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ABSTRACT

The potential contribution of short term storage technologies such as batteries to resource adequacy
is becoming increasingly important in power systems with high penetrations of Variable Renewable
Energy Sources (VRES). However, unlike generators, there are multiple ways in which storage may be
operated to contribute to resource adequacy. We investigate storage operational strategies which result
in the same amount of Expected Energy Not Served (EENS) but differing Loss of Load Expectation (LOLE)
to investigate the range of LOLE possible and what factors affect this range. A case study of a Belgium-
like power system using an economic dispatch model, typical of state-of-the-art adequacy assessments,
results in a LOLE ranging between 2 and 6 h/yr, with the difference decreasing for greater storage
duration and increasing for higher installed capacities of storage. Capacity Credits (CCs), which give
the relative contribution of a resource to system adequacy, may also be affected by storage operation
and the CC of storage is shown to differ by up to 30% depending on the operation and how the CC is
calculated. Given these findings, it is recommended that modellers be explicit and transparent about
the storage operation they assume in adequacy assessments and capacity credit calculations.

Capacity credits
Security of supply

© 2023 Elsevier Ltd. All rights reserved.

1. Introduction

Modern power systems across the world should be shaped by
three forces: competitiveness, sustainability and security of sup-
ply [1]. The concept of security of supply has many dimensions,
one of them being resource adequacy which is defined as the
ability of the bulk power system to meet load at steady state un-
der many different conditions [1], preferably so that the marginal
costs of shedding additional load are equal to the marginal costs
of additional resource [2].

In order to enable greater penetrations of VRES and reach
sustainability targets, storage technologies, such as grid or res-
idential scale batteries, are gaining increasing attention.! This
is because storage can ‘smoothen’ the variable production of
renewables in time in much the same way that transmission can
smoothen it in space. While the amount of storage in many power
systems remains small and how that share will evolve is un-
certain [4], storage, and in particular batteries, will undoubtedly
play an increasingly important role in power systems with high
penetrations of VRES.

* Corresponding author.
E-mail address: sebastian.gonzato@kuleuven.be (S. Gonzato).

1 When considering the merits of batteries, as with any technology, their
environmental footprint over the entire lifecycle should be considered and
not just the greenhouse gas emissions during operation. This footprint can be
considerable in the case of batteries [3].

https://doi.org/10.1016/j.segan.2023.101005
2352-4677/© 2023 Elsevier Ltd. All rights reserved.

The potential contribution of flexible assets such as demand
response and storage to resource adequacy is widely recog-
nised [2,5,6]. However, as this paper will extensively discuss, how
short term storage is operated impacts the adequacy indicators?
of the system, even if the amount of load shed is the same.> This
issue is particular to short term storage, which depletes its energy
content by the end of a scarcity event, and it is illustrated in
Fig. 1. The amount of load shed, otherwise known as the EENS,*
is constant for each operational strategy but other adequacy
indicators are not. In all cases the total cost is the same as well
as the storage owners profit.

This issue raises questions as to the impact of the assumed
storage operation on the perceived adequacy of the power sys-
tem, since many systems around the world use LOLE as an indi-
cator, which is the mean number of hours per year that a power
system would experience load shedding. Fig. 1 clearly shows
that it is possible to get different LOLE while keeping the EENS
constant. Put differently, a storage operation which minimises
EENS does not uniquely define the adequacy of a power system.

2 An adequacy indicator may also go by the name of ‘reliability standard’ or
‘reliability metric’.

3 A similar argument may be made for demand response, though we only
consider storage in this paper.

4 To be precise, the EENS is the expected amount of load shed per year, not
per event. In this example and introduction we conflate indicators for a specific
scarcity event and their expectation over a whole year since the observations
made are valid for both.
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Fig. 1. Three different storage operational strategies which give three different LOLE values* despite the EENS being the same. Titles above plots are the names of
the strategies investigated in this paper (see Section 3.2) which coincide with the illustrated behaviour.

Abbreviations

ENS Energy Not Served

EENS Expected Energy Not Served

LOL Loss of Load

LOLE Loss of Load Expectation

LOLD Loss of Load Duration

ELOLD Expected Loss of Load Duration
MPNS Maximum Power Not Served
EMPNS Expected Maximum Power Not Served
CcC Capacity Credit

ELCC Effective Load Carrying Capability
EFC Effective Firm Capacity

VOLL Value of Lost Load

CRM Capacity Remuneration Mechanism
VRES Variable Renewable Energy Sources

To the best of the authors’ knowledge, this impact has not been
thoroughly investigated in the literature so far and so it is unclear
whether and under which conditions it would be a cause for
concern.

This issue of storage operation may also have an impact
on CCs®, and by extension capacity remuneration mechanisms,
where the CC of a resource is the amount of firm capacity that
must be added to a baseline system such that it has the same
adequacy as the baseline system plus an additional MW of that
resource [7]°. Indeed, the methodologies used to determine ca-
pacity credits require modelling power system operations just as
adequacy assessments do. Depending on how the capacity credit
is calculated, storage operation may impact its value.

While several publications hint at the effect of storage oper-
ation on adequacy indicators and capacity credits (see for exam-
ple Zachary et al. [7]), none attempt to thoroughly quantify this
effect. Only one report [9], not published in the scientific litera-
ture, investigates the effect on capacity credits. The contributions
of this article are therefore as follows:

e Quantification of the effect of five different storage op-
erational strategies on adequacy indicators, in particular

5mn Europe CCs are more commonly referred to as ‘de-rating factors’,
especially in the context of Capacity Remuneration Mechanisms (CRMs).

6 The definition given here for a CC is that of the incremental EFC, though
other, similar, definitions exist such as that of equivalent load carrying capa-
bility [8]. Typically CCs are normalising by the amount of additional resource
added to obtain a value between 0 and 1.

the LOLE. This includes sensitivity analysis of key parame-
ters including storage duration, storage penetration and the
underlying load net of generation time series.

e Quantification of the effect of storage operation on capacity
credit.

e Discussion of the consequences of this for adequacy assess-
ments and capacity remuneration mechanisms.

In summary, our objective with these contributions is to in-
vestigate whether non-unique but equally cost optimal storage
operational strategies may produce adequacy indicators and ca-
pacity credits which differ significantly. By significant we mean
that the range of values obtained due to storage operation is of
a similar order of magnitude to the uncertainty inherent in such
calculations.

The rest of this paper is structured as follows. Relevant context
and literature is given in Section 2 followed by a description of
the methodology used in Section 3. An illustrative example is
presented in Section 4 in order to gain insight in a toy setting
while Section 5 follows up with a case study inspired by the
Belgian power system. Section 6 discusses the drawbacks and
implications for stakeholders and finally Section 7 concludes.

2. Literature review

In this section we review the literature on storage and re-
source adequacy, beginning with the main contributions in this
area and then works which specifically mention or investigate
how storage operation affects resource adequacy. This review is
summarised in Table 1.

There has been a growing amount of literature which inves-
tigates the contribution of storage to resource adequacy [10].
A very comprehensive analysis is given by Zhou et al. [5] in
which the objective of storage is to minimise peak load. It is
concluded that storage can improve adequacy but also changes
the duration and severity of scarcity events. In a subsequent
paper Zhou et al. [6] developed a technology agnostic framework
for determining the CC of storage and demand response based
on EFC and Effective Load Carrying Capability (ELCC). This builds
on previous works which calculated the ELCC for storage [11]
and demand response [12,13] by investigating the effect of the
parameters which characterise these technologies on CCs. The
non-uniqueness of storage operation is implicitly acknowledged
in Zhou et al. [6] since a ‘dual’ (two) stage optimisation is used, in
which first the peak demand is minimised followed by minimi-
sation of the energy used to charge storage or energy shifted by
demand response.

