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Abstract

This work presents a novel methodology for determining the value a battery storage system provides while par-

ticipating in a competitive frequency response market, considering uncertainties. Battery storage systems are an

attractive choice for power services in low-carbon electricity grids and their optimal operation are a commonly stud-

ied matter. However, the non-deterministic nature of competitive electricity markets is often overlooked. Here, we

consider these market uncertainties for a storage device providing Great Britain’s Firm Frequency Response (FFR)

and arbitrage services. We use a machine learning classifier to determine the set of all possible FFR market outcomes

and their associated probabilities. These are then propagated through a linear optimisation model to generate a set of

possible scenarios, from which the most likely can be ascertained. Several different classifiers and bidding strategies

are compared, the most suitable classifier and bidding strategies which maximise revenue whilst minimising the prob-

ability of the worse-case scenario are identified. It is found that the mean expected income is overestimated by ∼28%

when uncertainties in FFR market outcomes are not considered. Providing arbitrage over a tight band can still provide

significant income and does not impede on the storage’s ability to provide FFR services in real time.
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1. Introduction

1.1. Motivation and Previous Work

The decarbonisation of electricity systems is imperative to attaining climate goals and mitigating against global

heating. This means moving away from traditional forms of power generation, which involve combustion of fossil

fuels, and towards renewable alternatives. However, the intermittency of renewable generation may be problematic

for power grids, as it can decrease their stability and reliability [1]. Hence, energy storage presents itself as an

attractive solution to this problem, due to its fast response and ability to control power input and output. Indeed, much
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work suggests that renewable intermittency can be abated with the use of energy storage; [2] finds energy storage to

increase the value of electricity generation, [3] finds it to reduce operational costs of a micro-grid, and [4] discusses

how different types of storage may be suitable for various applications with renewable generation.

Due to their fast response and high ramp-rate, battery storage systems have been identified as an attractive choice

to provide frequency control for power grids. In [5] and [6] the authors assess the profitability of energy storage

providing frequency control, the latter suggests that even if frequency control is not its main purpose it may still be

profitable to reserve a portion of the storage for this. Several studies have demonstrated the effectiveness of energy

storage for frequency control, showing its potential to improve power quality and stability in power grids. For example,

[7] finds energy storage can provide inertial response and frequency regulation similar to that of conventional power

plants, and [8] shows that it can effectively provide short-term frequency control. In [9] the authors find that it can

smooth power fluctuations due to wind generation and consumer load, and [10] propose a model for energy storage to

enhance smoothing of frequency fluctuations in power grids. Finally, [11] presents a method for using energy storage

to simultaneously provide two different power services: frequency response and reserve power. These studies have

highlighted the capability of energy storage for power services; however they have mostly considered things from the

point of view of a grid operator, rather than a storage device owner. In [12], the authors showed that both of these

parties can be mutually satisfied even when storage owners operate their devices for personal profit maximisation;

they developed a Nash-Cournot equilibrium model which finds that the strategic operation of storage devices still

provides the flexibility services required for decarbonised power grids.

The optimal operation of energy storage to generate revenue in ancillary service markets (markets through which

power system support is acquired) is studied in, for example, [13]–[21]. Whilst these studies present detailed meth-

odologies for optimising the value of energy storage for ancillary service markets, they ignore one key consideration

which may significantly affect its value: they assume market participation is granted. This is not always the case in

competitive markets and such assumptions may result in the value being over-estimated. The authors of [13] and [14],

optimised the usage of electric vehicles (EVs) and stationary batteries, respectively, to generate revenue in electricity

and ancillary service markets. Both do so by formulating a MILP (Mixed Integer Linear Programming) problem,

with linear terms representing profits from different revenue streams. In [15], the authors explore the strategy of an

aggregator with access to storage and flexible loads who can both perform arbitrage and bid in the capacity market,

determining the optimal allocation between these revenue streams. They also use a MILP optimisation which involves

a penalty term for being unable to provide the required regulation capacity. In [16], the authors take a similar approach

in order to optimise the self-scheduling of an energy storage facility in Alberta which is able to perform arbitrage as

well as a number of different ancillary services. The authors of [17] use a stochastic process, to model market prices
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under uncertainty, then present an optimisation model for energy storage scheduling.

The authors of [18] take a different approach to this, using backward induction to determine a storage operator’s

optimum strategy in electricity and ancillary markets. In both [19] and [20], the authors present algorithms for strategic

scheduling in these markets for EVs and distributed energy resources, respectively, with elements of stochasticity

introduced to address uncertainties in market prices. In [21] a control strategy is presented which allows a technology

neutral energy storage device to perform a frequency response service and arbitrage at the same time, in order to

improve its economic feasibility. The authors find that arbitrage can be a profitable option to support frequency

response provision. However only a narrow arbitrage band is considered, so it is unclear if the profits due to increasing

this would be negated by frequency response unavailability penalties.

In all of the above studies the route to ancillary service market participation is not considered; this may be due

to regional differences in market structures. Ancillary services are often acquired through competitive markets; in

such cases, these markets need to be examined in more detail than in the previous studies to determine an appropriate

bidding strategy and the uncertainties associated with participation. Furthermore, most of the studies in the literature

do not include a penalty term for being unable to provide ancillary services. In [15] and [21] the authors do include

this, however, they do not explore the consequences of changing its weighting according to differing levels of risk-

aversion. Such an analysis is lacking in the literature and is particularly interesting when exploring the stacking of

ancillary services with arbitrage, to determine if there are benefits to a riskier bidding strategy.

