed at the above
substations. In this analysis an artificially high maximum power shortfall of 6 MW has been applied
to all substation and season case studies to represent the scenario where the storage is sized to cater
exactly for the peak power deviation above the network firm capacity. For example, in the case of
Bromley during spring (i.e. peak demand of 39.67 MW), the network capacity has been artificially set
to 33.67 MW. Example simulations of the storage plant for Brentwood and Beckton for the spring
demand dataset are shown in Figure 37 and Figure 38 respectively.
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Figure 37: Storage plant (6MW/1.67h) simulation when maximum power shortfall is 6 MW at Brentwood substation
during spring.

Figure 38: Storage plant (6MW/1.67h) simulation when maximum power shortfall is 6 MW at Bromley substation
during spring.

In the case of Brentwood, the simulated power shortfall of 6 MW is large compared to the average
demand level of 8.82 and peak demand of 14.41. As a result, the required daily energy for almost all
days is above the plant’s 10 MWh capacity, resulting in severe energy shortfalls and an overall EENS
of 1021.87 MWh, corresponding to an EFC of 1.45 MW. In contrast, in the case of Bromley, the
storage plant has a large enough energy capacity so as to not run into energy shortfalls that often.
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However, energy at risk still arises during some days and the overall EENS for the two spring months
simulated is 20.80 MWh, corresponding to an EFC of 4.07 MW. Detailed results for all the
substations and seasons are show in Table 14. Overall, the high variability of security contribution for
the same asset when coupled to different load patterns is clear.
Table 14: EENS (top entries) and normalised EFC (bottom entries in bold) values for different substations and
seasons.

Site/Season
Beckton
Bengeworth
Βrentwood
Bromley
Imperial College

Winter
423.90 MWh
17.67%
9.94 MWh
73.50%
3770.89 MWh
30.67%
818.52 MWh
28.17%
188.29 MWh
33.17%

Spring
3090.79 MWh
22.50%
0 MWh
100%
1021.87 MWh
24.17%
20.80 MWh
67.83%
1064.06 MWh
35.17%

Summer
423.90 MWh
17.67%
9.94 MWh
73.50%
3770.89 MWh
30.67%
818.52 MWh
28.17%
188.29 MWh
33.17%

Autumn
1948.73
15.17%
0.24 MWh
96.00%
2262.70 MWh
30.17%
73.14 MWh
59.50%
646.48 MWh
32.50%

In the case of substations with low overall electricity consumption, such as Beckton, Brentwood and
Imperial College, the security contribution of storage is quite limited; normalised EFC is in the range
of 20-30% across all seasons. This low contribution is due to the fact that the amount of peak shaving
required when the capacity limit is set at 6 MW below peak demand levels is very large. In cases
where electricity consumption is more intense, such as Bengeworth and Bromley, EFC is increased
quite significantly, with some cases even reaching 100%. For example, in the case of Bengeworth
spring, peak demand is 109.83 MW; 6 MW corresponds to just a 5% reduction of capacity limit. As a
result, there are only very few instanced where demand is that high, and as a result the amount of peak
shaving required is minimal. Another important observation is that there are substations whose load
profile changes radically between seasons (e.g. Bromley, where peak demand difference between
spring and summer is about +40%). As a result, the maximum power shortfall means something
radically different depending on the season. This is evident in the case of Bromley, where the EFC for
the same asset between spring and summer changes from 67.83% to just 28.17%. Although in
principle, security contribution should be drawn on the basis of the annual profile, the presented
analysis demonstrates the large impact that demand shape and magnitude can play.
One major output of this analysis is that a single power shortfall value is not enough to fully
characterise a storage plant’s contribution to security of supply. The same storage plant added to
different substations will have radically different security contribution, depending on demand shape,
magnitude, flatness etc. As such, the P2/6 standard should take these factors into consideration when
assigning security credit to a particular energy storage asset.

4.4 Energy efficiency analysis
In this section we investigate the impact of energy efficiency on storage security contribution. An
energy efficiency rating below 100% results in inability to take full advantage of the available energy
for charging during off-peak hours. Thus, energy efficiency can be important in cases where there is
marginally sufficient network capacity overhead to ensure that the plant can charge to its desired
state-of-charge level. This effect becomes particularly relevant in cases of flat demand, where the
network energy import capability is reduced. In this section we analyse EFC of the 6MW/1.67h plant
for different efficiency and flatness factors. As before, the maximum power shortfall is artificially set
at 6 MW.