The PRAS model from NREL [14] employs a ‘greedy’ opera-
tional strategy, in which storage charges when there is excess
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generation and discharges when there would otherwise be load
shedding. This strategy, which is foresight agnostic, has been
shown to be Energy Not Served (ENS) minimising by both Ed-
wards et al. [15] and Evans et al. [16] and both generalise this
operation to heterogeneous storage units.

There are numerous other publications which investigate the
effect of storage operation on adequacy indicators or at least
touch upon the subject. Zachary et al. discuss the issue of non-
unique storage operation within the context of capacity markets
and choose a ‘greedy’ strategy for their analysis [7]. BoZi¢ and
Panto$ investigate three different charging strategies for elec-
tric vehicles and their impact on the EENS and the LOLE [17].
Shariatkhah et al. compare ‘economic’ and ‘reliability’ based op-
eration of storage [ 18]. Fraunholz et al. compare price versus load
based smoothing operation of storage on long term adequacy in
a simplified investment setting using an agent based model [19].
Shrestha and Karki consider the effect of storage participation
in operating reserve markets on adequacy and shows that this
participation actually decreases the loss of load probability [20].
None of these papers compare storage strategies which result in
the same EENS, as done in this paper.

In a report from 2017, Great Britain’s National Grid looked at
the effect of different storage operational strategies on capacity
credits [9]. They show that EFC based on LOLE is much more
sensitive to the storage strategy used than EENS and that this
effect decreases with storage duration. They do not however
illustrate the effect on adequacy indicators and only the capacity
credit of storage is investigated. To the best of our knowledge, it
is the work that most closely resembles this paper, but the scope
is limited to CCs of storage.

Table 1 compares the studies cited above and others in terms
of storage operation and investigated results. To the best of our
knowledge, this list includes the most relevant literature on this
topic. Of the 18 works listed, only 9 used a uniquely defined
storage strategy. Only five compared different storage strategies,
of which only two considered uniquely defined storage strate-
gies and compared adequacy indicators or capacity credits based
on EENS as well as other indicators such as the LOLE. These
last two, Bozi¢ and Panto$ [17] and National Grid [9], limited
their investigation to electric vehicle charging profiles impact on
adequacy indicators and storage operation on CCs respectively.
Neither attempted to quantify the range in LOLE for a given EENS
that is possible in the systems with storage.

As such, we believe that there is a gap in the literature for
a comprehensive analysis of the effect of storage operation on
adequacy indicators and capacity credits, in particular of storage
strategies which result in the same EENS. This paper attempts to
fill that research gap as well as discuss the policy and regulatory
implications of this issue.

3. Methodology

While there exist numerous methods in the literature to assess
the adequacy of a power system, in the present paper this is
done using an economic dispatch model to mimic operation of the
power system and sampling of load, renewable generation and
generator outages to generate statistically meaningful adequacy
indicators. This is in line with state of the art methods used in
industry, see e.g. Stephen et al. [14],Elia [26],ENTSO-E [27].

The following sections elaborate on this framework as well
as the investigated storage operational strategies, adequacy in-
dicator definitions and capacity credit calculation methodologies.
To begin with, the economic dispatch problem used here is pre-
sented in Section 3.1 followed by the five storage operational
strategies investigated in Section 3.2. The Monte Carlo frame-
work and adequacy indicators used are described in Section 3.3

Sustainable Energy, Grids and Networks 34 (2023) 101005

and finally the three capacity credit calculation methodologies
compared in this paper are described in Section 3.4.

All code and datacan be found at https://gitlab.kuleuven.be/
u0128861/storage-operation-and-lole.

3.1. Rolling horizon economic dispatch model

Economic dispatch models are linear optimisation models
which minimise the operational cost of operating a power system.
Their linear nature limits the technical detail that can be included,
since constraints such as minimum stable operating point require
binary variables. However, it is typical to neglect such constraints
in adequacy assessments [26,27] since they have a limited impact
on results [28] and allow for greatly reduced calculation times.

Typically in adequacy assessments an economic dispatch model
is solved for many Monte Carlo years y € ) to obtain a load net of
power injection’ profile ¢y Where t € T is the set of timesteps
(here hours) of operation. A Monte Carlo year is a combination
of a weather profile and forced outage draw (see Section 3.3)
which determines the availability AF.; of resources r € R and
load profile Dy;. An economic dispatch problem for year y can be
written as:

min Y G odge+ Y lsy - VOLL
geg,teT teT

S.t
D dgr+ Y (dnye — o) =Dy +1se teT
geg he#

Chyt+1 = €hyt + 1/\/ Nh - Chyt — /Mh * dhyt

0=<qge <AFy:-K; g€g, teT

OSChy[EAth[‘](h hEH,tET

OsdhytSAtht'Kh hEH,tGT

0 <epny <AFuy -Kn/E2P, heM, teT
where the variables Is, g, ¢, d and e are load shedding, generation,
storage charge, discharge and energy content. VOLL, Cg, K, E2P are
the Value of Lost Load, cost of generation, capacity (in MW) and

energy to power ratio (in hours).
The load net of power injection is defined as®:

Byt = Dye — D (AFgye - Kgye) — > (dhye + Caye) )

geg heH

heH, teT S

Clearly negative values of ¢y, indicate surplus available gener-
ation and positive values indicate scarcity and Is); > 0.

In this paper the set of resources contains both generation G
and storage #. The case where storage is not present, i.e. R = G,
is denoted by ~*. The load net of power injection, ¢y, then
becomes the load net of generation, ¢>y‘tH. In the rest of this
paper, the index y is sometimes omitted for brevity and indicates
applicability to all Monte Carlo years. Load shedding refers to the
case where ¢y, exceeds a (small) threshold € (see Section 3.3).

When modelling power system operations it is typical to em-
ploy a rolling horizon based approach as is done in this paper. In a
rolling horizon approach the economic dispatch problem is solved
for a limited time horizon, in this paper 7 = 1,...48 hours,
the results stored, the optimisation horizon ‘rolled forward’, in
this paper by 24 h, and then the process is repeated. This serves
the dual purpose of reducing computational effort by break-
ing up a large optimisation problem into smaller ones as well
as better mimicking the actual operation of the power system

7 The load minus the generation and storage charge and discharge.

8 To be precise, this is the load net of possible power injection, as it ignores
how much generators actually produce. During scarcity all generators would be
dispatched to their full capacity and this distinction is unnecessary.
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Table 1
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Overview of selected works which investigate storage operation and adequacy. Works were said to investigate a uniquely defined storage strategy if a Greedy or
DDVOLL strategy was employed (see Section 3.2). ‘Other’ means any adequacy indicator CC which is not based on EENS e.g. LOLE or EFC based on LOLE. Half of the
works listed did not use a uniquely defined storage strategy. Only two works, BoZi¢ and Panto$ [17] and National Grid [9], investigate different storage strategies
(including at least one strategy which is uniquely defined in terms of LOLE) and their effect on adequacy indicators or capacity credits based on EENS as well as
other indicators, as was done in this paper. However, National Grid [9] limit their investigation to the impacts of storage operation on CCs and BoZi¢ and Panto$
[17] to electric vehicle charging profiles on adequacy indicators (Also see Refs. [21-25]).

Paper Year Different storage strategies At least one uniquely Investigated adequacy
investigated? defined storage strategy? indicator or capacity credit

Bagen and Billinton 2005 X v Other

Sioshansi et al. 2014 X X Other

Zhou et al. 2015 X X EENS based + Other

BoZi¢ and Panto$ 2015 v v EENS based + Other

Zhou et al. 2016 X X EENS based

Shariatkhah et al. 2016 v X EENS based + Other

Edwards et al. 2017 X v EENS based

Fraunholz et al. 2017 v X Other

National Grid 2017 v v EENS based + Other

Evans et al. 2019 X v EENS based

Stephen et al. 2019 X v EENS based + Other

Parks 2019 X X Other

Denholm et al. 2020 X v Other

Shrestha and Karki 2020 X X Other

Xcel Energy Services 2021 X X Other

Zachary et al. 2022 X v EENS based

Wang et al. 2022 X X EENS based

This paper 2022 v v EENS based + Other

while capturing inter-day arbitrage opportunities for short-term
storage.