Additionally, recent battery storage optimisation literature has examined battery degradation issues. In [22] and

[23] the authors show that including battery degradation in storage operation models, concerning off-grid storage and

electric vehicle charging points respectively, can affect its value. The authors of [24] and [25] study the profitability of

energy storage performing arbitrage whilst considering the impact of battery degradation; both find that degradation

has a strong impact on lifetime profitability but by explicitly considering degradation, profitability can be increased.

Finally, [26] considers how degradation affects the lifetime profitability of lithium ion and lead acid batteries provid-

ing frequency response services under different operational strategies. It is found that for lithium ion batteries the

degradation from performing these services does not reduce their expected lifetime, of ≈ 10 years, when they are

appropriately balanced in real-time. Whilst these studies highlight that it is important to consider battery degradation

in the long-term, it is less relevant when optimising usage in the short-term. Therefore, degradation will not currently

be considered for the short-term model presented here.

1.2. Ancillary Services

A number of studies, for example, [27], [28] and [29], have considered the design of ancillary service markets.

Whilst these markets can vary regionally, they generally share one important design aspect: there exists a system
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operator, who is responsible for procuring and using ancillary services to balance an electricity grid. Examples of

these types of services are voltage support, black start capability and reserves with differing response times. There

are several methods through which they are procured, including compulsory provision, bilateral contracts, tendering

and spot markets. Furthermore, the optimal design of ancillary service markets, to increase economic efficiency, is

discussed in [30]. They examine different ancillary service markets across North America, and advise that integrating

electricity and ancillary service markets whilst incorporating scarcity pricing improves efficiency. This is echoed in

[31] in which the author advocates better scarcity pricing for ancillary services, such as in the Texas (ERCOT) market,

to improve system efficiency and reliability. Whilst this is of note, here we are more interested in participating in

ancillary service markets than optimising their design.

Surveys conducted by ENTSO-E (European Network of Transmission System Operators for Electricity) show that

manual frequency reserve (the service considered here) is procured via competitive markets in most of the countries

surveyed, including Great Britain (GB), Germany, France and Nordic countries [32]. This paper will consider the

frequency reserve market in GB, namely Firm Frequency Response (FFR), which exemplifies this type of competitive,

frequency reserve market. FFR is overseen by the electricity system operator (ESO) of GB, National Grid ESO

(NGESO). FFR is a grid frequency balancing service which responds to frequency deviations (from 50 Hz) on a

second-by-second basis. The structure of this market is very similar to those in other regions, and therefore the model

developed here may be applied to many other ancillary service markets around the world.

1.3. Definition of Terms

Some of the terms used in this paper assume prior knowledge of GB’s FFR and wholesale markets. For the sake

of clarity and accessibility, these are explained below.

NGESO are responsible for balancing the electricity grid i.e. maintaining grid frequency at 50 Hz ±1%, on

a second-by-second basis, and they do this using balancing services. FFR is a type of balancing service, which

provides dynamic and non-dynamic response, to counter deviations in frequency from 50 Hz. This particular service

is considered here because it provides a viable route to market for smaller providers unable to participate in other

balancing services e.g. Mandatory Frequency Response (usually provided by large generators).

Non-dynamic FFR is a discrete service, which accepts or provides a set amount of power, triggered at a defined

frequency deviation. It is not considered here, as it is not normally provided by battery storage. Dynamic FFR

provides or accepts power to/from the grid proportional to the frequency deviation on a second-by-second basis. It

consists of three different services: primary, secondary and high response [33]. Primary and secondary services act

when grid frequency falls below 50 Hz; primary responds first, followed by secondary which sustains its response for

longer. High services act when the frequency rises above 50 Hz.
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FFR services are provided over 4-hourly time periods called Electricity Forward Agreement (EFA) blocks. There

are six of these each day, with the first one beginning at 23:00. FFR providers receive two types of hourly payments:

availability fee and nomination fee. The former is a fixed fee paid for every hour that a provider is available for FFR,

the latter is paid for every hour that the provider is called upon to provide FFR. Finally, arbitrage is the process of

generating profits through trading electricity in wholesale markets, this involves buying electricity when prices are

low and selling when prices are high.

1.4. Modelling FFR Market

GB’s FFR market is a monthly auction process in which prospective providers submit tenders detailing how much

power they can supply/accept, during which EFA blocks they can be available and what availability/nomination fees

they require for this service. These tenders are then assessed by NG and either accepted or rejected. The question

of whether a particular tender will be accepted or rejected is a binary classification problem. This type of problem

is studied in machine learning and involves using supervised learning models. Several studies have explored similar

classification problems; for example [34], [35] built a system for online auction fraud detection and [36], [37] use

Naïve Bayes (NB) classifiers to predict whether items will sell on eBay and their final prices. NB classifiers are

built upon Bayes’ probability theorem. They have the advantages of being fast and easy to implement; however, they

require features to be independent [38].

