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Abstract

Great Britain has committed to achieving net zero greenhouse gas emissions by 2050.

The sector supplying energy is the second-largest source of greenhouse gas emissions.

To meet statuary requirements, National Grid ESO is exploring the increased use of

non-dispatchable renewable energy sources and the phasing out of inertia-providing syn-

chronous generators.

The lack of synchronous machinery could destabilise the grid, thus preserving some

capacity is crucial. Utilising synchronous generators powered by biomass could offer a

remedy; providing necessary inertia without the heavy greenhouse gas emissions associated

with fossil fuel synchronous generators like coal, oil, and natural gas.

Energy storage systems can time-shift electricity generation and demand to balance

production and consumption. Integrating biomass generators with ES enhances efficiency

and reliability. The proliferation of renewables increases the frequency of generator cycling,

which can double operational costs. Onsite energy storage mitigates this need, reducing

expenses, wear and tear, and additional CO2 emissions. Using energy storage for ancillary

services or market arbitrage also reduces the need for biomass generator ramping.

This thesis explores arbitrage and Firm Frequency Response products that biomass

and energy storage combined can buy and sell. It confirms the benefits of investing in

an energy storage, highlighting profitability from Firm Frequency Response and resilience

against changes in the electricity system. Novel methodologies for optimal energy storage

operation without foresight are introduced using linear programming and reinforcement

learning for decision-making.
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Nomenclature

B - Set of actions for the biomass RL agent

BM - Balancing Mechanism

BMRS - Balancing Mechanism reporting service

b - Biomass dispatch

c - Energy storage charging

CAES - Compressed air energy storage

CBESS - Combined biomass and energy storage system

CCGT - Combined cycle gas turbine

d - Energy storage discharging

E - Set of actions for the ES RL agent

e - Energy storage dispatch

EFA - Electricity forward agreement

ES - Energy storage

EScap - Energy storage capacity

fd - Frequency deviation

FES - Future energy scenarios

FFR - Firm Frequency Response

LCOS - Levelised cost of energy storage

MDES - Medium-duration energy storage

Opex - Operational cost of operating a biomass plant

price - Remuneration for power delivered to the National Grid

px - Power capacity of asset x

PFA - Perfect foresight agent

Q(S,A) - State action value function

R - reward

rc - Cost of ramping a biomass plant

res - Vector of booleans (1 for timesteps maintaining response)

RL - Reinforcement learning

rr - Maximum ramping capability of biomass generator

NDR - Non-dispatchable renewable

SCES - Supercapacitor energy storage
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SMES - Superconducting magnetic energy storage

SoC - State of charge

tr - Vector of booleans (1 for timesteps triggering FFR)

tv - Tendered volume in a given EFA block

wo - Optimisation window

wt - Training window

ws - Aggregated wind and solar factor

TSO - Transmission system operator

α - Step-size parameter

ϵ - Probability of the agent picking an action at random

ηc - Efficiency of charging energy storage

ηd - Efficiency of discharging energy storage

σx - Variable x determined by PFA

τ - Length of a timestep

γ - Discount factor

1 Introduction

Great Britain (GB) has pledged to reach net zero emissions relative to 1990 by 2050. The

energy supply sector currently ranks as the second highest emitter of greenhouse gasses

(just after the transport sector) and will need to change drastically to meet the legal

target. This transition to net zero creates particular problems for the electricity system as

part of the energy supply sector. Figure 1 demonstrates the impact of the transition. The

two problems identified are a proliferation of intermittent non-dispatchable renewables

(NDRs); energy sources that will lead to a mismatch between supply and demand in the

grid and a decommissioning of large synchronous generators, leading to a lack of inertia.

To demonstrate the first point, Grubb and Newbery (2018) documented that the share of

renewables providing UK electricity in 2017 was 22%, up from 4% in 2008. Furthermore,

GB’s transmission system operator (TSO), National Grid ESO, has published a set of

‘future energy scenarios’ (Future Energy Scenarios (2021)) which project an increase in

NDRs up to the year 2050. In the FES scenario with the most conservative estimate for

installing new NDR capacity there is still 100 GW by 2030 and 200 GW by 2050.

15



Figure 1: Problems and possible solutions for the electricity system driven by the transition
to net zero

Installed capacity (GW)

Biomass 1.58

Coal 12.30

Hydro 6.36

Gas 29.92

Nuclear 8.92

Oil 0.37

Solar 8.67

Waste 1.89

Wave/Tidal 0.04

Wind 23.20

Table 1: Capacity of generation types in the UK
electricity system according to the UK publication
UK electricity production (2022)

Meanwhile the UK government

has published that the number of

coal synchronous generators provid-

ing electricity has dropped from 70%

in 1990 to less than 3% in 2020 (End

of coal power to be brought forward in

drive towards net zero (2020)). The

political and financial will to decom-

mission gas synchronous generators

is less evident though literature such

as McGlade et al. (2018) is clear that,

without carbon capture and storage,

gas for electricity, heating and hy-

drogen combined would need to be

reduced to 10% of its 2010 value by

2050 to meet the net zero target. For further reference, table 1 shows the installed capac-

ity of coal, gas, oil and biomass in 2022. Gas plants are hard to phase out of the system

because in addition to inertia they provide flexibility.

A 2016 study of conventional combined cycle gas turbines (CCGTs) from Imperial Col-

lege (Strbac et al. (2016)) projected that the flexibility from CCGT would need to increase
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to account for the rise in NDRs before newer, greener technologies would be available to

provide that flexibility and phase out gas synchronous generators. They projected a peak

of CCGT in 2025. Additionally, cycling CCGT helps to avoid the unnecessary curtailment

of renewable power. Biomass plants would be hard pressed to provide this flexibility due

to high ramping constraints and increased wear and tear from constant cycling.

The shut down of synchronous generators contributes to a reduction in system iner-

tia. When a deviation in system frequency occurs, synchronous generators automatically

respond by absorbing or injecting kinetic energy. This corrects the deviation. System

inertia refers to all the inertia in the rotating masses of synchronous generators that are

online at a given time. The less system inertia, the quicker the system operator has to

respond to maintain frequency. Periods of low inertia make the frequency more sensi-

tive to an imbalance in supply and demand; an imbalance during low inertia results in a

greater frequency deviation than the same imbalance during high inertia. Compounding

the problem, renewables do not contribute to system inertia.

A solution explored by Ackermann et al. (2017) may lie in switching to biomass fu-

elled synchronous generators which can provide the same level of inertia while emitting

few greenhouse gas emissions relative to coal, oil and gas. Ackermann et al. (2017) have

asserted in their paper that the grid cannot be supported without any synchronous ma-

chines even with innovative designs for synthetic inertia, hence the need to maintain some

biomass capacity.

Figure 1 shows biomass generators as a provider of inertia during the transition to net

zero. The second solution displayed energy storage systems (ESS) are discussed subse-

quently.

Energy storage (ES) can be used to time-shift the output from generators, thereby

compensating for the mismatch in supply and demand created by NDRs. ESS can also

provide additional load when the net load drops below the must run output of nuclear by

absorbing extra energy from the system. ESS technologies can shift energy on different

time scales. ESS can be used by households with time-of-use tariffs, wind and solar farms

who want to smooth their profiles and used by themselves to contract with National Grid

ESO for ancillary services.

Possible downsides of investing in storage include upfront investment costs, loss of

energy in round-trip inefficiencies and subsequently a higher carbon intensity of the elec-
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tricity produced.

Biomass generators and ESSs can be combined in operation, capitalising on the ad-

vantages of both systems. ESSs have been used in a similar capacity for supporting wind

turbines in Azad et al. (2015).

A key argument for using an ESS to support a biomass generator presented by Van den

Bergh and Delarue (2015) is that compared to oil and gas, biomass burners are particularly

susceptible to damage from repeated heat cycling. In general, an increase in NDRs will

lead to an increase in the need for synchronous generator cycling. Van den Bergh and

Delarue (2015) found costs for the synchronous generator operator can double operating

in a system with 50% penetration of NDRs. Furthermore, it has been found by Eser et al.

(2016) that a 35% penetration leads to a 63-181% increase in ramping and thus a decrease

in average load factor and lower operating efficiency. An on-site ESS may relive the need

for ramping, cutting costs, wear and tear and the additional CO2 production associated

with an increase in ramping. Particularly when providing additional ancillary services or

performing arbitrage, the ESS can be employed to offset biomass ramping. The following

thesis addresses this question of operating a combined biomass and energy storage system

(CBESS) to provide Firm Frequency Response (FFR) and bid on the Balancing Mechanism

(BM), which are both aspects of GB’s electricity market.

An overview of both markets will be presented here briefly and discussed in significantly

more detail later.

FFR is offered by National Grid ESO to ensure the reliability of GB’s electricity supply

as do all ancillary services. FFR covers rapid response measures to supply and demand

imbalance. FFR works by contracting with providers to respond to deviations in system

frequency with (in the case of the non-dynamic response) a fixed volume of power; a

reduction in power for a high system frequency and an increase in power for a low system

frequency. Each provider must respond within 30s and maintain their output for a 30

minutes. Relative to other worldwide regions this is a demanding response time but a

short maintenance period (Raineri et al. (2006)).

At any time, CBESS operators seek to maximise the system performance against

current market constraints. A benefit of ES to the CBESS is provide ancillary services to

National Grid ESO. As such FFR provision is examined in some detail.

Deregulation of the electricity market began in GB in 1989 and was finalised in 1991.
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In 2001 direct bilateral contracts between supply of energy and demand were introduced.

There are three wholesale electricity markets operating in the UK; two of which are day-

ahead (Epex Spot UK Power Auction and N2EX Day-Ahead Auction) while the third is

the Balancing Mechanism (BM) which exists to account for discrepancies in supply and

demand on a 30 minute interval. Of the three the BM is the most volatile. In the future

the centralised control of the national grid is likely to be replaced by more decentralised

mechanisms. To illustrate, the increasing mismatches in supply and demand discussed

previously are resolved with centralised scheduling of assets on the BM. This approach

treats demand as an uncontrollable feature created by the consumers. Decentralised iter-

ations of the BM accommodate many more ‘smart’ technologies such as load control and

ESSs that can time-shift demand. Therefore there is strong reason to believe a CBESS

would benefit performing arbitrage on the BM.

Chapter 2 is a literature review that examines the composition of electricity systems,

highlighting grid-enhancing techniques and technologies that can reduce the need for ex-

pensive transmission expansion. Chapters 3 and 4 set up the thesis to establish a method-

ology for operating a CBESS in the two markets previously mentioned. The motivation

for such is to design a strategy that operates without foresight, allowing a picture to be

gained of how a real CBESS owner could make operational decisions in real time and

without the constrains used in other studies that require some form of foresight (Pimm

et al. (2020)). In chapter 5 the methodology of mimicking such a perfect foresight agent

was extended further to the CBESS, tested against the National Grid’s Firm Frequency

Response market, through a system of reinforcement learning, effectively recreating per-

fect foresight behaviour. The chapter also demonstrates that biomass operational costs

significantly impact profits. And before an overall summary of the thesis is given in chap-

ter 7, in chapter 6 there is a discussion of installed capacities of medium-duration energy

storage (MDES) needed to scale with NDR capacity, projecting a need for 11 TWh by

2050 for NDR penetration. There is special emphasis on the role of MDES in intra-day

balancing due to the diurnal cycle of solar power. The chapter examines MDES operation

from 2022 to 2035.

In conclusion, the aim of this thesis is to explore the role of a CBESS working for

National Grid ESO up to 2035, for its relevance to a transmission grid attempting to

decarbonise.
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Additionally, the research question can be stated as such;

With the combined operation of a biomass generator and energy storage

system, to what extent can the system provide the services required by the

national grid in Great Britain up to 2035?

1.1 Objectives

Now presented are the objectives of the thesis, with a explanation and justification for

each one outlined beneath. The methods for achieving each objective follow.

• O1 To do a literature review that covers the role of bioenergy and ES in the electricity

system.

To write a sufficient thesis, knowledge is required of the role of bioenergy and ES in

the electricity system. The literature review will establish whether current biomass

plants can provide flexibility and ES is currently used in co-operation with other

forms of generation such as wind.

• O2 To review historical frequency data and price signals from the UK electricity

system.

The review will situate the thesis in the UK and establish the time period being

covered.

• O3 To design a methodology for making the operational decisions for a biomass and

ES combined system.

Running a biomass and ES combined system requires some reasoning behind op-

erational decisions. The methodology developed should make operational decisions

that maximise profits and take full advantage of the ESS. The methodology should

assume no knowledge of future events.

• O4 To design a system for testing operational decisions.

The operational decisions taken by the methodology developed in O3 need to be

assessed to determine if they are good ones.

• O5 To develop case studies that where the methodology developed in O3 can be

applied.
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The case studies should be chosen to reflect a biomass and ES combined system that

could realistically fit into the current UK electricity system. Ideally the case studies

should demonstrate a range of technologies and markets.

• O6 Draw conclusions about the operation of a CBESS for arbitrage and providing

FFR.

1.2 Previous conference publications

• D. Chernick, K. Graves, K. Honour, T. Penney, S.Wiseman, ‘Valorising Indian Mu-

nicipal Solid Waste: A Feasibility Study’, University of Leeds Bioenergy Conference,

2019.

• K. Honour, ‘Optimal control of energy storage systems for large thermal plant op-

erators’, The 1st FERIA Conference, the European Conference on Fuel and Energy

Research and Its Applications, 2021.

The following chapter is a literature review that will place the thesis in its general

context.

2 Literature review

This literature review discusses the make-up of electricity systems and the various markets

that have and may evolve to ensure stability. These can be grid enhancing techniques in

any form. Mirzapour et al. (2024) did a full analysis of these such techniques including

hardware and software and, importantly, suggested how these technologies could reduce

the need for transmission expansion, finding it to be one of the most expensive options for

increasing stability. Furthermore, in Mirzapour et al. (2024), every technology analysed

was put in its place considering environmental costs of the particular expansion, which

instillation sites would improve regional efficiency and locational prices. Wu et al. (2024)

improved on the work of Mirzapour et al. (2024) by including international trading routes

that allow for the building of new capacity in each jurisdiction.

This literature review is split into several different parts and sets up the reader to

understand further which technology types and jurisdictions will be focused on. The first

introduces ESS and bioenergy generators, both of which can be shown to fulfill parts of
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the necessary roles identified by Mirzapour et al. (2024). Section 2.1 focuses exclusively

on ESS; the cost of operation and reviews comparative analyses of different technologies.

Section 2.3 presents the operation of bioneregy in GB, exploring policy instruments that

have propped up bioenergy expansion and summarising what researchers have concluded

on the role of bioenergy in the future. Sections 2.4 through 2.5 introduce GB electricity

markets and considers how they may evolve to 2050. A summary of the literature up to

that point is presented in section 2.7 and the GB electricity system is placed in the context

of the EU. This first part of the literature review sets the scene for the entire thesis, clearly

describing the literature landscape that has preceded it.

Section 2.8 analyses the ways in which decision mathematics and, particularly, Markov

decision processes have been used to develop bidding strategies in electricity markets. The

goal of such an analysis is to establish how researchers have maximised profit from ESS.

The review finishes by pointing out objectives that can be drawn from the literature

to direct the rest of the thesis (section 1.1) and the methods that can be used to achieve

these (section 2.9). Finally, section 2.10 reiterates the gaps in the literature identified and

places the scope of the remaining research in its place with regard to current literature.

2.1 Energy storage technologies

ESS have the potential to provide the flexibility the grid needs to support renewable

technologies. This has led to a rich research field analysing both the ability of ESS to

achieve this goal and their economic viability.

Energy storage can be defined by a set of parameters such as round-trip efficiency

which are, furthermore, abstract features of the underlying technology. It is therefore

worthwhile spending the opening salvo of this literature review discussing the technolo-

gies that have been developed and the parameters arising from their operation. Several

ESS technologies (gravitational energy storage, superconducting magnetic energy storage

(SMES), and supercapacitor energy storage (SCES)) are hard to gather reliable economic

information for due to yet being deployed on grid-wide scale as was noted in Brandon et al.

(2016). Even mature technologies are little understood leaving many potential investors

unsure of a stable business model but as was further discussed in Brandon et al. (2016)

research is being studied increasingly. A summary follows of available literature for the

most popular ESS.
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It should be noted that, throughout the literature there is an important distinction

relating to the units used to report operational costs. Some use £/MWh as in Schmidt

et al. (2019) while Zakeri and Syri (2015) prefer the use of £/kW-yr. £/kw-yr are a unit

expressing the cost of capacity provided for 8760 hours. Converting between the two units

can be done as so

Opex (£/kW-yr) =
Opex (£/kWh)

8760× Capacity factor
(1)

The significance of the conversion comes from the inclusion of the capacity factor, allowing

for the consideration of how the ES is used operationally.

For example, as in Zakeri and Syri (2015), the stages of developing operational strate-

gies that vary with time and their changing capacity factors for the entire year were put

into equation 1 and meant Zakeri and Syri (2015) could 1) decide on initial installation

capacities and 2) compare different technology types. It will be demonstrated later that

the unit of £/kW-yr can be more useful in calculations of levelised cost of energy stor-

age (LCOS) and furthermore justified for use in this thesis for continuity with published

literature.

2.1.1 Batteries

Batteries are a well developed technology for storing energy. Components include battery

cells which are the fundamental units that store electrical energy. They consist of positive

and negative electrodes, electrolytes, and separators. Different battery chemistries, such

as lithium ion, lead-acid, or flow batteries, exhibit distinct characteristics and performance

metrics. Lead-acid was the first chemistry to penetrate the market. However, Salvini and

Giovannelli (2022) have documented that as of 2022 lithium ion batteries are the most

developed in terms of market penetration with an efficiency of 0.8 and a lifetime of around

10 years using a methodology of examining LCOS. Rahman et al. (2021) developed a

bottom-up techno-economic model for comparing battery technologies for the applications

of energy trading, frequency regulation and voltage support finding lithium ion batteries

to consistently achieve low operating costs.

Meanwhile, Park et al. (2016) posit that, for a battery with a long discharge time,

money is most wisely spent on flow batteries. Flow batteries can be scaled up or down
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in size relatively easily by adjusting the size of the electrolyte tanks. Furthermore, flow

batteries have a relatively long lifespans, and they have the ability to be frequently cycled

without degradation in capacity. More advanced technologies including models such as

high energy density batteries have vastly higher capital costs compared to their low energy

density counterparts.

The UK government aims to install 40 GW of battery ES by 2030 as was noted by

Guidance for generators: Co-location of electricity storage facilities with renewable gen-

eration supported under the Renewables Obligation or Feed-in Tariff schemes (2020) who

concurrently wrote that the largest capacity grid-scale battery is 1.3 GW located in the

North Sea.

2.1.2 Supercapacitor energy storage

SCES is a technology whereby energy is stored in an electic field between electrodes.

The electrodes are typically made of activated carbon or other conductive materials with

a large surface area, allowing for efficient ion adsorption and desorption. The electrolyte

facilitates the movement of ions between the electrodes, enabling the storage and release of

electrical energy. Commonly used electrolytes include aqueous or organic-based solutions

with suitable ionic conductivity. SCES have a low energy density (0.5-5 Wh/kg) compared

to other ESS as noted by Brandon et al. (2016). SCES’ fast-acting response and ability

to perform a large number of cycles throughout its lifetime (up to 1 million (Akram

et al. (2020))) makes it profitable for correcting high frequency mismatches in supply and

demand. Further, Mostafa et al. (2020) hypothesised it could also be used for voltage

support. Other advantages include a long lifetime (depending on operation) and >0.85

energy efficiency.

Akram et al. (2020) lists SCES projects that have been deployed for grid-scale appli-

cations, including a 4 MW installation in Spain providing frequency regulation.

2.1.3 Superconducting magnetic energy storage

SMES technologies store energy in their magnetic fields. SMES systems consist of su-

perconducting coils made of materials with zero electrical resistance at low temperatures.

These coils are typically made of niobium-titanium or niobium-tin compounds and are

cooled to extremely low temperatures using cryogenic systems. SMES can play the same
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functional role as SCES, delivering very fast response times while having a lower capital

cost. Adetokun et al. (2022) wrote a definitive review of SMES and the literature on

SMES from the last 10 years, including 1240 papers and finding a reported lifetime of

20 - 40 years and an efficiency of 0.95 - 0.98 although SMES has only, as of yet, reached

the demonstration stage of deployment. Performance enhancement can be achieved by

up to a factor of 5 by 2030 according to Adetokun et al. (2022) with the standardisation

of the technology. By their reckoning, commercialisation could begin in 2025. The work

of Adetokun et al. (2022) is particularly worth paying attention to in the context of this

thesis as they have described various operational strategies for the SMES including model

predictive control, neural network controllers and fuzzy logic controllers.

Disadvantages include a low energy density and tendency to self-discharge. Addition-

ally, the SMES must be kept at consistently low temperatures (-269◦C) to maintain their

superconducting properties with adds considerably to the cost of operation. Targets for

reduction in operating costs in the near future are ambitious, Zhu et al. (2013) projecting

an 85% drop. That paper was published in 2013 and its ambitious projections proved

fairly plausible as the 2021 paper by Khosravi et al. (2021) saw a drop over the preceding

decade of 67%.

The US department of energy released a report as early as 2003 (Schoenung and Has-

senzahl (2003)) on the use of SMES for voltage support and found that cost of installation

scaled with energy capacity to the power of 2/3.

2.1.4 Hydrogen

Energy can be stored in the form of hydrogen fuel, its key advantage being that it can be

stored for months, mitigating seasonal variations in supply and demand (Baumann et al.

(2021)). Efficiencies of hydrogen storage have been placed at 0.2 - 0.5 depending on the

exact technology making it unsuitable for correcting short-term mismatches. Guerra et al.

(2020) ran a techno-economic analysis of seasonal hydrogen storage for a US electricity

system with 61% penetration of non-dispatchanble renewables (NDRs), finding 1 week of

discharge financially viable by 2025 and 2 weeks by 2050, assuming reductions in costs

with increasing innovation.

Andersson and Grönkvist (2019) identified electrolysis equipment and storage facili-

ties and two factors that contribute most to the cost of storing hydrogen. Equipment to
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perform electrolysis of hydrogen has capital costs in the range just under 200 £/kW to a

maximum of 1600 £/kW according to Chatenet et al. (2022) depending on the electrolyser

technology. And further, Steward et al. (2009) have published that to store the hydro-

gen, costs depend on the nature of the sight with three orders of magnitude in the price

differences between above and underground caverns for gas storage.

2.1.5 Pumped hydroelectric

Pumped hydroelectric relies on the gravitational potential that can be stored in water.

Pumped hydroelectric systems consist of two reservoirs located at different elevations. The

upper reservoir stores water at a higher elevation, while the lower reservoir is positioned at

a lower elevation. The height difference between the two reservoirs determines the potential

energy that can be stored. Pérez-Dı́az et al. (2015) documented the commercialisation of

pumped hydroelectric and found it to be one of the most prolific technologies for large-scale

storage, worldwide installation was 130 GW in 2015. Guerra et al. (2020) expect pumped

hydroelectric to increase capacity 5 fold to 2050. Despite their potential to expand in

capacity, pumped hydroelectric is considered a fully developed technology as in Klumpp

(2016) and thus Klumpp (2016) finds no potential for capital or operational cost reduction.

Pumped hydroelectric can achieve a discharge time at rated capacity over 200 hrs,

putting it into the group of long-duration technologies (see table 2). Smaller capacity

pumped hydroelectric can also be used to to provide inter and intra-day storage. Pumped

hydroelectric has an efficiency approaching 0.8 (Klumpp (2016)).

Pérez-Dı́az et al. (2015) presented a similar role as Adetokun et al. (2022) did for

SMES, researching the operational strategies of pumped hydroelectric for the New York

Independent System Operator with a presumed deterministic price profile. Mixed integer

linear programming proved to generate the most profitable operational strategy and made

the best use of water resources.

2.1.6 Compressed air

Compressed air ES (CAES) uses electricity to mechanically compress air and store it

in a pressurised location. During discharge, the air can operate turbines to recover the

electricity. To improve system efficiency, heat exchangers are often used to recover the

heat generated during compression and store it for later use. The recovered heat can be
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Duration Service
Discharge time at
rated capacity (h)

Cycles per year ESS system

Long
Seasonal energy
storage, emergency
capacity

>200 250-300

Pumped
hydroelectric,
CAES,
hydrogen

Medium

Capacity payments,
inter-day storage,
Balancing
mechanism

4-200 300-400
Hydrogen,
batteries

Short

Frequency
regulation, supporting
renewables,
voltage support

<4 1000+
Batteries,
SMES, SCES

Table 2: The roles of various energy storage systems in supporting the electricity system,
divided by long, medium and short duration types

utilised during the expansion process to increase the efficiency of electricity generation.

Drury et al. (2011) wrote a comprehensive review of the costs associated with CAES

providing multiple ancillary services in a range of electricity markets across the US to

pick out the costs of operating a CAES. Similar to hydrogen, the costs of CAES include

storage cavities. It is far cheaper to use natural geological formations for storing hydro-

gen. Klumpp (2016) published that there is room for around 20% reduction in capital and

operational costs as CAES are further commercialised. Another review of CAES, (Bazdar

et al. (2022)) identified its key drawbacks as a low maximum depth of discharge and long

response time. The long response time places CAES in the long duration category (see

table 2). Reported efficiencies of CAES range from 0.5-0.8.

A summary of the literature has been carried out, identifying key characteristics of

the various technologies. The technologies can be used for a range of applications that are

summarised in table 2.

Figure 2 shows the average operational and capital costs (averages are calculated from a

range of 15 papers: Aburub et al. (2019), Andersson and Grönkvist (2019), Argyrou et al.

(2018), Augustine and Blair (2021), Denholm et al. (2023), Ho et al. (2012), Khosravi

et al. (2021), Kintner-Meyer et al. (2012), Ming et al. (2013), Pérez-Dı́az et al. (2015),

Rancilio et al. (2020), Schmidt and Staffell (2023), Sneezer (2021), Sundararagavan and

Baker (2012), Zakeri and Syri (2015), Zhu et al. (2013)). It should be noted that the
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operational costs reported do cover a range of operational strategies, including a range

of grid-scale operations and ancillary services. Furthermore the methodologies used to

arrive at the figures vary greatly. Importantly all the papers chosen exclusively focus on

grid-scale applications, leaving out microgrids etc.