Perfect foresight is assumed over the optimisation horizon,
in this paper 48 h, meaning that load and renewable output is
assumed to be known exactly. This assumption is typical of ade-
quacy assessments [26] though it is unrealistic. A brief discussion
on how imperfect foresight would affect the results is given in
Section 6.1 though a full treatment of this issue is beyond the
scope of this work.

3.2, Storage operational strategies

The economic dispatch problem may have multiple solutions
in the case of storage and a single VOLL. This is because in the
face of a scarcity situation, there are an infinite number of ways
a storage unit may distribute its energy content in time while
incurring the same system cost. In turn this means that there are an
infinite number of ways that energy not served or load shed may
be distributed in time, leading to different values for adequacy
indicators other than EENS. This implies that minimising system
costs, as is frequently done in adequacy assessments [26,27],
does not uniquely define the adequacy of a power system which
contains storage.”

The sections that follow describe the different storage oper-
ation strategies investigated in this paper. Of particular interest
is the consecutive optimisation approach used for some of these
strategies which is inspired by Zhou et al. [6]. In this approach
two or more optimisation problems are solved consecutively with
the following optimisation problem including the objective of
the previous optimisation problem as a constraint. This allows
investigating storage strategies which lead to the same total cost
(which is the objective value of the first optimisation problem)
and by extension the same EENS but different values for other
indicators such as the LOLE. These combinations are described
in the following sections and summarised in Table 2 along with
expected impacts.

9 By adequacy of the power system we mean the nature (duration, severity,
frequency. . .) of scarcity events the system would face, not just its EENS.

3.2.1. Cost minimisation with a uniform Value of Lost Load (Min
Cost)

This storage strategy is the result of solving the economic
dispatch problem described by Problem (1) which minimises gen-
eration and load shedding costs. If the effect of limited foresight
is negligible, then this approach also minimises EENS.!°

Minimising total costs does not uniquely define the adequacy
of a system, as illustrated by Fig. 1. As explained in the previous
section, this is because there is a single cost per unit of load shed
and hence it does not matter how storage distributes the shed
load in time.

3.2.2. Cost minimisation with a depth dependent Value of Lost Load
(DDVOLL)

While a uniform VOLL is typical of many power system mod-
els, it is widely recognised that this value is different for different
consumers [29]. A more accurate method would be to have the
VOLL increase with the amount of load shedding, such that the
first unit of load shedding costs less than the second and so on.!!
Indeed, load shedding is typically done in ‘tranches’ (see [30]) so
as to minimise the socio-economic cost of shedding load.

This is done by defining a minimum VOLL, VOLL™" , a max-
imum VOLL, VOLL™* and a VOLL depth dependency VDD. The
first MWh of load shedding incurs a cost of VOLL™"after which
the cost increases linearly for VDD MW until VOLL™® | as illus-
trated in Fig. 2. After VDD MWh of load shedding, the same cost
VOLL™* is incurred. Unless otherwise specified, VOLL™"= 9,000
e/MWh , VOLL™*= 10,000 e/MWh and VDD = 15 GW, 2.

10 1 theory the limited foresight could lead to storage units having a lower
than optimal state of charge when facing a scarcity situation and so the EENS
would be greater than optimal. In practice this was not the case here.

11 16 pe precise, it is the marginal cost of load shedding that is increasing —
the VOLL of individual consumers is a fixed value.

12 15 GW was chosen to ensure that the cost of load shedding never reached
VOLL™* 1t is unlikely that load shedding could be differentiated to this extent
for the Belgium-like system that we use in Section 5 which has a peak demand of
15.3 GW. Here we abstract from the ‘real’ costs which could be associated with
this depth dependent VOLL and use it as way of defining a storage operational
strategy.
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Table 2
Overview of storage operational strategies compared in this paper, whether they are uniquely defined and their suspected impact
on the LOLE.
Name Description Solution suspected to be Suspected impact
uniquely defined? on LOLE?
Min Cost Cost minimisation X Undefined
DDVOLL Cost minimisation with a depth v Maximising
dependent Value of Lost Load
Min Peak Cost minimisation followed by X Maximising
peak residual load minimisation
Min LOL Cost minimisation followed by X Minimising
Loss of Load minimisation
Max LOL Cost minimisation followed by X Maximising
Loss of Load maximisation
Greedy Discharge only when scarcity v Undefined

-  MinCost variable_z ZteT ¢ over the thimisation horizon can be minimised

g - DDVOLL or maximised to enforce different storage strategies.

2 voLLm - Considering this storage operation serves a dual purpose. First
L L7 and foremost it provides bounds on the magnitude of the impact
35 L of the storage strategy on the LOLE. Furthermore, it can cautiously
B g e be used to indicate that a storage operation strategy is uniquely
> S /,' defined, or at least that no operation could lead to further dif-

% e ference in LOLE at the same cost. Indeed, if applying Min LOL or

§ /' Max LOL leads to the same solution as the previous optimisation

voLLm . then one could speculate that the previous optimisation(s) fully
© 0 VDD constrained storage operation.

Load shedding Is

Fig. 2. VOLL or the marginal cost of load shedding as a function of load shed,
Is, in the economic dispatch model for the Min Cost and DDVOLL strategies.

Differentiating the VOLL in this way uniquely defines the stor-
age operational strategy as demonstrated in Section 5.2.2. It may
be that in general a more detailed VOLL, which differs by time of
day, duration of interruption or location [31], may similarly ‘fix’
storage operation.

3.2.3. Minimising peak residual load (Min Peak)
The peak residual load is defined as so:

¢"" =D =Y qu— Y (du—cw) tET (3)

geg heH

The Min Peak storage operational strategy then results from
minimising ¢".

Minimising peak residual load has a similar effect to a depth
dependent VOLL: load shedding is spread over a longer time
frame to reduce its’ magnitude. Unlike using a depth depen-
dent VOLL it does not uniquely define storage operation during
scarcity, even when applied after Min Cost. This could happen,
for example, if two scarcity events occur one after the other and
storage is able to charge in between them, as illustrated in Fig. 3.

3.2.4. Minimising or maximising Loss of Load (Min LOL, Max LOL)

The Loss of Load (LOL) is the number of hours in which load
shedding occurs, and to minimise or maximise it a binary load
shedding indicator variable y; must be defined:

e D" >1Isy —e-D™"™ teT (4)
Y D" <(1—¢)- D" —1Is; teT (5)

The interpretation of the above equations is that load shedding
needs to be above a threshold ¢ before it is considered to be loss
of load timestep (i.e. y+ = 1) by the solver. This threshold, which

was set to 1 MW, is similarly used when computing adequacy
indicators (see Section 3.3). Once defined, the sum of the binary

3.2.5. Greedy (Greedy)

Unlike the previous storage operations, the Greedy strategy is
described algorithmically rather than by solving an optimisation
problem. In this strategy, storage is charged when there is excess
generation and discharged when there is a shortage (¢, > 0). Ed-
wards et al. [15] and Evans et al. [ 16] both prove that this strategy
is EENS minimising while being foresight agnostic. It is also the
algorithm used by NREL's PRAS tool [14].

This storage operation differs from the previous in that the
cost of operating a system in this way is greater than that of
a cost minimisation, since storage is no longer operated so as
to minimise costs. However, in this paper the EENS resulting
from this strategy was the same as that of the optimisation
based problems, allowing for a fair comparison between them.
Its popularity in the literature motivated its investigation while
this latter fact justified it.