1.5. Contributions of this Work

Previous works assumed that participation in competitive markets is always granted, which is unrealistic. This

work addresses this gap by presenting a novel technique, using machine learning, to determine the possible set of

outcome(s) and probabilities of battery storage bidding in a competitive market. These outcomes are then propag-

ated through an MILP optimisation model to create a set of possible scenarios, from which the most likely can be

ascertained. This technique allows more realistic modelling of battery storage participation in competitive markets.

The novel contributions are:

• Historical FFR post-tender reports are analysed in detail to uncover market trends which give insight into the

optimal FFR bidding strategy.

• Different classifiers are proposed to predict the outcomes of frequency response market auctions. They are

tested and compared to determine which one is most appropriate for this situation. The chosen classifier is used

to predict market outcomes and probabilities of battery storage making specific bids. Previous studies assume

that such bids are always accepted. Here, we explore other possibilities and their probabilities.
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• The set of predicted market outcomes are fed to an MILP model to assess the potential revenues and their

associated probabilities of occurring, via a novel methodology. This methodology builds upon work in the

literature using a penalty term for ancillary service unavailability; here, two penalty terms (representing the loss

of ancillary service income during the unavailability) are used for the different levels of FFR provision and are

risk-weighted.

• The real-time usage of an battery storage device for FFR is simulated allowing our methodology to be examined

in real-time. The real-time performance under different levels of risk is studied.

The rest of this paper is organised in the following way: Section 2 gives a description of the models used for

market classification and battery optimisation. Section 3 presents the results and discussion of analysing historic

market data, comparing different classifiers, optimising the battery storage bidding strategy, and exploring real-time

usage of battery for FFR. Finally, Section 4 presents the concluding remarks.

2. Model Description

2.1. FFR Market Classifier

This section presents the inputs and tuning of the classifiers tested and developed to classify FFR market bids. In

the case of the FFR market, the training data with which to build the classifier is relatively small; between May 2018

and February 2020 the number of monthly dynamic FFR bids has varied between 26 and 356. The list of features is

also short, consisting of:

1. The tendered EFA blocks (1-6)

2. Availability/nomination fees

3. Power provided for the FFR services

It is assumed that information regarding the company and type of generator and connection are not considered in

the tender assessment process. In other words, that NGESO has no particular company/technology bias. The six EFA

blocks are input as individual features taking on a value of 1 or 0, depending on whether the tendered service will be

provided in that block: tEFA
n ∈ {0, 1} where n ∈ {1, 2, 3, 4, 5, 6}.

The power, P x, provided for the services (primary P p, secondary P s and high Ph) is split into two separate levels:

the maximum power provided when grid frequency deviation is a) 0.2 - 0.5 Hz from 50 Hz and b) when the deviation

is greater than 0.5 Hz. These will be denoted P x
0.2 and P x

0.5 respectively, and frequency deviations referred to simply

as “events”. The ratio of P x
0.5/P

x
0.2 is constant at 2.5, with only 1% of tenders between May 2018 and February
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Figure 1: Schematic diagram showing inputs and outputs of classifier model

2020 falling outside of the range 2.5 ± 0.05. Hence only one of these needs to be used as an input for the classifier.

Additionally, for over 80% of all tenders, and 93% for more recent ones (December 2019 - February 2020), the same

values of P x
0.2 and P x

0.5 are given for all three services: ie. P p
0.5 = P s

0.5 = Ph
0.5 = 2.5×P p

0.2 = 2.5×P s
0.2 = 2.5×Ph

0.2.

Therefore to represent at least 80% of all tenders, only one power value, nominally P p
0.5, is required. This will simply

be denoted, P, henceforth. Furthermore, it was observed that P and availability/nomination fees are not independent.

In order for all classifier inputs to be independent, these two features were replaced with one feature, which is the ratio

of availability fee to P, referred to henceforth as Ratio. The nomination fee was not considered because it is non-zero

for fewer than 1% of tenders.

For this work the following types of classifiers were tested and compared: Naive Bayes (using a Multinomial,

alpha=1.0), Decision Tree (maximum depth = 10), Random Forest (maximum depth = 10), Nearest Neighbours (num-

ber of neighbours = 5) and Neural Networks. Specifications of the hyperparameters used to tune the classifiers are

given in brackets. These were optimised by performing repeated, stratified K-fold testing on test data (repeats = 10,

number of splits = 5) whilst varying the hyperparameters to maximise the average accuracy scores. This was done

using Python’s scikit-learn module [39]. Figure 1 presents a schematic representation of the classifiers, showing the

model inputs and outputs. The inputs represent a market bid and the outputs are the possible results of the market

auction: reject or accept the bid.
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Table 1: Values of storage parameters for a lithium ion battery.

Parameter Value
Power-Capacity Ratio 2
Charge/Discharge Efficiency 90%
Range of SOC 20-100%

2.2. Battery Storage Device

Battery storage devices can participate in the FFR market by submitting bids, as previously outlined; in this

section their parameters and FFR market bidding strategy are presented. Battery storage devices can be parametrised

by their maximum power to capacity ratios, usable capacities (state-of-charge, SOC) and efficiencies. This is shown

below in Table 1 for lithium ion batteries. These values are derived from several literature sources [40]–[42] and are

approximate because in reality they vary depending on battery usage and age.