Figure 2: Results of a literature review displaying the average operational (£/kW-yr) and
capital (£/kW) costs for several of the most popular energy storage technologies.

Few papers in the literature address the uncertainties inherent in their reported costs

with the exception of Zakeri and Syri (2015) (which finds considerable uncertainty) and

Schmidt et al. (2019). Zakeri and Syri (2015) uses a Monte Carlo method which takes

values at random from a given range and repeats the methodology 10,000 times. Their

paper reports a −17% to +39% change in costs for various ESS and that hydrogen storage

entailed the biggest uncertainty. Furthermore, that ESS in general with low efficiencies

are subject to the most variation in cost using the Monte Carlo method.

Schmidt et al. (2019) reported a similar finding in regard to round-trip efficiencies,

estimating it to be the most sensitive parameter in predicting ESS levelised cost of stor-

age across all technologies studied, based on a Monte Carlo simulation. Notably, of the
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literature reviewed, Schmidt et al. (2019) has the most transparent methodology and a

free, interactive version of their model is available (Schmidt and Staffell (2023)).

The levelised cost of energy storage (LCOS) is a concept that constantly recurs through-

out the literature. Figure 3 shows the increase of interest in this subject between 2000

and 2020 and the next section is dedicated to examining this topic.

Figure 3: Appearance of ‘levelised cost of energy storage’ between 2000 and 2020.

2.2 Levelised cost of energy storage

The LCOS is a concept taken from the levelised cost of electricity, a metric designed to

evaluate the profitability of an investment venture. LCOS calculates the cost of storing

energy over the full lifetime of an installed technology divided by the electricity delivered

from the ES during that lifetime. The popularity of LCOS increased when researchers

discovered that relying on the levelised cost of electricity tended to overestimate the opti-

mal reliance on ES self-consumption for solar farms (Luerssen et al. (2021)). For example,

variations in electricity price may encourage a solar farm to self-consume, charging a con-

nected ESS, and selling to the grid when prices have increased. The calculations relied on

the arbitrage effect of time shifting the electricity but underestimated the additional cost

of storing energy in the given ESS.

Papers calculating common ES technologies’ LCOS are numerous as well as using

LCOS to determine the viability of novel ES technologies such as gravitational ES (Botha
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and Kamper (2019)) and chilled water ES (CWES) (Luerssen et al. (2021)). The LCOS

can be calculated thusly

LCOS =
I +

∑N
n=1

Operational cost
(1+r)n +

∑N
n=1

Charging cost
(1+r)n + End of life cost

(1+r)N+1∑N
n=1

Electricity delivered
(1+r)n

(2)

where I are the investment costs, r is the discount rate and N is the lifetime of the project.

Both operational costs, charging costs and electricity delivered are summed in each time

period n, giving LCOS the unit of ‘unit of money’ per ‘per unit of energy delivered’.

This is most often quoted as £/kW-yr or £/MWh depending on the requirements of the

paper. The methodology for calculating LCOS differs throughout the literature, mainly

on the point of whether to vary charging costs when charging from an electricity grid.

Additionally, the last term in the numerator of equation 2 is ignored in a some analyses

such as in Jülch (2016).

As can be seen from equation 2 the calculated LCOS will depend greatly on the

operational strategy of the ES and therefore is a good metric for comparing technologies

for operating in different markets.

Figure 4 demonstrates the varying LCOS as technologies are used for in a range of

markets. It shows a collection of data published by Schmidt et al. (2019), namely the LCOS

for 9 ES technologies operating in 3 different markets; the Balancing Mechanism, providing

frequency storage and providing seasonal storage. It should be noted that in the column

displaying seasonal storage, technologies operating over 100,000 £/MWh discharged are

excluded as they cannot fit on the scale of the graph (for example SCES has a an LCOS for

seasonal ES of 1,158,000 £/MWh discharged). The results show that the range of batteries

and pumped hydroelectric have the lowest LCOS at intra-day storage, lithium ion batteries

are cheapest when providing frequency regulation while CAES, pumped hydroelectric and

hydrogen are fairly evenly matched at providing seasonal storage.

Furthermore, the factors effecting LCOS can be generally fit into 3 categories:

1. Electricity market economics: This category includes market electricity prices,

important when considering when to charge and discharge the ESS and which market

would be most suitable.

2. Physical features of the ES: This category entails the physical features of the

ESS system that might limit the ES stored and efficiency of storage, such as self-
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Figure 4: A bar chart showing the levelised cost of energy storage for technologies per-
forming seasonal storage, operating on the Balancing Mechanism and performing frequency
regulation.

discharge, depth of discharge and storage capacity.

3. Costs of storage: Capex, discount rates, costs of repair and any other costs that

are accrued in operating the ESS components.

In summary, the literature suggests that, over the next decade, lithium ion batteries will

continue to provide the majority of grid-scale ES for short-medium duration applications

due to increased production of batteries worldwide and economies of scale. The head

start of this technology is predicted to make it hard for other, currently less developed

technologies, to enter the market, a economic phenomenon known as the lock-in effect.

Schmidt et al. (2019) finds batteries retaining the most competitive LCOS up to 2050.

Furthermore, Luerssen et al. (2021) (which examined CWES) conducted a comparison

of CWES to a lithium ion battery and found the CWES to have a lower LCOS but

still predicted improvements in lithium ion batteries over the coming decades and so

concluded it to be a favourable technology to the more novice CWES. For long duration

applications pumped hydroelectric, CAES and hydrogen are equally competitive, with any

one technology yet to pull ahead in the marketplace.

2.3 The role of biomass in the UK

Bioenergy has been a key part of GB’s plan to reach net zero by 2050 under the assumption

that burning biomass does, indeed, remove a net amount of CO2 from the atmosphere.
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This has been disputed by some researchers including Pierrehumbert (2022). Pierrehum-

bert (2022) suggested that some stringent carbon accounting needs to be used especially

when evaluating biomass supply lines. Politically, Pierrehumbert (2022) accuses both

anti-bioenergy activists and bioenergy operators of publishing biased research.

The biggest biomass to electricity plant currently operational in the UK is Drax Power

plant with 4 650 MW synchronous generators. Pierrehumbert (2022) follows the history

of Drax. Since 2020 Drax used 8% coal, 2% hydrogen, 15% natural gas and 75% biomass.

Drax imports its wood from the US and Brazil. The Brazllian wood is waste wood from the

leather industry which would otherwise be left on the forest floor to decompose releasing

CO2, or burnt. The wood from the US is grown specifically for Drax supply lines, such

managed forests have been criticised for their lack of biodiversity.

In Cross et al. (2021), the authors investigated renewable energy technology policies

and their respective impacts across the UK, Sweden, Denmark, and Finland, nations char-

acterised by high economic development and vigorous climate and energy objectives. They

scrutinised the advancement and challenges encountered in bioenergy policy and deploy-

ment from 1990 to 2019. Whereas all four countries are subject to the EU’s legally binding

renewable energy and emission targets, divergent paths and ambitions materialised at the

national level. They provided a synthesis of both qualitative (from stakeholder events

and in-depth interviews) and quantitative analyses (of bioenergy generation performance).

Although Denmark was not part of the qualitative study, it was included in quantitative

analyses to widen perspectives and serve as an additional comparison for the UK, especially

considering the similarities in reliance on agricultural resources and imported biomass. it

was found that bioenergy, particularly in heat and power generation, stands as a pivotal

sector in each country’s renewable energy framework. Their interview of stakeholders in

bioenergy for electricity (Cross et al. (2021)) stated that their main concern was political

questions over whether bioenergy would continue to be seen as a green alternative though

they supported CfD schemes.

Alterations in government attitudes and policies generate a multifaceted impact, no-

tably in bewildering investment landscapes. A stable policy environment, the stakeholders

stated, is paramount for sustaining and augmenting investment flows into bioenergy ca-

pacity, given the protracted and capital-intensive nature of energy projects. Subtle or

abrupt shifts in policy, such as alterations in subsidy schemes, tax incentives, or reg-
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ulatory frameworks, can notably perplex investor confidence and decision-making. For

example, a stakeholder referenced a 2010 change in Norway’s feed-in tariffs, altering the

prerequisites for qualifying for incentives. In pursuit of risk mitigation, the stakeholder

deterred investments in bioenergy expansion.

Addressing this concern raised in the 2021 study, Welfle and Röder (2022) developed

the Bioeconomy Sustainability Indicator Model (BSIM) to evaluate carbon emissions and

potential neutrality of burning biomass using 126 indicators. The BSIM was used to

analyse energy crops, agricultural residues and municipal waste. For municipal waste,

the biggest sustainability risk came from poor efficiency of burning municipal waste and

the greatest strength was the strong emissions regulation of burning municipal waste al-

ready in place. The same results were found for agricultural residues. For energy crops,

again, the biggest risk was concern over energy inefficiency and the greatest strength was

that ecosystems potentially affected by growing new energy crops are already protected

by law. Further schemes that have encouraged new biomass installation can be found in

figure 5 with references from Bruce and Ruff (2018), Enhanced Frequency Response: Fre-

quently asked questions (2016), Enhanced Frequency Response Market Information Report

(2018), Firm Frequency Response Interactive Guidance (2017), Frequency Response Mar-

ket Information Report: Monthly Report January 2022 (2022), GSR023: Clarification of

the applicability of the N-1-1 criterion (2018), Operability Strategy Report (2020), System

Needs and Product Strategy (2017) and Cross et al. (2021).

Figure 6 shows the projections for biomass capacity being built in GB in the future

as produced by National Grid ESO, first of all for direct sale of electricity to the grid

and second for all other competing biomass uses including biomethane blending, hydrogen

production, aviation, road transport and industrial processes combined. All FES show

biomass capacity rising and falling throughout the first half of the century, with Leading

the way and Falling short both plateauing and the capacity in System transformation and

Consumer transformation rising sharply between 2030 and 2035. Both System transfor-

mation and Consumer transformation rely on a medium level of decarbonisation making

biomass (a technology with a high carbon density relative to wind and solar) a viable

option. Leading the way uses other less carbon intensive electricity sources and Falling

short fails to find any investment in more biomass capacity for electricity production.

Falling short and System transformation utilise biomass in the rest of the economy and
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Figure 5: Policy incentives introduced since 2012 affecting new capacity of bioenergy and
energy storage systems.

potentially pushing up competition for biomass supplies. This comes from a high degree

of biofuels in road transport for both, biofuel for hydrogen production in System trans-

formation and blending biomethane into the gas system in Falling short. All in all, the

scenarios require that up to 61% of GB’s agricultural land would need to be committed

to biomass production.
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Figure 6: Biomass projections 2020-2050 (Future Energy Scenarios (2021)). Above: pro-
jected overall biomass capacity providing electricity to the grid. Below: Use of biomass
in the UK for biomethane blending, hydrogen production, aviation, road transport and
industrial processes combined.

2.4 Electricity markets

From the technologies themselves there is now a presentation of the markets available for

them to operate in. The motivation behind having an electricity market is to facilitate

the efficient production, distribution, and consumption of electricity. Electricity markets

provide a platform for buyers and sellers to trade electricity as a commodity, allowing

for the matching of electricity supply and demand in an economically efficient manner.

Producers can determine the optimal level of electricity generation based on market prices,

ensuring that resources are utilised effectively. Consumers, on the other hand, have the

freedom to choose their electricity suppliers and consumption patterns based on their
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preferences and needs.

Electricity markets provide a mechanism for determining the price of electricity based

on supply and demand fundamentals. Through the interaction of market participants,

prices are established in real-time or through forward contracts, reflecting the current

or future scarcity of electricity. Price discovery promotes transparency and facilitates

informed decision-making by market participants. By introducing competition into the

electricity sector, markets foster cost reductions. Market participants, including genera-

tors, retailers, and service providers, are incentivised to improve their operations, invest in

new technologies, and deliver electricity at competitive prices. This competitive environ-

ment encourages innovation in renewable energy, energy storage, demand response, and

other areas of the electricity industry (Hogan (2022)).

Electricity markets operate under regulatory frameworks that establish rules, stan-

dards, and safeguards to protect consumers and ensure fair market competition. Regula-

tory authorities monitor market behavior, enforce compliance, and oversee the functioning

of market mechanisms. This oversight helps maintain market integrity, prevent market

abuse, and protect consumer interests.

All this is mentioned to provide a framework for how ES can be thought of in relation

to the markets. Will it further facilitate the listed goals of the market itself?

2.4.1 Energy markets

The perceived ability of an ESS to provide good economic returns depends vastly on the

market environment. There has been a common trend towards decentralisation in recent

years documented by Gutierrez-Alcaraz and Sheble (2004), which is characterised by price

signals adjusted dynamically based on the balancing of supply and demand. Literature

refers to markets that pay for power exchange between grid and generator as energy

markets. Another set of markets exist, referred to as ancillary markets, which will include

a market that works to support the transmission system. They are examined in later

sections.

Despite the range of countries and operators explored in the literature, a common

feature is the presence of a spot market, where the temporal variations in electricity price

are greatest. The practise of taking advantage of variations by buying electricity when it

is cheap and selling when expensive is known as arbitrage.
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Another common feature is a day-ahead market (a market that is closed 24 hours in

advance). The day-ahead market tends to be less volatile and, as such, less risky strategies

look into bidding in day-ahead markets or a combination of spot and day-ahead. While

electricity prices hit their highest peak in the spot market, a larger volume of energy is

traded on the combined day-ahead market and bilateral contracts, with Walawalkar et al.

(2007) finding a ratio of 1:9 on the New York system operator.

In Britain the Balancing Mechanism (BM) trades in half hour periods for balancing

supply and demand. The BM has a nationwide settling price making it redundant where

the operator sits geographically. The prices on the BM need to be set high enough to

encourage generators to part load, so that they can increase production.

The exact capacity and sizing of ESS required for a given system has been studied and

the power to energy ratio is crucial to determining the suitability of an ESS for a given

system according to Zhang et al. (2014). They find that, for a 50% renewables penetra-

tion, the required capacity of ES is at least 5% of the overall installed generation. The

paper provides a comprehensive exploration into the escalating demand for ES capacity.

Engaging with 9 years of demand and generation data, and emphasising a 70% round-trip

storage efficiency and 15% curtailment of wind, the paper suggests that an optimal mix

of 84% wind and 16% solar PV will necessitate approximately 43 TWh of storage capac-

ity for the UK, equating to an investment of around £165.3 billion or roughly 7% of the

UK’s GDP in 2021. Variations in renewable energy mix profoundly impact the requisite

storage capacity, evidenced by a surge to 159.7 TWh for 100% wind and a decrease to 74

TWh for 100% solar. The optimal mix offers a storage duration of approximately 29.5

days, considering the capacity and maximum rated discharge power. Storage capacity, it’s

suggested, would ideally be decentralised and proximate to generation sites, employing

a diverse technological arsenal for efficacy. Lastly, the paper underscores the notewor-

thy impact of over-generation on storage capacity and overall electricity costs, revealing

potential annual savings of approximately £4.8 billion with a 15% over-generation.

Although the above research has shown ESS to be profitable, counter arguments should

not be ignored. A number of papers find ESS unattractive in energy markets. An exami-

nation of the profitability of a battery ESS (BESS) carried out by Cho and Kleit (2015)

concludes that the cash flows generated by a BESS are unlikely to exceed the initial in-

vestments even when ancillary markets are also accounted for. The difference in results
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may be attributed to the specification of the ESS being a battery and the inclusion in

Cho and Kleit (2015) of a limited number of charging cycles and operating years. Or else

that Cho and Kleit (2015) addresses the time-valued nature of money, discounting cash

flows that occur in the future. These additions make direct comparisons between models

difficult.

An interesting case for the future of ESS is presented in Sioshansi et al. (2009). It

discusses arbitrage but also notes that as ESS proliferate, there will be a flattening of

daily peaks and opportunities for arbitrage will decrease. Biggins et al. (2022) confirmed

this in their study, where profits from arbitrage are on average overestimated by 28%.

Storage is particularly beneficial in the presence of negative prices. Negative prices on a

national grid can occur due to an oversupply of electricity relative to demand, particularly

during periods of low consumption and high generation from renewable sources like wind

and solar. When production exceeds demand, and the grid’s storage and export capacities

are insufficient to absorb the excess, electricity prices can fall below zero. This phenomenon

incentivises producers to reduce output, thus maintaining grid stability and preventing

overloading. For a storage operator, this is a win-win situation, in which the operator

makes a profit and charges their storage device, which can be discharged for further profit

at a later stage. In a study of a wind power plant coupled with grid-scale storage by Zhou

et al. (2011) profit is made by storing energy when the wind farm produces more than

the transmission line connecting it to the grid can handle, preventing the need for wind

curtailment. The economical advantage of storage grows when there are more negative

prices. However the environmental advantage decreases as there is, on average, less storage

space available and consequently more wind curtailment. McKone and Wolfs (2019) warns

against the pursuit of negative prices because relying on them in business planning may

be overly optimistic.

As well as selling to the grid the owner of an electricity hungry asset such as a de-

salination plant or ammonia plant can make their process ‘green’ by using renewables. In

such a case the owners will need ESS to flatten the output of renewables such as wind or

solar.

A gap in the literature is identified here as, while there is research into all three of the

markets described above, there is little examination of how an ESS could optimally be
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operated in multiple markets. For example, an ESS could be dispatched in the frequency

market one day and the spot market on another depending on the characteristics of the

day and which market is most profitable. Alternatively, the ESS could be dispatched

in different markets in different years, depending on how the dynamics of the electricity

system change and the ESS ages. In the literature this different market at different times

approach is referred to as sequential stacking, while parallel stacking refers to providing

many services simultaneously and has been recommend previously as a promising research

field.

The time scales for some ancillary and energy markets overlap, implying that ESS

could be capable of operating in markets simultaneously. In fact, both Wogrin and Gayme

(2015) and Drury et al. (2011) explore this option with both concluding this is a profitable

venture. A better understanding of ESS playing in multiple markets, simultaneously or

otherwise, would benefit the restructuring of electricity markets to encourage investment

in stability and three ancillary markets are explored in detail in the following sections.

2.4.2 Voltage support

An analysis of GB’s voltage support is presented here as maintaining voltage within limits

is a mandatory service in any electricity grid. The most common technology for offering

voltage support is currently not ES but generators, capacitors and inductors and static

VAR compensators however ES can provide this important service and ESS, particularly

battery ES have been increasing in popularity in recent years. Providing voltage support

in GB relies on the sale of reactive power.

A provider of voltage support to the national grid must respond to signals from Na-

tional Grid ESO and keep their voltage between ± 10% of the requested nominal voltage.

Heavily loaded overhead lines absorb reactive power and lower voltage. Low loads (typ-

ically occurring at the weekend and in summer months) lead to a necessary injection of

reactive power and an increase in voltage. National Grid ESO has stated that over the

next 5 years more reactive power absorption will be necessary as NDRs proliferate.

Zhou et al. (2011) noted that compared to other ancillary services, voltage support

requires a fast response time, especially in GB where National Grid ESO requires the one

of the shortest response times internationally.

Konidena (2020) proposes that, in order to incentivise the further proliferation of
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ES providing voltage support National Grid ESO should offer location based prices for

voltage support and that those prices themselves be set via reverse pricing. The first

proposition follows from the locational variations in voltage on the transmission grid.

Locational pricing enables dynamic resource allocation by providing pricing signals that

reflect the real-time costs and needs of voltage support across different grid locations,

fostering economically efficient deployment of resources. This way, congestion within the

grid, particularly in areas with high renewable integration, can be mitigated. They con-

sider that locational pricing could be implemented through a systematically structured

Locational Marginal Pricing (LMP) model, wherein prices are set based on the marginal

cost of serving the next unit of demand.

The second proposition allows providers to have more control over setting their pricing

models.

Jay et. al. (2019) supported the first proposition for a hypothersised IEEE 24-Bus

system with a high penetration of NDRs. The objective of the research was to show

that the cost of reactive power to the system operator would be lower should the system

operator adopt the locational pricing model. They also found that the resultant prices

were less volatile.

In conclusion, the analysis underscores the critical role of ESS in providing voltage

support within the GB electricity grid, a service traditionally dominated by generators,

capacitors, inductors, and static VAR compensators.

Furthermore, the integration of biomass systems with ESS highlights a novel approach

to voltage support. Biomass dispatch, informed by the SoC of the ESS, can complement

the capabilities of energy storage providing voltage support.

2.4.3 Frequency regulation and inertia

Storage can be useful in a system with a developed market for frequency regulation.

With increasing penetration of NDRs, there is likely to be an increase in over and under-

frequency events in power grids. The rapid response of ESS can balance supply and

demand and correct frequency deviations. Table 2 shows the technologies designed for

frequency response (batteries, SMES and SCES). Frequency response can be sold on the

day-ahead market (DAM) based on the TSOs predictions for the next day. Frequency

response can also be sold in a real time market (RTM) which makes up for any miscalcu-
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lations of the DAM.

Designing the ESS to have sufficient charge when needed to respond to a frequency

event is complicated and involves careful planning of when an ESS should be charging and

discharging. This is referred to as SoC restoration and is covered extensively in section

2.6. Zhang et. al. (2019) explored the optimal bidding strategy of an ESS providing

frequency response and found that a good SoC restoration strategy is paramount. They

found that their ESS could meet 100% of frequency response requests from the TSO using

their algorithm, while the ESS could only meet 47.7% of requests when simply bidding

the ESS full capacity. This is a key finding as failing to meet requests in the market can

lead to penalties or disqualification from the market.

Frequency markets have been identified by Kintner-Meyer et al. (2012) as potentially

the most profitable option for ESS operators. Markets in some counties are better suited

to ESS participation than others. For example, the Dutch system (studied by Strassheim

et al. (2014)) allows an ESS operator to withdraw their bid after being accepted in the

DAM if they find they cannot meet their commitment. This lowers risk to the ESS operator

and encourages their participation in opportunistic trading strategies.

The most developed frequency regulation market exists in the Irish transmission sys-

tem, where there is a high penetration of wind generation (see Maldet et al. (2022) and

Do et al. (2020)). GB splits its own frequency regulation into primary and secondary

products. More specifically, primary products must be able to respond within 10 seconds

and maintain their output for 30 seconds. Secondary response must be delivered within

30 seconds and maintained for 30 minutes. National Grid ESO allows bids to be placed

up to 3 months in advance (BMRS API and Data Push User Guide (2019)).

Junyent-Ferr et al. (2015) explored the intersection of frequency regulation with inertia.

They presented their findings on a low inertia future of GB’s electricity market. In their

model the power represented by dP (MW) resulting from a frequency deviation of df (s−1)

from the nominal frequency of fN (s−1) is given by:

dP ≈ −2HS

fN

df

dt
(3)

where H and S are the inertia time (s) and power on the grid (MW) respectively. In

this context inertia time is the time taken for the system to respond to a deviation in
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frequency. Equation 3 suggests that there will be a bigger inertial response depending on

df
dt , the RoCoF (rate of change of frequency). Rearranging equation 3 gives

dP

S
≈ −2H

fN

df

dt
(4)

dP
S is referred to as the headroom. It is the unitless fraction of the overall power that the

system must be able to respond with during frequency deviations and has been used by

Junyent-Ferr et al. (2015) to inform, for example, the level of ES that would be needed to

balance the electricity grid.

Junyent-Ferr et al. (2015) present three scenarios for the response to the increase in

NDRs on the grid. The first models the grid with high inertia (low inertial response time),

the second with reduced inertia (higher inertial response time) and the third also with

a reduction in inertia but a substantial fleet of ES to replace the loss. As expected, the

second scenario shows a rather larger sensitivity to a change in frequency. The RoCoF is

10% higher in the second scenario than the former. With the addition of ES the RoCoF

is restored to a lower rate. Also, the scenario including ES results in a transient drop in

frequency that lasts only on the order of seconds before recovering to steady-state.

Synchronous generators can provide inertia to the grid, which protects it from over

and under-frequency events. In fact, a key role of bioenergy on the grid is to provide

inertia, especially as NDR proliferation decreases inertia. As will be described further in

section 2.5.1 the clearing order of the market favours NDRs due to the low marginal cost

of increasing their output. In short, when energy prices are low, NDRs are still willing

to increase their output as their is little additional cost to them. Synchronous generators

that provide inertia have fuel costs, meaning they will most likely be priced out of the

market when energy prices fall.

Missing from the literature is a full analysis of whether bioenergy could realistically

provide the inertia the grid requires on a fossil fuel free grid, especially in the case of

open cycle gas turbines (OCGTs) which provide fast ramping load following to the grid.

However, advancements in biomass preprocessing, like torrefaction, and innovations in

combustion technologies are aspects under research to improve the overall responsiveness

and efficiency of biomass power plants (Ho et al. (2012)).

It has been argued by Junyent-Ferr et al. (2015) that power electronics attached to
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NDRs can effectively provide a form of synthetic inertia. The major drawback of this

approach is that inertia provided by synchronous generators is capable of self-correcting.

The physical mechanics providing inertia mean that their is no need for a form of central

control. Synthetic inertia requires central control and thus is more prone to mistakes as

documented by Ackermann et al. (2017). This aspect also requires a more careful design

of how National Grid ESO will manage frequency events.

National Grid ESO is going through a period of reform in which it is developing

products more suitable to ESS as described in The Electricity Trading Arrangements

(2019). The electricity market reform of National Grid ESO for this purpose began in

2013 and figure 7 shows the effects of the reform in its historical context.

In conclusion, ES has the potential to support the national grid and help it balance

electricity frequency. Parameters of ES suggest it could profit from current frequency

products offered by National Grid ESO and could profit further as National Grid ESO

reforms. Inertia from synchronous generators is valuable as it does not require manage-

ment. Bioenergy may be offer the inertia at relatively low emissions but further research

is needed.

2.5 Future of electricity markets

The future of the electricity markets in the UK will be very relevant to chapter 6. Elec-

tricity futures are an unpredictable investment. According to Grubb and Newbery (2018),

average time from initial investment in a grid-scale capacity project to the start of the

project is six years.