3.3. Adequacy indicators and Monte Carlo analysis

Solving an economic dispatch problem for a particular Monte
Carlo year, that is a weather year combined with a random forced
outage draw, provides one instance of an adequacy indicator.
Doing this for many Monte Carlo years produces a distribution of
these adequacy indicators for which expected (mean) values can
be calculated. A similar methodology may be applied to capacity
credit calculations.

The indicators used in this paper are summarised in Table 3.
The EENS and LOLE are widely used throughout industry and
academia [2,32] and are the expected amount of energy not
served and the expected number of hours in which load shedding
occurs respectively, both per year. The Loss of Load Duration
(LOLD) is the number of consecutive hours for which load shed-
ding occurs, i.e. the duration of a scarcity event. Its expectation
is the ELOLD or the mean duration of a scarcity event. Not so
common is the EMPNS which is the maximum depth of load
shedding during a scarcity event in expectation. These last two
are used to characterise the duration and severity of scarcity
events.

While we focus on the LOLE in this paper, it is an indicator that
is often criticised in the literature due to the little information
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Fig. 3. Two different yet optimal Min Peak storage strategies illustrate how Min Peak does not uniquely define storage operation during scarcity. Note that this
non-uniqueness arises from the possibility of charging in between scarcity events over the optimisation horizon, i.e. the storage recharges during hours 3 and 4.

Table 3

Adequacy indicators employed in this paper. The set T, is composed of sets of consecutive timesteps in which there is load shedding

in year y i.e. the set of scarcity events.

Indicator Name Units Definition

EENS Expected Energy Not Served GW h/yr Eyey [t Iy

LOLE Loss of Load Expectation h/yr Eyey [ TyeTy [Tyl :|

ELOLD Expected Loss of Load Duration h/event Eyey [Egyier, | Til]

EMPNS Expected Maximum Power Not GW/event Eyey [E7yer, Max(gy t € Ti)]

Served per interruption

it gives on the kind of scarcity events a system may encounter.
Some of these criticisms, inspired by Stenclik et al. [2], include
the lack of information on the duration of a scarcity event; on
the magnitude of scarcity events; and of the distribution of loss
of load events across Monte Carlo years. Despite this, it remains
the industry standard adequacy indicator [32] and is prescribed
by law to be the standard in all EU member states [29], justifying
its investigation here.

The indicators described in Table 3 make use of the set of
scarcity events T,, which is composed of sets of consecutive
timesteps in which there is load shedding in year y.!> Load
shedding is non zero only if the load net of power injection ¢y is
greater than a threshold €, which in this paper was set to 1 MW.
This threshold is explicitly mentioned here to highlight the issue
of overcounting scarcity events.!*

The indicators above were reported in the results with con-
fidence intervals computed based on the central limit theo-
rem [33]. The differences reported in the results are always
significant for the set of Monte Carlo years considered, since a
consistent random seed was used. This ensured that the avail-
abilities of generators were the same for any year y regardless of
the model run.

3.4. Capacity credit calculation

There exist numerous methods to define CCs. These include
Effective Firm Capacity (EFC) based definitions [6]; marginal con-
tribution to EENS reduction [34]; peak load reduction or scarcity
value [35]; and availability based definitions [36]. This paper
investigates how storage operation affects two of these, the in-
cremental or marginal EFC and availability based capacity credit
(AvCC).

13 Asan example, if ¢ =(—1,1,2, -1, -2, 3) then T, = {(2, 3), (6)}.

4 If this threshold is not used, the reported scarcity events could not only be
due to insufficient power, but also to the specifics of the solution method, as in
the case of DDVOLL; or the optimisation problem formulation as with Min LOL
and Max LOL.

3.4.1. Effective Firm Capacity (EFC-EENS, EFC-LOLE)

As its name suggests, this capacity credit definition consists
of adding a (typically small, that is incremental or marginal)
amount of a resource (e.g. storage) to the system and finding the
amount of firm capacity which would be required to produce the
same improvement in system adequacy. This can be calculated
for a single resource, by adding or removing that resource, or a
portfolio of the same or similar resources aggregated together as
is done here. A full elaboration of the method we use to determine
the EFC in this paper can be found in Zhou et al. [6].

Crucially, the EFC may depend on the chosen adequacy in-
dicator measuring the improvement in adequacy resulting from
adding the resource at hand and the assumed storage operation.
This was one of the findings of National Grid [9], which showed
up to a twofold difference in EFC between storage operations
when LOLE was used as an indicator and insignificant differences
when EENS was used. In this paper both the EENS and LOLE based
definitions of EFC were investigated. Unlike National Grid [9],
this was done for all resources and not just storage in order to
investigate whether storage behaviour affected CCs assigned to
other technologies as well.

3.4.2. Availability based capacity credit (AvCC)

Calculating the EFC of a resource is a laborious task as it es-
sentially involves running several adequacy assessments in order
to search for the EFC. An alternative approach, inspired by the
Belgian TSO Elia’s methodology [36], involves determining ‘near
scarcity events’ 7,3 € TNt € 7/*"" and calculating capacity
credits as the expected availability (generation qg,; or discharge
dny divided by nameplate capacity K;) during those time steps
over all Monte Carlo years y € V:

CCg = R (6)
yéy.niearéTy,fGEiear
CCh = E [dhye/Kn] (7)

Near Near
yey.7}i eTy,teEi

While scarcity events are defined as (sets of) timesteps in
which load shedding above the threshold € occurs, near scarcity
events also include timesteps in which the remaining available
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Fig. 4. lllustration of how storage operation can affect its’ capacity credit if this is based on resource availability. Storage power and energy capacity are 300 MW
and 600 MWh respectively, grey shaded area is the energy served by storage and the dashed red line is the remaining available margin (which includes storage

potential for discharge, i.e. the state of charge of storage).

margin, defined as the generation plus the storage state of charge,
is below € (set to 1 MW).

This capacity credit definition is in line with the ACER method-
ology on the calculation of LOLE [29], which states that de-rating
factors (a synonym for capacity credits)!® should “at least re-
flect: a) expected availability rate when ENS [Energy Not Served]
is positive; and b) energy and activation constraints when ENS is
positive.” This methodology must be applied by all EU member
states, justifying the inclusion of a capacity credit calculation
compatible with it.

This definition is straightforward and computationally inex-
pensive, as it only requires post processing the results of an
adequacy assessment. However, it is not robust to the assumed
storage operational strategy, as illustrated by Fig. 4. In the left
hand figure, the 600 MWh of the storage unit is discharged at a
constant rate of 200 MW, with the maximum power output of
the store being 300 MW. This leads to only one scarcity timestep
between hours 2 and 3 in which storage discharges at two thirds
of its power capacity giving a capacity credit of 0.66. In the right
hand figure a greedy strategy is employed, such that again only
one near scarcity timestep occurs but this time between hours 3
and 4 where storage discharges at one third of its power capacity,
giving a capacity credit of 0.33.

4. Illustrative example

In this section, we illustrate the effect of storage operation on
the range of LOLE, denoted by ALOLE. Consider the hypothetical
scarcity event shown in Fig. 5. The black line is the load net of
generation, ¢; ’*. It is assumed that this is the only scarcity event
which happens in the year. In this simple model, the parameters
affecting the range of LOLE other than the storage operation
are the energy not served in the absence of storage, EENS~7;
the peak amount of load shedding in the absence of storage,
max(¢; *); and the storage characteristics, namely the power
and energy capacities K, and E, = K,/E2Py,. These parameters
define the duration of the scarcity event in the absence of storage,
LOLD~*, which is also equal to LOLE~* given the assumption of
a single scarcity event.

