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Abstract

Climate change concerns are encouraging the international community to adopt policies to
decarbonise the energy system by increasing the reliance on renewable energy sources (RES).
Battery energy storage (BES) is widely recognised as a key to resolving RES’s intermittency
by providing several grid services. However, large-scale deployment of BES on EU energy
networks is hindered due to regulatory and market barriers that prevent it from stacking
multiple services across different markets. Nevertheless, there is a lack of understanding of the
impact of battery degradation on its business case. This thesis aims to inform the integration of
BES in electricity networks considering the impact of battery degradation on battery revenue
when providing power/energy services in the capacity market (CM).
The inaccurate assessment of battery degradation when providing CM services may result
in: i) choosing a less-profitable battery de-rating factor; ii) increasing the exposure to penalties;
iii) increasing the maintenance cost for the battery owner; and iv) affecting energy security in
decentralised local energy networks. This work contributes to solving these issues by
accurately modelling battery degradation and consider battery degradation cost as a deciding
factor in choosing de-rating factors in the CM. Accurate physics-based battery models (PBMs)
are formulated and validated to quantify the degradation costs for batteries in the CM. The
model improves on the previous techno-economic studies by formulating a pseudo-twodimensional (p2d) PBM coupled with a degradation model representing three lithium-ion
battery degradation mechanisms. Therefore, battery profitability in the CM can be assessed in
advance of participating in the CM auction leading to maximise revenue, minimise cost and
time.
The key findings of this thesis are: i) battery degradation cost can significantly impact the
overall revenue in Great Britain’s CM, affecting the profitability for all the de-rated batteries;
and ii) battery PBMs can accurately predict calendar and cycle degradation battery conditions
for a wide range of battery temperatures (from 5C ̶ 45C) and SoC levels (20 ̶ 100%)
compared to other models substantiating the business case for the batteries in the CM. For
instance, the profit for the 1h de-rated battery at 25C can reach nearly £3738 using the PBMs
compared to £2550 using the empirical model at the end of 1-year CM contract.
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Chapter 1

Introduction

This chapter introduces the main concepts of this work and defines its aim and objectives.
Section 1.1 introduces the focus of this thesis, explaining the key factors affecting the business
case of batteries. Then, the electricity markets where batteries can provide their services are
introduced in section 1.1.1. Section 1.1.2 explains the operating principles of lithium-ion
batteries (LiBs). Section 1.1.3 explains qualitatively how battery performance deteriorates
during battery lifetime and the effects of battery ageing on its business case. Section 1.1.4
describes the main battery modelling approaches used in this work. Section 1.2 provides an
example of battery operation in the CM and how battery degradation affects the power/energy
provided. Section 1.3 states the aim and objectives of this work, while section 1.4 explains the
methods used to achieve each objective. Section 1.5 gives the funding, awards and publications
arose during this PhD study. Finally, section 1.6 gives the thesis outline.
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1.1

Introduction

Focus of this study

The threat of climate change due to global warming encourages many countries to adopt
policies to increase the reliance on renewable energy sources (RES) in their electricity
networks. European Union (EU) policies require European countries to increase the energy
produced by RES to 20% by 2020 and to 27% by 2030 [1]. The total world renewable energy
generation capacity increased by 14.5% in 2019 [2]. The intermittent nature of RES [3], along
with fast energy demand growth [4], raises considerable energy security concerns [5,6]. Driven
by such concerns, several multidimensional approaches are used to ensure adequate and costefficient power systems. These include enabling innovative technologies such as energy
storage (ES) [7] and enhancing system operation [8].
Several grid-scale ES technologies have emerged to balance energy supply with demand,
accelerate the deployment of RES, and defer investment in peak generation. These include
conventional technologies such as Pumped Hydro Storage (PHS). Unconventional ES systems
such as battery energy storage (BES) benefit from flexible sizing and geographical location
compared to conventional technologies. Batteries can be easily connected to the distribution
and transmission network or integrated with a generation asset.
The deployment capacity for grid-scale BES (such as LiBs) is rapidly growing due to capital
cost reduction and energy density improvements [9]. The capacity of grid-scale LiBs vary from
few megawatt-hours (MWh) to hundreds of MWhs, with the world largest operational battery
capacity reached 1.4 GWh in 2021 [10].
The main advantage of batteries lies in their flexibility in providing services in different
markets such as wholesale, balancing and capacity markets (CMs). LiB business case is subject
to regulatory decisions [11] and managing battery degradation [12]. One example of the adverse
effect of the regulatory decisions on the battery business case is the double-counting of tariffs
paid during battery charge and discharge [13]. Therefore, the focus of this work is to assess the
business case of LiBs by analysing the market and regulatory barriers on one hand and
modelling battery degradation when participating in the CM on the other hand.
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LiBs provide services in electricity markets and receive revenues. While providing these
services, battery degradation affects LiB lifetime. Battery degradation is represented by
degradation models and carry a monetary value called ‘degradation cost’ that affects battery
profitability. This profitability is also subject to regulatory intervention and market decisions.
The degradation models usually coupled to a battery model and describe some of the battery
ageing mechanisms. An overview of these models and the electricity markets are given in the
next sub-sections.
This work also quantifies the effect of battery degradation when providing energy arbitrage
services in the wholesale market together with the CM (see section 5.5.1). This is because
battery owners are likely to be interested to provide multiple services in different markets
simultaneously to maximise the revenue. However, since most of the previous literature efforts
focus on battery services in the wholesale and balancing electricity markets, this thesis mainly
considers the CM as battery assets are increasingly bidding in this market auction. Although
the thesis's focus is confined to the EU and Great Britain (GB) electricity networks, the insights
provided can be transferable to other regions.