Page 50 of 64

SDRC 9.6 Analysis of Integrated Energy Storage Contribution to Security of Supply
Two example simulations are shown in Figure 39 and Figure 40. The first plot shows the first 10 days
of operation for a plant with 100% efficiency, while the second plot shows operation for a plant with
70% efficiency. A flatness factor φ οf 0.65 has been used. By comparing the two plots the impact of
reduced energy efficiency becomes evident. For example, focusing on the last day simulated, the plant
with 100% efficiency is able to charge up to full capacity by charging overnight. On the other hand,
the 70% plant reaches just 9.4 MWh before it has to start discharging for peak-shaving purposes. This
naturally results in increased EENS and a reduction of EFC.

Figure 39: Storage plant (6MW/1.67h) simulation when maximum power shortfall is 6 MW and φ = 0.65.
Energy Efficiency =100%.

Figure 40: Storage plant (6MW/1.67h) simulation when maximum power shortfall is 6 MW and φ = 0.65.
Energy Efficiency =70%.
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Table 15 shows results for different energy efficiency levels for the 6MW/1.67h plant while being
operated under a 6MW maximum power shortfall. EENS and EFC values are presented for three
different φ factors. As can be seen below, the impact of reduced energy efficiency can be substantial.
It is interesting to note that as the demand shape becomes flatter, then energy efficiency has a reduced
proportional impact due to the fact that the charging time window is so limited that even with 100%
efficiency, the storage plant is not able to reach its desired state-of-charge. On the other hand, in
peakier profiles, the efficiency is more relevant since an efficient plant may be able to reach the
required charge level, while it’s less efficient counterparts cannot, exhibiting a proportionally large
penalty in their EFC.
Table 15: EENS (top entries) and normalised EFC (bottom entries in bold) values across three demand shapes for
different energy efficiency rates

Efficiency
100%
90%
80%
70%

φ = 0.60
1467.85 MWh
27.17%
1480.17 MWh
27.00%
1497.28 MWh
26.67%
1525.46 MWh
26.33%

φ = 0.65
2387.66 MWh
24.83%
2428.77 MWh
24.50%
2478.19 MWh
24.00%
2538.08 MWh
23.50%

φ = 0.70
4016.40 MWh
21.83%
4047.34 MWh
21.67%
4079.56 MWh
21.50%
4112.42 MWh
21.33%

4.5 Forecast error analysis
We continue by focusing on the impact of forecast error levels. As in the previous sections, the power
and energy forecast errors are uniformly distributed. The upper and lower support levels of these
distributions are determined according to the mean daily required power and energy. In this particular
case study, these values are 0.9MW and 1.8 MWh respectively. All studies adopt the maximum
shortfall equal to 6MW while storage plant being simulated is the 6MW/1.67h plant i.e. sized
according to the actual plant at the Leighton Buzzard site. Simulation results for different power and
energy forecast error levels (σP and σE) are shown in Table 16. Increased error levels result in
increased EENS and reduced EFC values. At the highest error level combinations, normalised EFC is
reduced from 67.83% to 56.33%. Overall, it is clear that the plant’s security contribution is most
sensitive to energy forecast errors due to the fact that even in the base-case, energy constraints are
material.
Table 16: EENS (top entries) and normalised EFC (bottom entries in bold) values for different combinations of
power and energy forecasting error levels. Risk-neutral operational strategy adopted.

σP/σE
No error
10%
(± 0.09 MW)
20%
(± 0.18 MW)
30%
(± 0.27 MW)
100%
(± 0.9 MW)

No error
10.70 MWh
67.83%
11.16 MWh
67.50%
11.65 MWh
67.17%
12.18 MWh
66.67%
17.40 MWh
62.50%

10%
(± 0.18 MWh)
12.14 MWh
66.67%
12.43 MWh
66.50%
12.75 MWh
66.17%
13.18 MWh
65.83%
18.17 MWh
62.00%

20%
(± 0.36 MWh)
13.42 MWh
65.67%
13.69 MWh
65.50%
14.03 MWh
65.17%
14.36 MWh
65.00%
19.08 MWh
61.33%

30%
(± 0.54 MWh)
14.64 MWh
64.67%
14.95 MWh
64.50%
15.23 MWh
64.33%
15.57 MWh
64.00%
19.91 MWh
60.83%

100%
(± 1.8 MWh)
22.73 MWh
59.00%
23.17 MWh
58.67%
23.29 MWh
58.67%
23.90 MWh
58.17%
26.87 MWh
56.33%
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As discussed in the previous sections, a way to mitigate against adverse forecast realisations is the
adoption of a risk-averse strategy, where power and energy resources are committed beyond their
predicted requirement level. One such strategy is proportional over-allocation. In Table 17, we show
EENS and EFC values for the case where γP = 120% and γE = 120%. As can be seen, this risk-averse
operational strategy results in significant improvement of EFC, although in some cases it does result
in unnecessarily high resource over-allocation, potentially at the expense of the provision of other
services.
Table 17: EENS (top entries) and normalised EFC (bottom entries in bold) values for different combinations of
power and energy forecasting error levels. Risk-averse operation with γP = 120% and γE = 120%.