FFR auction bids are typically split into three different parts, such that there are 8 possible auction outcomes which

could occur due to combinations of different parts of the bid being accepted or rejected. These are summarised in

Figure 2. The classifier is used to determine whether or not each part of the bid is accepted, and with what probability;

this is used to determine the probabilities of the 8 auction outcomes. The notation adopted here uses the numbers 1

and 0 to represent an accepted or rejected part, respectively. For instance, 100 refers to an outcome in which only the

first part of the bid is accepted. Having quantified the probability of each possible classification, 500 scenarios (each

having one of the possible 8 outcomes) will be randomly generated according to the classification probabilities.

These generated scenarios will then be applied to an MILP optimisation model in order to examine how the

methodology (quantifying the probability of each FFR market classification) affects the value of storage participating

in both FFR and arbitrage markets. In this model, a storage device is able to perform arbitrage in the N2EX day-ahead

market [43]; the methodology describing the arbitrage optimisation is outlined in the following section. It will be

assumed the FFR auction results for the following month are already known at the time of the arbitrage optimisation,

since these are released on the twelfth business day of the current month.

2.3. Optimisation Model

The optimisation model will maximise the profits of battery storage performing arbitrage, given certain FFR mar-

ket outcomes. Different auction outcomes, n, will be fed into the optimisation model where each will be parametrised

by each hour, t, it’s providing FFR in and the power available for FFR, Pn and Pn/2.5 (at grid events of > 0.5 Hz and

0.2-0.5 Hz respectively). For each outcome, n, an hourly time series, tnt ∈ {0, 1}∀ n, t, is developed, where a value

of 1 or 0 relates to providing or not providing FFR, respectively. This depends on auction outcome and which parts of

the bid (relating to providing FFR in different EFA blocks) are accepted or rejected.
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Figure 2: Schematic showing how auction bids (typically split into three parts) feed into the classifier resulting in various different market outcomes
with associated probabilities. These are pushed through an MILP optimisation model.
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The power used to charge or discharge the storage must remain within its maximum limits, as is expressed by

Equations 1 and 2.

0 ≤ P c
nt ≤ P̄n ∀ n, t (1)

0 ≤ P d
nt ≤ P̄n ∀ n, t (2)

where P c
nt, P

d
nt and P̄n are charging and discharging power (at time t, for outcome n) and maximum power

(for outcome n), respectively. Additionally, the capacity, Xnt, of the storage must remain within its minimum and

maximum limits: Xn and X̄n. However, when it is providing FFR it should also have sufficient spare/available

capacity to provide Pn

2 ; this is since the maximum time an FFR provider may be continuously called upon to provide

power services is 30 minutes [44]. Equations 3 and 4 represent this mathematically.

Xn ≤ Xnt ≤ X̄n ∀ n, t (3)

Xn +
Pn

2
≤ Xnt ≤ X̄n − Pn

2
∀ n, t (4)

The capacity of the device at the end of time period t, will be equal to the capacity at the end of the preceding

period plus the effect of any charging or discharging that occurred at t. Hence:

Xnt = Xn,t−1 + ηcnP
c
nt −

P d
nt

ηdn
∀ n, t (5)

In order to maximise the day-ahead arbitrage profits, the following equation is minimised:

min
∑
n,t

pDA
t

(
P c
nt − P d

nt

)︸ ︷︷ ︸
Arbitrage

+λnttnt (αntρ0.5 + βntρ0.2)︸ ︷︷ ︸
FFR Penalties

(6)

subject to (1)-(3), (5). The first term represents the costs incurred in the day-ahead market, with pDA
t representing

the day-ahead buy/sell price, whilst the second term represents penalties associated with being unable to provide the

contracted FFR services. These are summed over all outcomes, n, and time periods, t, in the following month. The

penalty for FFR unavailability is forfeiting the settled availability fee, λnt, for that hour and outcome (if this happens
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on more than three occasions NG may consider the tendered unit unsuitable for providing FFR in future months).

Additionally, ρ0.2 and ρ0.5 are constants representing the probabilities of being called upon for FFR services during

0.2-0.5 Hz and > 0.5 Hz events. Finally, α(t) and β(t) are binary variables set by the following conditions:

αnt =


1 : Xnt ≤ Xn + Pn

2

1 : Xnt ≥ X̄n − Pn

2

0 : else

∀ n, t (7)

βnt =


1 : Xnt ≤ Xn + (Pn/2.5)

2

1 : Xnt ≥ X̄n − (Pn/2.5)
2

0 : else

∀ n, t (8)

such that α(t) and β(t) are equal to one if the storage device doesn’t have sufficient usable/unused capacity to

provide FFR at the two usable levels. If this occurs during an FFR time period, tnt = 1, there is a risk of losing λnt

which is weighted by the probability of being called upon. Outside of the FFR periods, tnt = 0, these terms disappear

and α(t) and β(t) can take any value without risking the penalty.