1.1.1 Electricity markets
The liberalisation of the electricity sector took place in many countries to stimulate
competition in electricity trading. Competitive power markets or wholesale markets have been
established where producers, traders and customers can buy or sell energy. Since the electricity
commodity cannot be stored in large amounts, trading of power can span over different
timescales ranging from years ahead (bilateral contracts) to intra-day. This also means that
electricity supply and demand must be balanced instantly by the grid operator. The ‘Balancing
Mechanism’ market allows the grid operator to balance the system by accepting offers and bids
on short notice in exchange for balancing services such as black start and frequency response.
While the above markets may ensure short-term security of supply, they may not ensure
resource adequacy in the long-term. The reliability of liberalised electricity markets has been
questioned due to energy demand increase, decommission of conventional power plants (for
example, coal plants), and the steady growth of RES. In particular, many policymakers argue
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that the current energy-only markets may not ensure resource adequacy because of the
assumption that the markets always clears (quantity supplied = quantity needed) [14].
Capacity remuneration mechanisms (CRMs) have been introduced to mitigate the energy
security challenges associated with energy-only markets. This is done by providing a ‘capacity’
revenue stream to create investment certainty for new or existing generators. Generators
receive payments for being available to generate certain amount of electrical power in MW
during electricity peak demand. This additional revenue stream is seen as a replacement to the
‘scarcity price’ that generators supposed to earn during peak demand periods but otherwise
capped low by market regulators. The main CRMs, as depicted in Figure 1.1, can be ‘marketwide’ or ‘targeted’ in which a specified capacity is selected within the market.
In the CM, generators first bid the amount of electrical power (i.e., capacity) they can provide
in an auction to get a capacity agreement. If successful, they will start receiving payments per
MW committed for the contract period. If a system stress event occurs, they commit to provide
the contracted power in certain times (energy provided). If generators provide more energy
than they have committed, they receive overpayments. Thus, CMs are both power and energy
markets (although mostly power) created to provide long-term investment certainty in
electricity supply with the aim of reducing the energy cost for customers. CMs are the most
popular choice amongst the CRMs, which is usually a market-wide and quantity-based
approach.
A well-designed CM determines the adequate level of supply capacity. This can be done by
designing a capacity auction for generators to determine the scarcity price required to secure
an adequate capacity level. The CM auction clears by maximising consumer and producer
surplus, as shown in Figure 1.2. The capacity level is set usually by the regulator in order to
reduce the number of shortage hours. The auction discovers the true value of the scarcity price
corresponding to the optimal level of capacity, while the regulatory intervention is limited to
only controlling the level of the capacity needed. The CM auction is open to new and existing
generators, including batteries. Some studies found that batteries can enhance their business
case by participating in the CM [15].
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Capacity Mechanisms
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Targeted

Quantitybased

Price-based
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Capacity
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Decentralised
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Targeted
tender

Figure 1.1 Main types of capacity remuneration mechanisms.

Generators participating in CMs worldwide are required to bid their amount of firm capacity
as a percentage of the generator’s total capacity [16]. The calculation of each generator's firm
capacity is subject to the average generation for each generator during shortage events (SEs),
whether the plan is dispatchable or has a limited capacity as with batteries. In GB’s CM, a derating factor is assigned for each generator representing the generator's firm capacity. The
higher the de-rating factor, the higher the generated plant capacity during SEs.
If the CM generator has a limited capacity as with LiBs, the generator’s owner should
determine in advance the amount of the firm capacity it can offer. Optimising the battery to
minimise battery degradation is vital when choosing a suitable de-rating factor and providing
CM or other services. We use the de-rating factors as a representative of the firm capacity
offered by LiBs. Four battery de-ratings are chosen (0.5 hours, 1 hour, 2 hours, and 4 hours)
because they are the most popular choices for the current batteries in GB’s CM (see section
3.4.2.4).
In this work, GB CM regulations are followed in which the battery has four-hour notice to
deliver the required capacity obligation making it reasonable to assume that the battery can be
fully-charged to deliver the energy when needed. Therefore, a half-cycle for charging the
battery must always be counted for degradation cost analysis purposes.

Strategic
reserve
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Figure 1.2 Producer and consumer surplus concept

1.1.2 Operation of lithium-ion cells
The LiB cell contains positive and negative electrodes with a separator in between, as shown
in Figure 1.3. Both electrodes have a porous structure to allow insertion and extraction of
lithium-ions. The cell is soaked in an electrolyte that provides ionic conductivity. During cell
discharge, the negative electrode releases electrons into the external circuit and the ions
transport through the electrolyte to be intercalated in the positive electrode material. This
process is reversed during the cell charge process. The current collectors at both electrodes are
used for electrical current conduction during charge and discharge.
The power generated by the LiB cell is directly related to the materials used in both
electrodes and the electrolyte. Graphite is the dominant negative electrode material, although
Silicon is a promising alternative [17]. The positive electrode has a variety of material choices,
including Lithium Cobalt Oxide (LCO), Nickel Cobalt Aluminium (NCA), Lithium
Manganese Oxide (LMO), Lithium Iron Phosphate (LFP), and Nickel Manganese Cobalt
(NMC). The electrolyte comprises salt dissolved in a solvent such as ethylene carbonate.
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Figure 1.3 Lithium-ion battery operating principles during charge and discharge [18].

LiB cells usually grouped to form battery modules and packs to deliver high power. The cells
can be grouped in series and/or parallel to increase the voltage and current. For instance, a 2
MW/1MWh grid-connected LiB can be formed of 21,120 cells [19]. Economic, safety and
lifetime factors determine the series/parallel cells configuration. Estimating the available
energy and power is critical to the battery owner to control the battery's charge/discharge
process and maintain battery lifetime. The below LiB definitions are related to power/energy
estimation:
•

Current-rate (C-rate): A number represents the rate at which the battery can be
charged/discharged relative to its maximum capacity. If the nominal battery capacity
is 53Ah, then 2 C-rate discharge means the current is 106A sustained for half an hour.

•

State of Charge (SoC): represents the amount of charge available in a battery relative
to the nominal battery capacity. The SoC can be estimated based on the average
concentration of lithium in an electrode.

•

Depth of Discharge (DoD): represents the amount of charge that has been withdrawn
from the battery relative to the nominal battery capacity.
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•

State of Health (SoH): is a measure of the current battery conditions compared to its
original state at the beginning of its life. The SoH metric can be quantified based on
the capacity loss or the resistance increase of the battery cell, although they may yield
different results. The SoH is a significant parameter for the battery when participating
in the CM since it affects the available capacity over battery lifetime. If for instance,
the available capacity is less than the contracted, the battery provider may receive
high penalties, or the CM administrator may terminate the contract. Power fading
can also reduce the amount of delivered power in the CM shortage periods which
results in penalties.

•

Battery cycle: A full 100% DoD, discharge-charge cycle.

•

Battery Capacity: The total ampere-hour available after discharging the battery from
100% SoC to 0% SoC under the battery manufacturer's nominal conditions.