National Grid ESO has published projections to encourage confidence among potential

investors. This section of the literature review focuses on the Future Energy Scenarios

(2022) (FES) (as published by National Grid ESO) which outline scenarios for the future

of the electricity grid. The FES are updated each year. The 4 scenarios reach to 2050, 3

of which achieve net zero by 2050. The scenarios can be plotted on axes of level of social

change and speed of decarbonisation. In brief, they are

• Falling short: Low level of social change and slow speed of decarbonisation. There

is little change to societies consumption patterns combined with little decarbonisa-

tion Compared to the other three scenarios. By 2050, this scenario sees a 80% drop

in emissions relative to 1990.
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Figure 7: The history of capacity in GB since 1972. Reproduced from Grubb and Newbery
(2018)

• System transformation: Mid level of social change and medium speed of de-

carbonisation. Hydrogen is used to partially decarbonise heating and supply side

flexibility expands to incorporate renewable proliferation.

• Consumer transformation: High level of social change and medium speed of

decarbonisation. Consumer changes mean that the electricity system is characterised

by demand side flexibility rather than supply side.

• Leading the way: High level of social change and high speed of decarbonisation.

The speed of decarbonisation is swift due to the fact that the price of commissioning

wind and solar projects is lower than gas by 2025.

Its unclear in the future energy scenarios what policies inform the movement to increased

renewables and reduction in demand. Fan et al. (2018) have documented the inability

of the liberalised energy market to generate the price signals necessary for the requisite

investment.

Ofgem have leaned towards fixed feed-in tariffs for offering incentive to invest in their

paper Guidance for generators: Co-location of electricity storage facilities with renewable

generation supported under the Renewables Obligation or Feed-in Tariff schemes (2020).

The argument for fixed feed-in tariffs (FiTs) was popular around the early 2010s during

the early days of renewable penetration. Accreditation decisions for such energy instal-
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lations are diligently made on a case-by-case basis. For installations no matter the size,

it’s imperative for a FiT licensee to validate compliance. Owners of FiT installations

must continually comply with stringent metering prerequisites to qualify for support pay-

ments, with the FiT scheme disallowing the use of multiple meters to record any electricity

imported or to deduce net generation. It is essential that FiT licensees guarantee that

generation payments, especially in scenarios where storage is co-located with an accredited

FiT installation, are precisely made only for electricity that is verifiably generated by the

FiT installation to ensure regulatory and financial integrity of the system.

National Grid ESO suggest that green certificate trading is more effective than fixed

feed-in tariffs for incentivising investment (Future Energy Scenarios (2021)). The Renew-

able Obligation Certificates (ROCs) were a type of green certificate introduced in 2002 and

terminated in 2017 and required suppliers to cover some percentage of their volume with

RoC certified energy. To be in adherence, electricity produced by an accredited station

must also be utilised in a ‘permitted way’, encompassing several scenarios such as being

consumed by the operator, supplied to customers in GB or Northern Ireland via a private

wire network, exported to a distribution or transmission system where customer supply

cannot be evidenced, or any combination thereof. Particularly crucial is the scenario

involving generating stations with co-located storage facilities, wherein operators must

decisively illustrate compliance with the ‘permitted ways’ to qualify for the issuance of

RoCs. Further nuances dictate that only the net renewable electricity, defined rigorously

as

Net renewable generation = (Gross output− input

electricity)× Renewable qualifying percentage
(5)

The feed-in tariff with contract for difference (CfDs) have also been explored in Fan

et al. (2018) and found to be a favourable incentive scheme. A CfD guarantees a price

to generators, expecting them to pay the difference if the market price goes above the

guaranteed price and making up the difference in the case of a market price shortfall.

Results suggested the guaranteed price should be set high (10 p/kWh) before coming

down as new renewable installations bring down the cost of energy.

In short, there is no consensus on whether feed-in tariffs, CfDs or green certificate

45



trading encourages more investment. This may come from the range of measurement

metrics used, including ‘fitness’ (a sum of subsidy cost, energy cost and the wholesale

price on the grid) in Fan et al. (2018) and risk in Bunn and Yusupov (2015).

2.5.1 Future of ancillary services

The national lockdowns of 2020 and 2021 during the covid-19 pandemic can be informa-

tive when considering the future of ancillary markets. During this time demand across

GB was decreased considerably without a proportionate decrease in renewable output (up

to 25% decline in electricity usage (Kirli et al. (2021))), effectively increasing the percent-

age of electricity coming from renewables. Despite the lower energy prices caused by the

lack of demand, NDRs are always incentivised to sell as much electricity as possible due

to their low marginal cost of increasing their output and the financial instruments that

protect them from low energy prices. Synchronous generators have a higher marginal cost

of increasing their output as they rely on fuel costs. The declined reliance on synchronous

generators lead to a fall in inertia. Additionally, National Grid ESO has a legal responsi-

bility to maintain as much ancillary services as can cover the unexpected shutdown of the

largest provider of capacity at any one time as documented in the GSR023: Clarification

of the applicability of the N-1-1 criterion (2018). As nuclear plants ramping and shutdown

costs make them relatively impervious to energy price fluctuations, the largest provider

at any time is likely to be a nuclear plant.

While the decline in energy prices has been documented, National Grid ESO paid

3 times the 2019 average for ancillary services during 2020 (National Grid ESO (2022))

as downward flexibility was paramount. The main expense went towards a new prod-

uct Optional Downward Flexibility Management. The new market attracted 4.5 GW

(National Grid ESO (2022)). This increase in price of flexibility suggests the growth of

the ancillary market as NDRs proliferate in the coming decades.

There have been studies into increasing the efficiency of these ancillary markets up to

2050. Vivero-Serrano et al. (2019) examines the idea of linked charge/discharge bids on

profitability of ESS operating in ancillary markets. Currently National Grid ESO runs

its BM on linked price/quantity bids, where a bid is submitted as a £/MWh-MWh pairs

for charging and discharging separately. This setup is common in Europe and for several

of the US TSOs. For several of these TSOs the ESS is considered a load or a generator
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depending on whether it is offering to charge or discharge, while in GB the ESS belongs

to a third class of bidder that can provide both services.

Vivero-Serrano et al. (2019) uses a bilevel model; one minimising the expenses for the

storage operator and the other simulating the operation of the grid and find that the

linked charge/discharge bids are most profitable for ESS entering the market. The results

also indicate that a lack of transparency from the transmission operator about how the

market clears lowers ESS profits but also makes the market less efficient.

Huang et al. (2018) explores the degree of centralisation optimising the participation

of ESS in ancillary markets. They analyse 3 degrees of centralisation. In exploring the

implications of centralised and decentralised markets for ESS operators, certain hypothet-

ical scenarios emerged that underline divergent opportunities and challenges across these

market structures. Huang et al. (2018) found that a centralised market might ostensibly

present a structured and stable environment for ESS operators. In this scenario, a cen-

trally regulated price mechanism minimises market volatility, potentially providing ESS

operators with predictable and stable revenue streams. The possibility of large-scale grid

stabilisation projects could also be higher, given the centralised procurement of ancillary

services. However, ESS operators face stringent regulations and are susceptible to policy

changes that are orchestrated to balance the larger grid’s needs rather than optimising for

localised solutions (National Grid ESO (2022)). The ESS operator’s contribution to grid

stability was dampened by rigid tariff structures and potential bureaucracy in adapting

to technological innovations and dynamically changing market conditions.

Contrastingly, a decentralised market was found to pave the way for a more flexible,

localised, and agile energy landscape. Innovative ES solutions were found for providing

ancillary services. ESS operators were exposed to enhanced risks due to price volatility

and inconsistent regulatory frameworks across different regions.

In conclusion Huang et al. (2018) found that the 2 most decentralised options pro-

vided the same operational ESS dispatch, leading the authors to conclude that the semi-

centralised market structure would be most advantageous, allowing the operator to impose

socially beneficial constraints.

Pandžić et al. (2018) looked into developing ESS using private investment or relying

on TSOs to make decisions about new capacity of ES or re-enforcing transmission lines to

reduce ancillary service costs. The results showed that it is always better for the system

47



operator to invest in strengthening their transmission lines rather than building ES, due to

their long lifetime. In a case study where where the TSOs were restricted to only investing

in ES, it was more advantageous for new ES capacity to come from private investment.

Pandžić et al. (2018) is among a subset of papers that consider social welfare, and find

that dependency on private investment is also best for social welfare.

2.5.2 Future energy scenario implications for medium-duration energy stor-

age

This section focuses on medium-duration ES (MDES). The justification for this is partly

due to projections from the FES which will become relevant in chapter 6. MDES, typi-

cally defined by an energy-to-power ratio ranging from 4 to 200 hours, plays a crucial role

in balancing supply and demand over several hours to days. Unlike short duration sys-

tems, which handle rapid fluctuations and provide grid stability for short periods, MDES

addresses longer-term discrepancies in energy availability, such as those caused by the di-

urnal cycle of solar power or extended periods of low wind generation. These systems are

essential for integrating renewable energy sources into the grid, as they can store excess

energy generated during peak production times and discharge it when production is low.

By doing so, MDES helps to smooth out variability on the grid.

Transitioning to a net zero energy system: Smart Systems and Flexibility Plan 2021

(2022) illustrates an approach towards fortifying the UK’s electrical storage and inter-

connection capacities through the mid-2020s and beyond to 2030. A chief aspiration is

to establish a premier regulatory framework that propels the deployment of electricity

storage.

Figure 8 shows projections for a typical load in Leading the way. In Leading the way

there is a high projected capacity of NDRs and ES. From 00:00 - 05:00 demand is low

but NDR capacity is so low as for there to be a net requirement of further capacity to

be dispatched. Later in the day, load ramps up, as does NDR generation, creating a

surplus. Load then continues to increase outstripping NDR generation and this continues

into the evening as both load and NDR generation decrease. The ES projected capacity

can charge during the hours of the day with an NDR surplus (as shown in yellow) and

discharge during periods of high load relative to NDR delivery (as shown in blue). This

analysis suggests that an MDES could be appropriate for managing the fluctuations of
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NDRs over a 24 hour period.

Figure 8: The net load in 2050 through an average day in Leading the way. The periods
of non-dispatchable renewables surplus are shown when the predicted capacity of energy
storage can shift load to periods when demand outweighs dispatchable capacity.

The length of time an ES can deliver its rated capacity is the parameter that defines

the duration as listed for various technologies in table 2. An MDES would be needed to

fill the intra-day storage gap projected.

It was assumed that each day the battery charged during periods when the NDR

capacity outstripped demand and discharged when the NDR capacity could not match

demand. The operational costs per unit energy charged and discharged were fixed at the

average calculated in section 2.1 and presented in figure 2 which is a simplification of

truly running a lithium ion battery but demonstrative of the range of total operational

costs accrued throughout the day. Figure 9 shows the frequency of operational costs for

operating a lithium ion battery in Leading the way. The results were found by running a

simulation with the capacities listed in Leading the way against wind and solar data from

2019. From figure 9, the two plateaus at the highest and lowest daily expenses represent

days illustrative of the seasonal effects of demand. Low operational expenses occur on days

where NDR production generally match demand and high operational expenses occur on

days as depicted in figure 8 where there is high NDR production stored followed by a

deficit in the evening - nightime hours. The majority of days (80%) sit in the middle

range.
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Figure 9: Cumulative frequency of operational costs for a lithium ion battery in Leading
the way. Based on the operational costs shown in figure 2.

With the MDES established, there are two further points to consider from the literature

that are addressed in this thesis:

1. Levelised cost of electricity: There is a blindspot in the literature that over-

estimates the levelised cost of electricity (LCOE) when calculating the LCOE for

renewables in papers such as Schoenung and Hassenzahl (2003), Sundararagavan

and Baker (2012) and Khosravi et al. (2021). Reported LCOEs fail to incorporate

the rising LCOE when some percentage of renewable energy is curtailed. For ex-

ample, an x factor decrease in output due to curtailment increases the LCOE by a

factor of 1
1−x . The non-dispatchability of renewables adds significant cost to their

effective LCOE. This additional cost of lack of flexibility provides another argument

for investing in MDES.

2. Demand side markets: Demand side markets (DSM) were under-studied in the

literature in the early 2000s according to due to their being relatively immature.

The BM was historically reliant on load-following power plants (generally carbon

intensive gas) and there is very little inclusion of DSM on the BM. However interest

in it has increased and the last comprehensive report on DSM from National Grid

ESO was published for 2016/17. In that year they purchased a total of 2.71 GW of
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demand side response (DSR) from a combination of frequency response, short term

operating reserve and fast response. 0 MW of this came from ES in 2016/17 and 10

MW from load response. The remainder came from generation balancing. National

Grid ESO is planning to change this in favour of more ES and load response through

financial incentives for MDES as documented in their paper Transitioning to a net

zero energy system: Smart Systems and Flexibility Plan 2021 (2022).

In summary, the FES point to a need for further investment in MDES and MDES

affords the grid more flexibility which National Grid ESO is bound to invest in further

according to their Smart Systems and Flexibility Plan.

2.6 Combined biomass and energy storage

This section describes an ESS supporting a biomass generator, referred to throughout this

thesis as a combined biomass and energy storage system (CBESS).

Generation Integrated Energy Storage (GIES) refers to the integration of energy stor-

age systems directly into power generation facilities or plants. Instead of having standalone

energy storage systems, GIES combines the capabilities of ES with the power generation

assets themselves. In general, GEIS enable power plants to respond rapidly to grid de-

mand fluctuations and support grid operations. Lai and Locatelli (2021) explored this

concept for thermal energy storage demonstrating the flexibility that improved efficiency

by reducing the need for cycling of the generators. They demonstrated black start ca-

pability and reduced the downtime associated with generator ramp-up, enabling faster

power restoration after disruptions. National Grid ESO have explored the benefits of

GEIS to the transmission grid (Future Energy Scenarios (2021)) in overcoming congestion

issues. By absorbing excess generation during periods of congestion or high grid demand

and releasing it during off-peak periods, GIES helps alleviate grid bottlenecks, reducing

transmission constraints The CBESS is a specific example of such a GIES.

Often discussed in the literature are the ‘degrees of freedom’ ancillary service markets

offer and how these affect SoC restoration (see Rancilio et al. (2020)).

To elaborate, various products contain different degrees of freedom. Purchasing the

old enhanced frequency response product from National Grid ESO requires a response

‘within a deadband’ i.e. within a fixed range of volume response (± 9%). Purchasing
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other products requires the delivery of a fixed volume, tightly regulated by National grid

ESO. The degrees of freedom affect the SoC restoration of the ESS (how the ESS chooses

to manage its SoC). Higher degrees of freedom allow the ESS operator to manage the SoC

in such a way as to maintain the desired SoC with more accuracy and avoid cycling if

that is the wish of the operator. For ESS and particularly battery ESS a higher degree of

freedom is preferred.

The CBESS offers a unique opportunity for SoC restoration and management with

charging coming directly from the biomass generator at some times instead of always

relying on charging from the grid, an SoC restoration pattern under-researched in the

literature. The CBESS is therefore an interesting system paired with a low degree of

freedom ancillary product. The CBESS will be particularly useful considering the skew

towards over-frequency events on GB’s national grid.

There is a large gap in the literature concerning CBESS but there a few studies,

particularly on other technology types being supported by ES. For example, Razmi et al.

(2021) studied the operation of a CHP plant supported by compressed air ES and Azad

et al. (2015) looked into supporting a windfarm using an ESS. Both papers find that

the ES reduced operational costs. Azad et al. (2015) is particularly detailed, addressing

voltage control by the combined system, illustrating that the GIES plays an integral role

in enhancing the dynamics of voltage profiles, particularly through the management of

both active and reactive power. For wind power it is important to address transmission

curtailment, and Azad et al. (2015) show that ESS can store and controlledly inject energy,

ensuring stability and avoiding the disconnection of wind turbines.

Also, present in the literature, are detailed descriptions of biomass ramping rates and

start-up costs can be found in Van den Bergh and Delarue (2015) which are paramount

in understanding how a CBESS would potentially operate. For example, in a unit com-

mitment problem, a methodology often used for developing operational strategies, 40% of

of the costs can be saved by fully accounting for cycling. Cycling costs are particularly

important to consider for biomass plants, which, more so than other fuels, suffer wear and

tear when cycling. They are bound to go up as NDRs proliferate and a bioenergy plant

may be called upon to cycle its output. Cycling costs can be split into 4 categories

• Efficiency costs: Wear and tear harm mechanical parts and the equipment becomes

less efficient.
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• Maintenance costs: Costs of replacing equipment broken due to wear and tear.

• Direct start-up costs: Additional fuel costs incurred during start up or shut down.

• Ramping costs: Additional fuel costs incurred during ramping.

The National Renewable Energy Lab (NREL) has reported that a largely underestimated

contributor to the cycling costs are unplanned outages that can cause maintenance costs

and direct start-up costs.

Finally in this section is a discussion of how ESS can be sized when co-located with

various forms of generation, including a biomass generator. There are a range of papers

dedicated to sizing ESS for synchronous generators including Lian et al. (2014). A common

technique for sizing ESS is to use linear programming, maximising a certain metric subject

to constraints. Khosravi et al. (2021) chooses to maximise the net present value of ES in

their analysis and in addition use a min-max method to propagate uncertainty.

2.7 An EU comparison

There are a range of regulatory frameworks across the EU. National Grid ESO has

favourable attitudes towards innovation according to Biancardi et al. (2021), though it

has an extremely poor track record with regard to energy storage.

An examination of patent applications across various countries by Baumann et al.

(2021) can be informative when looking at how technologies have developed. Patent

applications for a technology have been shown to reach their peak when that technology

is first penetrating the market. GB has a high number of patents on bioenergy innovation

compared to other EU countries, while Germany and France lead the way on lithium ion

batteries (also documented in Baumann et al. (2021)).

Cross et al. (2021) studied the role of bioenergy in several EU countries. Bioenergy

for electricity in the UK was comparable to the Nordic countries; Denmark, Sweeden and

Finland. The development of bioenergy in all four countries was driven by policies focused

on energy security.

The regulators and TSOs play a key role in ensuring the security and affordability of a

grids electricity supply. They have increasingly been put under pressure to innovate dur-

ing international efforts to decarbonise. Biancardi et al. (2021) examined the proposition

that the framework adopted by a TSO would encourage a higher level of innovation. They
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found that TSOs are generally unwilling to innovate at all and require incentives from

regulators to make any changes. The average European TSO spent less then 0.5% of the

their profits on innovation according to a 2016 report carried out by the European Net-

work of Transmission System Operators for Electricity (ENTSOE) (Research, development

and innovation roadmap (2016)). Their SWOT (strengths, weaknesses, opportunities and

threats) analysis identified the a major threat to innovation to be a tendency towards

short-term over long-term projects. More long-term goals include enhanced transmission

components, power electronics converters, digitalisation, amalgamating intelligent con-

trols with hardware infrastructure and superconductivity applications. The exploration

and incorporation of new storage technologies and management systems might augment

TSO capabilities (Research, development and innovation roadmap (2016)). Pandžić et al.

(2018) supported this with their conclusion that the best way for the TSOs to invest was

to strengthen transmission lines, a relatively high-cost investment. A key recommendation

of the ENTSOE report is that national governments enforce TSOs to commit more of their

budget to research and development.

According to ENTSOE and backed up by Pandžić et al. (2018) half of all investment

for the integration of ES should come half from EU contributions and half from private

investment. However, the majority of investment for innovating market design should

come from the TSO, meaning that that the TSO is indirectly responsible for encouraging

new ES capacity.

2.8 Markov decision process models

Any storage device faces the question of when to charge and when to discharge. The

task of developing a bidding strategy (both MW dispatch and price bid) can be split

into two parts; firstly creating a model that captures the relevant features of the universe

being considered, secondly choosing a strategy to examine the universe and decide upon

the bidding strategy that optimises reward. A simple solution from from Durante et al.

(2017) is to set a price that the marginal price of the market must exceed, at which point

the storage device will discharge. The storage device will charge when the marginal price

drops below some other lower threshold. The threshold is set based on previous prices and

in the simplest cases is not adjusted as the year progresses. In other cases the threshold

can be adjusted as time progresses and data is added to the historical data set (for an
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example and further analysis of this see Martins and Miles (2021)).

A more sophisticated set of solutions are found by having a rolling window, that allows

decision makers to see into a window of future events, that is updated as time moves

forward (demonstrated by Pimm et al. (2020)). This method is called model predictive

control, and its complexity is dependant on the length of the rolling window chosen and

the objective function. Arnold and Andersson (2011) expressed the disadvantages of such

approaches that include overestimating returns during times of consistently low prices.

This review will focus on using a Markov decision process (MDP) to design the universe

as MDPs are well-suited to considering future events without assuming knowledge of what

will occur in the future with 100% certainty.

A Markov decision process is a stochastic process for which the probability distribution

for moving into another state is only dependant on the current state and independent of

any past decisions. To develop an MDP, there must be a state space, a list of possible

actions that can be taken and a reward associated with each state and action. The future

rewards are compared to establish a policy function: a list of the most rewarding actions

that can be taken in a given state and a value function: a representation of rewards

recouped by taking a certain action. The following is a description of the features of

various MDPs used in the literature to study ES.

2.8.1 State space

First of all, the MDP state space can be continuous as in Löhndorf and Minner (2010) or

discrete, each possessing distinct characteristics and applicable use cases, with inherent

advantages and disadvantages. Sutton and Barto (2020) and Tang and Agrawal (2020) can

be read for further comparisons of the two approaches but for this analysis it is important

that, owing to their simplicity, models with discrete states are generally easier to imple-

ment and debug, making them more accessible in various practical scenarios, especially

where states naturally fall into distinct categories (e.g., inventory levels, task comple-

tion stages). Discretised methods are subject to the curse of dimensionality at increasing

resolution. In the continuous case the value function is replaced with an approximated

value function and Löhndorf and Minner (2010) finds the approximated policies to be

more rewarding than optimal policies of a discretised space. Continuous state spaces can

represent environments with high fidelity and precision since they are not constrained to

55



discrete values or intervals. Many real-world phenomena, especially in physics and en-

gineering, naturally exist in a continuous state (e.g., temperature, speed, and position),

making continuous state spaces relevant for modeling such scenarios. This format can

handle complex, high-dimensional problems by capturing more nuanced information and

detailed variations within the environment. However, ensuring convergence to an optimal

policy or value function is often more mathematically intricate and computationally de-

manding in continuous spaces. Modeling and learning in continuous spaces requires larger

datasets to adequately capture and generalise across the state space.

2.8.2 The transition matrix

The transition matrix determines how the system evolves between states and is made up

of an array of probabilities for moving from one state to another.

Mitkovska-Trendova et al. (2014) describes determining a transition matrix that is

truly representative of the system being described is vital. Accurate results can only be

obtained with accurate probabilities in the transition matrix and confidence in results of

an MDP are affected by accuracy of transition probabilities. In the case of modelling

electricity markets, uncertainties which must be captured include; uncertainties about

supply and demand in future time periods and uncertainties about system constraints

such as transmission capacity.

A common technique for constructing a transition matrix demonstrated by Haji Bashi

et al. (2018) is to obtain historical data and assign probabilities of state transitions based

upon historical frequency. In this case the reliability of the historical data is important.

Haji Bashi et al. (2018) found the use of historical data to be a straightforward and intu-

itive approach that is based directly on observed system behavior. Despite the apparent

advantages Haji Bashi et al. (2018) also noted that, in real-world scenarios, where the

system dynamics may evolve, the transition matrix may age quickly. Mitkovska-Trendova

et al. (2014) uses the methodology of historical frequency augmented by expert opinion,

leveraging domain-specific knowledge which might be inaccessible to data-driven methods.

Using expert opinion can be useful when empirical data is scarce or unavailable though

prone to bias and might lack the rigor of data-driven approaches.

Further, Mitkovska-Trendova et al. (2014) examined theoretical modeling where tran-

sition probabilities are derived from theoretical models and equations, often based on
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scientific principles that describe system dynamics. Typically grounded in scientific or

operational research principles and, given a solid foundational basis, theoretical model-

ing can predict transitions in scenarios even without historical data. This method may

incorporate assumptions that might not always align with real-world complexities. With

respect to ESSs, Mitkovska-Trendova et al. (2014) suggest it would be possible to create

a transition matrix by employing physical and engineering principles related to battery

chemistry, degradation, and energy management.

MDPs with a time dependant transition matrix are referred to as non-time-homogenous

Markov models. As electricity markets are clearly periodical, it follows that the probabil-

ities of certain transitions will be higher or lower depending on the time of day. This can

be taken into consideration by segmenting historical data into hour long time periods and

using the historical frequency method to develop a transition matrix for each hour.

2.8.3 Multi-player models

MDPs can be developed into Makov games, MDPs that include several players. For

simplicity, studies often adopt the assumption that the actions of an individual generator

have no effect on the marginal price of the market. However, the MDP can be expanded

to model the actions of several generators and therefore takes into account how the actions

of a single bid may influence decisions taken by other generators as each agent aims to

maximise its own objective or utility function, which may or may not align with the

objectives of other agents.

Ye et al. (2019) demonstrated the use of multi-player MDPs analysing imperfect elec-

tricity markets. They do this to reiterate the point made above that it is unreasonable

in such circumstances to assume price taker status. Ye et al. (2019) highlights issues in

previous papers such as severe modeling and computational complexities and the need for

complete knowledge of techno-economical characteristics. In response, Ye et al. (2019)

proposes a novel methodology. This innovative approach allows the multiple players to

gain precise feedback on the impact of their offering strategies on the market clearing

outcome and enabling them to formulate more profitable bidding decisions by thoroughly

exploring the entire action domain. The effectiveness of this methodology was validated

through case studies on a test market operated over the IEEE Reliability Test System,

demonstrating that the proposed method promises significantly higher profits than existing
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RL methods.

2.8.4 Solving strategies

There are several methods for determining the optimal bidding strategy. An MDP can

be solved with dynamic programming i.e. policy iteration as in Zhou et al. (2011) or

value iteration as in Song et al. (2000). These solving strategies suffer from the curse of

dimensionality with a large state space. Although policy iteration is faster at converging,

it requires an initial guess to begin. With reference to section 2.8.2, these solving strate-

gies are only appropriate when there is a high level of confidence in the accuracy of the

transition matrix. They require a full knowledge of the environment and never learn from

experience.

The following set of solutions can be applied to problems with a continuous state space.