It is important to make the distinction between the two FFR frequency deviation levels because the probabilities of

being required to provide/accept Pn

2 MWh and (Pn/2.5)
2 MWh differ significantly. In [45] it was found that between

2014 and 2018, in GB, the average number of a) high (+0.2 to +0.5 Hz) events is 1.8 per day and b) low (-0.2 to -0.5

Hz) events is 0.9 per day. There were no > ± 0.5 Hz events during this period. Additionally, 80% of these high events

(a greater percentage for low) were observed to last 30 seconds or less. Future estimates for 2030 predict an increase

in the number of 0.2-0.5 Hz events, but with severe events, > 0.5 Hz, only occurring in the most extreme low-inertia

scenario [45]. Therefore it seems reasonable to assume that the grid may require powers of ±(Pn/2.5) MW at least

once a day, but ± P MW very rarely. The values of ρ0.2 and ρ0.5 cannot accurately be ascertained, however a few

deductions can be made: ρ0.2 > ρ0.5 and ρ0.5 ≪ 1. Varying these will affect the bidding strategy and will be explored

later.

For the sake of simplicity the storage device will be considered a deterministic price-taker in the day-ahead market.

In reality this is not the case, as explored in preliminary work. However, the difference between deterministic and

non-deterministic revenue in the N2EX day-ahead market was found to be 12%, since prices follow a predictable

daily pattern. As the main focus here is realistically modelling ancillary services and exploring the trade-offs of the

different revenue streams, it is acceptable to use a deterministic arbitrage approach. Furthermore, the size of the

11



storage is small, 4 MW, so its effects on the day-ahead market price are negligible.

3. Results and Discussion

3.1. FFR Market Trends

FFR Post-tender reports were examined from May 2018 to February 2020. Figure 3 shows the total amount of

accepted and rejected a) tenders and b) power (P rather than P/2.5) each month over this period. It can be seen that

both of these quantities have increased over time, which is as would be expected with increasing renewable generation

and lower system inertia [46].

In Figure 4 the historical trends have been split up into the six 4-hourly EFA blocks; these start at 23:00 - 3:00 for

block one and finish at 19:00 - 23:00 for block six, with the remaining blocks evenly distributed between these. The

trends shown here are only for the accepted tenders, and represent a) total accepted tenders, b) total accepted power,

P and c) Ratio (the ratio of availability fee to power): this is an average value across all accepted tenders per month

and per block. It can be seen that the general trend, across all blocks, is for the number of accepted tenders and power

volume to increase with time. However, it can be seen that the values of these, and their individual patterns, vary for

the different blocks. Also, it can be gleaned that some of the blocks mirror each other, namely one and two, and three

and four. Blocks five and six also follow similar patterns to one another, however, to a lesser extent.

Upon closer inspection of the raw tender data [44], it can be seen that most tenders are submitted as three separate

entries: blocks 1 and 2 (B1&2), blocks 3 and 4 (B3&4), and blocks 5 and 6 (B5&6). This can be understood by

looking at Figure 4(c). The higher the ratio, the greater the availability fee payment per given P. Historically, with the

exception of block five, the ratios of the blocks are all very similar. However, in more recent times the ratios for B5&6

are significantly greater than the others, and lowest for B1&2. Therefore to maximise revenue, a savvy bidder should

submit higher availability fees for the later blocks and lower for the earlier ones. Hence, this tactic which has been

uncovered through historical analysis will be incorporated into the storage profit optimisation in Section 3.3. This will

allow the optimisation and bidding strategy to be much more realistic than in previous ancillary service studies.

3.2. Classifier

Historic data was edited to remove any null entries and any non-dynamic services. As previously described, the

feature list consists of availability for blocks 1-6 and Ratio. Repeated, stratified K-fold testing (repeats = 10, number

of splits = 5) was performed on January 2020 data which contains 115 entries. This was done for each of the classifier

types and results are presented as box plots of accuracy score in Figure 5. The Decision Tree, Random Forest and

Nearest Neighbours classifiers perform better than Naive Bayes and Neural Network, as they have higher median,

lower and upper quartile, and maximum and minimum values.
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Figure 3: Total amount of a) accepted and rejected tenders and b) accepted and rejected power, P, each month (May 2018 to February 2020).
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Figure 4: Total accepted a) tenders, b) power and c) ratio of availability fee to power across the six EFA blocks (May 2018 to February 2020).
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Figure 5: Accuracy score for different types of classifier based on January 2020 data.

Table 2: Accuracy of classifiers.

Classifier Accuracy
December 2019 January 2020 February 2020

Naive Bayes 0.55 0.78 0.5
Decision Tree 0.60 0.73 0.64
Random Forest 0.63 0.72 0.61
Nearest Neighbours 0.67 0.66 0.56
Neural Network 0.65 0.33 0.5

Further testing was performed by training the classifiers on November 2019, December 2019 and January 2020

data, and then testing them on December 2019, January 2020 and February 2020 data (i.e. testing each month on its

consecutive month). This reflects how they would be used in reality, because only historic data is available at the time

of bidding for the next auction. The accuracy scores of the classifier predictions are displayed in Table 2. It can be

seen that accuracy values are significantly lower than those obtained through K-fold testing. This is to be expected,

as the previous section showed that the number of accepted tenders, power and Ratio varies from month to month.

Despite this, the Decision Tree and Random Forest classifiers managed to perform relatively well with all accuracy

scores above 0.6.

Hypothetical tenders were made for B1&2 with Ratio varying from 1 to 50. These were then tested on the different

classifiers, after they had been trained on January 2020 data, to examine the classifier predictions as Ratio is varied.