σP/σE

No error

10%
(± 0.18 MWh)

20%
(± 0.36 MWh)

30%
(± 0.54 MWh)

100%
(± 1.8 MWh)

No error

10.70 MWh
67.83%

10.99 MWh
67.67%

11.36 MWh
67.33%

11.67 MWh
67.17%

16.05 MWh
63.67%

10%
(± 0.09 MW)

10.73 MWh
67.83%

11.01 MWh
67.67%

11.37 MWh
67.33%

11.65 MWh
67.17%

16.01 MWh
63.67%

20%
(± 0.18 MW)

10.84 MWh
67.83%

11.08 MWh
67.50%

11.43 MWh
67.33%

11.74 MWh
67.00%

16.13 MWh
63.50%

30%
(± 0.27 MW)

10.96 MWh
67.67%

11.18 MWh
67.50%

11.51 MWh
67.17%

11.83 MWh
67.00%

16.15 MWh
63.50%

100%
(± 0.9 MW)

13.36 MWh
65.83%

13.53 MWh
65.67%

13.75 MWh
65.50%

14.05 MWh
65.17%

17.84 MWh
62.33%

One problem of the proportional control rule analysed above is that in cases where the forecasted
power and energy requirement is low, the over-allocation taking place can be marginal, essentially
leading to no improvement in security provision. To this end, an alternative control strategy which
does not suffer from this effect is assessed. Another way of defining risk-averseness is to consider the
amount of power and energy that would be required if the network’s capacity limit was further
reduced by a set amount of X MW. Results for simulations performed with X = 0.5MW and X =
1MW are shown in Table 18and Table 19 below.
This strategy is the one employed with the Forecasting, Optimisation and Scheduling System
developed within the SNS project and which controls the schedule of services which the storage
delivers.
Table 18: EENS (top entries) and EFC (bottom entries in bold) values for different combinations of power and
energy forecasting error levels. Limit considered to be 0.5MW below actual value.

σP/σE
No error
10%
(± 0.09 MW)
20%
(± 0.18 MW)
30%
(± 0.27 MW)
100%
(± 0.9 MW)

No error
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
4.02 MWh
67.00%

10%
(± 0.18MWh)
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
4.02 MWh
67.00%

20%
(± 0.36MWh)
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
4.02 MWh
67.00%

30%
(± 0.54MWh)
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%

100%
(± 1.8MWh)
12.05 MWh
66.83%
12.05 MWh
66.83%
12.05 MWh
66.83%
12.05 MWh
66.83%

4.02 MWh
67.00%

12.96 MWh
66.00%
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Table 19: EENS (top entries) and EFC (bottom entries in bold) values for different combinations of power and
energy forecasting error levels. Limit considered to be 1MW below actual value.

σP/σE

No error

No error
10%
(± 0.09 MW)
20%
(± 0.18 MW)
30%
(± 0.27 MW)
100%
(± 0.9 MW)

10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%

10%
(± 0.18 MWh)
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%

20%
(± 0.36 MWh)
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%

30%
(± 0.54 MWh)
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%
10.70 MWh
67.83%

100%
(± 1.8 MWh)
11.00 MWh
67.67%
11.00 MWh
67.67%
11.00 MWh
67.67%
11.00 MWh
67.67%
11.00 MWh
67.67%

4.6 SOC estimation error analysis
In this section we analyse the impact of SOC estimation errors. Based on observed trial data from the
SNS project, it is evident that the observed error levels are currently low, in the range of 1-5%.
Results from the studies performed in that range are presented in Table 20.
Table 20: EENS (top entries) and EFC (bottom entries in bold) values for different levels of SOC estimation error.
Risk-neutral operation strategy adopted.

σSOC

No error

1%
(± 0.018 MWh)

2%
(± 0.036 MWh)

5%
(± 0.054 MWh)

EENS

10.70 MWh
67.83%

10.85 MWh
67.67%

10.85 MWh
67.67%

11.45 MWh
67.33%

EFC

As can be seen above, the effect of SOC estimation errors are not severe and result in just a marginal
penalisation of the plant’s capacity credit. Resource over-allocation at moderate levels is a sufficient
mitigation measure to eliminate this effect. However, it is imperative to highlight that this effect can
become much more binding at higher error levels. Given that SOC estimation accuracy depends on
the asset’s condition and age, periodic review of this figure would be a prudent practice.