1.1.3 Battery degradation
The lifetime of LiBs is affected by several degradation mechanisms. Some of these
mechanisms are solid-electrolyte interphase (SEI) growth, active material (AM) loss, surface
cracking, and lithium plating, as depicted in Figure 1.4. These mechanisms are influenced by
different battery operating conditions and may co-occur. The following sections discuss the
principles of some of the degradation mechanisms considered in this study.
When LiB cell ages, its total capacity decreases, and its equivalent resistance increases. The
loss of capacity referred to as capacity fade (CF), while the resistance increase referred to as
power fade (PF). Quantifying CF and PF is critical to inform the battery user about their
consequences, such as estimating the range of electric vehicles. This qualification is also
essential for the battery management system in terms of safety, diagnosis, and control.
LiB CF or degradation can be expressed in monetary terms such that it can affect the overall
profit (i.e., the revenue from providing battery services minus degradation cost). The battery
capacity cost can be calculated by dividing the battery capital investment cost by the installed
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capacity. The resulting cost is expressed in £ per Ampere hour (Ah), which can be regarded as
the battery capacity degradation cost as detailed in section 4.6.
Only CF is considered in this study when quantifying degradation cost for LiBs for two
reasons. First, the non-linearity observed in PF estimation when quantifying resistance increase
limits using it for degradation cost analysis [20]. This is because the LiB cell resistance
measurement is sensitive to temperature, SoC, and the time step used. Second, in the CM
application or even in other applications, it is not expected that LiBs deliver high power above
2 C-rate [12].

Figure 1.4 Some of lithium-ion batteries degradation mechanisms [21].

1.1.3.1

Solid-electrolyte interphase layer

The SEI layer growth is regarded as the most pertinent degradation mechanism in LiBs [22].
This layer is formed when lithium-ions reacts with the electrolyte components at the anode
surface during a ‘side-reaction’. Throughout the LiB cell's lifetime, the SEI layer thickness
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continues to grow, increasing cell resistance and leading to PF. The consumed ions during the
side reaction no longer participate in the main LiB reaction, leading to CF.
The SEI layer growth rate is dependent on the materials used in the electrodes and the
electrolyte [23]. A previous study found that the SEI layer thickness can be in tens of
nanometres and adds cell impedance in the range of 10 − 100 Ω cm2 [24]. The SEI layer
growth is also predicted to increase at higher cell potential and temperatures [25]. The SEI layer
can influence other degradation mechanisms such as AM loss and lithium plating [26,27].

1.1.3.2

Mechanical fracture

Mechanical fracture in battery electrodes can occur due to external and/or internal abuse.
External battery abuse includes compressing the cell or applying an external heating source
[28]. Internal abuse occurs due to the mechanical stress applied to the electrodes during volume

expansion/contraction. The internal abuse can be detrimental if the LiB anode uses Silicon as
it can expand by 400% [29]. The mechanical fracture can break the SEI layer, thus exposing
fresh electrode materials to the side reaction. This accelerates the rate of lost lithium-ions
leading to CF [30]. The mechanical fracture can be minimised by lowering the volumetric
expansion (i.e., lower DoD range) of the graphite electrode or adding other materials [31].

1.1.3.3

Active material loss

As seen in Figure 1.4, the AM loss describes the loss of certain parts of the electrode material,
leading to lithium ions' loss. AM loss can result from several degradation mechanisms. For
instance, gaseous CO2 in the positive electrode can block the electrode pores, thus preventing
lithium-ions from intercalating into the negative electrode material [32]. Instead, those lithiumions have no way but to participate in the SEI layer growth side reaction. The mechanical
fracture can also result in AM loss, as explained in the previous section.
Other degradation mechanisms such as lithium plating, electrolyte decomposition, structural
disordering, metal dissolution and binder decomposition are observed for LiBs, but these are
outside the scope of this thesis as they have minimal effects considering the power/energy
requirements for batteries participating in the CM [33].
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1.1.4 Battery modelling
A battery model is used to predict the current and future battery internal states such as SoC
and SoH. It is a core part of a battery management system to ensure safe and optimal operation.
Some of these states, such as the SoC, are needed as input parameters to most degradation
models. The current commonly used LiB models are equivalent circuit models (ECMs) and
physics-based models (PBMs). The most popular PBMs are the pseudo-2-dimensional (p2d)
model and the single particles model (SPM), a reduced version from the p2d model. Figure 1.5
compares battery performance predictability and the computational cost for the ECM, SPM
and the p2d model.
The ECM uses a combination of electrical elements such as resistors and capacitors to predict
battery performance. It is widely used in battery management systems for online state
estimation because it is computationally efficient. The model parameters (i.e., the values of
resistors and capacitors) are fitted based on the empirical knowledge generated from the
experimental battery data. In an ideal ECM, the parameters which are included in look-up
tables, should be function of the temperature, SoC, C-rate, and SoH (i.e., degradation).
However, despite its computational efficiency, the ECM generate limited knowledge about
battery states and requires significant amount of experimental data [34].
PBMs directly describe the chemical and thermal processes of LiBs based on
electrochemical principles and material conservation laws. The PBM describes the LiB
performance using coupled partial differential equations (PDEs). The model delivers insights
into internal battery dynamics, such as lithium-ion diffusion and concentration. This creates
the possibility to extrapolate for battery states outside of the experimental dataset used to
parametrise the model. While PBMs greatly enhance SoC and SoH estimation, they require
intensive computational time to solve the PDEs. This limits their use in battery management
systems [35]. Research efforts are underway to reduce the order of the PBMs to make these
suitable for online implementation [36].
Battery degradation or lifetime models are used to predict the SoH of the battery at different
operating conditions. These models can be empirical, semi-empirical, physics and machine
learning [21]. Empirical degradation models are parametric functions fitted based on
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experimental data. Physics degradation models usually coupled or added with the PBMs
described above to increase model fidelity and describe specific ageing mechanisms. Semiempirical models are parametric functions, but the parameters retain specific physical meaning,
such as using Arrhenius law to describe temperature changes. Machine learning models use
artificial intelligence methods to fit large dataset similar to empirical models but with greater
flexibility. Some examples of these models are reviewed in Chapter 2.

Figure 1.5 Predictability and computational time for battery modelling approaches.

1.2

Example of battery operation in capacity markets

Suppose that a 2MWh battery opts for a 4h de-rating factor. According to CM regulations,
this battery should be committed to discharging at its chosen connection capacity (say 0.5MW)
for 4 hours continuously. This means the battery can ideally discharge from 100% SoC to 0%
SoC at 0.25 C-rate such that delivering 0.5 MW in each hour. When possible, the battery owner
is incentivised to choose higher connection capacity or discharge power to get overpayments
which can be substantial revenue amounts [37]. Assuming that the de-rating factor 𝑘𝑑𝑒 for this
battery is 96%. Then, the de-rated capacity 𝐶𝑑𝑒 can be calculated as 0.96*2 MW which gives
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1.92 MW. Based on this 𝐶𝑑𝑒 , and assuming a CM clearing price of £10000/MW, the baseline
revenue in the CM for this battery can be estimated by multiplying 1.92 MW* £10000/MWyear, which gives £19200 per year.
Then, in each half an hour, the delivered power from this battery must be estimated to see if
the capacity obligation (𝐶𝑜 ) is met. 𝐶𝑜 is function of the peak electricity demand and other
factors, but for simplicity assuming its value being 1.92 MW. Thus, if the SoH of the battery
is 100% and the SoC of the battery is checked to be 0% after four hours, the battery has
delivered the total 2 MW. As such, the battery must be eligible for an additional overpayment
of 2 MW -1.92 MW = 0.08 MW which is then multiplied by £10000/MW-year. However, when
battery degradation is considered throughout the CM contract, it is not guaranteed that this
battery will always deliver its 𝐶𝑜 which can result in penalties or affect the de-rating factor
chosen. For instance, the battery owner might consider a lower de-rating factor to receive more
overpayments and reduce the exposure to penalties. The same logic applies to other de-rated
batteries.