Fig. 5 shows two storage operations, one which minimises
the number of hours in which load shedding occurs (Min LOL)
and one which maximises them (Max LOL). Both of these storage
operations are equivalent from a cost minimisation perspective
since both avoid the same amount of energy not served. The
latter strategy, Max LOL, could also be seen as a strategy which

15 Jndeed Eli [36] refer to de-rating factors instead of capacity credits in the
context of the Belgian CRM.

minimises peak load net of power injection, max(¢;), or which
minimises system costs if the VOLL increases with the depth of
load shedding. Indeed, in the case study in Section 5.2 the Max
LOL, Min Peak and DDVOLL strategies give the same LOLE within
a 95% confidence interval, confirming that these are all similar
operational strategies in terms of their effect on the LOLE.

Fig. 6(a) shows that the range of LOLE, ALOLE increases with
storage energy capacity up until the point that storage eliminates
the scarcity event entirely. Put differently, more storage leads to
a greater impact of storage operation on the LOLE. This intuitive
result is also confirmed in the case study in Section 5.2.4. In fact,
for this contrived example, maximising the loss of load leads to no
reduction in LOLE at all until all load shedding in the absence of
storage is covered by storage. This latter fact can be intuitively
understood from Fig. 5 and noting that the LOLE stays constant
even if the storage energy capacity increases.

The range of LOLE may also be affected by the nature of the
scarcity event in the absence of storage, as illustrated by Fig. 6(b).
Greater values of max(¢, *) mean shorter, more severe scarcity
events, and since ALOLE is decreasing in Fig. 6(b) this means that
longer, shallower scarcity events mean a greater range in LOLE.
This is also confirmed in the case study in Section 5.2.5. The x-
axis of Fig. 6(b) stops at 1 since after this value the storage in
question also becomes power limited. Though not shown here,
clearly the number of events in which this occurred would also
affect the range of LOLE.

This illustrative example has focused on the range of LOLE
possible due to different storage operation. Other indicators, such
as the ELOLD or the EMPNS, are not treated, though it is straight-
forward to imagine how they might also be affected.

5. Case study

The previous section illustrated how different storage opera-
tional strategies can lead to different LOLE values using a stylised
model. This section will do the same using state of the art indus-
try methodologies applied to a stylised Belgian system described
in Section 5.1. Doing so gives a reasonable indication of the range
of LOLE which different strategies could produce for a given EENS.

The general trends observed in Section 4 are confirmed in this
case study, namely that the difference in LOLE increases with
storage capacity and wider, shallower scarcity events. Additional
sensitivities on storage duration and DDVOLL parameters are con-
ducted as well as an investigation of which storage operation
is uniquely defined. Finally, Section 5.3 compares how capacity
credit calculations are affected by storage operation. This case
study thus confirms that the issue of storage operation is a
cause for concern for adequacy assessments and capacity credit
calculations in a real world setting.
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Fig. 5. Illustrative example of two different storage operations, minimising and maximising the loss of load on the left and right respectively.
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(a) Relationship between storage energy capacity and
range of LOLE. Storage energy capacity is normalised
by the energy not served in the absence of storage and
the range of LOLE is normalised by the LOLE in the
absence of storage.

._.
(=]
t

ALOLE/E2P,

max(¢; ")k, 1

(b) Relationship between peak load net of generation
and range of LOLE. Peak load shedding is normalised
by the storage power capacity and the range of LOLE is
normalised by the storage energy to power ratio i.e. its
duration.

Fig. 6. Range of LOLE as a function storage energy capacity E, = Ky/E2P, and peak load net of generation max(¢, .

5.1. Stylised Belgian power system

The case study considered is a stylised, islanded, Belgium-like
power system with 2.3 GW (15% of peak demand) of 2 h duration
storage (4.6 GWh) inspired by the data in Elia [26]. A 2 h duration
was chosen because this is in the range of durations listed in Elia
[26] and because we suspected in advance that shorter durations
would exhibit a more pronounced effect on the results. Further
details of the system are described in Appendix A.1.

Table 4 summarises key characteristics of this system. Without
storage, it is a highly inadequate system as indicated by the LOLE
of 32.2 h/yr. The average duration of a scarcity event is 2.7 h
which is moderately greater than the duration of storage which
is 2 h. The EMPNS is 0.5 GW/event which is less than the 2.3
GW power capacity of storage. Assuming storage is fully charged
before a scarcity event and is not limited by its power capacity,
94.9% of events can be eliminated by storage.

5.2. The effect of storage operation on adequacy indicators

In this section, first the LOLE due to storage operational strat-
egy is investigated in a base case in Section 5.2.1; uniqueness of
storage operational strategies in Section 5.2.2; and the sensitivity
of the difference in LOLE to storage duration, capacity and scarcity
event characteristics in Sections 5.2.3-5.2.5 respectively.

Adequacy indicators are reported here with confidence inter-
vals computed based on the central limit theorem [33]. However,
the differences reported in the results are always significant
for the set of Monte Carlo years considered since a consistent
random seed was used. This seed ensured that the availabilities of
generators were the same for any year y regardless of the model
run.

Table 4

Energy and adequacy related data for stylised Belgian case study
and 1000 Monte Carlo years. Adequacy indicators are shown for
the case without storage. % of events limited by storage energy
or power capacity are calculated assuming storage is fully charged
before a scarcity event.

Mean yearly load Peak load Peak residual load
87 TWh 15.3 GW 149 GW
EENS LOLE ELOLD EMPNS
155 GWh/yr 322 h/yr ~ 2.69 h/event  0.503 GW/event

% of events limited by storage

Energy capacity
5.1 0.4

Power capacity

5.2.1. Base case

Fig. 7 provides a first insight into the magnitude of the ef-
fect of storage operation on LOLE. There is an approximately 3
fold difference (1.8 vs 5.9 h/yr) between the Min LOL and Max
LOL operation strategies despite no difference in EENS (see Ap-
pendix A.2). Considering that a rule of ‘1 day in 10 years’ or a
LOLE of 2.4 h/yr is used in many power systems, this difference
could lead to a power system being considered adequate or not.
For all intents and purposes, the Max LOL and DDVOLL strategies
produce the same LOLE of 6 h/yr. This result is in line with the
simple model of Section 4 in which these two strategies coincide.
The LOLE that results when using the Min Peak strategy is not
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Fig. 7. Effect of storage operation on LOLE (95% confidence intervals). EENS is
the same for all storage operations considered (see Appendix A.2). The LOLE in
the absence of storage was 32.2 h/yr.

statistically different from these last two (95% confidence level),
though if just the mean is compared it is about 0.6 h/yr less
than Max LOL and DDVOLL. The DDVOLL results were insensitive
to the choice of parameters characterising this operation (see
Appendix A.3).

This range of LOLE is of the same order of magnitude to that
which can be found in state-of-the-art adequacy assessments
between sensitivities and scenarios. For example, in Elia [26] the
LOLE differs on average by 3.2 h/yr between the EU-BASE and
EU-SAFE scenarios.

5.2.2. Uniqueness of storage operational strategy

For a modeller wishing to perform an adequacy assessment
or capacity credit calculation, it is important to know whether a
storage operation is uniquely defined. For example, the Min Cost
strategy (not shown here) yielded a similar LOLE as Greedy, with
values of 3.2 and 3.1 h/yr respectively. However, due to the non-
uniqueness of the Min Cost strategy, this similarity is coincidental
and solver specific. Any value between 1.8 and 5.8 h/yr (the LOLE
of the Min LOL and Max LOL strategies respectively) could have
been obtained and a modeller would not know where in that
range they would end up.

Fig. 8 investigates which strategies are uniquely defined by
plotting the range of LOLE for the different storage operations
(see Section 3.2). DDVOLL and Min Peak exhibit a range of LOLE of
0.13 and 0.52 h/yr, and so could be considered to uniquely define
storage operation during scarcity.