4.7 Conclusions
Energy storage is a key technology that is anticipated to play an important role in the transition to
smart grid deployment and future Distribution System Operators5. The SNS project is contributing to
the first phase of the smart grid deployment using learning from extensive trials to transition the
operation of ES to business as usual activities. The second phase of smart grid deployment is
anticipated to “open the way for DNOs to play a local system operator role to manage local system
constraints and possibly offer balancing services”2. The operational responsibility of ES in offering
such services may lie with the DNO or third parties. It is important however to note that the ultimate
responsibility for planning and operating the distribution networks in a secure regime as
recommended by the P2/6 standard, remains with the DNO. Table 21 provides the ownership and risk
assignment of factors affecting ES contribution to security of supply for DNO and third-party
operated ES.
5

Department of Energy and Climate Change, Office for Gas and Electricity Markets, Smart Grid Vision and
Routemap, 2014,
https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/285417/Smart_Grid_Vision_and
_RoutemapFINAL.pdf
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Table 21: Ownership and risk assignment of factors affecting ES contribution to security of supply for DNO and 3rd
party operated ES

Factors affecting ES contribution to
security of supply
α (Storage plant availability)
γE (Energy over-allocation factor)
γP (Power over-allocation factor)
σE (Level of energy forecasting error)
σP (Level of power forecasting error)
SOC
σ
(Level of state-of-charge estimation error)
𝑹
𝑷𝒅 (Power output capability required to fully
cover residual demand at day 𝒅 (MW))
𝑬𝑹𝒅 (Stored energy required to fully cover
residual demand at day 𝒅 (MWh))

DNO-Operated ES
Owned by Risk with
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO
DNO

DNO

3rd Party Operated ES
Owned by Risk with
3rd Party
DNO
3rd Party
DNO
rd
3 Party
DNO
DNO
DNO
DNO
DNO
rd
3 Party
DNO
DNO
DNO
DNO

DNO

In the present report, detailed simulations have been carried out to explore the security contribution of
a storage plant at Leighton Buzzard. The contribution of the existing storage plant has been calculated
to be 100% of the maximum observed power shortfall, meaning that the plant possesses the required
power and energy capability to successfully carry out peak-shaving with no energy at risk. Further
analysis has been carried out to explore security contribution in hypothetical scenarios on the basis of
the available load measurements. The plant’s EFC under a 6 MW power shortfall (shortfall equated to
the plant’s power rating) has been estimated to 67.83%. Further studies have been carried out to
investigate how this contribution changes as a function of the network’s maximum power shortfall for
different power and energy capabilities. As expected, increased power and energy capacity result in
increased security contribution with a saturation effect due to the highly non-linear relation between
EENS and EFC. In addition, higher power shortfalls result in a decrease in security contribution since
the peaks to be served become larger.
Studies on the demand flatness indicate that peaky demand patterns are best suited for peak shaving
by energy storage assets. Flat demand profiles cannot benefit from storage as there is very limited
scope for charging. Beyond demand flatness, the overall load magnitude compared to the power
shortfall is also important, as shown after analysing load data from five substations. The same
6MW/1.67h asset was shown to have a variable contribution form up to 100% down to 20%
depending on the substation it connects to and season of operation.
The impact of energy efficiency has also been shown to become binding in cases of flat demand
profiles. A large number of case studies were carried out to quantify the impact of power and energy
forecasts. Error levels in the order 10-30% were shown to reduce contribution quite moderately.
However, error levels in the order of 100% (i.e. about ±1MW in terms of power forecast accuracy and
±2MWh in terms of energy forecast accuracy) and above can considerably reduce contribution.
Overall, the effects of energy forecast errors were shown to be more severe. Risk-averse operational
strategies involving the over-allocation of resource on the basis of proportional over-commitment and
committing resources according to a reduced estimate of the available network capacity were shown
to be very effective in mitigating the effects of unsuccessful forecasts. However, the proportional
control strategy was shown to suffer in cases of severe under-prediction; the latter method is more
robust but results in higher resource over-allocation.
Finally, the effects of SOC estimation errors, although potentially substantial at high levels, were
shown to be of modest impact.
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5 P2/6 Recommendations
The analysis undertaken in the preceding sections has highlighted a number of issues affecting
security contribution of energy storage that need to be addressed for the incorporation of energy
storage in the current P2/6 standard. In this section we propose modifications to the existing P2/6
standard to enable quantification of the energy storage’s security contribution. The tables presented in
this chapter are ready for use by distribution network planners for determining equivalent capacity of
storage plants and for inclusion into the P2/6 standard.
The existing P2/6 capacity credit methodology relies on representation of demand through load
duration curves. This is driven by the assumptions that conventional assets such as DG have no
restrictions regarding fuel availability and their operation is not coupled to past system states. Clearly,
this is not the case with energy storage, where the amount of energy that can be stored is limited by
the facility’s energy capacity and its state-of-charge is a function of preceding operation decisions.
Hence, consideration of a chronological representation of demand is absolutely necessary to capture
all relevant operation constraints. To this end, the probabilistic Monte Carlo sequential simulation
framework (presented in Section 2) that takes full account of the chronological aspects of storage
operation is proposed as the main vehicle for obtaining metrics necessary for the capacity credit
computation.
Another aspect of the existing P2/6 philosophy, which becomes highly problematic when applied to
the case of energy storage, is that the asset under investigation is supposed to be capable of serving
the entire demand corresponding to the asset’s power rating. For example, the capacity credit for DG
is computed on the basis of a single reference load duration curve which is scaled so as to match the
DG’s power rating. Subsequently, EENS is calculated according to the asset’s availability followed by
the computation of the EFC value corresponding that level of supply risk. If this philosophy is
applied to the case of energy storage, the storage plant’s contribution is calculated on the basis of its
ability to perform peak shaving on a residual demand equal to the plant’s power rating i.e. perform
peak shaving on a network with 100% maximum power shortfall. In such a case, the security
contribution of energy storage is zero since the plant must constantly engage in discharging action
with no possibility for re-charging. As a result, applying the existing P2/6 philosophy to energy
storage assets inadvertently results in a 0% security contribution. Although the present philosophy
makes sense in the case of assets such as DG, which face solely power constraints, the operating
principles of storage are fundamentally different and some modifications are required. In practice,
energy storage has to service only a part of the load.