1.3

Aim and objectives

This thesis aims to assess the business case of batteries when providing services in the CM.
The key factors that support or inhibit battery business case are linked to the wider market and
regulatory aspects on one hand and battery degradation on the other hand. The following
objectives were achieved to meet this aim:
1. Identifying the gaps in the literature related to the regulatory and market barriers for
batteries on EU and UK energy networks. (Addressed in sections 2.1-2.2 and Chapter
3).
2. Investigating the effects of battery degradation cost on battery de-rating factors and
battery profitability in the CM. (Addressed in Chapter 4, and the results are presented
in section 4.10).
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3. Developing a more accurate quantification method of battery degradation cost and
optimising battery de-rating factors in CMs. (Addressed in Chapter 5).
4. Investigating the validity of the physics-based modelling approach to the sensitivity
in CM parameters and the addition of another battery service. (Addressed in Chapter
5 in section 5.5).

1.4

Methodology

To achieve objective 1, a literature review is firstly conducted to review the regulatory and
market barriers for batteries focusing on the EU and UK energy networks. This is supported
by qualitative reports from regulators and industrial bodies. Secondly, considering the
interlinked new market and regulatory changes and the need to inform batteries' business case,
a qualitative SWOT (Strengths, Weaknesses, Opportunities, Threats) analysis method is
chosen. It is used to analyse how the newly proposed regulatory changes, such as employing
new CM de-rating factors, affect batteries' business case (see section 2.2).
The internal factors of the SWOT analysis (Strengths/Weaknesses) are the direct regulatory
and market changes proposed by energy regulators that affect batteries business avenue.
External factors (Opportunities/Threats) are assumed to affect batteries business potential
because of the indirect aspects beyond the stated market and regulatory changes. The SWOT
analysis inputs are reports from EU and UK energy regulators, industry consultations reports,
and recent literature resources.
One of the SWOT analysis outputs is the treatment of batteries in the CM when new battery
de-rating factors have been introduced without accounting for battery degradation. Therefore,
objective 2 is achieved in two steps. First, the current LiB modelling and degradation
approaches are reviewed (see sections 2.3-2.5). Second, two degradation models (empirical
and semi-empirical) are formulated and compared against each other to quantify battery
capacity loss at different operating conditions for each de-rated battery. Both models are
coupled to battery ECM using MATLAB to ensure reliable results. The choice of the
degradation models' parameters has been informed by analysing some experimental battery
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data (see section 4.3 and 4.7.1). All the used models are validated against experimental data
published by trusted sources.
During the CM contract period, the revenue for each battery is calculated according to GB’s
CM rules. The degradation cost is calculated according to battery capacity loss from the two
battery degradation models and linked to battery capital cost. Using the above modelling
approach, dubbed as ‘the empirical approach’, one can investigate how the degradation cost
affects each de-rated battery's revenue for most operating conditions. It can also be used to
optimise the profit for each de-rated battery.
To achieve objective 3, a p2d PBM is formulated using COMSOL software and coupled to
a physics-based degradation model to quantify battery degradation cost for the de-rated
batteries in the CM. This allows a fair comparison between the two model approaches since
the same battery cell and type are used. The physics models improve the empirical approach
as they allow extrapolating for nearly all battery operating conditions. This help generalises the
method suggested in this work to inform the business case of batteries in the CM. The physicsmodels parameterisation is done in COMSOL using the Levenberg-Marquardt method, and
some parameters are obtained from literature resources.
Finally, to achieve objective 4, a sensitivity analysis method is conducted with the same
physics modelling approach to provide insights into battery profitability when providing
energy arbitrage in the wholesale market. It is then used to quantify the effects of changing
some of the CM related parameters on battery profitability. The data for these changes are
obtained from the GB network system operator (National Grid) and the electricity market
platform (Nord pool group).
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Thesis outline

Chapter 1 (Introduction) has introduced the main topics related to the scope of this thesis,
such as electricity market fundamentals including the CM, LiB working principles, battery
modelling, degradation mechanisms and degradation cost. Then, this work's aim and
objectives, along with the thesis methodology, have been introduced.
Chapter 2 (Literature review) analyses the previous work in the field, illustrating the lack
of the analysis of the new market and regulatory changes on BES business case. It also shows
that battery degradation was not adequately accounted for when modelling batteries in the CM.
Chapter 3 (Energy storage: barriers and enablers) presents a SWOT analysis of the
effects of the market and regulatory changes on the business case of BES, including the changes
in the CM design concerning batteries.
Chapter 4 (Battery degradation cost assessment in the capacity market) presents the
empirical degradation modelling approach when assessing LiB profitability in the CM. The
first parts of the chapter introduce the method used and problem setup to perform such analysis.
Then, from section 4.10 onwards, the empirical results are discussed.
Chapter 5 (Physics-based modelling of batteries in the capacity market) improves the
battery profitability analysis performed in Chapter 4 by formulating PBMs and compares the
empirical degradation approach with the physics-based approach. It then presents a sensitivity
analysis for the main CM design parameters and tests this modelling approach by providing
additional battery energy arbitrage service.
Chapter 6 (Conclusions and future work) provides the key conclusions based on this
work. It also discusses the limitations of this work and suggests areas for future work.
Appendix A (Battery experiment setup) presents the experimental setup, the cells testing
protocols, and cells specifications for the degradation analysis done in section 4.10.1
Appendix B (Active material capacity loss equation) presents the detailed derivation of
the AM loss equation of the semi-empirical degradation model.
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Appendix C (Parameter estimation and models implementation) presents some of the
processes used to estimate different models’ parameters and the implementation in MATLAB
and COMSOL.