Approximated value functions allow a model to explore the state space and represent the

value of any state. In Luo et al. (2019), the authors develop a method of reinforcement

learning that finds a balance between the advantages and disadvantages of value and pol-

icy iteration. Their methodology doesn’t need an initial guess and converges reasonably

quickly. Reinforcement learning has been implemented for energy storage operating in par-

allel with a wind farm in Oh and Wang (2020) and to model a battery in Cao et al. (2020).

In summary, the economics look promising as capital costs of ESS are projected to

continue to fall over the next decade (Way et al. (2022)). Worldwide investment and

international pressure to keep global emissions low will consistently drive down ES costs

as they benefit from increased capacity. Despite this, the market still needs to offer the

right incentives if capacity is going to keep up with projected targets. This literature

review has detailed how markets are changing and the National Grid ESO projections to

2050.

However, the FES are projections of the best capacity investments, in the case of

Leading the way, already assuming that the climate goals will be met. Less studied is

which policy structures could realistically lead to achieving the climate goals. The little

literature addressing this problem show no consensus.

Finally, MDP models show a promising route to planning generation dispatch in up-

coming electricity markets. Crucially, the transition matrices developed to understand the
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markets can act as an important feed-back loop. The transition matrices can inform mar-

ket designers about how market players are interpreting the market and the probabilities

being considered making operational decisions.

2.9 Methods

The listed methods are meticulously structured to align directly with the stated objectives,

ensuring a cohesive approach to addressing each research goal. Every methodological step

has been itemised to correspond to an individual objective, with M1 relating to O1 and

M2 to O2 etc. The intention being that there be a clear and systematic exploration of

the research that enhances the comprehensibility and traceability of the results.

• M1 Read and compile most relevant literature. Identify gaps in the literature.

• M2 Start by identifying a trustworthy source for frequency data and price signals.

Establish statistical trends in the data sets. Connect trends to changes in the elec-

tricity system such as new markets and changing electricity mix.

• M3 Start with the simple test case of a ES system and explore methodologies for

making operational decisions. Apply the methodology to the biomass and ES com-

bined system.

• M4 Make operational decisions using perfect foresight. Compare the perfect fore-

sight agent to methodology designed with M3.

• M5 Carry out calculations of net present value for the addition of co-located ES to

identify the most informative case study.

• M6 Analyse results generated during M5 and compare profits across the range of

markets and years. Extract useful information and conclude with the most beneficial

to potential CBESS operators.

Operational decisions for alternatively biomass generators and ESS have been gener-

ated by solving a linear programming problem such as is common throughout the literature

for various generation setups (see Bracale et al. (2015), Pereira et al. (2014) and Pimm

et al. (2020)). Such cases present a best case scenario for operating a generation system.

Currently perfect or rolling foresight models rely on their knowledge of upcoming events
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to make operational decisions. These papers, very common in dispatch planning, predict

out-sized profits and vast carbon reductions that cannot be achieved by an agent acting

myopically. Arnold and Andersson (2011) demonstrated how model predictive control

(which employs a rolling window of foresight) can overestimate the efficiency of ES com-

pared to a model with an uncertain forecast. This common mistake, has informed the

decision in this thesis to focus on generating operational decisions without foresight. A

reinforcement learning (RL) agent can be trained to make operational decisions with no

foresight. Such an agent delivers a more realistic picture of how a CBESS operates to

deliver electricity to National Grid ESO. The best case scenario can be used to train a

RL agent in how to behave. After training, the RL agent can make no foresight decisions

that will replicate the behaviour of a perfect foresight agent (PFA). The RL training is

the methodology explored in this thesis described by M3 and fulfilling O3. To illustrate

the difference figure 10 shows a PFA and an RLA operating with and without foresight

respectively. For a problem with a horizon of N time periods the PFA optimises over

all the observations (o1 − oN ) producing a set of N actions. These actions can be used

as training data to teach the RLA. Once trained, the RLA acts as depicted in figure 10

producing an action in each time period from a single observation.

2.10 Scope of research

Figure 11 shows the original contributions to the literature the thesis can provide. Turquoise

circles identify topics commonly covered in the existing literature. Short duration ES

(SDES) and medium duration ES (MDES) have been studied previously as have various

electricity generating technologies, optimised to operate on both the BM and providing

FFR with perfect foresight. The original contributions (shown in dark blue) include mod-

elling a biomass generator supported by an ESS and examining the operation of a biomass

generator providing FFR. A significant contribution lies in using a reinforcement learning

agent to mimic the behaviour of the perfect foresight agent.
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Figure 10: A depiction of the training regime for a perfect foresight agent and a reinforce-
ment learning agent. The perfect foresight agent takes the observations (on) for N time
periods and uses them all in a single optimisation to produce a set of actions. This set of
actions is optimal and used as the training data for the reinforcement learning agent. Once
trained the reinforcement learning agent can generate actions taken from one observation
from one time period i.e. without foresight.

Figure 11: Original contribution thesis has to research field.
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3 Methodology

This section presents the methodology repeated throughout the remainder of the thesis

used to establish the best operational performance of the system being considered. It

describes the setting up of a linear programming problem for operation of an agent with

perfect foresight. It then goes on to introduce the reinforcement learning (RL) techniques

for learning from the perfect foresight agent (PFA). Finally, this methodology’s application

to other chapters is outlined.

The key feature of the PFA is that it has perfect knowledge of the environment, what

will occur in the future and can plan scheduling to maximise profits. The actions of the

PFA will be used subsequently to teach the RLA.

The problem of solving the PFA is constructed as a linear programming problem. The

objective function for the PFA maximises profits subject to constraints introduced by the

technical limits of the ESS and biomass generators specific to each chapter.

The linear program problems were solved using Matlab’s linprog and was undertaken

on ARC3, part of the High Performance Computing facilities at the University of Leeds,

UK.

During RL, an agent learns by updating a state-action value function (Q(S,A)). The

state-action value function represents the value of the agent, when finding itself in state

S, choosing action A.

In each learning step the agent moves from state S to S′ via action A. The information

learnt during this step is added to the state-action value function. Q(S,A) was updated

using temporal difference learning in the following way:

Q(S,A) = Q(S,A) + α[ R+ γQ(S′, A′)−Q(S,A)] (6)

where R is the reward generated during the transition from state S to S′ via action A, α is

a step-size parameter and γ is the discount factor. Looking at the form of equation 6 the

value function updates with the reward (R), a high reward increases the value of the of the

state and action and encourages the RLA to repeat the action. Q(S′, A′) is also present in

equation 6 and used to update the value function. Q(S′, A′) is an estimation of the value

of going into the next state and the subsequent action. Together R+ γQ(S′, A′) represent

the value of the current state and action because the immediate reward (R) is present
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and all future rewards (represented by γQ(S′, A′)). The discount factor (γ) controls how

the agent measures distant rewards as opposed to those in the immediate future. γ needs

to be in the range [0,1). A discount factor of 0 implies the agent is myopic. A discount

factor approaching 1 suggests the agent will base its actions on the outcome of all future

rewards.

The square brackets contain the difference between R+ γQ(S′, A′) and Q(S,A). This

difference gives the name to the methodology temporal difference learning. It is the dif-

ference between the estimation of Q(S,A) and the new estimation of the value function

R + γQ(S′, A′). For example if the old estimation Q(S,A) is 1 and the new estimation

R+ γQ(S′, A′) is 1.5, equation 6 becomes Q(S,A) = 1 + α(1.5− 1). If α were 1 the new

value of Q(S,A) would be 1.5.

In reality α is rarely set to 1. The purpose of the step-size parameter is to moderate

the learning, preventing a single update having too great an influence on the state-action

value function as a whole. If in the example α were set to 0.5, the new value of Q(S,A)

would be 1.25. In that case the update still moved Q(S,A) from 1 towards 1.5, but the

influence was reduced.

After some number of iterations the ‘best’ action can be found for a given state by

maximising over the set of actions.

a = maxA(Q(S,A)) (7)

3.1 Reward function

The reward function is used to evaluate the action taken, its purpose is to take information

from the environment and return a single number that can be used in equation 6. The

reward function can be a function of any kind, so long as it maps many variables to

one. The agent uses the reward function to maximise its reward, the actions taken should

maximise cumulative reward, rather than immediate reward. A well designed reward

function will be vital to ensuring that the agent converges on the global optimal rather

than a local optimal. There are no specific rules across the literature for choosing a reward

function though there are many papers published in the field. Zakaria et al. (2021) have

shown that correct selection of the reward function can discover the global maximum and

increase the speed of their agent’s learning.
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The research field uses certain metrics, which will also be used here, to evaluate the

merits of different reward functions, namely reward average.

Reward average references the mean reward over every time-step as learning contin-

ues. Reward average should increase as the learning continues, however it will naturally

fluctuate as the agent finds new areas of the state space to exploit. Reward average is not

the most sophisticated metric developed throughout the literature but has been shown by

Sutton and Barto (2020) to work for problems (such as the ones presented in this thesis)

that employ temporal difference learning. Further justification will be given in this thesis

for the use of a PFA but an important one is outlined here. The reward average can con-

stantly be compared to the optimal action during learning; the action taken by the PFA.

This will be vital for assessing the usefulness of the reward function being used, enable

correct shaping of the reward function and parameter tuning of the reward function.

In subsequent chapters, there will be descriptions of the particular reward function

developed for those RLAs.

3.2 ϵ-greedy policy

To choose actions during learning an ϵ-greedy algorithm is used. The ϵ-greedy algorithm

is renowned across the field. An in depth description of its development can be found in

Sutton and Barto (2020). In this algorithm the agent chooses the action that maximises

its current value function. However, with probability ϵ the agent will pick an action

at random. This gives the agent the opportunity to take actions that have never been

tried before and potentially discovering new actions have great benefit. The equation for

exploitation of the value function is the same as that referenced in equation 7.

3.3 Energy storage system lifetime

After the operational strategy has been established it is useful to calculate the lifetime of

the ESS and ensure that the operational strategy is not degrading it too severely. Battery

lifetime is the period during which the battery can provide services before its energy

capacity degrades to a predefined level (typically 80% of its full capacity). A widely used

term to count the battery life is the battery cycle-life, i.e. the number of cycles at a certain

depth of discharge that the battery can provide before it reaches the end of its life.

The relationship between battery cycles and lifetime is non-linear. Many parameters
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contribute to battery aging including complex charge/discharge profiles in different appli-

cations of the BESS. High energy/power capacity ESSs, such as pumped hydro, CAES

and large batteries farms that aim to achieve energy time shift may only undergo one to

two cycles in a day. ESSs used in applications like wind power smoothing and frequency

regulation may experience tens of irregular half cycles every day. The calendar-life ageing

components and cycling related ageing components of the battery jointly contribute to the

degradation of battery life. The calendar-life ageing components of BESSs greatly depend

on the battery type, the chemistry of cell and the working environmental conditions, such

as ambient temperature and humidity. Cycling related ageing is the battery degradation

resulting from amp hour (Ah) throughput the battery in charge/discharge cycles. There

are a variety of stress factors which have varying degrees of impacts on battery degra-

dation during each cycle. Stress factors include, but are not limited to, Ah throughput,

maximum discharge rate, interval between full charges, duration at high DOD and partial

cycling of the BESS (see Van den Bergh and Delarue (2015))

A cycle counting scheme named ‘rainflow counting’ has been used in this thesis to

extract the number of irregular, overlapping cycles at different depths of discharge. This

technique is particularly vital as it provides a more nuanced understanding of how battery

discharge cycles influence the overall degradation and eventual end-of-life of the battery.

Rainflow counting is among 3 methods most commonly employed in the literature (Amza-

llag et al. (1994)); the other two being range-pair counting (which does not consider the

complete loading history like rainflow counting) and peak-valley counting (which does

not consider the intermediate cycles). In rainflow counting first the depths of discharge

are discretised into bins. The smaller cycles are defined by the turning points in the

ES charging/discharging time series. When finished the algorithm produces a histogram

showing the cycles at each depth of discharge. The analysis was carried out using Matlab’s

rainflow function.

Depending on the battery decided upon, there will be an exponential relationship

between ‘cycles to death’ c(d), where the number of cycles c is a function of the depth of

discharge d. The depth of discharge is discretised into N boxes (with each box denoted by

n). If NOC is the number of cycles, the rainflow counting algorithm will return a number

of cycles at each discretised depth of discharge (NOCn) then the lifetime consumed (X)
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can be given by

X =

n=N∑
n=1

NOCn

c(d)n
(8)

This equation crucially quantifies the fraction of the battery’s lifetime that has been

utilised, effectively representing the proportion of total available cycles that have been

expended prior to the battery reaching a state of significant degradation. X is thus a

critical metric, indicating the extent to which a battery has been ‘used up’ and how close

it is to becoming inefficient or failing altogether. The significance of X extends beyond

mere numerical value; it provides essential insights into the battery’s operational efficacy

and health over time. By understanding X, engineers and battery operators can make

informed decisions about battery usage patterns, maintenance schedules, and replacement

timings, all of which are vital.

In conclusion, presented are 6 steps to applying this methodology to a problem.

1. Identify the action space of the system. In the context of this thesis these will be

dispatch volumes and price bids.

2. Identify the state space of the RLA being considered by finding information in the

environment that will inform the actions being taken.

3. Conceptualise the problem as a linear programming problem, what needs to max-

imised and the technical constraints on the system.

4. Perform test runs with various optimisation and training windows. Balance compu-

tational work with how quickly the PFA and RLA diverge.

5. Run the training algorithm.

6. Perform test runs operating the PFA and RLA with the same information. Scatter

the results from the test runs to show how effectively the RLA is reproducing the

PFA’s behaviour.

4 Modelling the Balancing Mechanism

This chapter of the PhD is designed to demonstrate the work that has been done on agents

that can make control decisions for an ESS operating in a given energy trading market.
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The agents designed and presented here are taught after examining the behaviour of

the PFA i.e. an agent operating with perfect foresight. Once the agent has adopted the

behaviour of the PFA it can then dictate behavior in real time and match the outcomes

of the PFA without needing any foresight whatsoever. The agent being able to make

decisions without foresight is vital as decisions must be made to really run a ESS.

The example presented shows that the designed agent can reproduce the PFA’s behav-

ior when operating a battery ESS on the Balancing Mechanism (BM) for arbitrage. Later

in the thesis, the same techniques will be adapted to other ESS setups and markets. For

now however, the BM is focused on because the data is publicly available, high-quality

data utilising reliable measurement methods. It should be free from errors, biases, or

inconsistencies.

The task at hand was to train an agent that could choose price and volume bids

for submitting to the BM. The problem has been approached using the methodology of

training reinforcement learning agents. Before describing the training and testing of the

reinforcement learning (RL) agents, two sections are presented outlining relevant informa-

tion to setting up the BM and working with a PFA. The first is a description of how the

BM works and an analysis of price dynamics on the BM. The second section introduces

the PFA and how it behaves when operating an ESS on the BM.

4.1 Historical Balancing Mechanism data

The historical data was taken from the Balancing Mechanism Reporting Service’s (BMRS)

API, which hosts historical data including the marginal prices on the BM. The agents were

trained on a year’s worth of data from 01-01-2019 to 01-01-2020. With settlement periods

lasting half an hour, this amounts to 17,568 data points. This is the year’s data chosen

to be presented and analysed here due to the abnormalities created in the system during

the Covid-19 pandemic affecting subsequent years’ data.

The BM operates under a pay-as-bid payment structure by which it is meant that, after

receiving all bids and offers, the system operator (SO) grants bids and offers in order of

cheapest to most expensive until it has fulfilled its volume requirements. The maximum

the SO will pay for power is the marginal price. Every offer below and bid above the

marginal price is paid at face value. Before the SO has settled this price they can forecast

the imbalance volume (the difference between the actual demand for electricity and the
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amount of electricity generated). Unsurprisingly then, there is a correlation between the

imbalance volume on the grid and the marginal price as shown in figure 12. The correlation

is high, the gradient on figure 12 being 9.4.

Figure 12: Scatter plot of net imbalance volume against marginal price.

In using the marginal price from the BMRS API, the assumption has to be made that

the bids and offers placed by the RL agent do not affect the calculation of the marginal

price. The assumption of being a price taker is explored further in section 4.2.

The following is a summary of the statistical elements of the marginal price on the

BM for the training data specified. The marginal price has a mean of 42.63 £/MWh and

a standard deviation of 20.03 £/MWh, making it a relatively volatile BM (for further

discussion see Klæboe et al. (2015)).

Key to characterising marginal price dynamics is identifying price spikes as they add

the most opportunity for arbitrage. Price spikes are ‘uncharacteristically large prices’

according to Sandhu et al. (2016). What constitutes uncharacteristically large varies is

rather subjective and across the literature. A simple methodology for labelling a price

spike would be with a fixed thresholds i.e. a price spike could be identified as a price that

breaches a certain price threshold for a certain period of time. Setting the threshold and

time period introduces the subjectivity and a level of arbitrariness. For this report the
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largest 1% of reported marginal prices are considered spikes.

Figure 13: Marginal prices for the specified training period. Price spikes highlighted by a
red dot.

With this definition of price spikes, the smallest spike has a marginal price of 100

£/MWh, more than double the average marginal price previously calculated. Figure 13

shows price spikes highlighted by a red dot. To perform arbitrage on the BM it could

be helpful to predict price spikes. Although it would appear at first that price spikes are

impossible to predict, an indication that a price spike is about to occur can come when

the average marginal price over the last five timesteps increases. Figure 14 shows boxplots

of the average marginal price over the last five timesteps for the full dataset compared to

the average marginal price over the last five timesteps immediately before a price spike.

Furthermore, price spikes are affected by many factors; they are more likely to occur

during periods of high demand and a low level of demand. This can be confirmed by

looking at the Net Imbalance Volume data quoted above. They are more likely to occur

during extreme weather events, when the transmission lines are particularly overloaded

and periods of high oil and gas prices. Linear regressions to confirm this have been taken

using data from renewables.ninja (Staffell and Pfenninger (2016) and Pfenninger and

Staffell (2016)), the BMRS API and Crude oil and natural gas database from Trading

Economics (2022). Specifically, frequently used was the ROLSYSDEM dataset from the

BMRS API, which provides rolling system demand forecasts.
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Figure 14: Boxplots of 5 point averages for all data and 5 point averages before price
spikes occur.

The correlation between overloaded transmission lines and the standard deviation in

spike prices can play a pivotal role in market dynamics and grid management. Overloaded

transmission lines are a common issue in power systems, often resulting from peak de-

mand periods, generation unavailability, or unexpected outages. When power lines reach

their capacity limit, they cannot transmit additional electricity needed to meet demand

in certain areas, leading to a condition known as congestion. This congestion is a primary

driver for variations in electricity prices across different regions of the grid, fundamentally

influencing the marginal price of electricity. In this case, as marginal prices increase, the

range of prices across different areas also widens. This spread is notably reflected in the

standard deviation of prices, which measures the amount of variability or dispersion from

the average price. When transmission lines are overloaded, the frequency and magnitude

of price spikes generally increase. This increase in volatility attracts the attention of both

regulators and market participants, as it indicates underlying inefficiencies or imbalances

in the system. An increasing standard deviation in the context of rising marginal prices

can be indicative of several systemic issues. First, it suggests that the power system is

operating under stress, with supply struggling to meet peak demand effectively. Second, it

points to potential inadequacies in transmission infrastructure or its management, where

the existing capacity is insufficient to handle peak loads without resorting to costly alter-

natives. Third, it highlights the impact of geographical disparities in electricity generation

and consumption, which can exacerbate the effects of congestion.

Going forward, the effect of seasonality on the price spikes is examined.
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Figure 15: Linear regressions of spike price to Net Imbalance Volume, high temperature,
low temperature, overloaded lines, oil price and gas price.

It would seem from the original data that there is a slight negative trend in the data

(see figure 13). This may lead to misrepresentation of the number of price spikes at the

beginning of the year. However, applying linear least squares regression revealed a gradient

of -0.00087 which is small enough to be ignored. The trend means that on average prices

at the end of the year will be decreased by 0.00087 £/MWh per settlement period.

Also, the BM is a mechanism for making up errors in forecasting and so it was originally

supposed there would be no seasonality that may need to be corrected for.

To attempt to confirm the data is stationary (i.e. not seasonal) an augmented Dickey-

Fuller test (Fuller (1976)) was applied. The null hypothesis of the test was that the data

is non-stationary and the alternate hypothesis was that it is stationary. The threshold

for rejecting the null hypothesis was set at 1%. The test was applied to the raw data,

a profile of the marginal price averaged over a day of settlement periods, a profile of the

marginal price averaged over a week of settlement periods and a profile of the marginal

price averaged over a month of settlement periods. Table 3 shows the resultant test

statistics and whether the statistic passes the augmented Dickey-Fuller test. In each case

the null hypothesis can be rejected, with the exception of the test on the profile of the

marginal price averaged over a week of settlement periods.

Subsequently, the weekly variation was examined in closer detail using moving average-

based model. This has been applied across the literature including for the European

Energy Exchange electricity spot market (Stefan and Rodney (2007)). The data was
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Table 3: Table of augmented Dickey-Fuller tests results.

deconstructed into three separate components:

pt = Tt + St + et (9)

where pt is the marginal price profile, Tt is the trend over the full year, St is the weekly

component and et is the residuals of randomly fluctuating elements of the profile.

First the data was passed through a linear convolution filter to extract the trend. The

trend being the aspect of the data that changed gradually through the year. The trend

was removed from the price profile and the average for each weekly period was assumed

to be the oscillatory trend. From the oscillatory trend it is apparent why the augmented

Dickey-Fuller test could not reject the null hypothesis for the profile of the marginal price

averaged over a week of settlement periods. The residual results show the data after both

the trend and weekly oscillations were removed and reflected the price spikes.

In conclusion, the findings from the augmented Dickey-Fuller test and the subsequent

detailed analysis of weekly price variations provide a robust foundation for future explo-

rations, particularly in designing and refining observation spaces for reinforcement learning

agents. By establishing that the marginal price data, with the exception of the weekly pro-

file, is predominantly stationary, a more predictable baseline from which machine learning

models can learn and make predictions can be built. The detailed decomposition of the

price data is all information that a reinforcement learning agent would need to handle in

subsequent sections.

4.2 Price taker status

To use the assumption that our agent can act as a price taker it is necessary to determine

if our generated bids and offers would significantly alter the marginal. The following

methodology has been designed to simulate the decision process of the National Grid

when setting the marginal cost of an increase/decrease in power on the grid. Depending
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on the needs of the system the marginal price is referred to as the system buy price

(SBP) (in the event of under-generation) or the system sell price (SSP) (in the event of

over-generation).

The majority of trading arrangements are agreed between independent parties (pro-

ducers and consumers of electricity) Facchini et al. (2019). However, when there is an

imbalance between generation and demand on the grid, the National Grid will take ’bal-

ancing actions’ which involve instructing parties to increase or decrease generation or

demand.

When settling on an SSP/SBP, the National Grid considers which balancing actions

are taken purely for balancing generation and demand and which actions are taken to

manage ’system needs’ such as voltage levels BMRS API and Data Push User Guide

(2019). Actions taken for system balancing are ‘flagged’ and not included in generating

the marginal price. There are two stages of flagging; first stage and second stage flagging.

Flagged actions are potentially system balancing and may be removed from the marginal

price calculation (The Electricity Trading Arrangements (2019)).

The processes involved in determining the SSP/SBP are outlined in the following

sections.

4.2.1 Continuous acceptance duration limit

Actions that last for less than 10 minutes are first stage flagged (BMRS API and Data Push

User Guide (2019)). They are considered to be system balancing and are not included in

calculation of SSP/SBP.

4.2.2 De Minimis tagging

Actions offering volumes under the De Minimis acceptance threshold first stage flagged

and are considered to be system balancing. As of 1 April 2019 the De Minimis acceptance

threshold was set at 0.1 MWh (BMRS API and Data Push User Guide (2019), Imbalance

Pricing Guidance (2019)).

4.2.3 Arbitrage tagging

When a bid is submitted to the National Grid that is simultaneously more than an offer

for the same volume the National Grid will buy the volume and sell it straight on at a
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profit. This mechanism is considered to be system balancing (BMRS API and Data Push

User Guide (2019)).

4.2.4 Classification

If a first stage flagged action is more expensive than the most expensive first stage un-

flagged action it is deemed to be system balancing. If it is less expensive it is considered

energy balancing and stays part of setting the marginal price.

At the end of the classification process all of the first stage flagged actions become

second stage flagged.

4.2.5 Net imbalance volume tagging

In this process the offers and bids cancel each other out to leave a surplus of either bids

or offers. In cases where there is less generation than demand there will be a net volume

of offers. In cases where there is more generation than demand there will be a net volume

of bids.

The SSP/SBP is then set at the most expensive offer/bid that remains after carrying

out the preceding processes.

The BMRS API contains records for every bid and offer submitted to the BM at

each settlement period (see section 5.2.52 of BMRS API and Data Push User Guide

(2019)). The code written to simulate the BM takes this data and replicates the decision

making process outlined in sections 4.2.1 to 4.2.5. The code has been validated against

historical data from the BMRS API. The simulation was run over the entire year of 2018.

The majority of errors in simulating the BM fall close to 0. In fact the median error is

our simulation is just 0.1786 £/MWh. Once the reinforcement learning agent has been

developed its bids will be added to the simulation of finding the marginal price to see if

its price taker status can be confirmed.

With an understanding of the BM, there is now presented a case study that will show

the process of designing the RLA.
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4.3 Case study

In this case study a 4 MWh battery was used with a maximum power flow of ± 2 MW.

The specific parameters used here are irrelevant to the context, as the case study is only

presented to demonstrate that the RLA can be successful in mimicking the PFA and

the parameters do not capture the essential characteristics of the system being portrayed.

With these parameters the PFA’s actions were generated using open-source software which

utilises mixed interger linear programming and can be accessed on github (see Green

(2024)). The software assumes perfect round-trip efficiency of the battery. The software

allows for setting the initial SoC of the battery and aims to completely empty the battery

at the final timestep. In this study the initial SoC was set at 1.

Analysis of the perfect foresight agent’s behaviour shows no correlation with time of

day. Also, the mean and standard deviation of the perfect foresight agent’s actions are

broken down by month in table 4. Both statistics are stationary across the year, a reflection

of the original price profile showing no seasonality.