Figure 41: Residual demand under different power shortfall scenarios. Horizontal red line indicates network capacity
limit; magenta area indicates power above limit to be serviced by storage plant; green area indicates maximum
amount of energy that can be used for plant re-charging purposes; cyan area represents the energy serviced by
conventional assets and not subject to peak-shaving.
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As shown in Figure 41 above, a very high power shortfall such as 60% (expressed in terms of peak
demand level) results in a severe reduction of re-charging opportunities (in the three winter days
shown in the figure, no re-charging is actually possible), leading to a zero security contribution for
storage. However, in the case of a 10% or 30% power shortfall, peak shaving has to be carried out
only for a few hours during the day, thus allowing the storage plant to re-charge. As clearly shown in
the same figure, it is important to appreciate that the duration of the peaks must be sustained as well
as the amount of residual energy to be supplied grows non-linearly a function of power shortfall. For
example, the maximum shortfall duration in the first case (10% power shortfall) is 1.3 hours, while it
grows to 4.9 hours and 22.2 hours for the 30% and 60% power shortfall cases respectively.
Ideally, historical data applying to the particular application (or values from reference sites with
similar consumption patterns if local measurements are not available) should be used in the capacity
credit calculation to ensure that the actual temporal and magnitude characteristics of the substation
demand in question have been considered. However, relevant historical data may not always be
available. Given that the purpose of a P2/6 standard modification would be to be generalizable with
an as large application scope as possible, we propose the use of maximum power shortfall and
shortfall duration metrics as a proxy to describing the peak-shaving requirements of a specific system.
This matrix of parameters can condense useful information that enables the quantification of the
security contribution of a given storage plant. The above proposals constitute a fundamental departure
from the existing standard philosophy where security contribution is calculated on the basis of a single
reference load duration curve.
For a given case, the planner can choose the power shortfall and maximum shortfall duration that best
correspond to the peak-shaving requirements for the application at hand. In this section we provide
some reference security contribution tables for different demand parameters. In particular, we have
adopted three profiles; typical demand profile, peaky demand profile and flat demand profile. To
create these profiles, the demand time series from Leighton Buzzard substation has been used as the
typical demand profile, while the peaky and flat demand profiles have been constructed by applying a
flatness factor of φ =-0.3 and 0.3 respectively. A few representative days of the three demand
scenarios are shown in Figure 42 below.

Figure 42: Three reference curves for typical (φ = 0), peaky (φ = -0.3) and flat (φ = 0.3) demand profiles. All values
shown as a percentage of annual peak demand level of typical demand profile.

Along with the figure above, we provide Table 22 which describes the different peak-shaving
scenarios analysed i.e. different power shortfall levels and different demand shapes which give rise to
different maximum shortfall durations (average number of consecutive hours during which demand is
above the network capacity level). As expected, peakier profiles have shorter shortfall durations than
flatter profiles.
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Table 22: Parameters of different peak-shaving requirements analysed.