Fig. 8 also shows the range of LOLE for the case where the
objective is just to minimise peak residual load, which is equal to
23.6 h/yr. This storage strategy, not considered elsewhere in the
paper, is the one used by [5]. It is shown here to stress the issue
with choosing a non-unique storage operation, namely that the
range of possible LOLE values may be substantial.

5.2.3. Sensitivity of the difference in LOLE to storage duration

In this and the following sections, the difference in LOLE of the
Greedy and DDVOLL strategies is compared as opposed to the full
range of LOLE when solving an economic dispatch problem. These
strategies were chosen since they both uniquely define storage
operation and led to the largest range of LOLE while having
appeared in the literature. This last aspect is not the case for the
Min LOL and Max LOL, which if compared would give the full range
of LOLE possible. Min LOL and Max LOL may also be considered
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Fig. 8. Range of LOLE for different storage operations keeping EENS constant.
This range is computed by running the Min LOL and Max LOL storage strategies
on a result and computing the difference in LOLE between these. DDVOLL
uniquely defines storage operation, since the range is effectively 0.

unusual modes of operation and unlikely to be implemented for
an adequacy assessment or capacity credit calculation.

The issue of non-unique storage operation occurs when stor-
age is limited by its energy and not power capacity in the face of
scarcity (see Section 1). To this end, the power capacity was re-
duced while keeping the energy capacity fixed, thereby increasing
the duration of storage. The observed difference in LOLE is shown
in Fig. 9.

To allow for a fair comparison between storage durations, the
EENS was kept constant in all cases. This was achieved using a
EFC like calculation in which an amount firm capacity or load was
found such that adding these led to the same EENS as that of the
base case described in Section 5).1°

Fig. 9 confirms that the issue of non-unique storage operation
occurs only for short term storage, as the LOLE for the DDVOLL
and Greedy strategy converge towards the same solution as stor-
age duration increases (or power capacity decreases). The LOLE
resulting from the DDVOLL strategy appears to be insensitive to
the storage duration once the results are corrected to maintain
the same EENS.!”

5.2.4. Sensitivity of the difference in LOLE to storage capacity

Fig. 10 shows the effect of storage capacity on the difference
in LOLE between the Greedy and DDVOLL strategies. This is done
for both the case where the system was kept constant and the
case where firm capacity was added to keep the EENS constant
at 2.3 GW h/yr(the value at 4.6 GW h of storage).

Whether the system or the EENS is kept constant, increasing
the storage capacity increases the difference in LOLE with respect
to the case of having no storage at all. However, in the case of
keeping the system constant this difference appears to reach a
maximum at 2.3 GW h of storage and then decrease. The intuitive
explanation for this decrease is simply that the LOLE for both
strategies is also decreasing. In the case of the Greedy strategy, the
LOLE goes from approximately 33 h/yr for no storage to 3 h for
4.6 GW h of storage. It is unsurprising then that the absolute value

16 The Belgian TSO Elia employs a similar method which it calls a ‘GAP volume’
calculation [26].

17 These results may be extrapolated to understand the effect of reducing the
round trip efficiency of storage. Reduced discharge efficiencies would effectively
reduce the useful energy capacity of storage while keeping the power capacity
constant, which is equivalent to a reduced storage duration.
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Fig. 9. Increasing storage duration (i.e. decreasing its power capacity while
keeping energy capacity constant) while keeping EENS constant by adding
firm capacity reduces the difference in LOLE between the Greedy and DDVOLL
strategies (95% confidence intervals shown).

of the difference in the LOLE decreases. Indeed, if the amount of
renewable energy in the system is not a limiting factor, then for
some (large) storage capacity the LOLE for both strategies would
be 0. This would appear to be the case — for 46 GWh (23 GW)
of storage the LOLE is 0.5 and 0.2 for the DDVOLL and Greedy
strategies respectively.

5.2.5. Sensitivity of the difference in LOLE to shorter, more severe
scarcity events

A complicating factor when conducting the previous sensitiv-
ities is that keeping the EENS constant by adding firm capacity
changes the nature of the load net of generation, ¢, * . However,
it was suggested in the illustrative example in Section 4 that this
also impacts the range of LOLE.

An additional point of attention is that our case study is an
islanded system. This is far from reality for Belgium, which in
theory could satisfy more than 60% of its peak demand through
imports [26]. One mechanism through which the results could
be impacted which we investigate here is that the load net
of generation would change, becoming less frequent but more
severe for example.

To isolate the effect of modifying ¢, " we scaled the load as
described in Appendix A.4. A parameter n determines whether
this scaling increases the severity of scarcity events (n > 1) or
decreases them (n < 1). After the scaling the load was shifted so
as to maintain the same EENS—7,

Fig. 11 plots the difference in LOLE between the Greedy and
DDVOLL strategies against EMPNS~* | ELOLD—*, which is a mea-
sure of how short and severe scarcity events are in the absence of
storage. Similarly to the illustrative example in Section 4, shorter
and more severe scarcity events lead to a lower difference in
LOLE. This may be explained by the fact that longer and shallower
events lead to a greater LOLE~* which the DDVOLL strategy does
little to reduce (or conversely the Greedy strategy does more to
reduce it).

Fig. 11 should nonetheless be interpreted with caution as
factors other than the duration and severity of scarcity events
may be affecting the results. Table 5 reports the number of events

10
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limited by storage energy and power (assuming full charge at the
start of a scarcity event) and the EENS, which is also plotted in
Appendix A5 (recall that EENS~7 was kept constant and equal
to the value for n = 1). Shorter and more severe scarcity events
(greater values of n) are more likely to be events limited by both
storage power capacity, since ¢; '* may take on higher values,
and storage energy capacity, since less shortfalls occur but the
EENS~™ is kept constant. The former decreases the range of pos-
sible LOLE since non-unique storage operation requires storage
to be energy limited (see Fig. 9). The effect of the latter is less
obvious, since more energy limited events should not necessarily
lead to a greater difference in LOLE. The interaction between
these two i.e. events for which storage is both power and energy
limited is even less clear.

5.3. The effect of storage operation on capacity credits

Fig. 12 compares the effect of storage operation on CC for the
three different types of CC described in Section 3.4. In the case of
the incremental or marginal EFC based CCs this is calculated for
incremental (5%) increases in installed capacity. The error bars
shown indicate 95% confidence intervals in the case of the AvCC
and the bounds on the EFC for EFC based CC calculations which
were terminated when the p-value > 0.5.

Of the three calculation methods compared, only EFC-EENS
produces the same CC regardless of the storage operational strat-
egy. This effect is particularly pronounced for the capacity credit
of storage, which differs by approximately 30% for AvCC and 35%
for EFC-LOLE. There is also a notable difference in the CC assigned
to storage depending on the calculation method used, which is
around 0.1 for AvCC and 0.2 for EFC based calculations. These
limited results corroborate the finding of National Grid [9] that
storage operation affects its capacity credit if it is not calculated
based on EENS.

The difference in CC due to storage operation is limited for
all other technologies, with the exceptions of Onshore Wind and
Solar in the EFC-LOLE case. We can offer no explanation at this
time for why this is the case.

6. Discussion
6.1. Drawbacks and areas for future work

This paper investigated the effect of storage operation on
adequacy indicators and capacity credits, with a focus on storage
operations which would incur the same cost when using an
economic dispatch model. This economic dispatch model had
features typical of those used in state of the art adequacy assess-
ments [26].

More complex models could include features which would
uniquely define storage operation. A non exhaustive list of these
features includes storage losses, a time varying VOLL [31] or
imperfect foresight. By differentiating the marginal cost of shed-
ding load in time, these features could lead to a unique, cost
minimising storage strategy.

The assumption of perfect foresight is treated in Cruise and
Zachary [37], and it could be hypothesised that imperfect fore-
sight would lead to a ‘greedy’ like strategy or a different state
of charge before a scarcity event. We believe that investigating
the effect of imperfect foresight would be a particularly fruitful
extension to this work. It should be noted however that perfect
foresight is a typical assumption in adequacy assessments. In its
last bi-annual adequacy study Elia assumed perfect foresight over
an entire week for example [26].