Table 4: Mean and standard deviation of the perfect foresight agent’s power output for
2019.

4.4 Choosing an observation space

To generate the optimal price and volume bids two separate agents were trained with their

own environments. Arguments for why this setup was chosen are now presented.

4.4.1 Bayesian lasso regression

Bayesian lasso regression, in this context, is used to aid in linear regression. The marginal

price timeseries can be regressed with respect to several different variables and bayesian

lasso regression should help to decide which variables to choose in the final model.

Bayesian lasso regression is a regression analysis technique that can help to identify the

variables that are most useful in characterising a time series. It can be helpful in choosing

the observation dimensions as it is a methodology for suggesting which variables are best
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correlated. In this scenario, if a variable is correlated with the marginal price timeseries

it may suggest that it will make a useful observation for the RLA.

An advantage of this technique is that many variables can be suggested and with the

Matlab econometrics toolbox, the lasso function will suggest which variables are most

useful. This is important because, with our discretised value function, it is important to

keep the dimension size of the value function relatively low to reduce computing time and

avoid over-fitting.

The following variables were used as indicators for predicting how the marginal price

will evolve:

• The marginal price in the previous timestep

• The marginal price in the previous but one timestep

• The marginal price in the same settlement period of the previous day

• The average marginal price over the last 5 timesteps

• The maximum marginal price over the last 5 timesteps

• The minimum marginal price over the last 5 timesteps

• The average marginal price over the last 10 timesteps

• The maximum marginal price over the last 10 timesteps

• The minimum marginal price over the last 10 timesteps

• The average marginal price over the last day

• The maximum marginal price over the last day

• The minimum marginal price over the last day

With the maximum number of indicators set to 4, the results showed the best indicators

were the average marginal price over the last 5 timesteps, the maximum marginal price

over the last 5 timesteps, the minimum marginal price over the last 5 timesteps and the

marginal price in the previous timestep. Restricted to 3 indicators, the minimum marginal

price over the last 5 timestep was no longer included and with 5 indicators the marginal

price the same settlement period of the previous day was to be included.
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Figure 16: Flowchart of training and testing whole system.

The reward function is used to evaluate the value of the action taken.

To illustrate the process of constructing a reward function an RLA was developed that

could generate price and volume bids for a generic ESS. If the RLA agent is successful it

should learn to bid volumes with a bid price below the market price when discharging and

above when charging. In Q(S,A) a 2-D action space (A) made up of

1. a1 - Price bid (£/MWh)

2. a2 - Volume bid (MW)

The reward function was designed to maximise profit as it would be if the bids were

really placed. When discharging the reward was given by:

R =


−a1 × a2 if 0 < SoC + a2

Cap < 1 and a1 < p

0 otherwise

(10)

where Cap is the capacity of the ESS and p is the marginal price on the BM. While

charging the reward was given by:

R =


−a1 × a2 if 0 < SoC + a2

Cap < 1 and p < a1

0 otherwise

(11)

While discharging, a positive reward is generated by multiplying the volume and price

bids (a discharge is defined as a negative number). The first constraint on that reward

ensures the SoC stays between 0 and 1. The second ensures that the system only receives

a reward if the price bid is below the marginal price. Breaking either constraint results in
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a reward of 0. Likewise, the system will receive a negative reward while paying to charge,

subject to the physical limitations of the ESS and that the price bid exceeds the marginal

price.

Before continuing, it is helpful to define a metric which will be refereed to as average

success rate. The success rate will be defined as the fraction of PFA’s cumulative profit

obtained by the RLA during a 200 settlement period test.

Success rate =
RLA’s cumulative profit

PFA’s cumulative profit
(12)

In the scenario that the RLA generates a loss while operating, the success rate will be

negative. The quoted success rates will be averaged over 1000 tests to capture a full range

of behaviour.

This section presents the cumulative profits for a combination of observation dimen-

sions shown in table 5. The numbers in the first column refer to:

1. The marginal price in the previous timestep

2. The average marginal price over the last 5 timesteps

3. The maximum marginal price over the last 5 timesteps

4. The minimum marginal price over the last 5 timesteps

5. PFA’s state of charge

In choosing an observation space, the dimensions need be designed to deliver informa-

tion that will help the reinforcement learning agent about PFA’s behaviour. Each point

in the observation space will be visited a handful of times during learning and mapped to

Observation
dimensions

Average range of
the PFA’s actions

Average success
rate for 1000 trials

1, 2 0.37 0.90
1, 3 1.02 0.56
1, 5 0.32 0.91
2, 5 0.30 0.83
3, 5 0.59 0.78

Table 5: Average range and average success rate for training the reinforcement learning
agent with a range of observation spaces. (Only the 5 best of the combinations are dis-
played).
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a recommendation from the PFA about how to behave. The range of behaviour from the

PFA at a given point in the observation space indicates how well the chosen observation

dimensions can be used to predict PFA’s behaviour. A high range may suggest that the

observation space is not useful for learning this particular behaviour. A low range may

suggest consistency in the PFA’s behavior whenever this instance of observations occurs

or may suggest that the agent is over-fitting. The ‘average range of the PFA’s actions’ in

table 5 quotes the average range for every point in the specified observation space.

The way this is calculated can be explained thusly; take an imaginary but illustra-

tive point in the state action value function (Q(sexample−1, aexample−1)) which in this in-

stance is visited twice during the learning process. It should be noted that this is an

unrealistically low number of times to visit but is written here for comprehension. In

the first visit to Q(sexample−1, aexample−1) say the reward is 0. In the second visit to

Q(sexample−1, aexample−1) say the reward is 2. Then the range of rewards given by this

point in the state action value function is 2, In a contrasting example: in the first visit to

Q(sexample−2, aexample−2) say the reward is 0. In the second visit toQ(sexample−2, aexample−2)

say the reward is 0. Then the range is 0. There may be many reasons for this to be but,

importantly it can give a sense of how that point in the state action value function is

changing as learning progresses.

Table 5 shows that the average range of PFA’s actions are generally low, with the

exception of observation space 1,3 which does not contain a dimension for the average price

over the last 5 timesteps. This indicates that the average price is important in pinning

particular instances of the PFA’s behaviour to a single point in the observation space. It is

also interesting to note that including observation spaces 1 and 5 appear most commonly

in the table of top 5 combinations. The analysis reveals a subtle negative correlation

between the average success rate and average rage. Specifically, as average success rate

experiences an increase, there is a corresponding slight decrease observed average range.

The strength of this association is relatively weak, with a correlation coefficient of -0.19.

Combination 1,5 has the highest average success rate and it is interesting that it is

combined with a relatively low average range suggesting that it may be the best choice

for observation space in this instance.

Not listed in the table is the combination 3,4 which has the lowest average success

rate, recouping a loss on average. On examination of the results, this loss occurs because
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in this dataset there was a higher level of bids that needed to be truncated to maintain

SoC, leading to a loss in profits.

The observation space (S) was 2-D made up of

1. The marginal price in the previous timestep

2. ESS state of charge (SoC)

Dimensions of the observation space were discretised into bins of width 5 £/MWh

except for the final bin which acounted for all prices above 150 £/MWh. The SoC dis-

cretisation had a width of 0.1 a lower limit of 0 and an upper limit of 1.

The best price bids from this learning agent are presented in figure 17 for an SoC

of 0.5 and proposing a power output of -1MW. This reward function is referred to as

square drop-off because the reward is either given in full or the system gets a reward of

0. The results show that below pt−1 = 20 £/MWh the agent learns very little about the

right behaviour and the resultant policy is nonsensical. Above pt−1 = 20 £/MWh this

approach generates a crude threshold rule, that for pt−1 = 20-60 £/MWh bid 20 £/MWh.

For pt−1 = 60-100 £/MWh bid 40 £/MWh, for pt−1 = 100-150 £/MWh bid 60 £/MWh

and bid 100 £/MWh for pt−1 above 150 £/MWh. Referring to figure 18, the scatter

plot has been limited to showcase only data points where the marginal prices are above

0 £/MWh. This decision was taken to eliminate any potential noise caused by zero or

negative pricing, which can occur under specific market conditions but are not the focus of

this analysis. The primary objective of this visual representation is to highlight the distinct

Figure 17: Best price bid during discharging (left) and charging (right) according to a
single reinforcement learning agent that generates both price and volume bids with reward
shaping.
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correlation that emerges when marginal prices exceed £75/MWh. This methodological

choice is substantiated by the hypothesis that significant operational insights and economic

implications are predominantly observable within this higher price bracket. The exclusion

of lower values, therefore, enhances the clarity of the data presentation, ensuring that the

substantive aspects of the correlation are neither obscured nor diluted by less relevant

data points. Subsequently, the produced policy may be a consequence of the correlation

between pt and pt−1; that the agent learns that the marginal price in the current timestep

will most likely be the same as the last. However because of the sharp drop-off in reward

(as the reward function returns 0 above the marginal price while discharging), the agent

is cautious and recommends a bid firmly below the most likely marginal price.

Figure 18: Scatter plot of pt against pt−1. Importantly this small section of the data is
displayed for clarity.

After that attempt a new reward function was tested that gave a reward even when

the agent exceeded the marginal price during discharging or offered under the marginal

price during charging. The function was thus during discharging:

R =


−a1 × a2 if 0 < SoC + a2

Cap < 1 and a1 < p

−(a1 × a2)exp(−0.1(a1 − p)) if 0 < SoC + a2
Cap < 1 and p < a1

0 otherwise

(13)
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and thus during charging:

R =


−a1 × a2 if 0 < SoC + a2

Cap < 1 and p < a1

−(a1 × a2)exp(−0.1(a1 − p)) if 0 < SoC + a2
Cap < 1 and a1 < p

0 otherwise

(14)

The extra part of the reward function means that the system can still gain a reward

getting the price wrong though there is an exponential drop off as the bid diverges from

the marginal. This allows the agent to take more risks in bidding.

4.4.2 Scaling the exponential reward function

Using this reward function the resultant policy is shown in figure 17 called exponential

drop-off. The policy shows more variation than the policy developed by the agent with a

square drop-off and more closely follows the linear regression between pt and pt−1.

Recreating the linear regression may arise from the exponential part of the reward

function that encourages the RLA to match the marginal price as closely as possible.

Instead of matching the marginal price it may be better to match some optimal behavior.

This is where the PFA could come in useful, using the PFA’s action in the exponent of

the reward function.

Futhermore, the results from this study suggested it would be best to decouple the

generation of price of volume bids into two separate agents.

In this conceptualisation the reward for the volume bid agent was given by:

R = exp(−|σvolume − a2|) (15)

where σvolume is the volume bid of the PFA.

The reward for the price bid agent was given by:

R = exp(−|σprice − a1|) (16)

where σprice (like σvolume) is the price bid of the PFA.

This is a very specific example; the important point being that the reward function
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Figure 19: Reward function shapes for discharging.

uses an exponential and (using this exponential) compares the actions of the PFA to the

subsequent actions taken by the RLA. in the scenario of equation 16 the price bid of

the PFA is being directly compared to the price bid of the RLA while being trained. In

subsequent cases it may not be the price bid specifically being examined and such, the

reward function can be generalised to cover more examples that will be presented later in

the thesis;

R = exp(−|σ − a|) (17)

i.e. the reward is also generated from the difference between the PFA’s actions and RLA’s.

This recreates the form of the case study that initiated this practise but allows for enough

generalisation such that it can be and will be applied to the action and observation spaces

of other scenarios.

4.5 Maintaining state of charge

Once both agents have been trained, they can generate price and volume bids imitating

PFA’s behaviour based entirely on historical data. However, the agent has no awareness

of the battery ESS current SoC.

In order to maintain a reasonable SoC during testing volume bids that would exceed
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SoC are truncated:

b′v =


1− (1/2)× SoC × C if SoC + bv > 1

−(1/2)× SoC × C if SoC + bv < 0

(18)

4.6 Parameter tuning

In this section the parameters in the reward functions are examined, to find the values

that produce the best trained agents. The first parameter explored is the ‘steepness’ (s)

of the reward function of the price bidding agent:

R =


2exp(−s(p− bp)) if σprice

2 = 0 and bp < p

2exp(−s(bp − p)) if σprice
2 = 1 and p < bp

0 otherwise

(19)

This reward function generates a reward of 2 if the reinforcement learning agent cor-

rectly mimics the PFA with an exponential drop-off as the RLA’s behaviour diverges from

the PFA’s. The parameter s determines how forgiving the reward function is of this di-

vergence. A high s indicates that differences between the RLA’s behaviour and the PFA’s

will be penalised harshly. The results of adjusting this parameter are displayed in figure

20 and shows a peak of average success rate at s = 0.5. In figure 20, an additional set

of data points was meticulously gathered and integrated to refine the understanding and

identification of the local maxima. Shown in red, the targeted area was surrounding the

suspected peak values.

Likewise the steepness of the exponential drop-off has been varied for the volume

bidding agent, with results displayed on the right in figure 20 for the equation.

R = exp(−s|bPFA
v − bv|) (20)

The figure suggests a value of s being 1 was most successful.

At the beginning of learning, the agent is quite ignorant, being initialised to value every

state and action equally. Therefore the need for exploration (discovering new strategies)

is high. Towards the end of learning exploitation is more useful. The ad hoc rule was
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Figure 20: Average success rate while varying parameter s in the reward function of the
price bid agent (left) and volume bid agent (right).

applied that after each learning step ϵ was decreased by 1/(Maximum number of learning

steps), ensuring that ϵ decreased uniformly, reaching 0 by the end of the learning process.

To demonstrate how the policy improves over time figure 21 is presented. To create

this figure, each agent was trained for 1000 episodes, after which the extracted polices were

compared to PFA for a set of test data. The success rate was calculated and plotted and

then learning continued for another 1000 episodes. This process was repeated for a total

of 500,000 episodes and the results for ‘descending ϵ’ (as the method of slowly decreasing

ϵ has been called) is shown in figure 21 in green.

Also presented is the same process for fixed values of ϵ. With a high ϵ, the average

success rate gradually increases but takes a long time to do so as time is used inefficiently

exploring parts of the action space that are not useful. It can be speculated that if the

agent was left to train for a much longer period, its average success rate would continue

to rise. By contrast, with a low ϵ the agent finds rewarding actions quickly continues to

repeat them, not discovering any new information or significantly improving its success

rate during learning.
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Figure 21: Success rate as learning develops for various values of ϵ.

4.7 Results

A scatter plot of RLA’s vs PFA’s profits is presented in figure 22, demonstrating the

range in profits achieved in imitating PFA’s behaviour. Also shown is the line y=x i.e.

the hypothetical maximum profit achievable if the RLA were to perfectly replicate the

PFA. At the upper end of the profit scale, the RLA is less successful at imitating the

PFA, achieving a lower percentage of PFA’s profit. This can be explained by the presence,

during these testing periods, of price spikes i.e. sudden jumps in price that are uncommon.

The PFA could see these and discharge during those settlement periods. However, these

price spikes were not well learnt by the reinforcement learning agent due to the small

reward generated when the RLA attempts to discharge SoC it does not possess. All this

is clearly visible in the divergence of the results from y=x in figure 22. It points to a need

to further study these edge cases in the state action value function.

The results can be put in context by comparing them to the work of Cho and Kleit

(2015) who compared a backcasting technique to maximum possible revenues as has been

done here. Backcasting is how they refer to a technique of optimising over the last 2

weeks and then applying that recommendation to the upcoming 2 week period, under the

assumption the next 2 weeks will be more or less identical to the last 2. They claimed to
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Figure 22: Cumulative profit for the perfect foresight agent and the reinforcement learning
agent during 200 settlement periods run for 1000 tests. Also shown is the line y=x.

reach 45-85% of maximum possible revenues with a slight skew towards underachieving,

suggesting a greater level of robustness in the methodology presented here. Furthermore,

in Madahi et al. (2024) (which also used reinforcement learning to try and develop an agent

without foresight) a method was used that did not use a PFA but a system based directly

on the statistics. They found a 12.6% increase from using a method of rule-based control

strategies (discussed in section 2.8) which does not compare to the increase in profits

shown as the reward function based on the PFA was developed here and so suggests the

use of the PFA can add to profits generated.

Finally as described in section 4.2, once the code was developed, the price and volume

bids generated by the RLA were added to the list of bids and offers recorded by BMRS for

each settlement period. Then the same decision making process for setting the marginal

price was applied. It was observed that the influence of the RLA’s bids on the marginal

price was notably minimal, impacting it in only 7% of instances. Furthermore, within this

small fraction, the average modification to the marginal price was a modest 2.05 £/MWh,

underscoring how slight the changes typically were. Even though there was an instance

where the adjustment reached as high as 23 £/MWh, such occurrences are exceptionally

rare. This data strongly supports the rationale for considering the RLA as predominantly
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a price taker, given the very limited scope and scale of its impact on market prices.

4.8 Conclusion

In conclusion, this chapter has made significant strides in understanding the dynamics

of marginal pricing in 2019, highlighting not only the variability and trends within the

market but also the potential for strategic engagement through energy storage systems.

By meticulously analysing and interacting with the provided data, there was a success-

ful demonstration that the capacity of such systems to can operate effectively. Crucially,

the exploration of such data have laid a solid foundation for the development of a rein-

forcement learning agent. This agent, with its ability to navigate and learn from a rich

observation space, represents a significant step forward in predictive accuracy and oper-

ational efficiency. Furthermore, the implementation of a series of flagging and tagging

processes has underscored the feasibility of modelling the Balancing Mechanism.

Future work will aim to expand the observation spaces to encompass additional vari-

ables such as frequency and others arbitrage opportunities within the energy market. This

evolution of the observation space is anticipated to deepen understanding of the multi-

faceted nature of energy systems. The exploration of frequency data, in particular.

5 Combined biomass and energy storage system providing

Firm Frequency Response

The methodology of mimicking a PFA is extended for the combined operation of an energy

storage (ES) system and biomass generator. The combined system was tested against

the National Grid’s ‘Firm Frequency Response’ (FFR) market and in particular there

is an examination of providing non-dynamic frequency response. The methodology was

tested for robustness, against changes in market contracts including increased sensitivity

to frequency fluctuations, biomass Opex and increasing tendered volume. It was found

that the reinforcement learning (RL) agent can recreate the behaviour of PFA fairly well.

It was also found that biomass Opex has the biggest impact on profits.

In this chapter a study is presented of operating a combined biomass generator and

energy storage system for contracting to the National Grid’s FFR market. It is worth

starting this report with a description of FFR. That is followed a description of historical
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frequency data in the UK (section 5.1) and a view of the costs associated with biomass op-

eration (section 5.2). This is followed by the presentation of a case study used throughout

the report (section 5.3). The perfect foresight model for operating the system or ‘PFA’ can

be found in section 5.4 and the RL technique for mimicking PFA in section 5.5. Finally

the results are presented section 5.7.

FFR works by contracting with providers to respond to deviations in system frequency

with (in the case of the non-dynamic response) a fixed volume of power; a reduction in

power for a high system frequency and an increase in power for a low system frequency.

The provider must monitor frequency deviations, be able to respond in 30 seconds and

maintain their response for 30 minutes and further rules can be found in National Grid

ESO’s Firm Frequency Response Interactive Guidance (2017). At the time of writing

(February 2022) 250 MW of Non-dynamic FFR was projected to be purchased for March

2022 as published in the Frequency Response Market Information Report: Monthly Report

January 2022 (2022).

The fixed volume required is negotiated beforehand with National Grid, as is the

sensitivity to frequency deviation required by the provider i.e. the provider needs to fix

the frequency deviation ±Hz at which they will respond. It is the responsibility of the

provider to monitor and respond to frequency deviations and FFR regulation states that

‘The standard deviation of response error over a 30 minute period must not exceed 2.5%

of the contracted response’.

The key differences found in operating on the FFR market as opposed to the Balancing

Mechanism presented in the previous chapter are as follows. Instead of the 30 minute

settlement periods tendered on the BM, the FFR splits each day into 6 4-hour ‘EFA

blocks’ (EFA block boundaries are presented in table 6). Procurement of tendered volume

in any given EFA block can be attained well in advance (up to a month beforehand). The

prices for tendered volume are fairly steady and, therefore, it is assumed that the tendered

volume has been awarded in advance and the price setting element of the previous chapter

has been removed. Instead focus is given entirely to the biomass and ES volume dispatch.

EFA block 1 2 3 4 5 6

Time boundaries 23:00-03:00 03:00-07:00 07:00-11:00 11:00-15:00 15:00-19:00 19:00-23:00

Table 6: EFA block boundaries.

89



The service generates two revenue streams; an availability price (£/hr) a response

energy payment (£/MWh). The availability price is paid for every hour the provider

commits to monitoring frequency and delivering response. The response energy payment

is given depending in the volume the provider is called upon to deliver.

FFR pricing for 2019 is available for public access on the National Grid website. Anal-

ysis of this data shows that the lowest settling price for tendering of power is 3.31 £/MWh.

The lowest price is taken in this study in order to ensure our system is awarded the con-

tract and it can be assumed the operator is called upon to respond to frequency deviations

in every EFA block. Likewise the availability price was set at 126.94 £/hr.

Next is presented an analysis of the the National Grid’s system frequency according

to data obtained from the BMRS API for the year 2019. 2019 was chosen for being the

most recent year of data available unaffected by the SARS-CoV-2 pandemic.

5.1 Historical frequency data

First of all, it should be addressed that the BMRS API frequency data contains some gaps

for the year 2019 as can be seen in table 7.

The frequency data fluctuates around 50 Hz as would be expected from national statu-

tory requirements which are that the National Grid must maintain a system frequency of

50 ± 0.5 Hz. Figure 23 shows the frequency of various frequency deviations for 2017-2020.

Although the shape of the curves look consistent, the times with deviations away from 50

Hz by some small amount (up to ± 0.02) are becoming more common as inertia goes down

it becomes harder to maintain a steady 50 Hz. Additionally the tendency for an excess of

Date Time
02/09/2019 00:53:45-07:54:00
25/04/2019 09:25:45-14:46:00
22/05/2019 09:25:45-18:14:00
31/05/2019 19:57:45-21:06:00
06/06/2019 09:25:45-12:46:00
09/07/2019 10:47:45-11:04:00
02/09/2019 21:45:45-21:56:00
26/09/2019 09:31:45-13:48:00
24/10/2019 09:31:45-15:08:00

Table 7: Dates and times where data was unavailable from the Balancing Mechanism
Reporting Service’s API and hence left from the data set.
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Figure 23: Histogram of system frequency from 2017-2020.

under frequency events is changing, with a more symmetrical curve in later years. Both

effects may indicate less predictability in the future as there is a wider range of system

frequencies that regularly occur.

It also appears that there is a lower number of reports of the system frequency being

exactly 50 Hz. It may be a consequence of the introduction of the highly sensitive frequency

regulation described leading to regular over-corrections.

Frequency deviations are characteristically different across EFA blocks. As shown in

figure 24, there is generally less frequency deviation in EFA block 1. Furthermore, figure 25

shows the mean frequency per settlement period for the summer months (March-August).

A trend towards large frequency drops in the morning is apparent. Also plotted is the

system load per settlement period. The periods of low load appear correlated with these

larger frequency deviations.
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Figure 24: Standard deviation of frequency for EFA blocks 1-6.

Figure 25: System frequency and system load per settlement period averaged over the
summer months (March-August) 2019.
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5.2 Biomass cost of operation

Including a biomass generator in the system requires an analysis of the costs associated

with running, ramping, starting and shutting down a biomass generator. These operations

are collectively known as cycling and introduce wear and tear to the biomass generator

caused by thermal gradients in the machinery. Costs also include any loss in efficiency

caused by cycling. Some papers (Eser et al. (2016)) have also concluded that, compounding

financial costs, increased cycling can cost more in CO2/MWh.

Thermal generators more generally have been studied in future scenarios with increased

renewables in the energy mix. It has been suggested by Pereira et al. (2014) that there

will be an increase in frequency of cycling in these scenarios and so it becomes increasingly

important to include cycling costs in modelling biomass generators.

Duggal and Venkatesh (2015) presented a study of thermal generators operated in

tandem with a battery ESS. They used a linear programming approach to solve a 24-hr

scheduling problem for several combinations of generator and battery ESS capacity.

Assumptions for the operational costs (£/MWh) of a biomass generator are taken

from Duggal and Venkatesh (2015) and presented in table 8 due to the similarity in setup

between this study and that one. Likewise the ramping costs (£/δMW) are taken from

Van den Bergh and Delarue (2015).

The maximum ramp rate achievable by a generator variesacross studies. The Na-

tional Renewable Energy Laboratory has produced a study which found that ‘A typical

large fossil-fired thermal generator may be able to ramp 1% of its capacity in 1 minute’

Value Unit
Reference
(where applicable)

ES capacity 20 MWh

ES power output 5 MW

ES charge and
discharge efficiency (ηc,ηd)

0.9

Cost Projections
for Utility-Scale
Battery Storage:
2021 Update

Biomass capacity 450 MW

Biomass ramp rate 4.5 MW/min

Biomass Opex 2.79 £/MWh Duggal and Venkatesh (2015)

Biomass ramping cost 1.53 £/δMW Van den Bergh and Delarue (2015)

Table 8: Parameters for operating biomass and energy storage systems.
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(National Renewable Energy Laboratory (2005)). Furthermore, an assessment of ramping

capabilities was carried out using data from the BMRS API, which lists the generation

per BM unit. Draxx operates a biomass generator with BM unit name ‘DRAXX-1’ which

has a capacity of 645 MW according to Elexon BM unit details. The generation data was

available per settlement period. The maximum difference in generation between settle-

ment periods for the year 2019 was 243.7 MW. This translates to a ramping capability of

8.12 MW/min (1.26% of capacity per minute). The true capability may be higher as this

estimate assumes constant ramping throughout the settlement period but the biomass

generator is at least capable of this rate. The results reflect the NREL paper and the

NREL rule is used in this study (see table 8).

5.3 Biomass with energy storage system case study

In this section a case study is developed as a lens through which to view the technical

aspects of operating a biomass and ES together to provide FFR. What follows is a jus-

tification for the sizing of the ES picked, foresight windows and other parameters that

characterise the case study. First of all, the ES technology and sizing is addressed. Sizing

of the ES is decided by assessing the net present value of several power capacities. Net

present value (NPV) can be used in order to size the ESS technology suitable for this case

study.