Power
shortfall
5%

10%

20%

30%

Demand
shape
Flat
Typical
Peaky
Flat
Typical
Peaky
Flat
Typical
Peaky
Flat
Typical
Peaky

Maximum shortfall
duration
2.1 hours
2.0 hour
1.5 hours
3.5 hours
3.0 hours
2.9 hours
14.5 hours
10.5 hours
5.0 hours
16.0 hours
15.0 hours
13.0 hours

A table has been constructed for each demand scenario to present storage contribution i.e. normalised
EFC in terms of the plant’s nameplate power rating. The tables cover the range of 5%, 10%, 20% and
30% maximum power shortfall in terms of the network’s peak demand. For example, a 5% power
shortfall means that the network’s capacity limit is 5% below the maximum recorded demand level.
For each shortfall scenario we assess storage plants that have a power rating equal to 100%, 125% and
150% of the shortfall, while three different energy capacities are analysed; 2 hours, 4 hours and 8
hours. Table 23 presents EFC values for the typical demand profile. Note that in the cases where
power rating is different to maximum power shortfall, normalised EFC is expressed in terms of the
maximum power shortfall.
Table 23: Normalised EFC (in terms of the shortfall) for storage plants of different energy capacity across different
maximum power shortfalls; storage plant power rating is equal to maximum power shortfall. Typical demand profile.

Power shortfall
5%

10%

20%

30%

Power/Energy
100%
125%
150%
100%
125%
150%
100%
125%
150%
100%
125%
150%

2h
100%
100%
100%
100%
100%
100%
67.70%
79.80%
100%
35.62%
40.51%
46.13%

4h
100%
100%
100%
100%
100%
100%
100%
100%
100%
57.27%
66.70%
69.87%

8h
100%
100%
100%
100%
100%
100%
100%
100%
100%
69.87%
69.87%
69.87%

As can be seen above, for relatively small power shortfalls i.e. 5% or 10%, energy storage succeeds in
performing peak shaving in all cases required. This is because demand exceeds the network capacity
limit for a limit number of hours and as a result, even plants with small energy capacity can store the
required energy to supply the residual peak. However, for larger power shortfalls, energy constraints
become binding and energy capacity becomes an important determinant of peak-shaving capability.
Storage plants with only 2 hours of capacity suffer significantly under increased energy requirements.
Plants with increased energy capacity suffer less, but still fall short of achieving a perfect
contribution.
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It is important to note that according to Table 23, there is no further security gain in the 30%
maximum power shortfall case when power output capability is increased above 100%, when the
energy storage capacity is already large in the area of 4h or 8 hours. The reason for this saturation
effect is the limited charging capability. At such high power shortfall level, the storage plant has very
few opportunities to make use of the available network capacity so as to charge up to the required
SOC level. As a result, there comes a point when increasing power/energy capability presents no extra
benefit due to the limited capability for charging. For the given demand profile, it is clear that it is not
possible to achieve a security contribution EFC of above 69.87%.
Table 24 presents EFC values for the peaky demand profile. As can be seen below, the main effect of
a peakier demand shape is increasing security contribution. This is because a peaky demand profile is
characterised by peak of greater magnitude and reduced energy requirement for the same shortfall.
However, note that power constraints, which become more binding under the peaky scenario due to
the larger residual peak to be serviced, are fully satisfied here due to the assumption that an operator
would install a plant with large enough power rating. The key message of this table is that energy
storage can substantially increase security of supply through peak shaving in the case of peaky
demand as long as the plant’s rating is sufficient; energy capacity becomes less binding and plants
with as low as 4h of capacity can reach high EFC values.
Table 24: Normalised EFC for storage plants of different energy capacity across different maximum power shortfalls;
storage plant power rating is equal to maximum power shortfall. Peaky demand profile.

Power shortfall
5%

10%

20%

30%

Power/Energy
100%
125%
150%
100%
125%
150%
100%
125%
150%
100%
125%
150%

2h
100%
100%
100%
100%
100%
100%
74.22%
100%
100%
45.37%
51.49%
57.52%

4h
100%
100%
100%
100%
100%
100%
100%
100%
100%
71.61%
89.53%
100%

8h
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

Table 25 presents EFC values for the flat demand profile. The overall effect of a flattened demand
profile is reduction of security contribution since for a given power shortfall, the amount of required
energy can increase substantially. Another interesting feature to note is the saturation effect in the
case of a large power shortfall. In the case of flat demand, there is limited energy import capability
during off-peak hours. As a result, even plants with very large energy capacity cannot attain full
charge, giving rise to a saturation effect. One key message emerging from this table is that flat
demand profiles can limit the security contribution of storage in cases when the power shortfall is so
large as to compromise the plant’s ability to fully charge.
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Table 25: Normalised EFC for storage plants of different energy capacity across different maximum power shortfalls;
storage plant power rating is equal to maximum power shortfall. Flat demand profile.