Chapter 2

Literature review

This chapter first discusses the types of ES technologies and their benefits for electricity
networks focusing on BES prospects. It then reviews existing markets and regulations and their
impacts on the business case for BES. Focusing on the effects of battery degradation
on LiB business case in the CM, this chapter illustrates that current approaches to modelling
battery degradation are limited and need to be considered more accurately. In doing so this
chapter identifies the gap in the previous literature that the research presented in this thesis
fills.
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Literature review

Battery storage benefits in electricity networks

ES devices convert electrical energy into another form of energy that can be stored and
converted back to electrical energy again when needed. The main types of ES systems can be
categorised based on their storage form, storage size, and discharge time, along with their
applications, as illustrated in Figure 2.1. For instance, Pumped Hydro Storage (PHS) provides
bulk power management generally associated with large electricity generation plants. A short
description of each type of ES technologies is given in Table 2.1. The business case of each ES
technology depends on its capital cost, governing regulations, intended applications, and the
ability to stack multiple revenues by providing several services [38-40].
Table 2.1 Description of the main energy storage technologies.
Energy Storage Technology Type
Mechanical

Description
Gravitational and kinetic forces can be utilised to store
the input energy. Mechanical ES includes pumped
hydro and compressed air for long-term storage along
with flywheels for short-term storage.

Thermal

Thermal energy can be stored at low or high
temperatures. Cryogenic ES is one example of lowtemperature thermal ES used to provide electricity in
industrial buildings.

Electrochemical

Energy is stored in a chemical form. It is the most
popular ES category. It includes a range of
electrochemical batteries such as lead-acid and
lithium-ion along with flow batteries.

Hydrogen

Where hydrogen fuel is stored and converted into
electricity as in fuel cells

Electrical

An electric field between two electrodes is stored
without chemical reaction as in the case of
supercapacitors.
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This work is mainly concerned with BES, particularly LiBs, analysing how market and
regulatory changes affect ES’s business case. LiB installation on electricity networks is
exponentially increasing, reaching 1.62 GW in 2016 with the largest battery size reached 1.4
GWh in 2021 [10] [41]. BES is selected amongst other ES technologies due to four reasons
(discussed in more details below). First, BES is the most popular type of ES, as seen in Figure
2.1. Second, unlike other technologies, BES can provide services across all the electricity
network ranging from short-duration power supply to bulk power management. Third, BES’s
capital cost is expected to decrease over the next years to reach $70/kWh by 2030 [42]. Fourth,
BES’s business case appears to be more economically viable in the future as it can provide
multiple services simultaneously to the electricity network.

Figure 2.1 Classification of energy storage systems by storing energy, power capacity, discharge time,
and applications, adopted from [43].
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Some network operators rely on BES’s services to ensure grid reliability. Examples of
different services provided by BES are peak shaving [44], energy arbitrage [45], reserve capacity
[46], frequency regulation [47], black start [48], load-levelling [49], distribution network upgrade

deferral [50], and vehicle to grid services [51]. Many distribution network operators (DNOs) in
the UK have successfully piloted several battery technologies for different grid applications
such as peak shaving, voltage support, and renewable constraint management [52]. In 2017, 129
MWh LiB was used to provide 100 MW bulk power management for the electricity grid in
South Australia [53]. The purpose of that battery is to integrate a large wind farm into the
electricity network. The authors in [54] argue that large-scale BES is the dominant market
choice for electricity generation reserve.
The increase in BES’s market uptake is mainly due to two factors. First, improvements in
battery life. Dahn et al. [55] found that a fifth-generation LiB cell's cycle life can last more than
4000 full cycles compared to 1000 for the first generation. The use of more nickel-based battery
cathode materials and new electrolyte binders enabled an increase in LiB energy density [56].
Second, the increase in the penetration of renewable energy resources on electricity networks.
It is found that the number of battery-renewable generation sites has increased from 19 in 2016
to 53 in 2019 in the US [57]. The increase of BES’s market uptake and the ongoing
decarbonisation policies led to predictions about a further decrease in its capital cost over the
next years.
The cost of the LiB pack has continuously decreased over the past years. Earlier research
estimated that LiB pack cost has decreased from around $1100/kWh in 2010 to $400/kWh in
2016 [58]. Similarly, Bloomberg found that the LiB pack price cost has decreased from
$1160/kWh to $176/kWh in 2018 [42]. This is in line with a prediction that the price of BES
for grid applications will be $70/kWh by 2030 [42]. Besides capital cost reduction, other
measures to make a viable business case for BES include stacking multiple revenues by
providing several services. It is found that BES has the opportunity to provide multiple services
across the electrical network if these services are technologically and operationally compatible
[59].
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However, despite previous positive attributes, large-scale deployment of BES on EU energy
networks is mainly hindered due to regulatory and market barriers that prevent storage from
stacking multiple services across different markets [60,61]. Recent research [62] analysed the
business model of two different batteries and concluded that the current legislation in Europe
hinders their value proposition in energy markets. Other researchers argued that the current
regulatory framework forces storage developers to choose specific business models that may
not be economically feasible [63]. The argument is that a reduction in capital cost of BES alone
will not lead to an increase in their applications on energy networks [64]. For instance,
Arbabzadeh et al. [65] found that the current capital cost of LiBs is limiting its deployment in
electricity networks. The next section reviews the current regulatory barriers for ES and
discusses proposed changes by regulators to provide in-depth analysis on how the regulatory
framework affects ES’s business case.

2.2

Review of regulatory barriers for energy storage

BES technologies face several markets and regulatory barriers that are hindering wider-scale
deployment. These barriers result in an unfavorable business case for BES owners [66]. This
has motivated this research to investigate the impact of several regulatory and market changes
that affect the business case of storage within GB and EU energy networks. It should be noted
that although this work analyses the impact of the recent market and regulatory changes on the
business case of BES in particular, energy regulators are taking a neutral approach. Thus, the
recent regulatory changes designed to increase the uptake of ES on energy networks are equal
for all ES types, including BES.
The absence of ES definition and classification is the main regulatory barrier for ES. Anuta
et al. [61] argue that the ambiguous ES classification can be attributed to the misunderstanding
of ES operational use by regulators. This, in turn, affects ES’s ownership eligibility, revenue
streams and grid taxes. If ES is classified as a generator, this leads to a lack of investment
incentives due to double fees counting for grid access, unclarity regarding ES operation, and
competition with incumbent generators in different markets [11,13,67]. The generator
classification undermines ES multifunctionality as a consumer and as a network asset [68].
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The current regulatory authorities consider it problematic to define ES in more than one
activity (generation, transmission, distribution, and customer) or separate activity [69]. The
absence of ES definition as a separate or independent activity resulted in an uncertain market
environment where ES had to follow network codes similar to bulk generators [70]. Zame et al.
[71]

argue that the absence of a distinct ES definition hinders the transformation to an efficient