The NPV of an investment can be calculated using

NPV = −I0 +

T∑
n=1

Cn

(1 + r)n
(21)

where I0 is the initial investment cost, n is the year after the initial investment, T is the

total lifetime of the investment Cn is the cash flow in year n and r is the discount rate.

Lithium ion batteries would be a suitable technology to provide FFR, having a response

time of less than 40 ms (Meng et al. (2020)). Lithium ion batteries are popular for their

high efficiency and high energy and power density. The initial investment costs have

been studied by the National Renewable Energy Laboratory (NREL) who have collated

information on lithium ion grid-scale batteries. They researched 6, 4 and 2hr systems. The

4hr system is a battery with a power to capacity ratio such that is can sustain its rated

power output for 4hrs. For example, a 20 MWh battery would need a power rating of 5
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MW to be a 4hr system. In selecting the 20 MWh battery capacity for frequency response

applications in this study, the decision was underpinned by a strategic alignment with the

project’s scope. This capacity was chosen so that the whole system could be compared

in subsequent chapters when the combined system will be used for forms of arbitrage and

ultimately think of the operation of the system over its entire lifetime. The NREL report

put the capital expense of the lithium ion batteries at 263, 287 and 423 £/kWh for 6, 4

and 2hr systems respectively see table 9.

20 MWh Battery Storage duration (hrs) Power capacity (MW) Cost (£/kWh)

2 10 423

4 5 287

6 3.33 263

Table 9: The cost per kW of installing a lithium ion battery according to Cost Projections
for Utility-Scale Battery Storage: 2020 Update (2020)

The cashflow (Cn) is hard to predict before performing the optimisation and teaching

the RL agent, but optimistic projections can be used initially. In that case, it was assumed

that the availability fee was paid for each EFA block and that frequency response was

required 100% of the time. In each case it was assumed that the battery tendered for

FFR at its full rated power capacity i.e. 3.33, 5 and 10 MW for 6, 4 and 2hr systems

respectively. Using this approach the income is the same in each nth year after the initial

investment.

Literature reviews on the NPVs of lithium ion batteries use a range of discount rates

but the most relevant is a 2021 study that specifically looks at FFR in the UK and and

recommends a 10% discount rate (Biggins et al. (2021)).

Figure 26 shows the NPVs for the three different batteries for a 20 year period. The

figure shows that a 4hr system crosses 0 first and gets the best NPV past the 3 year mark

(hence the decision to use a 4hr system in this thesis).
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Figure 26: Net present value for 2, 4 and 6hr lithium ion battery over 20 years.

Initially the following case study was used. A 450 MW biomass generator was con-

tracted to provide 5 MW of non-dynamic FFR for the year 2019 at 3.31 £/MWh / 126.94

£/hr. The minimum part load was set at 440 MW and other operational parameters were

set as described in section 5.2 and presented in table 8.

The case ‘Biomass no FFR’ was run first, followed by ‘Biomass with FFR’. Both

are presented in the results to illustrate the comparison of a biomass generator and ES

combined system. In the case of Biomass with FFR the ramping rate constraint of 4.5

MW/min is capable of tendering for 1 MW for FFR, meeting the requirement of respond-

ing within 30 seconds. Finally, biomass with FFR is retrained for increasing frequency

sensitivity.

It was contrasted with the addition of a 20 MWh capacity ESS with a 5 MW power

capacity and efficiency rating of 0.9. A summary of the cases explored and their parameters

is presented in table 10

The case study assumed that there were no shutdowns and the combined system was

contracted to operate in all EFA blocks.

The biomass and ES dispatch was then calculated with and without perfect foresight

(sections 5.4 and 5.5 respectively).
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Biomass no FFR Biomass with FFR
Combined system

with FFR

Contracted EFA blocks 0 1-6 1-6

Tendered volume (MW) N/A 1 5

Frequency trigger
(±Hz)

N/A 0.2 0.2

Availability price
(£/hr) N/A 126.94 126.94

Response energy
payment (£/MWh)

N/A 3.31 3.31

Table 10: Parameters for contracting firm frequemcy response in the three cases of Biomass
no firm frequemcy response, Biomass with firm frequemcy response and Combined system
with firm frequemcy response.

5.3.1 Exploring parameters

ES and biomass generator combined operation may be capable of delivering frequency

regulation but the operational costs and profits are deeply dependant on supply and trans-

portation of biomass, degradation effects in the biomass generator and future trends in

frequency regulation by system operators.

The first point (supply of biomass) is particularly hard to estimate and very dependant

on feedstock. Production and harvesting of a certain biomass feedstock can be estimated

but the availability for supplying thermal generators can be complicated by demand for

food, extracting sugars or carbon offsets in the form of biomass (documented by Zhang

et al. (2010) and van Kooten and Johnston (2016)). Given the potential disruptions to

biomass production discussed, it is prudent to explore further. Conducting a sensitivity

analysis on the forms of contracts with National Grid ESO, operational expenditures of

biomass facilities, and the newly anticipated ramping costs could provide crucial insights.

This approach mitigates and highlights potential risks. Therefore, after the initial case

study was analysed some parameters were varied to examine their impact on biomass and

ESS operation and subsequent profits.

The parameters explored were

• Frequency sensitivity - Tested at 0.2, 0.15 and 0.1 Hz

• Tendered volume - Tested at 1 MW intervals from 1-10 MW

• Biomass Opex - Varied from -50% to 50% of its original value
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• Ramping cost - Varied from -50% to 50% of its original value

5.3.2 Foresight

Following from this section, the biomass and ES dispatch were determined first with perfect

foresight using a linear programming approach (section 5.4). It is unrealistic to determine

the profitability of a combined system offering FFR by only presenting the perfect foresight

case. Therefore a reinforcement learning method was used to imitate the actions of the

perfect foresight agent or ‘PFA’. The perfect foresight agent was optimised over a day, then

the RL agent was trained from that data. The perfect foresight agent was then optimised

for the next day, followed by that day’s RL training and so forth. The justification for

choosing a day-long horizon is presented in section 5.6.1 after elements of methodology

have been explained.

5.4 Perfect foresight agent

In this section the perfect foresight agent is presented. The aim of this section is to

schedule the biomass and ES dispatch to provide FFR. The key feature of this agent is

that it has perfect knowledge of the frequency triggers that will occur in the future and

can plan scheduling to maximise profits. The actions of the perfect foresight agent will be

used subsequently as the PFA to teach the reinforcement learning (RL) agent.

The problem of solving the perfect foresight agent is constructed as a linear program-

ming problem. The objective function for the perfect foresight agent is

max(bt − ct + dt)× pricet − bt ×Opex− |δbt| × rc+ tvt × fdt (22)

where bt is the biomass dispatch at time t, ct is the energy storage charging at time t, dt

is the energy storage discharging at time t, Opex is the operational cost of operating a

biomass plant, pricet is the remuneration for power delivered to the National Grid, rc is

the cost of ramping a biomass plant, tv is the tendered volume in a given EFA block and

fdt is the frequency deviation at time t.

subject to

0 ≤
∑
t

(ηcct +
dt
ηd

)τ ≤ EScap (23)
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where EScap is the energy storage capacity, ηc it the efficiency of charging energy storage,

ηd the efficiency of discharging energy storage and τ is the length of a timestep. Constraint

23 ensures the ES system maintains a state of charge between 0 and 1.

0 ≤ ct ≤ pc (24)

0 ≤ dt ≤ pd (25)

mpl ≤ bt ≤ pb (26)

where mpl is the minimum part load and px is the power capacity of asset x. Constraints

24, 25 and 26 limit the power output of each asset to its power capacity.

−rr ≤ δbt ≤ rr (27)

where rr is the maximum ramping capability of biomass generator. Constraint 27 limits

the ramping of the biomass generator.

δbt − δct + δdt = tvt × fdt when trt = 1 (28)

where tr contains the initial frequency trigger, with a value of 1 where the frequency first

passes 50.2 or 49.8 and 0 elsewhere.

δbt − δct + δdt = 0 when rest = 1 (29)

where res has a value of 1 for the 120 timesteps after the frequency trigger and 0 elsewhere.

Constraints 28 and 29 ensure the system meets the demand of providing its tendered

FFR. The frequency data gathered is sampled at 15s periods. In the case study the

contracted frequency trip was ± 0.2 Hz. The frequency profile was translated into a profile

of required volume by monitoring for deviations of this size and for 120 timesteps (30

minutes) excluding original trigger the tendered volume was required. Further frequency

trips within those 120 timesteps did not trigger a further action. The vector tr contains

the initial frequency trigger, with a value of 1 where the frequency first passes 50.2 or
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49.8 and 0 elsewhere. At the trigger point constraint 28 ensures the output changes by

the tendered volume. The vector res has a value of 1 for the 120 timesteps after the

frequency trigger and 0 elsewhere. Constraint 29 ensures the output of the combined

system maintains constant for the 120 timesteps after the frequency trigger. Figure 27

shows the purpose tr, tv, fd and res.

Figure 27: Above: The volume required by firm frequemcy response for the sample of
historical frequency data. Below: tr (which contains the initial frequency trigger, with a
value of 1 where the frequency first passes 50.2 or 49.8 and 0 elsewhere) and res (which
has a value of 1 for the 120 timesteps after the frequency trigger and 0 elsewhere). When
tr is 1 constraint 28 applies and the combined system changes its volume. When res is 1
constraint 29 applies and the combined system maintains its response. tv is the tendered
volume in a given EFA block and fd is the frequency deviation.

The base case was solved by setting ct and dt to 0 in equation 22 28 and 29 and

removing constraints 23-25.

The linear program was solved using Matlab’s linprog and was undertaken on ARC3,

part of the High Performance Computing facilities at the University of Leeds, UK.

5.5 Reinforcement learning agent

In this section, two state-action value functions are presented which were trained sepa-

rately meaning that at the end of training there were two value functions (QBio(S,A)

and QES(S,A)). The first had an action space of biomass dispatch and the second ES

dispatch.

The remainder of this section is split into 5 subsections that explain the observation

spaces for agents QBio(S,A) and QES(S,A), the reward functions for QBio(S,A) and

QES(S,A), the policy for exploring the best actions, the interactions with PFA’s actions,
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and the training procedure in that order.

5.5.1 Observation space

The observation space of QBio(S,A) was made up of

• ES state of charge in the previous timestep

• Biomass dispatch in the previous timestep

• Frequency in the current timestep

The observation space of QES(S,A) was made up of

• Frequency in the current timestep

• Biomass dispatch in the current timestep

The observation spaces of the biomass and ESS intersect significantly. For instance, the

biomass dispatch constitutes a component of the ESS observation space, providing critical

input for its operational decisions. While the ESS dispatch itself does not directly influence

the biomass observation space, the SoC of the ESS, a crucial determinant of its operational

capacity, is an integral part of the biomass observation space. The SoC can only be

accurately determined after the ESS dispatch has been finalised, creating a dependency

that necessitates synchronous learning and decision-making. This interdependence means

that actions taken by one agent inevitably influence the observation space and subsequent

decisions of the other. Specifically, for the biomass system to make optimal dispatch

decisions, it must account for the current SoC of the ESS. This dependency ensures that the

biomass system can adjust its operations based on the available energy storage capacity,

leading to more efficient and coordinated overall system performance. Therefore, the

biomass observation space must dynamically incorporate the ESS SoC to make informed

and effective decisions.

Expressing the variables as vectors they are ES state of charge (SoC), system frequency

(f), biomass dispatch (b), and ES dispatch (e). ES dispatch comprises the combination of

charging (c) and discharging d from section 5.4 e = c−d. Each vector contains T elements,

each element representing the ES state of charge, system frequency, biomass dispatch and

ES dispatch at time t. The vector f contains the historical frequency data. SoC, b and e
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will be filled as learning proceeds. Figure 28 demonstrates how this occurs. Starting with

the biomass observation space at t = 1, the observations generate the biomass dispatch in

the first timestep (b1). The biomass dispatch then makes up a part of the ES observation

space. From the ES observations the ES dispatch (e1) is generated. The ES dispatch is

used to update the SoC for the second timestep.

SoCt =


SoCt−1 +

ηcetτ
EScap if et ≥ 0

SoCt−1 +
etτ

ηdEScap otherwise

(30)

Figure 28: An illustration of the connected learning of the Biomass and energy storage
agents. The left and right hand sides show the biomass and energy storage systems re-
spectively. First the biomass observation space contains SoC0, b0 and f1. The observation
space is used to generate the biomass dispatch (b1). The biomass dispatch is then used
in the energy storage observation space. The energy storage dispatch (e1) is generated
and then combined with SoC0 to calculate SoC1. In the next timestep SoC1 is used in
the observation space of the biomass. The resultant biomass dispatch (b2) is used in the
energy storage observation space and so on for t = 1,2,3,...

Subsequently the new SoC (SoC1) is used in the biomass observations in the second

timestep 2 to generate biomass dispatch b2. b2 is used in the ES observation space in

timestep to generate e2 and so on until the vectors are full. An algorithmic representation

can be found on page 106.

Both QBio(S,A) and QES(S,A) were represented by a matrix, meaning that each

observation and action dimension was discredited. Discretisation of ES dispatch, biomass
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dispatch and state of charge for observation and action spaces are presented in table 11.

Observation dimension Bin width Lower limit Upper limit

State of charge 0.1 0 1

ES dispatch (MW) 1 -5 5

Biomass dispatch (MW) 1 440 450

Table 11: Discretisation of variables for action and state spaces.

The frequency was discretised into three boxes; any frequency above 50.2 Hz, any fre-

quency between 50.2 and 49.8 Hz and any frequency below 49.8 Hz. Likewise, when the

frequency triggers were adjusted to examine the effects on profits the frequency discretisa-

tion was adjusted accordingly so that, for example, if the frequency trigger were ± 0.15 Hz

the boxes would be 0-49.85, 49.85-50.15, 50.15+ and so forth for other frequency triggers.

The rewards for actions b and e are presented in equations 31 and 32.

R = exp(−|b− σb|) (31)

R =


exp(−|e− σe|) if 0 < SoC × EScap+ ηccτ + dτ

ηd
< EScap

0 otherwise

(32)

where σx is PFA’s dispatch decision for asset x.

Notably, there is nothing in the reward function that explicitly references the maximum

ramp rate of the biomass generator. However the form of the observation space and reward

should teach the RL agent to keep within the ramping rate. The biomass ramp rate in

the previous timestep is part of the observation space. The PFA will only recommend

a subsequent dispatch that is constrained by the ramping rate. Equation 31 shows that

the RL agent will be penalised for choosing an action other then PFA’s and so will be

discouraged form choosing actions that violate the ramping constraint. In this way the

RL agent will naturally learn the ramping constraint.

5.6 Interactions with the perfect foresight agent

In this subsection there is a description of the training process for developing the state

action value functions.
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It was established at the start of this section that the rewards will hinge on the differ-

ence between the PFA and the RLA’s actions, with a high reward encouraging the RLA

to repeat a given action and a low reward discouraging a given action.

However consider the following example; the PFA chooses an action and updates its

environment. The RLA chooses a different action and updates its own environment. Using

equation 17 the resultant reward is small or 0. This is an important learning step for the

RLA, which is now less likely to repeat the same mistake. However, if the RLA were to

make several large mistaken actions the environments of the RLA and PFA would start to

diverge significantly. This could be a problem as the optimal PFA action will be dependant

on its an environment and this could lead to the RLA being given the wrong advice from

the PFA for its current environment.

Looking at this problem, it helps to consider two parameters.

1. Optimisation window (wo): How far into the future the PFA looks when scheduling

dispatch

2. Training window (wt): How much training is done before the environments are

realigned

Figure 29 illustrates the relationship between the optimisation window and training

window. The PFA schedules actions over the optimisation window with its state repre-

sented by σt at timestep t. The RLAs are trained on data from the optimisation. At the

end of the training window the states of the two agents can be compared. To account

for any divergence the optimisation is repeated from the end of the training window with

states of the agents set to equal.

In an ideal world, the optimisation window would be long and the training window

short. For example, if the optimisation window were a year long and the training window

15s there would be no state divergence. The optimisation would schedule dispatch perfectly

and the RLA would attempt to learn the PFA’s action in that timestep. The RLA would

pass information about its state to the PFA and a new year-long optimisation would begin

and so on with year long optimisations for every timestep in the year. Such a methodology

would be fairly time-consuming and computationally intensive.

Take the example of training a biomass generator supported by an ESS. As was estab-

lished in section 3.1, the best training regime uses two RLA; one learning the dispatch of

104



Figure 29: A diagram to demonstrate the optimisation and training windows. The PFA
schedules dispatch over the optimisation window (blue boxes). The RLAs are updated over
the training window (red boxes). At the end of training the RLA’s state is passed to the
PFA, which is used to reset the PFA’s environment for the start of the next optimisation
window.

Algorithm 1 Algorithm for learning QBio and QES

1: Initialise QBio, QES , σBio,0, σES,0

2: n = 1
3: while n < N do
4: Get PFA’s actions for n : n+ wo

5: Train QBio and QES (as in algorithm 2) for n : n+ wt

6: σBio,n+wt = SBio,n+wt , σES,n+wt = SES,n+wt

7: n = n+ wt

8: end while

the biomass generator (QBio(S,A)) and one for the ESS (QES(S,A)).

Algorithm 1 shows the order of gaining the PFA’s actions and training the RLA,

moving between optimisation window and training window as was described previously.

Algorithm 2 shows how QBio(S,A) and QES(S,A) were developed during the learning

step referenced in algorithm 1. It summarises all the information presented so far in this

chapter. It shows the actions for the biomass dispatch at time t (bt) and ES dispatch

at time t (et) being generated from their respective state-action value functions via the

ϵ-greedy policy. In lines 8 and 9 the rewards are generated from equation 17. The actions

for t+ 1 are generated by the ϵ-greedy policy in lines 11-17. And finally the update steps

occur with temporal difference learning, as described in equation 6.

105



Algorithm 2 Pseudocode demonstrating QBio and QES are trained together, where T
is the length of the training window. Rand(0,1) represents drawing a random number
between 0 and 1. Randin(X) represents picking a random number in the set X.

1: for t=1:T do
2: if rand(0,1) < ϵ then
3: bt = randin(B)
4: et = randin(E)
5: else
6: bt = maxB(QBio(SBio,t, B))
7: et = maxE(QES(SES,t, E))
8: end if
9: Get RBio

10: Get RES

11: if rand(0,1) < ϵ then
12: bt+1 = randin(B)
13: et+1 = randin(E)
14: else
15: bt+1 = maxB(QBio,t+1(SBio,t+1, B))
16: et+1 = maxE(QES,t+1(SES,t+1, E))
17: end if
18: QBio(SBio,t, bt)+= α(RBio + γQBio(St+1, bt+1)−QBio(St, bt))
19: QES(SES,t, et)+= α(RES + γQES(SES,t+1, et+1)−QES(SES,t, et))
20: ϵ = ϵ− 1/T
21: end for

5.6.1 Training window

For the initial case study of combined system providing FFR (paramters in table 10) the

following training windows were tested a full day, 3 EFA blocks, 1 EFA block and 1 hour.

In section 3.2 the concept of an ϵ-greedy policy was introduced, with ϵ gradually

decreasing. At the start of learning epsilon was high and thus random actions likely to

take place. At the end of learning ϵ is low and random actions very unlikely. This implies

there will be a lot of divergence in SoCs at the start of the learning process and it would

follow to use a shorter training window at the start of learning. To illustrate this the

following process was carried out for combinations of ϵ and training window length.

A training window was taken for which it was assumed the optimal ES dispatch was

0 throughout the training window. For each timestep in the training window a random

number r was drawn between 0 and 1. If r < ϵ the ES dispatch was drawn at random

from the action space and the SoC updated. Otherwise it was assumed the ES dispatch

is also 0. The setup of an optimisation window with optimal ES dispatch of 0 throughout
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is a little contrived but now the SoC divergence can be plotted. Example paths for ϵ =

0.9 and 0.1 at training lengths 1 and 24 hrs are shown in figure 30. They illustrate that a

longer training window increases divergence, as does a higher ϵ.

Figure 30: Example paths. Graphs on the left show a training window of 1 hr, on the
right 24 hrs. Orange show paths taken with ϵ = 0.1 and blue ϵ = 0.9.

.

In conclusion at the start of learning the training window has to kept short, and

towards the end of learning the training window can be relaxed to increase the speed of

the methodology.

It was decided that for ϵ = 1-0.4 a training window of an hour would be used, 2 hrs

at ϵ = 0.4-0.3 and 1 EFA block for the remainder of the time.

5.6.2 Optimisation window

Now that the suitable training windows have been established, an examination of the

optimisation window is presented. The optimisation window needs to be at least as long

as the training window and should be longer. Otherwise the PFA may make poor decisions,

especially at the end of the optimisation window.

For a training window of 1 EFA block, several optimisation windows were tested.

Figure 31 shows the difference in PFA’s actions for different optimisation windows for a

random EFA block. The EFA block (20th June 2019, EFA block 4) was drawn at random.

It shows that when the optimisation window is reduced to 1 EFA block PFA’s behaviour
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changes to empty the ESS at the end of the optimisation window. The reason for such

is as follows; the ESS managed under these conditions strategically seeks to empty its

stored charge by selling energy back to the grid. Already knowing that there will not be

a requirement to discharge in the EFA block due to a frequency trip, this ESS will sell all

its available charge instead of ‘playing safe’ and keeping its SoC at a higher level.

500 random EFA blocks were looked at and it was found that the 1 day and 1 week op-

timisation windows always agreed, the 1 EFA block optimisation window always diverged

from the others and in 16.4% of cases the 3 EFA block window also diverged from the

others. In conclusion, the 1 day optimisation window seems sufficient to capture PFA’s

behaviour in the training window.

Figure 31: Training window for 4 different optimisation lengths.

5.6.3 Training

In this subsection there is a description of the training process for developing QBio(S,A)

and QES(S,A). First of all, the frequency data was split into training and testing sets.

Only the training data was used to develop QBio(S,A) and QES(S,A), leaving a set of

testing data that the agent has never seen before and so can test the efficacy of the learnt

policy. The training set contained 80% of the full data set, comprising 01-01-2019 - 19-10-
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2019 and containing 1,681,920 data points. For testing EFA blocks were drawn at random

from the remainder of the year.

Algorithm 2 shows how QBio(S,A) and QES(S,A) were developed during the learning

step referenced in algorithm 1. In that algorithm (algorithm 2) The notation forQBio(S,A)

would become QBio(SoCt, bt, ft+1, bt+1) and QES(S,A) QES(ft, bt, et).

The order of generating actions and updating observations are important as they reflect

the interacting action and observation spaces of the biomass and the ESS as described in

section 5.5.1. At the start of 1 the initialisation sets QBio(S,A) and QES(S,A) to 0 for

every state and action, σSoC,0 to 0.5 and σb,0 to 445 MW. Table 12 shows the parameters

α and γ that were used in this study.

In section 5.3 the parameters that needed to be varied were listed. The actions of the

perfect foresight agent are represented by σ. In retraining for new parameters, σ in the

reward functions are updated with PFA’s new actions, the remainder of the methodology

is carried out in the same manner.

Learning parameters

Step-size parameter (α) 0.1

Discount factor (γ) 0.99

Table 12: Parameters used in reinforcement learning when learning to mimic the perfect
foresight agent.

5.7 Results

5.7.1 Baseline results

The initial case study with a 450 MW biomass generator etc is presented as described

in section 5.3. Contracting with a minimum part load of 440 MW, the PFA maximises

profits by operating at a constant 450 MW output, leading to a profit of £4752 for an

EFA block.
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Biomass no FFR

Average profits per EFA block (£) 4752

Biomass with FFR

Frequency trigger (± Hz) 0.2 0.15 0.1

Average profits per EFA block (£) 5170.08 5158.24 5027.56

Table 13: Baseline results for a biomass generator with no energy storage systems. Aver-
age profits per EFA block are presented for a biomass generator without Firm Frequency
Response, a biomass generator with Firm Frequency Response at varying frequency trig-
gers and at various minimum part loads

Including FFR to the initial case study immediately increases profits see table 13. The

availability price (126.94 £/hr) for providing across the EFA block should add £507.76 to

profits. That the average profit has not increased by this degree from the ‘Biomass no

FFR’ case suggests that the cost of ramping the biomass generator outweighs the income

from providing response during frequency triggers. Therefore it is the availability price

that keeps FFR profitable without an ESS.

Without an ESS, extra frequency sensitivity causes average profit per EFA block to

decline which supports the conclusion that ramping the biomass for FFR is eating into

profits. The cost of ramping outweighs any benefits from proving any extra volume in

the EFA block. This suggests that should frequency deviations become more frequent,

providing FFR will become less profitable.

5.7.2 Initial case study

In this case study, with an ES system capacity of 20 MWh, profits per EFA block are

presented in figure 32. The average profit for the RL agent was £5248.73 per EFA block,

just under the £5252.89 average profit for PFA. Discrepancies in the profit come from

more regular cycling of the biomass plant from the RL agent.

Figure 33 shows PFA and RL behaviour for a representative EFA block. The EFA

block in the diagram (EFA block 1 10-12-2019) was chosen at random from the testing

data. It contains three frequency triggers. The PFA maintains a steady biomass output

while the RL agent ramps the biomass to takeover the FFR requirement from the ESS.
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Figure 32: Scatter of reinforcement learning agent vs perfect foresight agent’s profits per
EFA block for 500 EFA blocks. Red line shows maximum where the reinforcement learning
agent matches the perfect foresight agent’s profits.

Figure 33: System frequency, required volume, energy storage and biomass dispatch and
state of charge for a representative EFA block with 3 frequency trips
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Figure 34 shows the policy for the biomass agent at an ES SoC of 0.7. It can be seen

that at a low frequency the biomass generator maintains a constant output. At a high

frequency the biomass ramps down and at 49.8 ≤ ft ≤ 50.2 the biomass ramps up to 445

MW before returning to a constant output.