In this paper it was assumed that all storage participates in
the wholesale market and is exposed to time varying prices, or
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Fig. 10. Increasing storage energy and power capacity (while keeping the duration constant) generally increases the difference in LOLE between the Greedy and
DDVOLL strategies (95% confidence intervals shown) regardless of whether the EENS or the system is kept constant.

Table 5

Shorter and more severe scarcity events (greater values of n) create more events limited by storage
power or energy capacity and increase EENS (storage is assumed to be fully charged at the beginning

of a scarcity event).

n Events limited by storage
power (%)

Events limited by storage
energy (%)

EENS (GW h/yr)

0.1

4.5
5.1
6.2
11.0
18.6

1.99
2.29
2.82
4.68
7.18

Difference in LOLE [h/yr]

0.1 0.2

EMPNS~H / ELOLD# [GW/h]

0.3 0.4 0.5

Fig. 11. Shorter and more severe load net of generation ¢, " (here increasing
EMPNS~* | ELOLD~*) reduces difference in LOLE between Greedy and DDVOLL
strategies (95% confidence intervals shown, EENS~* kept constant).

alternatively that storage can be centrally controlled during times
of scarcity. This may be reasonable for grid scale batteries but
less so for residential batteries. Given the magnitude that the
effect storage operation can have on the LOLE, it may be worth
modelling these two storage technologies differently so as to
better represent how these would be operated during times of
scarcity.

11

We considered an islanded system without interconnectors.
While we attempted to address the impacts interconnectors
might have by investigating the sensitivity of our results to
the types of scarcity events in the absence of storage, further
investigation is required to confirm that our results would still
be broadly valid. There may also be complex and unintuitive
interactions between storage and interconnections that should
be investigated. For example, storage may charge using imports
to reduce load shed in its own power system during a scarcity
event which occurs simultaneously in the system from which it
imported. This also raises the question of how to define adequacy
and share load shedding in interconnected systems, an issue
which is addressed in [38].

6.2. Implications for stakeholders

It may be tempting to view the effect of non-unique storage
operation on adequacy indicators and capacity credits as a merely
an academic issue. After all, storage operation in a real world
setting would take into account many more parameters than the
ones in the economic dispatch model used here, leading to unique
optimal strategy for a storage operator.

However, economic dispatch models such as the one em-
ployed here are widely used for adequacy assessments and capac-
ity credit calculations, and the results of either of these exercises
may have important repercussions. Adequacy assessments are
ultimately used to justify whether interventions such as CRMs
are necessary to ensure resource adequacy, while capacity cred-
its are important parameters in CRMs. Getting either of these
exercises wrong could lead to an inadequate or an overbuilt
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Fig. 12. Capacity credit calculations for the Greedy and DDVOLL strategies and three different capacity credit definitions. Only EFC-EENS is insensitive to the storage

operational strategy.

power system [34]. The rolling blackouts in California in 2021
are a recent reminder of the dangers of the former. For these
reasons it is important to consider what strategy it is assumed
a storage operator would implement during scarcity events, be it
implicitly through the marginal cost of shedding load or explicitly
by enforcing a storage operation during scarcity, and whether this
reflects realistic storage operation.

We stress that we have focused on the effect of storage op-
eration on the LOLE here because it is the industry standard
indicator [32] and is prescribed by law to be the reliability stan-
dard in all EU member states [29]. As mentioned in Section 3.3,
it has been criticised for the lack of information on the duration
of a scarcity event; on the magnitude of scarcity events; and
on the distribution of loss of load events across Monte Carlo
years [2]. [39] additionally criticise indicators based solely on
characterising scarcity events. We will not elaborate on these
criticisms here. Instead, we hope that this paper may be used
to inform the debate on which indicator(s) are most suitable for
modern power systems.

6.2.1. Adequacy assessments
It is evident that the choice of storage operation affects ad-
equacy indicators other than EENS. This paper focused on the

12

LOLE, where it was shown that this metric can differ by 3 or
4 h depending on the chosen storage operation. The magnitude
of this difference was shown to decrease with storage duration
and increase with storage penetration and shorter, more severe
scarcity events. The effect of storage operation on adequacy indi-
cators such as the LOLE may be limited for now due to the limited
penetration of short term storage in the power system. However,
the increasingly rapid energy transition may change this in the
years to come and so this effect could prove significant.

A mismatch between assumed storage strategy in an adequacy
assessment and realistic operation of storage could have undesir-
able consequences. If an assessment yielded a LOLE of 2 h when
in reality it is 6 h and the desired LOLE is less than 3 h, then an
intervention could not be justified by the assessment even though
it is in fact necessary. Ultimately this would lead to an inadequate
system. This is of course true for any mismatch between an
adequacy assessment and the true adequacy of a power system,
whether that mismatch is caused by storage operation or not.

Given this, modellers conducting adequacy assessments should
be explicit about the storage operation that they choose and
transparent about how they implement it in their models. Solving
a cost minimisation problem with a single VOLL does not satisfy
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these requirements, as this paper has demonstrated throughout
that this does not uniquely define storage operation.

Exactly which operation is chosen will be context specific.
While minimising the depth of a shortfall is likely the most sen-
sible option, since it avoids shedding load with a higher VOLL, it
may not be so easy to predict the shape of a shortfall. In this case
a greedy strategy, which is EENS minimising, may be considered
more suitable. There may even be cases where minimising the
LOLE would be desirable, since longer duration scarcity events
may have worse impacts on the public’s trust in the system
operator than shorter, more severe events. Naturally the mod-
elled storage operation should best reflect what would happen in
practice. What this operation is may be unclear however, given
the limited experience of many system operators (particularly
in Europe) to scarcity events and novelty of short term storage
technologies.

6.2.2. Capacity remuneration mechanisms

As with adequacy assessments, a mismatch between assumed
and realistic storage operation when calculating capacity credits
could have undesirable consequences when operating a CRM such
as a capacity market. If a capacity credit is underestimated, clear-
ing the market could yield an overly adequate and therefore more
expensive power system, and vice versa if it is overestimated.

This paper confirmed that CCs based on the concept of EFC
and EENS are robust to changes in storage operation. EFC based
on LOLE or the availability based method AvCC led to differences
in CC between storage strategies of approximately 30%.

However, robustness to storage operation is not the only con-
sideration in choosing a CC calculation method. In a previous
work, we hinted at the problem of a CC definition which does not
reflect the end use correctly [35]. In this case there is a discrep-
ancy between peak load reduction potential and scarcity value
based definitions for reaching a capacity target which minimises
total costs. The choice of CC methodology should perhaps then
reflect its end use. For example, if a CC is used in a CRM (as is
often the case) then it may be necessary for the capacity target
and CC to be consistent with each other. This means that if the
capacity target is set so as to reach a LOLE target, then the CC
calculation would also based on LOLE. We leave analysis of this
potential issue for future work.

Given the issues that storage operation presents, alternative
CRM designs may also be desirable. One such design is given
in Zachary et al. [7], where an EENS target is used as opposed to
a capacity target. Since the EENS is insensitive to the operation
of storage this issue is resolved assuming that the CC is also
calculated using EENS.

6.2.3. Using the LOLE as an adequacy target

We have extensively illustrated that storage operation may
have a significant impact on the LOLE with no impacts on system
costs. LOLE is simply not a suitable adequacy indicator in a cost
minimisation framework. This may be one more reason to move
away from the industry standard LOLE target and towards a more
comprehensive set of targets [2].