distribution power system with high penetration of RESs.
Network operators have the interest to own or operate ES to relief grid congestion and ensure
effective network maintenance by using storage rather than cables. Because of the above ES
definition and classification barrier, there is unclarity regarding the operation and ownership
of ES by network operators. The European Commission (EC) states “distribution system
operators shall not be allowed to own, develop, manage or operate energy storage facilities”,
but it also states that a derogation is possible if owning ES is necessary to fulfil network
operators’ rule [72]. Such unclarity making new ES investment from private investors or
network operators less competitive [11]. If network operators are allowed to own ES, they need
to enter into a complex contractual agreement with a third party to trade ES services which
creates unfavourable business case [73]. Ferreira et al. analysed the ownership possibilities of
ES in the distribution networks and argued that the current ownership unclarity might lead to
DNOs pay for additional active power losses [74].
The payment of double network and consumption levies is hampering ES’s business case.
As ES is acting as both generator and consumer of energy, it is subjected to double counting
for network fees, undermining its economic viability [75]. Double counting means ES is not
recognised as a vital flexibility source in the electricity networks and cannot be justified in a
well-designed system [11,70]. Nevertheless, it leads to higher system cost for end-users [76]. ES
is also liable to double payment of some final consumption levies imposed on customers to
incentivise installing RES plants. As such, large-scale deployment of ES in EU energy
networks trail behind international counterparts [13].
The lack of ancillary services remuneration and direct subsidies add to the market and
regulatory barriers for ES. Some ES services, such as the fast ramp rate, are not remunerated
in the current markets, hindering its value proposition [61]. This hindrance comes despite the
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increased interest of network operators in these services and the need for prosumers to provide
them [13]. Prosumers are not encouraged to aggregate ES services due to the absence of a viable
ancillary services market [70]. The current energy market design as in Germany obliges
generators to provide free services such as voltage control and black start [73]. Even if ancillary
services can be remunerated, the current double charging regime makes the business case of
ES not cost-reflective [11]. Some argue that ES’s business case can be improved if it can benefit
from subsidies attached to RES schemes [61].
Other reviewed ES market barriers include the unpractical requirements of reserve markets
and fixed electricity pricing. Most reserve markets, such as the Belgian market, focus on longterm capacity purchase to secure energy supply while avoiding short-term flexible resources
such as ES [77]. Nevertheless, the current electricity markets have fixed price tariffs, which do
not encourage prosumers or ES owners to contribute to network balancing [70]. A recent study
found that the market price should be allowed to increase the value of loss load (i.e. maximum)
to allow a level playing field for flexible resources [78].
Energy regulators recognise the necessity of ES in modern energy networks, and they are
exploring ways to enhance its business case by changing regulations. The EC recognises ES as
a critical component to accelerate clean energy transformation and proposed several regulatory
changes to support that [79]. Some of which have been adopted by UK’s energy regulator
(OFGEM), including: (i) defining ‘Electricity Storage’ in the main legislation; (ii) removing
the double network and balancing charges for storage; (iii) co-locating storage with renewable
generation sites that are supported through consumption levies policies; (iv) limiting storage
operation by network owners; (v) facilitating ES planning permission and (vi) employing derating factors for storage in the capacity market (CM) [80].
The research presented here reviews the current proposals to amend the regulations
governing ES and analyses how these changes impact the business case for BES taking the
UK’s regulatory changes as a case study. Such analysis is vital to identify the main trends of
ES policy, provide ES owners and industrial utilities with crucial insights about the regulatory
framework surrounding future ES business case.

26

2.3

Literature review

The business case of battery storage in capacity markets

Based on the analysis and findings of BES's regulatory changes presented in chapter 3, the
business case of BES in the CM has not been thoroughly investigated due to two main reasons.
First, battery degradation cost was not accounted for when modelling batteries in the CM.
Second, the effects of de-rating the battery capacity on the overall revenue in the CM has not
been quantified. In further examining literature resources by looking for batteries providing
‘reserve’ instead of CM services, it is found that there is no clear or accurate degradation cost
analysis used. The reasons above can impact the viability of the battery business case in the
CM and affect the methods to de-rate battery capacity when assessing its contribution to energy
supply security. The failure to account for battery degradation when bidding may result in: i)
choosing less-profitable de-rating factor; ii) increasing the exposure to penalties; iii) increasing
the maintenance cost for the battery owner; and, iv) affecting energy security in decentralised
local energy networks. A detailed review of the CM overall purpose and the reasons above is
provided next.
As discussed in section 1.1.1, CRMs, including the CM, are created to minimise the duration
of blackouts in electricity networks. The aim is to provide regular payments to new or existing
generation plants to ensure energy supply security. They have been implemented in many
countries, including Britain [81], the USA [82], Germany [83], Spain [84], and France [85] to
reduce energy cost for customers. Recent research [86] modelled the long and short-term CMs
and concluded that they could reduce the number of electricity peak hours and energy cost for
customers. The authors did not model ES due to its economic uncertainty. However, it is found
that ES cannot only enhance its business case by participating in the CM but also supporting
the CM goal to maintain the security of supply [87].
Earlier work found that the revenue from battery devices can be tripled if they provide energy
reserve services in the British electricity markets rather than providing arbitrage only [68].
Another study [38] found that batteries participating in the CM can secure substantial upfront
revenue while only marginally reducing profits from other markets. Sioshansi et al. [88]
estimated the capacity value of storage in the CM using a dynamic programming method. They
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concluded that ES devices could provide capacity services of 40% to 100% of their nameplate
capacity, which is equivalent to a traditional generator in the CM.
The studies in [89-93] assessed different batteries when providing ancillary services to the
grid, such as capacity reserve. Several domestic batteries are aggregated to provide grid
services, including back-up service to the CM in [94]. Frazier et al. [95] assessed the potential
of BES to provide peaking capacity in the United States and concluded that it could reduce
energy demand and replace conventional generators. Tang et al. [96] proposed a detailed reserve
model for ES but ignored the influence of dynamic charging/discharging efficiency. Several
other studies [97-101] optimised batteries' operation to provide reserve and energy services.
However, the previous studies did not consider some of the battery physical and operational
characteristics such as C-rate, temperature, and SoC when providing reserve services. Das et
al. [102] argue that battery degradation should be optimised to achieve efficient microgrid
operation.
Energy market regulators such as the US federal energy regulatory commission require
accounting for ES physical and operational characteristics before bidding in the CM [103].
Battery degradation is the main factor in determining its operational cost [104]. As such,
accounting for battery degradation is essential to assess BES economic viability in the CM.
Once a battery wins a CM contract, it must remain ready to discharge during electricity shortage
events (SEs). Leaving the battery at 100% SoC for an extended period increases its capacity
losses [11]. The failure to deliver the contracted capacity obligation during SEs may result in
penalties [105]. The penalty amount is costly and linked to the value of lost load of
£17000/MWh [106]. Updating battery capacity due to degradation is crucial to avoid penalties
and ensure accurate battery revenue estimation [107].
Some studies have considered the effects of battery degradation when providing reserve
services in electricity markets [46]. A battery degradation model is developed in [108] to
optimise battery revenue when participating in the New England reserve market. However, the
degradation model used ignores important battery operational parameters, such as C-rate and
temperature. Several other works did not consider temperature effects in the battery
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degradation model [109,110]. The battery temperature stress factor is considered in [104] but not
the C-rate, which is essential in modelling battery de-rating factors in the CM.
Recently, Padmanabhan et al. [111] investigated the effects of C-rate on the battery operation
in the CM but ignored calendar ageing. In an actual island grid-connected battery operating for
three years, it is found that the battery was in an idling position for 20% of the total operating
time [112]. Thus, ignoring calendar ageing may lead to erroneous results. Other studies ignore
SoC effects during calendar degradation [113] or account for the DoD impact only [114]. The
inaccurate assessment of battery degradation may lead to BES being disqualified from the CM
if it cannot generate power continuously for 1 hour [115].
The assumption that battery utilisation is less frequent in the CM is another reason for the
inaccurate battery degradation assessment. The battery cycles in the CM are calculated
according to the SE period. The Loss of Load Expectation (LOLE) metric is used to statistically
represent SEs in the CM [116]. Accurately predicting LOLE is difficult as it is a function of
complex processes such as generator availability, blackouts, and environmental factors. Thus,
many studies deem LOLE not reliable [117,118]. In the presence of a high share of RESs, it is
found that LOLE can reach 62 hours per year [119]. Another study found that LOLE can reach
83h per year, considering the current CM scarcity prices [86]. Byers et al. [120] concluded that
the existing adequacy metrics and capacity planning in the CM might not be reliable as more
RES and ES technologies enter the market. As such, battery degradation assessment in the CM
should also account for cycle ageing based on reasonable LOLE predication.
For several reasons, BES devices may have limited discharge capacity (for example,
degradation). Therefore, CMs (in the UK, Germany, France, Italy, Ireland, and Denmark) have
introduced de-rating methodologies to account for the percentage of firm capacity they can
supply during SEs [66]. Borozan et al. [121] maintain that the concept of de-rating BES
compared to unconstrained generators is reasonable, but the de-rating methodology used
should reflect the performance of ES. Opathella et al. [122] accounted for battery de-rating
factors in the CM, but their approach did not include battery degradation. Many studies found
that choosing a suitable de-rating factor is challenging and may affect batteries’ market
competitiveness [122,123].
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Battery modelling