Figure 34: Biomass dispatch for SoCt = 0.7 for combinations of bt−1 and ft

5.7.3 Retraining

5.7.3.1 Varying frequency sensitivity The case studies with stricter frequency

monitoring are presented in table 14, showing that profits directly gained from provid-

ing frequency response grow as more sensitive frequency triggers are contracted. The

official guidance from National Grid is that ‘The standard deviation of response error over

a 30 minute period must not exceed 2.5% of the contracted response’. Measured this way,

there is no 30 minute period over the year that breaches the contract terms even with the

highest level of contracted frequency sensitivity.

5.7.3.2 Varying tender volume Figure 35 shows the results of varying the tendered

volume. Between 1 and 5 MW there is a roughly linear increase in profits as the availability

price remains fixed and the response energy payment accounts for increased profits. Profits

Frequency trigger (Hz)
Profit gained from
providing FFR (£/EFA block)

± 0.2 5248.73

± 0.15 5255.05

± 0.1 5293.46

Table 14: Profits gained from providing Firm Frequency Response for increasing sensitivity
to frequency deviations.
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Figure 35: Profits while varying tendered volume for the biomass and energy storage
combined system

peak at 5 MW and decrease over that volume. This can be explained by noting that the

maximum power output of the ESS was 5 MW. Supplying volume over the ESS power

capacity requires the biomass generator to ramp its output and leads to a decrease in

overall profits. It can be concluded that optimally the operator can bid to provide the full

capacity of their ESS.

Above 6 MW biomass ramping restrictions stop the combined system being able to

provide the tendered volume. The system would then lose its response energy payment

and availability price and revert to the operation of a biomass generator not providing

FFR.

5.7.3.3 Varying operational biomass parameters The operational parameters ef-

fect the profits linearly as shown in figure 36 with changes in biomass opex having the

biggest impact and maximum ramping cost the least. This follows from the vast volume

generated by the biomass (all of which is subject to opex costs) compared to the relatively

small volume being ramped.

It is informative to look at the operation of the ES to see the profit impacts of varying

ramping cost and rate. As demonstrated by figure 33 at a certain SoC the biomass will

ramp to take over provision of FFR. The system does this to provide a safety net of SoC.

Then if there is a necessity to provide FFR the ESS is prepared. In the EFA block in

figure 33 during an over-frequency event as SoC passes 0.7, the biomass generator ramps

to take over FFR provision.
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Table 15 presents the frequencies at which the biomass generator takes over FFR

provision as the ramp rate and cost are varied. The upper SoC shows when biomass takes

over in an over frequency event and the lower SoC indicates when biomass takes over

in an under frequency event. Decreasing ramping cost allows for more ramping and less

dependence on the ESS. Subsequently the ESS keeps its SoC within a smaller range while

biomass provides more of the FFR. Increasing ramping cost makes ramping less desirable

and ESS provides more FFR. Despite this, the overall loss in profits suggests the increased

cost outweighs the money saved by avoiding ramping.

Table 15: State of charges during periods of providing volume

5.8 Energy storage system lifetime providing Firm Frequency Response

As was outlined in section 3.3, the lifetime of the ESS can be calculated, given the time-

series of charging and discharging generated by the PFA and RLA. The cycling of the

battery for the PFA over 2019 led to a lifetime loss of 9%. For the RLA the lifetime loss

amounted to 7%, an interestingly smaller loss than that accrued by the PFA.

5.9 Conclusion

In conclusion, a biomass generator operating alone can make a profit from FFR provided

the operator sets their availability price sufficiently high. With the realistic availability

price presented here, the biomass operator is even able to generate profit with increased

sensitivity to frequency deviations. However contracting for increased sensitivity does

not generate additional profits due to the cost of ramping. Adding an ESS makes FFR

provision more profitable. Profits are maximised when the operator sets the FFR tender

at the power capacity of the ESS. Adding an ESS also makes it profitable to contract at

increasing frequency sensitivities. This means that

1. The operator can choose to contract for smaller frequency triggers.

2. In the event that frequency deviations become more common the operator can main-

tain their contract and increase their income.
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Figure 36: Profits while varying operational biomass parameters including biomass Opex,
ramping costs and maximum ramping rate. Plotted on separate axes to show the smaller
variations for ramping cost and rate.

Increased ramping costs reduce the dependence on biomass for providing FFR while

still reducing overall profits. With even a 50% increase in ramping costs operating the

biomass generator with ES remains profitable. On the other hand, an increase in biomass

Opex of 20% results in a profit under £4752 which is the profit from operating the biomass

without ES or providing FFR. Looking at figure 36 it seems the combined system offering

FFR would pass the £4752 mark at an Opex increase of 17%. In the future further

research into the Opex should be carried out as it is an important and sensitive parameter

in determining system operation and FFR profitability.

In conclusion, though FFR is a critical service in the realm of electricity grid manage-

ment, it’s pivotal to recognise that the operational strategies and mechanisms in energy
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markets are not static. These systems must adapt over time to harness new opportunities

and address emerging challenges. Transitioning from the well-established concept of FFR,

the next chapter delves into the nuanced world of arbitrage on the BM. The link between

FFR and arbitrage is founded on the operational flexibility and market insight required

to exploit economic opportunities within the grid’s BM. Arbitrage involves capitalising

on short-term price fluctuations within the balancing framework. The skills and insights

gained from managing frequency can be pivoted to perform successful arbitrage. As energy

markets grow more volatile and renewable penetration increases, the importance of adap-

tive operational strategies becomes apparent. This evolution necessitates a shift in focus

from mere participation in grid stability to actively seeking profit-making opportunities

through strategic energy sales and purchases. Thus, as there is a transition into discussing

arbitrage, it’s clear that the operational paradigms of energy storage and grid support

services may need substantial adaptation throughout their lifetime to remain effective and

profitable in a rapidly changing energy landscape.

6 Medium-duration storage

Pupo-Roncallo et al. (2021) studied the need for MDES in 2018, finding that the installed

capacities of ES (duration >10 h, <100 h) need to scale linearly with NDR capacity. In

the study (which projects a 100% penetration of NDRs to 2050) MDES should maintain

11 TWh of capacity. The study minimises the total cost of electricity when there is a

mixture of all duration lengths. Short duration energy storage (SDES) has insufficient

power-to-capacity ratios to perform inter-day arbitrage while long duration ES has a low

turnaround efficiency for electricity. The objectives and main purpose of this chapter is

to examine the operation of an MDES starting in the year 2022 and continuing to operate

all the way to 2035. The aims are to consider if an MDES can be used over that 13 year

time period, and how this compares to the FFR operation presented previously. MDES

(defined in the literature review as between 4 - 200 hours of an energy to power ratio)

has been chosen to be studied here because of its interesting role in the FES which will

be discussed at length later in this chapter. While the mismatch between supply and

demand can be broken down into intra-day, inter-day, weekly and seasonal effects, MDES

has increasingly found popularity and is projected (including in the FES) to proliferate
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because it is needed for intra-day balancing of supply and demand. The intra-day effects

are largely credited to the diurnal cycle of solar power. Understanding this mismatch

is vital to understanding the potential value of installing an ESS. The structure of the

chapter is as follows

• In order to understand an MDES bidding on the BM, historical settlement prices

from 2022 are briefly described and analysed.

• An LPP is introduced that will make up the PFA for the MDES operating in 2022.

The relative constraints and objective function are designed.

• The RLA for 2022 is presented, with a precursor analysing how exactly the obser-

vation and action spaces were chosen.

• The FES are described in detail and the role of MDES in the FES are explored. The

main purpose of this section is to create another PFA; this one will act as training

material for the RLA acting up to 2035.

• The RLA for 2035 is presented, including a description of the training regime.

• The results compare the performance of each PFA to each RLA and addresses the

uncertainties in the previously outlined model.

• Finally there is a description of how imbalance pricing and rainflow counting can be

applied to the results. Both measures are included as they add important insights

into the ultimate operation decisions dictated by the RLAs.

• The LCOS is calculated for the results. The crux of this section reintroduces FFR

operation and compares the LCOS of both.

• The results are discussed in the context of emerging energy market reform.

6.1 Historical settlement prices in 2022

The settlement prices in 2022 had a maximum of 652 £/MWh, a mean average of 57.1

£/MWh and a standard deviation of 22.3 £/MWh. Prices went over 100 £/MWh 7,728

times. The prices were consistently lowest in settlement period 30, which lasts from 15:00

- 15:30. Acceptance of bids came most from gas and wind.
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Figure 37: The settlement price over 2022.

The system of flagging and tagging etc. that was first introduced in chapter 4 has also

been analysed for the year 2022. To reiterate, flagging is concerned with distinguishing

between trades made for energy and system balancing, where system balancing concerns

trades that meet physical constraints of the transmission grid (e.g. SO-flagging). The

number of trades in 2022 flagged for being a system trade in 2022 came to 26.9%, with

0.4% being CADL flagged (76.2% from a bids by an ESS). 82% of first stage flags were

also second stage flagged.

6.2 Establishing the linear programming problem

In order to examine the MDES arbitrage, a methodology for assessing the operation of

the CBESS with perfect foresight is first presented. The objective of this approach is to

minimise the cost to the CBESS operator, following the methodology outlined previously

and fulfilling objective O3.

max(bt − ct + dt)× pricet − bt ×Opexb − |δbt| × rc (33)

subject to

0 ≤
∑
t

(ηcct +
dt
ηd

)τ ≤ EScap (34)
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0 ≤ ct ≤ pc (35)

0 ≤ dt ≤ pd (36)

mpl ≤ bt ≤ pb (37)

−rr ≤ δbt ≤ rr (38)

where bt is the biomass dispatch at time t, ct is the ES charging at time t, dt is the ES

discharging at time t, EScap is the energy storage capacity, mpl is the minimum part

load, Opexx is the operational cost of operating a asset x, pricet is the remuneration for

power delivered to National Grid ESO, px is the power capacity of asset x, rc is the cost

of ramping a biomass plant and rr is the maximum ramping capability of the biomass

generator.

6.3 Medium-duration storage through 2022

Having established the operation of the LPP it is now requisite to describe the RLAs

that will do the learning. The RLAs are split into two groups; those designed to study

MDES through 2022 and through 2035. These will then be compared and contrasted to

demonstrate the evolving role of MDES up to 2035. The analysis ends in 2035 originally

due to the general guidance given by Oudalov et al. (2007) that the lifetime of a 20

MWh/ 5 MW lithium ion battery is 13-15 years. Subsequently, Rahman et al. (2020) and

Hossain et al. (2020) confirmed this. The RLAs in this section show similarities to those

developed in the last chapter; particularly in the sense that the two RLAs are QBio(S,A)

and QES(S,A) for both the biomass generator and ESS. First of all the observation space

of QBio(S,A) was made up of 1) Biomass dispatch in the previous timestep and 2) BM

settlement price in the previous timestep and 3) imbalance. Imbalance refers to the state of

the system i.e. whether supply outweighs demand or vice versa. It allows for the inclusion

of negative prices (getting paid to charge the MDES). For QES(S,A) the observation space

was made up of 1) SoC in the previous timestep 2) aggregated wind and solar factor in
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the previous timestep.

Both wind and solar dispatch will inform the best operation of the ES. However, to

reduce the dimensionality of QES(S,A) the wind and solar factors were aggregated in the

following way

ws =
√
w2
a + s2a (39)

where ws is the aggregated factor, wa is the normalised wind output and sa is the nor-

malised solar output. To avoid having either the wind or solar data having an outsized

impact on the aggregated factor the solar and wind outputs are divided by the mean solar

and wind output for the entire dataset, resulting in a new dataset with an average of 1.

Next is presented a justification of using an aggregated wind and solar factor in any

case. To do this there is a discussion of the peak NDR dispatch and peak load (by which is

meant all the demand across the grid). NDR dispatch peaks at some point during the day

as does load. The daily weather cycle will influence the NDR dispatch peak and may also

influence the load peak due to daily work cycles influenced by light and weather patterns

leading to increased heating and/or cooling of homes. Figure 38, wherein the FES were

examined, shows how the pattern generated by the interaction between NDR dispatch and

load profiles can create a new profile of their own. Therefore and despite not necessarily

coinciding, it would be reasonable to presume that NDR dispatch would be a indicator

for our RLA to change its own dispatch decisions. On examination of the 2022 data, the

peak load was most likely to coincide with peak NDR dispatch on days that 1) had a

combination of generally high wind and generally high solar and 2) had a combination of

generally low wind and generally low solar.

To understand why euclidean distances were used rather than the mean or other metric

consider that:

• When the numbers are very different: The mean will be somewhere midway

between the two numbers, showing a central tendency. The euclidean distance will

be large, directly proportional to the difference between the numbers. This metric

emphasises the disparity rather than a central point.

• When the numbers are very similar or equal: The mean will be very close

to or equal to the numbers themselves while the euclidean distance will be small
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Figure 38: The daily dispatch of the medium-duration energy storage fleet in Leading the
way for a winter weekday, weekend and summer weekday and weekend.

(approaching zero as the numbers become identical), indicating little to no variation

between the numbers.

As was noted days with similar distances from the average as represented by wa and sa

are more likely to have coinciding load peaks and stable prices and so it makes sense for

the state action value function to be shaped in this way.

The aggregate load exceeds 37 GW approximately 2% of the time, although the aggre-

gate load exceeds 37 GW in both summer and winter. It can be concluded from this first

analysis that the BM price may be correlated to increased NDR dispatch, specifically from

solar and wind. Pearson’s product moment correlation was used in this instance to explore

the data. Examining the correlations it is first notable that wind dispatch is more highly

correlated with BM settlement price. The inter-relationships between all three variables

were complicated. As an example the correlation coefficient relating BM settlement price

to wind dispatch, varies with the level of solar dispatch. There is also some variation when

including the breakdown between onshore and offshore wind.

Solar generally has a lower correlation coefficient to BM settlement price (other corre-

lation methods have made similar findings for previous years (see Zakeri and Syri (2015)

and Denholm et al. (2010))). One reason may be that during the night solar is consistently

low while BM settlement price continues to fluctuate to the same degree as during the
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day. According to National Grid ESO solar is more likely to be curtailed than wind (as it

is higher in the official ranking order (Operability Strategy Report (2020))). Solar dispatch

being correlated with load may explain why BM settlement price is relatively unaffected

by solar, as the BM is designed to account for unexpected fluctuations. Jiang and Powell

(2015) have reported similar effects on the US PJM

Having justified the use of an aggregated solar and wind factor, a retrospective look

at other variables that could have been used are presented in table 16. All of which can

be found with the BMRS data push API. These are consistent with the work presented in

chapter 4 in that they are used by National Grid ESO to calculate the settlement price.

Table 16: Indicators ultimately discarded due to poor correlation to settlement price.

The specifics of the value functions are presented. Again, a discretised approximation

of the value function was used with

• Biomass dispatch: 10 boxes, 440 - 450 MW

• BM settlement price: 7 boxes 0-30, 30-40, 40-50, 50-60, 60-100, 100-150, 150+

£/MWh

• SoC: 10 boxes, 0 - 1

• Aggregated wind and solar factor: 10 boxes, 0 - 1.5

The BM data was gathered for 1st January 2018 - 31st December 2022, amounting to

87,840 data points. For the 2022 dataset, the 150+ £/MWh box only contains 1.8% of

the dataset.

122



6.4 The future energy scenarios

The objectives for emission reduction as have been discussed previously have been studied

extensively by National Grid ESO in Future Energy Scenarios (2021). They have published

the FES complete with 4 scenarios for expansion of the electricity system to the year 2050.

New capacity investments required throughout GB in the long run and their dispatch

have been studied across the literature (subject to considerable uncertainty) to model the

future grid. National Grid ESO have attempted to address this exact problem with their

publication of the FES updated each year. Additionally National Grid ESO published an

accounting of their sensitivity analyses carried out as applied to the FES.

In this thesis, the modeling done by National Grid ESO is combined with dispatch

data from 2022 to show how MDES will be useful in Leading the way up to 2035. The

result is a set of predictions for 2035 that takes the intermittent characteristics of wind,

solar and demand into account and will be used in the next sections for developing the

PFAs and RLAs.

The main advantage of using the FES in this capacity is the data available on the web-

site by National Grid ESO (Future Energy Scenarios (FES) (2024)) providing capacities

of renewables, hydropower, oil, gas, biomass and nuclear. Full details of their optimisa-

tion to reach these capacities can be found on their website but are based on a series of

assumptions concerning the pathway to net zero and consumer behaviour in each scenario.

In Leading the way (the scenario focused on here) there is a strong security of supply

and economic growth. Both qualities explain the high levels of NDRs (providing domestic

supply and diversity of supply). Leading the way successfully reaches net zero by 2050

through its large NDR fleet and low societal opposition to nuclear. Other key assumptions

in Leading the way relative to this thesis are:

• A 20% energy efficiency improvements by 2030 in grid-connected energy generation

assets

• Vehicle to grid expansion adding to volume exchanges on the grid

• Little expansion of biomass capacity

• A high capacity of MDES
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• Domestic demand side response limiting intra-day peaking relative to other scenar-

ios. The response coming from a mixture of vehicle-2-grid and domestic household

appliances

There are concerns that the FES contain too many uncertainties to be useful in this

context but their use will be justified in the following section. Here, the uncertainties can

be stratified into 2.

• Stochastic uncertainties: These uncertainties describe randomness in a dataset,

they can be quantified in mathematical models given an understanding of the dataset

dynamics. In the context of this thesis they cover weather effects, demand patterns

(such as those introduced by electric vehicle charging), and unforeseen power outages

that may occur. Given reliance on NDRs in Leading the way it would be reasonable

to expect that these types of uncertainties would increase as the decade develops.

Climate breakdown and unpredictable developments in weather patterns will exac-

erbate this. As previously mentioned correctly modelling these uncertainties can be

achieved but rely on a correct estimation of the statistical parameters. The method-

ology of using an RLA handles this form of uncertainty naturally. Despite being

built on a deterministic dataset, the RLA is designed to generalise and seek un-

derlying patterns. If the RLA is successful in generalising to incorporate stochastic

uncertainties this will be shown in the test results.

• Social, economic and political uncertainties: Uncertainties in government or

other public policy. These uncertainties can be dismissed in the context of this

thesis as 1) assumptions in Leading the way meet the legal obligation across the

UK to reach net zero by 2050 and 2) Ofgem and BEIS have concluded that all

the assumptions are reasonable (Transitioning to a net zero energy system: Smart

Systems and Flexibility Plan 2021 (2022)).

Having established that the framework of Leading the way is appropriate for use in

this thesis, it is requisite to establish the methodology for exploring the specific insights

of the FES. The methodology will show how the fleet of ES in Leading the way typically

operates. The data from this will then be analysed as it will provide insights into the

PFA operation of the CBESS’ MDES. The methodology for demonstrating the operation
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of MDES is as follows for each 30 minute period (the length of one BM settlement period)

starting on 1st January

1. Demand for that half hour was taken from Leading the way

2. Historical wind data for 2022 was extracted and scaled according to the capacity

dictated by Leading the way

3. Historical solar data for 2022 was extracted and scaled according to the capacity

dictated by Leading the way

4. Capacities were dispatched according to the flowchart shown in figure 39

Finally, figure 39 shows the development of the dispatch decisions in the model of

Leading the way. Starting with the demand at time t (dt) the final supply (st) is calculated

as a combination of dispatches from the generation types dictated from Leading the way.

The demand data at time t is extracted and compared to the current modelled supply

(which will be 0 at the start of the time period). A mismatch with supply less than

demand will lead to a dispatch schedule of nuclear, wind, solar, biomass, MDES, gas and

oil in that order. The dispatch is determined by using a scaling methodology. Scaling

factors represent the ratio of capacities at two different points in time. Starting with

dispatch data from 2022 and taken from the BMRS data push API. The method is used

to determine the dispatch of National Grid ESO, given the FES capacities predicted. The

scaling methodology is simply based on the proportionate share in the capacity of each

generation type. The scaling factor was found through the division of each generation

type’s capacity by the total capacity installed. Ultimately, the scaling methodology was

chosen because of the reliability of the FES data and the open-source nature, which allows

future researchers to to understand their methodology. Additionally, National Grid did

not use a linear projection of how technologies and capacities will develop, which avoids

one of the main downfalls of relying in this type of scaling methodology and did so with

knowledge of plans for future policy landscapes and market dynamics. The FES show

interesting predictions concerning scaling factors and the subsequent mismatches.

Table 17 shows the scaling factors used in this thesis for scaling the dispatch from 2022.

MDES shows the highest scaling factor and oil the lowest. The value for wind shows a

combination calculated by National Grid ESO for onshore and offshore. The implications
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Figure 39: Flow chart for deciding the capacities dispatched.

Genertation type Nuclear Wind Solar Biomass MDES Gas Oil

Scaling factor 0.6 3.9 3.17 0.72 7.17 0.55 0.47

Table 17: Scaling factors dictated by Leading the way in 2035 compared to 2022

of halving the capacities for gas and oil are significant as they contribute a large percentage

to 2022’s dispatch pattern.

An initial example is now presented to demonstrate how Leading the way can be

explored. It comprises a whole year in order to capture seasonal effects on dispatch. The

year is divided into two seasons representing winter and summer with a typical working

day and a typical non-working day represented. Altogether there are four typical days. In

figure 38, the four representative days were displayed so that the daily profile can be easily

discerned with regard to the four seasons and differences between weekdays and weekends.

Figure 38 shows the results of the above methodology for the four representative days.

It displays the dispatch from the full fleet of MDES in GW in Leading the way as each

representative day progresses. The bars delineated throughout the day signify the 48 BM

settlement periods.

The general pattern is clear for all four days; dispatching into the grid in the morning,
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gradually switching to charging in the day and charging again overnight. The summer days

clearly exhibit a broader spectrum of settlement periods when the MDES fleet is charging.

In both seasons, the weekend shows increased volume of charging. An interesting feature

is the evening spike is discharge; most notable on the winter weekday. This comes from the

fact that solar power in the evening hours is dispatching nothing, while demand remains

relatively high. The changes in solar are also apparent across the seasons, where the switch

to discharge happens later in the day.

In conclusion, this methodology can effectively model the operation of the ES fleet out

to 2050.

6.5 Medium-duration storage through 2035

This RLA was based upon the foresight established in flowchart 39. The observation space

for QES(S,A) was made up of 1) SoC and 2) aggregated wind and solar forecast. The

observation space for QBio(S,A) was made up of 1) SoC and 2) total biomass dispatch

in the previous timestep, with a 2-D action space of biomass dispatch to ES and biomass

dispatch to the grid. The discretisations were as follows

• Biomass dispatch: 10 boxes, 440 - 450 MW

• SoC: 10 boxes, 0 - 1

• Aggregated wind and solar forecast: 10 boxes, 0 - 1.5

In both cases the reward functions are carried forward from chapter 5, namely equation

31 and equation 32. Additionally the ϵ-greedy policy is also employed, with the discount

factor and learning rate set at 0.99 and 0.1 respectively. All weights in Q(S,A) were

initialised to 0. The learning was carried out on ARC3, part of the High Performance

Computing facilities at the University of Leeds, UK.

Following the training the results were used to complete the rainflow counting analysis

with the Matlab function rainflow for counting SoC cycles. The aim of this analysis

was to capture in this chapter how operational decisions may have degraded the BESS;

effectively a loss of the BESS capacity over its calendar life. High temperatures, high

currents and high levels of cycling all affect degradation and rainflow counting address

losses due to cycling. Rainflow counting examines the maxima and minima in the SoC
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profile. The method employed 10 bins for the histogram set at 10% of the depth of

discharge. The bin size was selected as it corresponds to the discretisation used in the

observation space of the RLAs.

6.6 Results and analysis

In this section, the results of the preceding sections are presented. First of all, the metadata

produced during learning was analysed showing that the most time consuming element

of learning came during action selection and the least time consuming step the temporal

difference update itself (30.4% and 8.2% respectively).

During learning it can be of some concern that there may be variation between differ-

ent runs, leading to different learned policies. To establish some level of consistency the

training process was repeated 5 times for each RLA. For all RLAs the learning curves were

plotted during 5 attempts at learning with the standard parameters, which to reiterate

were α = 0.1 and γ = 0.99. The curves had a commensurate shape suggesting that the

state-action value functions were developing in a like manner on each run. Importantly

the curves began to plateau around the same learning step in the learning process, sug-

gesting stability. The five runs were all tested against the same 500 settlement periods.

Subsequently the range in their resultant profits was measured. The calculated average

of the these ranges showed the similarity in performance of the five runs. For 2022 this

came to 3.4 £/MWh and 5.9 £/MWh in 2035. The results showed a consistency of per-

formance, indicating that the learning would not produce a wholly different state-action

value function upon multiple runs and demonstrating reliability.

Here, the operation according to the PFA is analysed. And secondly, it is compared

to the RLA, to demonstrate that the RLA can effectively recreate the actions of the PFA.

It was found that the PFA can schedule the CBESS to make profit for the operator.

Aggregating days from summer and aggregating days from winter (representing the sea-

Year Increase in average profit since previous year (%)
2019 0.3
2020 0.7
2021 1.2
2022 1.1

Table 18: Percentage increase in average profits from the previous year.
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sons) the battery starts discharging at 6:00 am in summer and 9:00 am in winter and

reverts to charging again at 5:00 pm in the winter and 8:00 pm in summer. The pick-up

in profit year on year was minimal (see table 18)

6.6.1 Behaviour of the 2022 reinforcement learning agent

The 2022 RLA well approximated the actions of the 2022 PFA under the assumptions

discussed in chapter 4 of price taker status.

An interesting aspect of the RLAs to examine is the how the training and testing is

divided among the year of data. For example, in the training presented above the training

data was run from January 2018 and made up 80% of the dataset. This left the testing

data comprising days taken only from a single year. Therefore, training was repeated

5 times, with the 20% testing period taken from a different year each time. Otherwise,

another training was performed with days taken at random from throughout the dataset.

The various training regimes had an impact on profit across 500 test settlement periods

and on the success rate. Most notable was the relatively low profit garnered when 2020

was chosen to be the testing year, perhaps precipitated by the low demand experienced

during that year. The training regime taking random days from the dataset showed the

most uniformity and insensitivity to price spikes. Despite this table 19 shows that using

2022 as the training set produced the highest success rate. Therefore, from this point in

the thesis the RLA referred to and analysed will be the value function generated from the

2022 testing data.