Power shortfall
5%

10%

20%

30%

Power/Energy
100%
125%
150%
100%
125%
150%
100%
125%
150%
100%
125%
150%

2h
100%
100%
100%
100%
100%
100%
48.29%
54.51%
61.80%
30.33%
33.44%
35.72%

4h
100%
100%
100%
100%
100%
100%
76.09%
100%
100%
37.37%
37.58%
37.58%

8h
100%
100%
100%
100%
100%
100%
100%
100%
100%
37.58%
37.58%
37.58%

Given the growing penetration of DG in distribution networks, it is also important to examine the
impact that DG installations can have on energy storage security contribution. The main combined
effect of DG source along with a storage plant connection is that the shape and magnitude of residual
demand can change substantially, potentially enabling a more efficient utilization of the available
resources. In cases where DG output is high and cannot be absorbed due to low demand levels, the
storage device can potentially store this energy for use during afternoon high-demand periods; this
can lead to operational cost savings. In terms of security, the presence of DG can reduce the demand
level to be serviced by the storage plant and as a result increase the network import limit. This effect
is shown in Figure 43, where we present the effect that a photovoltaic (PV) unit sized at 10% of the
network’s maximum peak demand has on net demand.

Figure 43: Effect of PV output to net demand curve on a typical winter (left panel) and spring (right panel) day. All
values are shown as a share of the maximum annual demand level. PV penetration is 10%, while the power shortfall
is set to 30%.

Table 26 presents EFC values for two PV penetration levels; 10% and 50%, expressed in terms of the
network’s peak demand. For this study the typical demand shape has been used. As can be seen below
and by comparing against Table 23, it is clear that the overall effect of PV addition is an increase in
the security contribution of storage. Especially in the case of large power shortfalls, such as 30%, the
increase in EFC is found to be substantial. This will be the case if high levels of PV output (summer
months) do overlap with peak afternoon hours (assuming that the peak demand is in summer), the
residual demand to be serviced can be decreased considerably.
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Table 26: Normalised EFC for storage plants of different energy capacity across two different PV penetration levels;
storage plant power rating is equal to maximum power shortfall. Typical demand profile with φ = 0.

PV penetration
10%

50%

Power shortfall
5%
10%
20%
30%
5%
10%
20%
30%

Power/Energy
100%
100%
100%
100%
100%
100%
100%
100%

2h
100%
100%
69.19%
39.97%
100%
100%
70.28%
53.02%

4h
100%
100%
100%
62.53%
100%
100%
100%
88.27%

8h
100%
100%
100%
75.76%
100%
100%
100%
100%

In addition, in cases of low demand, the storage plant can be used to absorb PV generation which
would otherwise be at risk. As a result, the storage plant has an alternative cost-efficient way of
charging and most importantly, is not constrained by the network’s transfer limit. This effect is most
evident in flat demand shapes. Results for the case φ=0.3 are shown in Table 27. When comparing
with Table 25, the increase in security contribution of storage is clear. Focusing in particular in the
cases of 30% power shortfall, it is evident that the saturation effect noted earlier persists, at the point
where no more charging energy is available. However, this phenomenon becomes binding much later
due to the demand netting effect of DG. As such, the contribution of an 8-hour capacity is 54.14% in
the case of 50% PV penetration, as compared to an EFC of 37.58% in the absence of DG.
Table 27: Normalised EFC for storage plants of different energy capacity across two different PV penetration levels;
storage plant power rating is equal to maximum power shortfall. Flat demand profile with φ = 0.3.

PV penetration
10%

50%

Power shortfall
5%
10%
20%
30%
5%
10%
20%
30%

Power/Energy
100%
100%
100%
100%
100%
100%
100%
100%

2h
100%
100%
54.97%
31.99%
100%
100%
62.11%
44.20%

4h
100%
100%
93.17%
39.34%
100%
100%
100%
54.04%

8h
100%
100%
100%
39.55%
100%
100%
100%
54.14%

As shown earlier, another factor that has a profound effect on security contribution of storage is the
plant’s availability, as well as the post-fault power/energy capability. Table 28 presents the
Normalised EFC values for the typical demand case across availability levels of 99%, 95% and 90%.
We assume that post-fault operation capability is fully suspended. As can be seen below, reduced
availability translates to an increasing penalisation of security contribution. However, as shown in the
previous section, depending on the plant’s capability to sustain partial operation, this effect can be
mitigated to a substantial degree.

Page 61 of 64

SDRC 9.6 Analysis of Integrated Energy Storage Contribution to Security of Supply
Table 28: Normalised EFC for storage plants of different energy capacity across different maximum power shortfalls
for different technical availability levels; storage plant power rating is equal to maximum power shortfall. Post-fault
storage plant operation is fully suspended.