A battery model is needed to perform degradation cost analysis in the CM for many reasons.
First, the model represents the actual battery participating in the CM and its de-rating factors.
Second, it is used to estimate the available capacity of the battery during power discharge. This
estimation is based on the battery internal states such as the SoC, which cannot be measured
directly. Based on the SoC's value during SEs, potential penalties and revenue overpayments
are calculated or updated. Third, it is needed to continuously update the battery capacity after
accounting for degradation capacity losses. Fourth, some battery degradation models need
input parameters from the battery model first to run.
Several LiB models are present in literature, and some show significant potential for grid
applications. These are the tank model, the ECM and the PBM as shown in Figure 2.2. When
modelling BES to estimate its economic potential in specific applications, most technoeconomic studies represent it as a simple energy repository device (i.e. fuel tank) with linear
charge-counting and constant efficiencies [124,125]. The ES model in the CM developed in [88]
assumes a fixed round-trip efficiency, and the SoC is perfectly known. However, the SoC may
not be adequately known for some ES devices such as LiBs, limiting its operation in reserve
markets [68].
When accounting for the operational battery characteristics, the battery model used in [111]
assumes that the SoC is not a function of the temperature or the open-circuit voltage (OCV).
Despite the authors in [122] stressed that the stored energy of ES is an important factor when
participating in the CM, the ‘tank’ battery model was also used. The authors in [96] developed
a detailed ES model in reserve markets to estimate its unforced capacity. However, the authors
assume a fixed charge/discharge efficiency of 0.85 without considering ES dynamics. Several
other studies [38,68,114,126-134] assume ‘perfectly’ known SoC, or use fixed efficiencies when
considering the CM and other grid services.
Since nearly all battery techno-economic studies are looking to optimise battery revenue and
reduce degradation cost, it is crucial to estimate the power and energy available in the battery
accurately. The battery power and energy is a function of the battery operating conditions and
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internal states such as the SoC and the SoH [135]. As such, considering the effects of these
states when modelling LiBs is vital to their economical operation and business case.
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Figure 2.2 Main types of battery models: a) Tank model; b) Equivalent circuit model; c) Physics-based
model.