However, this is currently not a viable option for European
Member states, since legislation requires the LOLE to be used as
the adequacy target [29]. Specifically, ACER’s methodology says
that the target should be calculated as follows:

CONEf™* /K
VOLL — CONEvar

Where CONE™ and CONE'“" are the fixed and variable costs of
new entry (for example OCGT or demand response) and K is a
de-rating factor which reflects the availability of the new entry

LOLE = (8)
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Fig. 13. EENS vs LOLE for base case.

resource during scarcity events. The principle behind this equa-
tion is that the marginal cost of reducing EENS should balance the
marginal cost of additional resources (i.e. the cost of new entry).
As explained in Zachary et al. [7], the above equation holds if all
resources are (or can be approximated as) firm capacity or if there
is a one to one mapping between adequacy indicators.

The ACER methodology specifies that the VOLL used should
reflect the consumers who are likely to be disconnected should
load shedding take place. Put differently, it is recognised that
the VOLL is depth dependent, a fact which was shown here to
uniquely define storage operation (see Fig. 8), even though only
one expected VOLL is used in (8).

Setting a LOLE target in this way appears problematic given
the non-uniqueness of storage operation when minimising costs,
since a range of LOLE is then possible. Assuming that (8) still holds
in this case, the only parameter that may change to reflect storage
operation would appear to be the de-rating factor K.!8 Taken to
the extreme, if the LOLE range is between 2 and 6 h/yr, as was
the case in Fig. 7, then the range of possible K values should differ
by a factor of 3. However, if K is interpreted as the CC of the
new entry resource'? e.g. OCGT, then this range is not possible,
since the CC of conventional resources is insensitive to the storage
strategy (see Fig. 12).

Clearly storage operation raises questions regarding the use
of (8) to set the LOLE. How these might be resolved will be the
subject of future work. However, we tentatively suggest here
already that (8) prescribes a particular type of storage operation
in order for it to be valid.

7. Conclusion

This paper investigated the effect of storage operation on
adequacy indicators, in particular the Loss of Load Expectation
(LOLE), and capacity credits. A simple, single scarcity event model
was used to illustrate how storage may be operated in such a
way that the Expected Energy Not Served (EENS) is kept constant
while the LOLE changes. That storage may be operated in this
way implies that solving a cost minimisation problem with a

18 Indeed in the ACER methodology it is stated that (8) holds if “energy
constraints are properly represented through the de-rating capacity factor”.

19 The ACER methodology states that the de-rating should ‘at least’ reflect
availability during scarcity as well as energy and activation constraints. This
definition, which is not justified, appears to be in line with the definition of
AvCC.
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Table A.6
Key input data for stylised Belgian case study inspired by Elia [26].
Resource Capacity [GW] Unit size [GW] Mean availability [-]
Nuclear 3.0 0.75 0.95
CCGT 5.5 0.1 0.93
OCGT 2.5 0.05 0.94
Offshore Wind 4.4 - 0.43
Onshore Wind 5.4 - 0.29
Solar PV 12.2 - 0.11
Storage (2h) 23 - 1.0
Other 2.0 - 1.0
Total 38.6 - -
Resource FOR [1/yr] Mean FO duration [h]
Nuclear 1.6 240
CCGT 7 101
OCGT 3.1 201
Table A.7

Sensitivity of LOLE to the VOLL™" and VOLL™* parameters when applying the
DDVOLL strategy. The LOLE does not change within the 95% confidence intervals,
indicating that it is insensitive to these parameters.

VOLL™n VOLL™ LOLE [h/yr] (95% confidence interval)
1.0 1.01 5.81 + 0.37
1.0 1.1 5.81 + 0.37
1.0 2.0 5.84 + 0.38
10.0 10.1 5.81 + 0.37
10.0 11.0 5.81 + 0.37
10.0 20.0 5.84 + 0.38

single Value of Lost Load (VOLL) does not uniquely define storage
operation.

In a stylised case study of the Belgian power system and
an economic dispatch model, this paper found a range of LOLE
between 2 and 6 h depending on the storage operation. The dif-
ference in LOLE decreased with storage duration, confirming that
this difference occurs when storage is energy limited. This differ-
ence also increased with storage penetration and shorter, more
severe scarcity events. In addition, including a depth dependent
VOLL uniquely defined storage operation.

Storage operation affected two out of the three capacity credit
calculations investigated, while the one based on EENS was un-
affected. Differences of approximately 30% in the capacity credit
assigned to storage were observed while the capacity credits of
other technologies were unchanged.

These results motivate explicit assumptions regarding storage
operation in adequacy assessments and capacity credit calcula-
tions. This implies that the assumed storage operation should
be uniquely defined for the results to be transparent and re-
producible. Failing to do so could ultimately lead to designing
inadequate or overly expensive power systems.

We suggest that non-unique storage operation may also lead
to issues of consistency, for example if the Capacity Credit (CC)
of a storage unit is calculated based on one adequacy indicator
and used to satisfy a capacity target in a Capacity Remuneration
Mechanism (CRM) based on another. We also suggest that storage
operation complicates the economic justification for using the
LOLE as an adequacy target. Both of these points may be the
subject of future work.
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Appendix

A.1. Case study data

The case study considered is a stylised Belgium-like system.
To isolate the effects of storage strategy, no imports or exports
are considered. Installed capacities and forced outage rates are
inspired by those used in Elia’s latest adequacy study and for the
year 2032 [26] with a key difference being the addition of 3 GW of
nuclear capacity.?® All storage, be it electric vehicles, residential
or grid scale batteries, was aggregated into one storage technol-
ogy (the pumped hydro reservoir of Coo was omitted). Storage
was assumed to always be available. Load data was obtained
from the Ten Year Network Development Plan National Trends
scenario [40] and Variable Renewable Energy Sources (VRES)
availabilities from ENTSO-E’s Mid Term Adequacy Forecast [27]
(which uses the Pan European Climate Database), both from the
year 2020. The data for this base case is summarised in Table A.6.
Unless otherwise specified, 1,000 Monte Carlo years of weather
profiles and forced outage draws were employed.

A.2. Base case EENS vs LOLE

Fig. 13 shows the LOLE as a function of the EENS. Clearly the
EENS changes very little (it is the same in all cases to 6 decimal
places, 2.2913374 GW h/yr) while the LOLE ranges between 5.87
and 1.817 h/yr.

20 Belgium was set to retire its nuclear power plants by 2025, though high
gas prices and the war in Ukraine have led to an extension of the lifetime of
these units. In this case study, the 3 GW of nuclear capacity was kept to make
up for lack of import capacity. Without it, the system would be unrealistically
inadequate.
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Fig. 14. Illustration of how load profile is scaled to create shorter more severe scarcity events. Load is then shifted downwards such that EENS without storage,

EENS~™, is kept constant.
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A.3. Sensitivity of the LOLE to the choice of parameters for the
DDVOLL strategy

It could be that the LOLE obtained using the DDVOLL strategy
also depends on this strategy’s parameters. Table A.7 shows the
LOLE for various values of the upper and lower limit on the VOLL,
clearly showing that it is largely insensitive to these.

A.4. Scaling and shifting load

Load scaling was achieved by applying the transformation
described below:

—_ D[
f(Dt)_{10+(D[—10+1)”—1

if Dy < 10 GW

if D; > 10 GW ©)

After this transformation, the load was shifted so as to main-
tain the same EENS. This is graphically illustrated in Fig. 14.

The load changes only for values above 10 GW, which is
approximately equivalent to the amount of de-rated conventional
capacity. Values of n below 1 ‘flatten’ the load above this thresh-
old while values above 1 make it ‘peakier’. The peak hours of the
resulting load net of generation ¢; **, corrected to have the same
EENS~ as n = 1, are shown in Fig. 15.

A.5. EENS for shorter, more severe scarcity events

Fig. 16 shows how keeping EENS~" constant nonetheless
leads to a different EENS for the results shown in Section 5.2.5.
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