The results show that the settlement periods most closely matching the PFA are clus-

tered near the lower end of the overall profit spectrum, however this lower end is also

Testing data Training data Success rate

2022 2018-2021 0.82

2021 2018-2020, 2022 0.79

2020 2018-2019, 2021-2022 0.69

2019 2018 2020-2022 0.81

2018 2019-2022 0.78

20% of 2018-2022
chosen at random

2018-2022
excluding test data

0.75

Table 19: Success rate of the reinforcement learning agents for alternative combinations
of training and testing data
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where the biggest spread of results are.

Further insights into the operation of the CBESS can be garnered from the 500 test

settlement periods. For example, considering the bottom of the spectrum, increasing the

profit per settlement period of the PFA by 50% to the middle of the graph increases the

RLA’s profit per settlement period by 76%, demonstrating the dramatic rise in the RLA’s

accuracy when imitating a higher profit settlement period. A similar phenomenon occurs

though to a lesser degree when going from 50% to 100%.

It would be reasonable to assume that the days containing the most volatility would be

more profitable but in fact the most profitable are those with a consistently high settlement

price. The shorter the periods of high settlement prices the lower the RLA’s profit.

A closer examination of the details can reveal further insights. Overall, the biomass

generator’s capacity factor was 92.3%. In cases where it is profitable, ramping up is

permissible. Daily averages of settlement price are correlated with the behavior of the

biomass generator although it is rare for high average days to occur. A big advantage of

the model is that it places a ceiling on the settlement price at which it will charge from

the grid, relying instead on charging from the biomass generator.

Now presented is an analysis of how this RLA behaves in the months since the original

work, which was focused on the year 2022. Regardless of season (as there were only 3

months to consider), a clear rule emerged which was that when the difference between

daily average settlement price and peak settlement price exceeded 20 £/MWh average

profit in each settlement period was in the top 50% most profitable settlement periods. The

place in the settlement period rankings then increased monotonically with this differential

between daily average settlement price and peak settlement price. When this differential

between daily average settlement price and peak settlement price exceeds 92 £/MWh the

improvements to profit are no longer apparent. This trend was first noted after studying

the correlation of the differential to average settlement period profit per day. A clear

advantage of this type of analysis is that many predict that the differential described here

will increase with further NDR dispatch (Akram et al. (2020), Mostafa et al. (2020)). In

2022, nuclear, coal, oil and gas prevent excessive peakiness. The 2035 RLA should shed

more light on this phenomenon. The RLA operating in January - March 2023 showed no

significant deviation from the results across the 500 test settlement periods from 2022.

The SoC was unsurprisingly correlated with the time of day. Periods of low SoC
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corresponded to late evening 19:30 - 22:00 when the MDES has been largely drained

supporting peak late afternoon demand.

6.6.2 Behavior of the 2035 reinforcement learning agent

Meanwhile, the results for the 2035 RLAs examining the MDES arbitrage in 2035 overall

have much higher profits on the scale of an extra £1000 - 2000 per settlement period.

The Mean Absolute Error (MAE) between the PFA and RLA over the tested settlement

periods came to 156.50 £/MWh, 2.45% of the mean profit garnered by the PFA across

the test settlement periods. Additionally the spread of settlement periods where the RLA

can meet the PFA are less clumped around the bottom of the range relative to the 2022

RLA.

In conclusion, MDES arbitrage has more value as the century develops by some quite

significant degree. Despite the cost of ES technologies being subject to considerable un-

certainty (Jin and Greaves (2021)) this thesis has shown that investment in an MDES

will give immediate returns on the grounds of FFR and returns will in fact grow, as the

operator switches to arbitrage, as the ES ages and the electricity system evolves to meet

its legal obligations. In tests of the settlement periods presented above the gains made by

the 2035 RLA by can be as much as an additional 41.2%.

In analysing the results of this RLA, a distinction should be drawn between two styles

of arbitrage; high-value (taking advantage of demand spikes or opportunities to charge

rapidly) and low-value (arbitraging over daily fluctuations). Low-value arbitrage has the

advantage of being more frequent and also more predictable. Evidently, high-value trades

deliver a higher instantaneous reward. Additionally it would be helpful to define days that

minimise biomass ramping called low-ramping days. The following section addresses the

uncertainties that may have influenced the results.

6.6.3 Addressing uncertainty in conclusions

It should be noted that this chapter has focused exclusively on the only FES capable

of reaching net zero by 2050, an ambitious but legally binding goal. It is important to

enumerate the few points that may reduce the profitability of the ES out to 2035 should

the assumptions fail to hold.

• Having battery storage located by synchronous generators (such as bioenergy) to
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Figure 40: Profit accumulated per settlement period for 500 settlement periods. Red line
shows theoretical maximum of the perfect foresight agent’s profits.

reduce peaks across the grid may require capital expenditure in strengthening the

distribution or transmission grid. Storage located in homes or use of electric vehi-

cles that can manage demand directly at point of use by residents may be found

financially preferable if they do not require such an expansion of the transmission

grid.

• There is little data in the FES suggesting that there may be location dependant pric-

ing though other sources have suggested this would be a pertinent measure (Schmidt

et al. (2019), Zakeri and Syri (2015)). More recently there has been an ongoing

Review of Electricity Market Arrangements (REMA) exploring the potential imple-

mentation of locational pricing. It raises concerns about potential price disparities

between regions Drummond et al. (2022).
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Figure 41: Profit accumulated per settlement period for 500 settlement periods. Red line
shows theoretical maximum of the perfect foresight agent’s profits.

• Interference by government or some public institution could change the trajectory

of technology development and change the capacities predicted in Leading the way.

Other factors may strengthen the case for MDES out to 2035 such as the case that

National Grid ESO has outlined plans to lower connection costs for generators willing to

add ES to their on-site set-up.

6.6.4 Imbalance pricing

An intriguing aspect of the analysis yet unaddressed is the imbalance pricing offered by

National Grid ESO, prices charged when a generator fails to meet its requirements. Imbal-

ance pricing works thusly; after the settlement price has been calculated it will be charged

as an imbalance price to any generator that has failed to provide its promised capacity. If

a participant has a deficit (consumed more than contracted) or surplus (produced more
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than contracted), they are considered imbalanced. Participants with a deficit will need to

purchase additional electricity to balance their position, while participants with a surplus

will receive compensation for the excess electricity they supplied. This system encourages

generators who have not made their quotas to participate in the BM if the imbalance price

is higher than the marginal cost of changing their output. In a post analysis imbalance

pricing was applied to the RLA results when the limits on the SoC meant the CBESS

could not meet its obligations. For example, in one instance the MDES was found at full

capacity and had contracted a bid for buying from the grid. In this cases the CBESS was

charged for its imbalance volume. In the 500 test settlement periods for the 2022 RLA

this happened a total of 12 times, amounting to a penalty of £498.30.

6.6.5 Rainflow counting results

In this section, results for the rainflow counting algorithm are presented for operation in

2022 and 2035 for the testing data. The SoC profile from the RLAs were obtained in

full during testing then rainflow counting began producing a count of cycles in the 10

discretised SoC boxes and a histogram of at which SoC the cycles most often take place.

The 10 discretised boxes were taken from the SoC dimension of the ES observation space.

The results showed an average of 622 cycles in each depth of discharge range in 2022 and

534 in 2035. The resultant histogram (see figure 42) showed that most cycles occurred

in the 20 - 30% bin in both years. The results agree with the work of Camuñas Garćıa-

Miguel et al. (2023) who also showed that a BESS operating for arbitrage, though in the

Iberian electricity market, would cycle most with a 25 - 30% SoC (they used a smaller

discretisation of SoC).

The amplitude of cycles tended to be greater in 2035 but, as was mentioned, less

frequent, suggesting that the CBESS was time shifting energy on longer timescales.

Table 20 shows the capacity degradation incurred in cycling ranges researched by

Gbadegesin et al. (2019). The table can be used as a guide to suggest how the capacity

of the ESS in the CBESS has lost capacity. This information suggests that on average

the battery is operating with 90.8% degradation by the end of the testing periods in both

years.

Finally, this analysis suggests an opportunity for further analysis that incorporates the

effect of battery degradation through rainflow counting.
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Figure 42: Histogram of rainflow counting in 2022 (right) and 2035 (left).

Number of cycles Capacity degradation (%)
100 100
101-500 96.3
501-1000 90.8
1001-1500 85.4
1501-2000 80.1
2001-5000 75

Table 20: The degradation of a lithium ion battery taken from Gbadegesin et al. (2019)
to demonstrate the effects of increased cycling on the technology

6.7 Levelised cost of storage

This section makes use of the LCOS as first introduced in section 2.2. For clarity the

equation for calculating the LCOS is also presented here

LCOS =
I +

∑N
n=1

Operational cost
(1+r)n +

∑N
n=1

Charging cost
(1+r)n + End of life cost

(1+r)N+1∑N
n=1

Electricity delivered
(1+r)n

(40)

showing the contributions of initial investment, operational cost, charging cost and end

of life cost, r is the discount rate and N is the lifetime of the project. The LCOS in this

section will be quoted in £/kW-yr.

Initial investment in equation 40 is quoted in £/kW, which is the unit commonly used

throughout the literature (Evans et al. (2012)). While looking through the literature for

an appropriate reference, papers were filtered to focus on grid-scale lithium ion batteries.

A combination of methodologies was found across the literature including a focus on the
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price of the physical technology and papers that abstracted to an analysis of market

economics. A few papers included the possibilities of public policies influencing the initial

investment costs as in Mauler et al. (2021). Despite the claims by some (Gür (2018)) that

the literature underestimates true battery costs, this thesis will use that body of knowledge

to set the initial investment costs in equation 40. In part this is motivated by the fact that

very little industry expertise is publicly available. After examining the selected papers,

ultimately it was decided to take the value from Cao et al. (2020) which was deemed most

relevant to this thesis because of its focus on grid-scale lithium ion batteries being used

for arbitrage between 2020 and 2025. Furthermore, National Grid ESO has outlined plans

to lower connection costs for generators willing to add ES to their on-site set-up which

will potentially lower the costs of initial investment.

The operational costs were discussed in several different papers but were ultimately

taken from Cole et al. (2016) who projected lithium ion operational costs to 2050, with 6.36

£/kW-yr in 2022 and 3.18 £/kW-yr in 2035. This coincided with the NREL general advice

that operational costs for a grid-scale lithium ion battery will come to 0.43% of the capital

costs. The charging cost was simply that charged by National Grid ESO when buying. To

work out the end of life cost He et al. (2020) was consulted which recommended a 6 £/MWh

cost for recycling materials that made up the battery, disassembly and decommissioning

(disconnection from the grid transmission system). Finally, the discount rate was set to

10% as it was set at this value for NPV calculations in chapter 5 and this provides a level

of consistency. It should be noted that some of the above parameters have only been

estimated in this analysis with the best data available.

The aim of this section is to minimise the LCOS of the CBESS, raising the possibility

of frequency regulation services to be provided followed by energy arbitrage and maximise

revenues. Across the literature publications such as Meng et al. (2020) have shown the

possibility of an MDES being effectively used for a single purpose across its lifetime.

Evidence of multiple uses such as stacking and sequencing are rare. This thesis considers

that a better use of an MDES is to change its use as it ages and nature of the electricity

market evolves.

For validation and assessment the LCOS has been calculated for the operating deci-

sions developed for the testing data in the previous sections. The goal is to be able to

model the frequency regulation and the energy arbitrage sequencing within this mathe-
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matical formulation. The LCOS is a comprehensive metric that accounts for all relevant

costs associated with energy storage, including capital expenditure, operational and main-

tenance costs, and the efficiency of the storage system over its lifetime. This makes it an

ideal choice for evaluating the economic viability of battery systems in arbitrage opera-

tions. Compared to other metrics, such as simple payback period or net present value,

LCOS offers a more nuanced understanding of the cost-effectiveness by incorporating the

temporal aspects of energy storage and usage. While NPV provides a snapshot of prof-

itability and payback period indicates the time required to recoup investment costs, neither

fully captures the ongoing cost dynamics and operational efficiency of storage systems like

LCOS does. Additionally, LCOS facilitates more straightforward comparisons across dif-

ferent technologies and storage durations, making it a superior metric for assessing the

long-term economic performance of batteries in the context of energy arbitrage.

To get the LCOS from 2020 - 2035 the value function was applied to the FES in each

year and processed through equation 40, as was the data from chapter 5.

In figure 43, the results for FFR and MDES arbitrage are shown for 2020-2035. It is

most notable in the figure that the lowest LCOS crosses from functionalities between 2026

and 2027. Given this information, it can be concluded that the CBESS operator should

switch their operational strategy after 2026. The reasons for this are many, but come, in

part, from the increasing profits for delivering the MDES arbitrage. This result hinges

on the fact that the ES purchased will have a lifetime longer than 5 years, which is a

reasonable assumption for the lithium ion battery discussed at the start of this chapter.

In conclusion, the LCOS came out at 3.09 £/kWh-yr assuming the lithium ion battery can

live to 2035. A sensitivity analysis of the results explored the affects of charging costs and

operational costs. Both parameters were varied uniformly by ± 5, 10 and 15%. The year

of crossing from FFR to MDES arbitrage remained constant at 2027 for each combination,

with the exception of increasing and decreasing operational costs by 15%. In those cases

the year dropped to 2026 and rose to 2028 respectively. The changes had little impact on

the 2035 LCOS.
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Figure 43: The levelised cost of energy storage of providing Firm Frequency Response
compared to medium-duration energy storage arbitrage out to 2035

Although several optimisation models are available in the literature, this proposed

extension provides a significant result, in particular by demonstrating that an exact year

can be projected for a profitable trade-off between FFR and arbitrage. The results suggest

that other plants such as coal and oil would also benefit from an ES installation.

6.8 Energy market reform

The RoC tax credit scheme discussed in the literature review incentivises the use of bioen-

ergy generators. The future of the RoC scheme or any such scheme that may replace it

is unclear. Presented here is an analysis of how the such a scheme would apply to the

CBESS.

The previous work has delineated arguments both for and against the deployment of a

government scheme expanding CfDs. On the one hand, the premise of this thesis hinged on

the eventual decommissioning of coal, oil and gas plants. The politically motivated green

schemes can potentially achieve this. Papers have been published to refute this argument

(Grubb and Newbery (2018)). The aim of the CfD scheme brought on by energy market

reform was to invest in load following CCGT including refurbishment and new builds

(exact capacities to be decided by the relevant government minister under advice from the

energy ombudsman).

There are avenues to making the CBESS profitable, although this depends on the

time to installing the ESS. Grubb and Newbery (2018) have claimed that to increase

investment, investors must be confident that prices are predictable in the long and short
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term with constant government policies. The development of techniques such as these

show that predictive models allow operators to change their operation in the middle of

changing political and policy landscapes. Claims that it necessarily takes a very stable

and predictable environment can be upended as is needed in a century likely to be a

characterised by upheaval. Instead operators can use changing projections to constantly

re-evaluate the best operational strategy.

The models developed could likely account for carbon pricing, such as the UK Emis-

sions Trading System (ETS). It has already been shown that this methodology can be

adjusted as projections for NDRs change.

7 Conclusion

This thesis has addressed the challenges bound to affect the electricity system in the coming

decades by suggesting techniques for the operator of a CBESS. In particular, MDES for

arbitrage and FFR have been studied. In all cases the benefits of investing an ESS have

been verified, as they increase profits from FFR and proof the bioenergy generator against

a changing electricity system.

Conclusions from the chapters 3, 4, 5 and 6 will be presented and then the links

between them discussed subsequently.

For example chapter 3 established a novel methodology for an ESS making opera-

tional decisions without foresight. The chapter started with a description of the linear

programming problem and the solver. The cplex solver (version 12.8 developed by IBM)

was justified for its speed and efficiency compared to other solvers available open source.

Chapter 3 established a novel methodology for employing temporal difference learn-

ing in the context of battery management. The chapter started with a comprehensive

introduction to temporal difference learning, detailing its mechanism for learning from

the environment by taking statistics about the world around it and updating predictions

based on the difference between expected and actual outcomes.

The rationale for using temporal difference learning was its suitability for problems

where future states depend on current actions. This methodology was also chosen for its

efficiency in processing large datasets and dynamically adjusting to changing conditions.

The chapter delved into the reward function, which it will be shown in subsequent
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chapters will be tailored to align with the specific objectives and constraints. This function

plays a crucial role in guiding the learning process. The mathematical basis for using the

ϵ-greedy policy was also presented in this chapter.

Results from the PFA showed price point dependency, a correlation between dispatch

and ES SoC and a tendency for the ESS to switch between rated charging and discharging

capacity rapidly. The chief novelty in the chapter arose from using the resultant dispatch

decisions as training data for an RLA. The success of mimicking the PFA was vindicated

by test runs depicted in the scatter plots in that chapter. At times, such as when there

are peaks of price on the BM, the RLA lost predictive power suggesting it would be better

suited to a more stable energy market. According to that chapter, the RLA can recover

10-94.3% of the PFA’s profit depending on time of day, price peaks in the settlement

period, recent frequency events and hyperparameters used to train the RLA. In order to

maintain the integrity of this thesis the full range is reported but it should be noted that

the range does not reflect the spread of the results but, in fact, the average success rates

reported in each chapter show that the 10% result is rare. Furthermore the full range is

reported because it raises further research questions that could allow more insight into

why this RLA occasionally behaves in such a way that produces a poor comparison to the

PFA. This idea is explored further in section 7.1.

At the end of the chapter, it was decided to use the rainflow counting methodology so

that conclusions about battery longevity could be drawn in the subsequent chapters.

Chapter 4 explored the flagging, classification and tagging method of arriving on a

market price for the BM. National Grid ESO makes publicly available both bids on the BM

and the resultant imbalance price, allowing for the modelling of the flagging, classification

and tagging process and its subsequent use in examining future bidding patterns. The

results of the methodology suggested that the market as it is currently configured can be

modelled successfully. The conclusions here, were that adding an RLA bid to the modelled

calculation of settlement price only impacted the final price in 7% of cases with a mean

average of 2.05 £/MWh. The results confirmed the original hypothesis that the agent

developed throughout this c=thesis can be treated as a price taker.

The method as set out in chapter 4 was effectively utilised in chapter 6 to show that

good operation of an MDES can limit imbalance positions of the CBESS to 12 out of 500

test settlement periods.
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The next chapter established the methodology applied to a CBESS providing FFR.

The aim was to articulate in detail the best operational provision of FFR for a CBESS,

receiving an availability price (£/hr) and a response energy payment (£/MWh).

The sizing of the ESS was considered carefully to avoid and under or over-sizing.

In order to do this an NPV analysis was carried out that compared the profitability of

several ESSs of varying energy to power ratios considering they could live up to 20 years.

The NPV analysis suggested that the appropriately sized ESS for the 450 MW biomass

generator used in that chapter was a 5 MW power and energy capacity 20 MWh battery

ESS giving an energy to power ratio of 4 hours. The finding of the NPV analysis bestows an

interesting place of an ESS deliberately designed for a biomass generated in the literature

when compared to those designed for wind farms. For example those designed to reduce

the curtailment of wind have generally been shown to require a longer energy to power

ratio (Zhou et al. (2011)). Analysing the results of this thesis, 87% of the BM revenues

were captured over 2-3 hours of continuous charge and discharge, perhaps suggesting a

smaller capacity ESS would be equally effective, though more considering the downsides of

going to extreme levels of SoC, too low or too high. Such a situation could incur penalties

if it hindered the ESS from responding correctly to contractual obligations.

In the following chapter, the same CBESS was used in a Leading the way scenario to

provide medium-duration storage. This setup was chosen to allow for a direct comparison

to the FFR usage and to do so the same sizing and energy to power ratios were needed.

Additionally, the 4 hour energy to power ratio fell into National Grid ESO’s published

categories for what can be considered medium-duration storage. With this setup, the

CBESS’ main source of revenue came from operating on the BM. The advantages of

operating the CBESS in this context are

1. The biomass generator can participate in the BM without prohibitively expensive

ramping. This is extremely important for fully decarbonising the grid and replacing

the fast acting load-following oil and gas that are absent in Leading the way.

2. The BM price spikes when demand is larger than NDR capacity can be smoothed out,

benefiting grid National Grid ESO and encouraging them to support new connections

of ES. This can come in the way of additional subsidies and tax credits for a biomass

generator willing to invest in ES and lowered permitting standards. These could
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come at a time when government policy may be more hostile to biomass, depending

on ultimate decisions about its green credentials.

3. The revenue of the whole combined system was increased by the edition of the ESS,

represented by profits per settlement period, in the range of 8% in chapter 5, 5% for

the MDES in 2022 and 10% for the MDES in 2035. Such variations represent only

averages of the profits per settlement period. The results confirm the work of Xie

et al. (2018) and Kintner-Meyer et al. (2012) which tracked a similar MDES to the

2050s but contrary to the results of Drury et al. (2011) which explored an MDES

operating in the US who discovered a much greater improvement reportedly linked

to higher volatility in that market. Drury et al. (2011) deliberately compared the

market to the UK. The increased volatility predicted does explain the variation in

results quoted in that paper rather than a significant disparity in the results of both

analyses.

Both chapters 5 and 6 optimised SoC restoration, and revenue, having an average SoC

in the 0.4-0.5 range. The main work to restore the nominal charge occurred at times

correlated with frequency trips, utilising charge and discharge capacity to accelerate the

SoC restoration. In chapters 5 and 6 the RLA achieved a success rate of 0.87 and 0.82

respectively. In chapter 5, the RLA struggled most in specific EFA blocks, achieving

either a high or low success rate. Meanwhile in chapter 6, the RLA was consistent across

settlement periods.

The CBESS can be used for FFR provision in an electricity grid with a low and devel-

oping NDR fleet and for medium-duration provision as NDRs proliferate. As was shown

the CBESS could continue to provide FFR in the high NDR Leading the way scenario, but

it would then be more profitable to switch to medium-duration storage. Following Lead-

ing the way’s development, the selection of when to tender for FFR and when to supply

medium-duration storage is largely dependant on how the frequency market may develop.

For example, if the system operator cannot guarantee a sufficiently high availability price

across every EFA block the CBESS should switch to working with medium-duration stor-

age. The methodology has good adaptability and can be repurposed for other power sys-

tems and explains the discrepancies in recommendations for the appropriate operational

strategies in chapters 5 and 6. The adoption of Leading the way in chapter 6 compli-
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cates the results by making them more speculative as opposed to the historical data that

formed the basis of chapter 5. Future work should focus on repurposing this methodology

as National Grid ESO continues to adjust its projections.

In conclusion and reflecting on the original research objectives set at the beginning

of this thesis. It can be delineated to what extent these objectives have been achieved.

Objectives O1 and O2 were achieved in chapters 3 and 4 respectively. The results of

objective O3 have been discussed in this chapter previously with the metric of success

rate being used to indicate how well the objective was met. The objective called for the

ability to maximise profits so in this sense the objective was not met but was met to the

extent that it could be when including the uncertainty of future events. The success rate

fulfilled the objective set out in O4.

An examination of O5 showed that at least two helpful case studies were identified

detailed in chapters 5 and 6. Both case studies fulfilled the objective as they focus on a

CBESS in two separate markets. The only failure to fulfill the objective came from the

mandate to examine a variety of technologies whereas it was found ultimately more useful

to follow the same technological setup through both chapters. Using the same 450 MW

biomass generator and 5 MW / 20 MWh ESS allowed for the analysis in chapter 6 looking

at when to change operational strategies.

It is worth commenting on how the results of this thesis met and did not meet initial

expectations. The initial expectations were that the ES would help maintain the biomass

generator particularly through times of electricity market reform. The motivation behind

the thesis hung off the prediction that the biomass generator would benefit from this

installation. The actual results confirmed the initial hypothesis, first of all with the 2019

FFR provision and secondly with the MDES revenue out to 2035. In the first example,

the ESS was found to increase profits in 91% of the tested settlement periods and reduce

ramping in 73% of the settlement periods (compared to the biomass generator providing

FFR by itself). Chapter 6 also confirmed the hypothesis in the long run, with biomass

ramping reduced. One point, unexpected at the start of chapter 6, was that there was still

significant ramping in the winter months of 2023 as solar is subject to seasonal constraints.

This point provides a need for further research with respect to ensuring a seasonal storage

of biomass to burn as ramping requires more fuel per MWh. The consideration of fuel

supplies is one limitation of the research presented throughout this thesis.
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7.1 Future work

There are broad implications of this research, especially in the following areas which will

then be expounded upon:

• Relevance to the field: The methodology fills a gap in the literature as the

perfect foresight was established, addressing the specific points raised by Raineri

et al. (2006), Tan et al. (2021) and Mitkovska-Trendova et al. (2014).

• Practical applications: The thesis has shown practical applications as the method-

ology can be employed by operators to manage their assets. Furthermore, it can

inform political bodies designing policies to send clear price signals to investors.

• Impact on future research: The methodology has opened up the potential for

research in a series of electricity markets.

Addressing item 2, an addition to aiding the practicalities of this work would be to

include in the LPP complexities (such as the non-linearity in self-discharge, round-trip

efficiency and optimal cycling depth for a BESS). This, for example, would greatly affect

chapters 5 and 6. In this case the PFA teaching the RLA would have to take some form

other an LPP. Further technical considerations would affect the practicalities; the choice

of storage method, transmission connection costs, the possibility of several smaller ESSs

with a much higher total capacity working in tandem.

In chapter 6 the power output from 2022 was scaled for the capacities in 2035. For

one, this assumption implies uniform wind patterns across the country or that any new

capacity experienced the same weather events as the capacity already installed to 2022.

This reflects a distortion of the practical implications of additional capacity; the same

applying to additional capacity of solar power. Exacerbating the problem in terms of wind,

the capacities retain the onshore/offshore ratio of wind, when offshore wind is expected

to expand more rapidly (Future Energy Scenarios (2022)). Future research could include

projections of possible future builds and incorporate this into this model.

Finally, repeating a single year’s training data can be detrimental to the performance

of an RLA due to the inherent variability in weather patterns. Training an agent on data

from just one year fails to capture this variability, leading to an overfitting problem where

the agent performs well under the specific conditions of the training year but struggles
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to adapt to different or extreme weather patterns in other years (Collins et al. (2018)).

Therefore, incorporating multiple years of training data is crucial for developing a RLA

which can be addressed in the future.
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