The results of this are presented in Figure 6; red regions correspond to predictions of tenders being accepted, and

blue regions to tenders rejected. Since NG accept the tenders which are most economic for them [47], it would be

expected that tenders with a smaller ratio have a higher probability of being accepted, and those with a larger ratio a
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Figure 6: Probability of hypothetical tender acceptance, based on January 2020 data.

higher probability of being rejected. This trend is generally predicted by the classifiers. However, the Decision Tree,

Random Forest and Nearest Neighbour classifiers predict that some tenders with low Ratios will be rejected. This

may be due to overfitting, sensitivity to outliers or lack of testing data.

As described in the methodology section, probabilities associated with different market outcomes will be propag-

ated through the MILP model. For this particular application we require the probabilities of the classifications rather

than the classifications themselves. Despite giving the best performances when predicting the classifications, De-

cision Tree, Random Forest and Nearest Neighbours have a tendency to predict their probabilities as either 0.0 or 1.0,

as shown in Figure 6). This is not useful for this particular application, which aims to quantify the uncertainty in

market bid classification; probabilities of 0.0 or 1.0 suggest full certainty which is unrealistic for this application. It

must be noted, however, that for the purpose of pure classification these classifiers are the most suitable. Naive Bayes

is chosen over Neural Network for the following analysis since it has a smaller interquartile range for accuracy score

(from the repeated, stratified K-fold testing) which suggests it may be more reliable. Additionally, Neural Network

performed poorly when trained on December and tested on January data.

3.3. Battery Storage Optimisation

In this section the optimum bidding strategy for an battery storage device able to perform both arbitrage and FFR

power services will be explored. As previously mentioned, they are able to participate in the day-ahead arbitrage

market and make tenders for the monthly FFR dynamic services auction, which will be either accepted or rejected in

advance of each upcoming month. After learning whether or not these tenders have been accepted and for which EFA
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blocks, the optimum strategy to buy/sell electricity in the market can be determined using Equation 6. The storage

device will be modelled as a lithium ion battery using parameter values given in Table 1; the maximum capacity will

be 2 MWh, and maximum power 4 MW. Power values of P = 1 MW, 1.25 MW and 1.5 MW will be considered for

FFR services, as these allow the battery to provide the maximum high and low responses for the maximum time of 30

minutes. It was seen that designating realistic values to p0.2 and p0.5 is difficult, and requires a thorough grid frequency

analysis outside the scope of this work. Values of 0.8 and 0.2 were chosen, respectively, for all the optimisations in

this subsection: the effects of changing these are explored in the following subsection. These reflect the fact that

frequency deviations of > 0.5 Hz are unlikely, whilst deviations between 0.2 and 0.5 Hz have historically occurred on

average twice a day [48].

Figure 7 shows an example of the optimised daily capacity profile for a) when the storage device is only performing

arbitrage and b) when it is performing both arbitrage and FFR services. The green and blue dotted lines represent

the ranges between which it can deliver the maximum possible required power services at the P and P/2.5 levels

respectively. The probability of being required to provide/accept P MW is very low, as this only occurs at frequency

deviations > 0.5 Hz. Hence the probability-weighted penalty for being unable to provide it is also low. Therefore, at

certain time periods the arbitrage profits are larger than this weighted penalty (the loss of income due to not being able

to provide FFR which is the availability fee) and the optimisation algorithm decides to risk being penalised in order

to reap the arbitrage rewards. This can be seen in Figure 7(b) at time periods 15-17.

In Section 3.1, it was found that successful FFR tenders were split up into three separate parts for B1&2, B3&4,

and B5&6. The highest Ratio was submitted for B5&6, and lowest for B1&2. Hence the storage device will submit

tenders with this same structure. To determine which availability fee should be submitted for each power P (1, 1.25,

1.5 MW), and each pair of blocks, an OLS regression was used (accepted power against accepted availability fee).

The mean availability fee predicted for each power was then determined. One consequence of structuring tenders in

this way, is that some parts of the tender may be accepted and others rejected. To quantify the probability of this, the

Naive Bayes classifier developed in Section 3.2 is called upon. The mean availability fee values, for each of the above

situations, were fed into the classifier which estimated their probabilities of being accepted; this is presented in Table

3. This information was then used to probabilistically generate 500 post-tender scenarios with 8 possible outcomes,

as shown in Figure 2.

Figure 8 shows the results of generating these scenarios for the P = 1 MW case. Figure 8(a) displays the percentage

of generated scenarios with each market outcome and Figure 8(b) shows the total income generated by FFR and

arbitrage for each of these outcomes. The most commonly occurring outcome is all three parts accepted, and the

least common all three parts rejected. This is expected, since these outcomes have the highest and lowest combined
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Figure 7: Optimum daily capacity profile of battery storage device performing a) arbitrage and b) arbitrage and FFR services.
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Table 3: Calculated mean availability fees from Feb 2020 data and their probability of being accepted, as determined by the classifier.