Availability
99%

95%

90%

Power shortfall
5%
10%
20%
30%
5%
10%
20%
30%
5%
10%
20%
30%

Power/Energy
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

2h
95.16%
81.29%
63.89%
34.80%
75.58%
58.45%
54.24%
31.81%
59.27%
51.66%
46.49%
28.64%

4h
95.16%
81.29%
75.72%
54.92%
75.58%
58.45%
59.54%
47.40%
59.27%
51.66%
49.75%
40.42%

8h
95.16%
81.29%
75.72%
64.71%
75.58%
58.45%
59.54%
53.56%
59.27%
51.66%
49.75%
44.68%

Another factor that influences energy storage’s security contribution is energy efficiency. Table 29
presents the penalty factors to be applied to the base-case normalised EFC values shown in Table 23
for efficiency levels of 90%, 80% and 70%. As can be seen below, the effect of efficiency is
negligible in cases of reduced power shortfall since there is enough available network capacity
capability to ensure the plant is brought back to the fully-charged state before peak shaving is
required. However, in the 30% power shortfall scenario, efficiency can have a substantial effect and
reduce security contribution. This is because in this case energy constraints are binding; reduced
efficiency results in plants not being able to make full use of the available import energy capability of
the network during off-peak times and as a result enter peak-shaving hours at a consistently lower
state-of-charge, giving rise to increased energy at risk. For example, a penalty factor of 0.78 should be
applied in the case of an 8-hour plant with 70% efficiency (i.e. its normalised EFC is equal to
54.50%).
Table 29: Penalty factors for storage plants of different energy capacity across different maximum power shortfalls
for different energy efficiency levels; storage plant power rating is equal to maximum power shortfall.

Efficiency
90%

80%

70%

Power shortfall
5%
10%
20%
30%
5%
10%
20%
30%
5%
10%
20%
30%

Power/Energy
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%
100%

2h
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00
1.00

4h
1.00
1.00
1.00
0.99
1.00
1.00
1.00
0.98
1.00
1.00
1.00
0.94

8h
1.00
1.00
1.00
0.93
1.00
1.00
1.00
0.85
1.00
1.00
1.00
0.78

Storage operation, in contrast to conventional assets, entails resource allocation some time ahead of
real-time operation. This is because energy storage plants can provide a wide array of other services,
which may interfere with network security provision. A direct consequence of this is that forecasting
the power and energy needs for peak-shaving is an important parameter for determining storage
security contribution. As such, statistical characterisation of the plant operator’s ability to forecast
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power and energy required is an essential requirement for quantifying security contribution. In
addition, given the potential for an operator to adopt a risk-averse operation strategy involving some
resource over-allocation scheme, it is important to a priori define such mitigation measures and embed
them in the undertaken analysis.
Table 30 presents penalty factors to be applied to the base-case storage contribution values shown in
Table 23 in cases where the plant is not fully devoted to security provision but also provides other
competing services, meaning that the amount of power/energy allocated to peak shaving is susceptible
to forecasting errors. Low and high error levels (predictions uniformly distributed at the range ±10%
and ±50% of the average daily requirement) have been analysed below. As expected, low forecasting
errors have a limited effect on security contribution since the power/energy allocation is sub-optimal
only a fraction of the days and results in limited energy at risk. Peak shaving capability suffers further
under higher error levels, particularly in the case of increased energy forecast errors since energy
constraints are generally more binding. Note that for smaller power shortfalls, the impact of forecast
errors can be more pronounced. For example, penalty factor in the case of both errors being high and
power shortfall at 20% is 0.64 for large storage plants. This is increased to .80 for the 30% power
shortfall scenario. This is because in the latter case, the plant’s contribution is already low even in the
absence of forecast errors (69.87% as shown in Table 23).
Table 30: Penalty factors for storage plants of different energy capacity across different maximum power shortfalls
for different power and energy forecasting error levels; storage plant power rating is equal to maximum power
shortfall.

Forecasting
error levels
σ = 10%
σE = 10%
P

σP = 50%
σE = 10%

σP = 10%
σE = 50%

σP = 50%
σE = 50%

Power shortfall

2h

4h

8h

5%
10%
20%
30%
5%
10%
20%
30%
5%
10%
20%
30%
5%
10%
20%
30%

0.99
0.94
0.96
0.98
0.98
0.87
0.92
0.97
0.98
0.81
0.87
0.94
0.97
0.78
0.85
0.93

0.99
0.94
0.78
0.97
0.98
0.87
0.73
0.94
0.98
0.81
0.66
0.88
0.97
0.78
0.64
0.87

0.99
0.94
0.78
0.95
0.98
0.87
0.73
0.90
0.98
0.81
0.66
0.82
0.97
0.78
0.64
0.80

It is envisaged that the EFC tables presented in this chapter may form the basis for amending the
existing P2/6 security standard to incorporate energy storage. The authors highlight the large number
of factors that influence peak shaving capability, the largely non-linear relation between energy at risk
and capacity credit and the need for chronological simulation to accurately determine security
contribution. Given that the standard should be applicable to a large number of potentially different
cases, it is evident that several tables may be required to captured the aforementioned effects and
ensure an accurate estimation of a storage plant’s to security of supply.
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