Power EFA Blocks Availability Fee (£/h) Probability Accept (%)

1 MW
1 and 2 5.30 56
3 and 4 5.40 72
5 and 6 15.70 67

1.25 MW
1 and 2 7.10 55
3 and 4 7.20 71
5 and 6 17.60 68

1.5 MW
1 and 2 8.70 55
3 and 4 9.10 71
5 and 6 19.60 69

probabilities, respectively.

In Figure 8(b), it can be seen that the maximum income generated through FFR (∼ £6,000) which occurs for

111, is much greater than the maximum arbitrage income, which occurs for 000, ∼ £1600. This confirms that FFR

is a more lucrative revenue stream, and therefore securing accepted tenders should take priority over performing

arbitrage. Additionally, it confirms that performing FFR in B5&6 is more lucrative than in the other blocks, since

income from 001 > 110. Hence, these blocks should take precedence. Another interesting observation is that as FFR

profits increase, arbitrage profits decrease. Despite this, arbitrage profits are still significant and non-negligible for all

FFR outcomes. Therefore it should not be discounted as a revenue stream and still stands to provide an advantageous,

additional source of income.

This same analysis was repeated for the P = 1.25 MW and P = 1.5 MW cases, in order to determine which

value of P maximises potential revenue, whilst minimising the worst-case scenario, 000. Figures 9 and 10 compare

the percentage of scenarios with each market outcome and total incomes for both of these. It can be seen that as

P increases, total income increases; this is because a higher availability fee can be accepted. However, arbitrage

income decreases as P increases: for 000 arbitrage income is £627 for P = 1.25 MW and £416 for P = 1.5 MW. As P

increases there is less usable capacity available for arbitrage, so this finding makes sense. The pie charts show that the

percentages of scenarios with each outcome are very similar for the P = 1 MW, P = 1.25 MW and P = 1.5 MW cases;

this is expected since the acceptance probabilities, given in Table 3, are similar. Therefore these do not influence the

optimum choice of P. Consequently, the optimum choice of P is the one which maximises the total potential revenue:

this is found to be P = 1.5 MW, due to it achieving the highest FFR payments.

The optimum market bidding strategy, in terms of availability fee (or Ratio), for a fixed value of P = 1 MW, is

also determined. In order to explore the effects on total income of varying the availability fees, the previous scenario

generation and optimisation procedure was repeated for P = 1 MW. Each time availability fees were varied, for the

different blocks, they were pushed through the classifier (as Ratio) to determine the different acceptance probabilities.
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Figure 8: P = 1 MW case. Percentage of scenarios with each market outcome and the total income generated by FFR and arbitrage for each
outcome.
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Figure 9: P = 1.25 MW case. Percentage of scenarios with each market outcome and the total income generated by FFR and arbitrage for each
outcome.
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Figure 11: Above: Probability of outcome 000 occurring, as availability fee is increased. Below: Mean and standard deviation of the total income
for 500 probabilistically generated scenarios using different availability fees.

This was then used to generate 500 scenarios, each with one of the 8 outcomes shown in Figure 2, but different

probabilities. The optimisation procedure was then carried out for each of the 500 scenarios, and a mean total income

and standard deviation was calculated. The results of this are presented in Figure 11, along with the probabilities of

the worst-case outcome 000. The reference case is the one presented in Table 3 for 1 MW, and is shown in red. The

relative availability fees were generated by adding +£X to each part of the reference case availability fees. The set of

availability fees considered is [£5.30 + X, £5.40 + X, £15.70 + X], where X ∈ Z : Z ∈ [−1, 16].

It can be seen that as the availability fee increases, mean total income also increases. This makes sense, as a greater

accepted availability fee leads to a greater FFR income. However, the probability of the worst-case scenario, 000, also

increases with availability fee. Hence, this is a riskier strategy. Additionally, standard deviation also increases,

reflecting the fact that the results of the market auction are less predictable as availability fee increases. It must be

noted that inaccuracies associated with the classifier predictions are not considered here. These will increase the

unpredictability of the market outcomes, and consequently the risk associated with bidding for high availability fees.

Finally, the losses due to assuming that FFR bids are always accepted are quantified. In Table 4 for each value

of P, the income gained in the best-case scenario, 111, is presented alongside the mean income. This is calculated as

the mean of the 500 generated scenarios, using the availability fees and probabilities presented in Table 3. It can be

seen that mean income is significantly lower than best-case income. For P values of 1, 1.25 and 1.5 respectively, the

mean income is 28%, 29% and 28% lower than the best-case income. This means that models assuming FFR market

acceptance could overestimate revenue by ∼28%.
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Table 4: Best-case and mean FFR incomes under different output power scenarios.

P (MW) Best-case Income (£) Mean Income (£)
1 6963 5010
1.25 8021 5722
1.5 9084 6524

3.4. Real-Time FFR Provision

In order to determine the real-time FFR usage of an a battery storage device, grid frequency data from NG was

analysed [44], [48]. This data has a one second resolution and gives the actual grid frequency in Hz. From this,

the frequency deviation from 50 Hz each second was calculated; the response of the battery is proportional to this.

The methodology for determining the corresponding storage power output/input is outlined in [26]. It is found that

a storage device providing FFR, regardless of whether it is also performing arbitrage, must be balanced in real-

time. This may be done via bilateral contracts or by buying/selling electricity in NG’s balancing market. The costs

associated with doing this are found to be negligible compared with FFR income.

For this analysis it is assumed that a 2 MWh, 4 MW battery is providing FFR during all EFA blocks at a level of

P = 1.5 MW, which was found to be the most lucrative. Its arbitrage strategy is optimised using the model described

in Section 2.3, and the values of ρ0.2 and ρ0.5, which control the level of arbitrage, are varied. The real-time capacity

levels of the storage device performing a) FFR and b) arbitrage at the different levels over three days are shown in

Figure 12. The solid black lines represent the total capacity as a function of time, due to arbitrage and FFR usage. The

change in capacity of the device due to arbitrage usage is shown by the blue line. The change in capacity due to FFR

is given by the blue and yellow areas, corresponding to reducing and increasing the capacity relative to the arbitrage

capacity, respectively. Black dashed lines show upper and lower capacity limits of the storage device.

It can be seen that for values of 1/1 for ρ0.2 and ρ0.5, the level of arbitrage is kept within a tight band around the

capacity mid-point. As these are relaxed to 0.8/0.2, arbitrage occurs outside of this tight band, but within the upper

and lower capacity limits. For values of 0/0 and 0.2/0.2, a larger amount of arbitrage occurs taking the capacity to its

upper and lower limits. This is not acceptable whilst performing FFR, since it leaves no spare/usable capacity to be

used for FFR services. Hence, these values should not be used.

Table 5 quantifies some key findings for each of the four scenarios plus the no arbitrage scenario over the 72 hour

period. These are: the amount of time each scenario can provide FFR for (without additional real-time charging or

discharging) and the additional/excess capacity which must be acquired/removed in order to keep the storage device

between its upper and lower limits. It can be seen that for all scenarios, including when no arbitrage is performed,

the battery is not available to provide FFR across all time periods; it must therefore be balanced in real-time in order
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Table 5: Findings from scenarios of real-time FFR provision.

ρ0.2/ρ0.5 FFR Availability Additional Capacity Required (MWh) Excess Capacity to Remove (MWh)
1/1 85% 0.83 0
0/0 47% 11.32 2.42
0.8/0.2 81% 2.23 0
0.2/0.2 78% 2.23 0.23
No Arbitrage 82% 1.19 0

to keep its capacity within its usable limits. For the very tight level of arbitrage (values of 1/1 for ρ0.2 and ρ0.5) FFR

availability is actual greater than for no arbitrage, and for the 0.8/0.2 case availability is only 1% lower. Whilst this

analysis should be carried out over longer time-periods, initial results suggest that performing arbitrage over a small

band of capacity is acceptable and feasible. Additionally, the previous section has shown that even performing a small

amount of arbitrage (with values of 0.8/0.2 for ρ0.2 and ρ0.5) can bring in significant revenue (£400 - £1600) whilst

simultaneously providing FFR services.

It must be noted that if storage owners repeatedly fail to provide frequency response when called upon, then they

will incur a greater consequence than simply paying a penalty. As previously mentioned, if this happens on more than

three occasions NG may consider the unit unsuitable to provide frequency response in future months. Furthermore,

if these failures occur on a wider scale, this may lead to market reform and a reassessment of the rules. However,

by performing arbitrage across only a small band and performing real-time balancing, as outlined in [26], this risk of

failure is minimised. With a sufficient balancing strategy, the battery’s capacity should remain close to its mid-point,

even with limited arbitrage occurring, enabling it to meet frequency response requirements.
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Figure 12: Total capacity as a function of time (black solid line), due to arbitrage (blue line) plus real-time FFR usage (blue/yellow area between
black and blue lines).
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4. Conclusion

Ancillary services are necessary for stabilising electricity grids worldwide and battery storage devices present a

promising low carbon option for providing these services. The optimal participation of a battery storage device in

GB’s FFR market, whilst simultaneously performing arbitrage, has been explored here. A novel machine learning

methodology for assessing the probability of the battery being accepted to provide FFR, at a certain income level

and for particular periods, is presented. The methodology involves testing and comparing classifiers on historic

market data and using the most suitable one to determine the probabilities of different outcomes for hypothetical

bids made on behalf of the battery, rather than simply assuming market acceptance. This allows FFR participation to

be modelled more realistically than in the literature; additionally, this methodology may be applied to other auction

market problems. It is found that the expected income is ∼28% lower when considering the FFR market as non-

deterministic, as opposed to assuming market acceptance.

The outcomes of the machine learning classifier are propagated through an MILP optimisation model which

contains two risk-weighted penalty terms associated with being unable to perform FFR. It is iterated 500 times with

different FFR outcomes (accepted or rejected) generated probabilistically. Hence, the mean expected income through

arbitrage and FFR, and its standard deviation, can be calculated. This method quantifies all possible market outcomes

and their probabilities in a way which has not been done previously. The results confirm that FFR is a larger source

of revenue than arbitrage for battery storage. However, they also show that simultaneously performing arbitrage

over a small, risk-constrained band is economical and feasible in real-time. Future work may include improving the

classifier with a learning element, exploring similar markets worldwide and assessing the real-time cost for providing

FFR under different arbitrage strategies. Additionally, future work should apply this short-term bid optimisation

model to a long-term economic feasibility study; this should provide insight for investors considering using battery

storage for ancillary services.
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