Some studies have considered internal battery dynamics such as lithium-ions diffusion when
modelling batteries for grid services by implementing a battery ECM similar to Figure 2.2b.
ECMs can be easily parametrised, making them suitable for power management control [136].
The authors in [137] develop battery ECM coupled to a degradation model to evaluate the
economic viability of batteries in regulation markets. Although their model considers the
dependency of the OCV on the SoC, it ignores this dependency for other circuit parameters.
Furthermore, it neglects modelling battery charge transfer resistance (𝑅1 ) and the double layer
capacitance (𝐶1 ) shown in Figure 2.2b. The authors in [125] develop the ECM used to include
(𝑅1 ) and (𝐶1 ) to analyse the techno-economic viability of batteries by providing frequency
control services. Yet only the OCV is considered to be dependent on the SoC.
Fares et al. [138] proposed a flexible ECM in which all the parameters are dependent on the
SoC to be used for economic operational management for grid batteries. They argue that an
improved ECM is critical to link the battery economic assessment with real-time control to
maximise revenue. This argument is echoed by the authors in [139], who also developed a
battery ECM and showed that battery efficiency varies with different discharging currents. This
work considers coupling the ECM with two degradation models (empirical and semi-empirical)
to mitigate the limitation of updating the battery capacity during battery lifetime.
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While the ECM is promising for techno-economic assessment of batteries, it cannot predict
the battery performance outside of the parameterisation dataset used to create it [140]. This is
because the model parameters are fitted to the data measured under specific operating
conditions [141]. Most importantly, the ECM cannot simulate the battery performance as the
battery ages, making them obsolete after certain charge/discharge cycles [142]. Since technoeconomic studies aim to comprehensively assess the economic viability of batteries when
providing different grid services under different operating conditions, it is necessary to address
the shortcomings of ECMs.
PBMs, shown in Figure 2.2c, may address some of the ECM shortcomings by describing the
battery's underlying physical processes through a series of PDEs. These PDEs can capture
battery charge and mass conservations. These equations are fully described in the seminal
works by Newman, Doyle and Fuller [143-146]. The PBMs make the extrapolation possible
outside battery experiment datasets or when the battery ages. Therefore, they offer the
possibility to quantify battery degradation cost at several battery operating conditions. The need
for PBMs in different applications is mainly due to the complexity of the degradation processes
inside LiBs, which are difficult to analyse empirically [147].
Very few studies used PBMs to provide a techno-economic assessment for batteries in
energy markets [148]. Howey et al. [124] compared the battery tank model, the ECM, and the
single particle model (SPM) for energy arbitrage service. They concluded that battery revenue
could be significantly increased while degradation cost decreased by using the PBM, noting a
175% profit increase compared to the tank model. Pastios et al. [149] again simulated a LiB
SPM connected to a 35-bus distribution network model to mitigate electricity network
constraints. They concluded that battery degradation could be decreased by 50% by using a
SPM within an integrated modelling framework. Weißhar et al. [150] simulated a multi-PBM
with a stationary photovoltaic system. They concluded that the use of the PBM assists the
development of battery ageing mitigation methods and allows the quantification of battery
lifetime under different operating conditions.
However, the previous studies did not consider the economic assessment of batteries in the
CM. Moreover, the SPM used is only an approximation from the full p2d model. The SPM
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ignores critical battery processes such as electrolyte dynamics and potential gradients in the
solid phase; thus, it is only valid for low C-rate and homogeneous current distribution [151]. To
the best of our knowledge, this work is the first to provide a detailed battery degradation
economic assessment in the CM by considering a p2d PBM coupled to physical degradation
model. As such, it forms the basis of a more detailed representation of generators including
batteries in the CM. This leads to an accurate assessment of the main goal of the CM, which is
to maintain short and long-term energy security. For instance, batteries bid in the CM auctions
according to their economic and operational characteristics to ensure maximum profit. Thus,
this study provides the basis of such bids by considering battery lifetime analysis and
operational characteristics.
The failure to account for battery lifetime when bidding in the CM may result in i) choosing
less-profitable de-rating factor; ii) increasing the exposure to penalties; iii) increasing the
maintenance cost for the battery owner; and iv) affecting energy security in decentralised local
energy networks. Furthermore, due to the level of details in representing batteries in the CM,
this work can be integrated with bottom-up national reference energy system models such as
the UK TIMES [152]. The PBM needs to be coupled mathematically with degradation models
to represent battery degradation processes which are reviewed in the next section.

2.5

Degradation modelling

Depending on the battery's operating conditions, two degradation types are present in the
literature; cycle ageing and calendar ageing [153]. Cycle ageing occurs due to daily
charge/discharge cycles leading to the battery capacity falls below its nominal value. It is
influenced by C-rate, DoD, temperature, and average SoC [154] . Calendar ageing occurs when
the battery is in storage condition and mainly influenced by the temperature, idle time and the
SoC. Both calendar and cycle ageing lead to CF and PF as explained in section 1.1.3. The
underlying processes that cause battery degradation in LiBs are very complex and may take
place simultaneously [21].
Table 2.2 summarises the most pertinent degradation mechanisms, as reported in the
literature. As seen in Table 2.2, the same ageing mechanism such as SEI layer growth and
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formation can occur at different operating conditions. This introduces a range of complexities
in the modelling of these ageing mechanisms. However, some degradation models do exist
such as empirical, semi-empirical, physical, and data-driven models. These models inform the
lifetime of the battery when the operating conditions change. Therefore, depending on the CM
load profile and battery operating conditions, the incurred degradation cost can be estimated.
Table 2.2 The most pertinent degradation mechanisms in Li-ion batteries [22,155,156]
Operating

Affected

condition

component

High temperature

Ageing mechanism

Consequences

Observed
effects

Negative electrode

SEI growth

Loss of lithium-ion

PF

Positive electrode

Dendrites formation

Loss of active material

CF

Loss of lithium-ion

CF & PF

Loss of lithium-ion

CF & PF

Conductivity losses

PF

Loss of lithium-ion

CF & PF

CF & PF

Gas generation
Low temperature

Negative electrode

Lithium plating +
SEI formation

C-rate (> 2C)

Negative electrode

Lithium plating +
SEI formation

Low SoC

Negative electrode

Loss of conductivity
Phase change

High SoC

Negative electrode

SEI growth
Binder
decomposition

High DoD

Negative electrode

Volume change

Loss of active material

Positive electrode

Particle cracking

Loss of active material

SEI growth

Loss of lithium-ion

Empirical degradation models are mathematical functions that interpolate a large set of
battery degradation experimental data. Baghdadi et al. [157] developed an empirical model for
both calendar and cycle ageing using exponential functions for two different LiB cells. Only
three temperatures (30C, 45C, and 60C) were used. Petit et al. [158] developed an empirical
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capacity fade model based on a real vehicle to grid profile. The empirical function used is
exponential. Hoog et al. [159] gathered calendar and cycle ageing data from a total of 146
battery cells for 2.5 years. They fitted the data with a polynomial equation to get an empirical
model.
Many studies used empirical degradation models for battery degradation cost assessment.
Martins et al. [44] used a simple linear equation to estimate battery ageing cost for peak shaving
in industrial applications. Xu et al. [108] incorporated cycle ageing cost in battery economic
dispatch in electricity markets using an empirical equation. The effects of battery degradation
cost when providing energy arbitrage and frequency regulation is discussed in [160], where a
cycle empirical ageing model was used. The authors in [161] optimised providing vehicle to
grid services and battery degradation cost under real-time pricing. They considered an
exponential degradation formula as a function of the DoD only. Kies [162] used a
straightforward empirical model in which the calendar life is dependent only on the SoC to
optimise arbitrage profit and battery degradation.
Semi-empirical models develop on the empirical ones by mathematically representing some
of the electrochemical phenomena for LiBs. For example, they may represent the open circuit
potential for each electrode separately or incorporate the Arrhenius equation with each
parameter. Therefore, they partly reduce the need for a large experimental dataset compared to
the empirical models. Smith et al. [163] developed a semi-empirical model to investigate battery
calendar degradation for 100 United States geographic locations. The model includes
Arrhenius dependence on temperature, Tafel dependence on open-circuit voltage and Wöhler
dependence on DoD. Purewal et al. [164] developed a physics-informed semi-empirical model
which estimates mechanical degradation at the anode and chemical degradation due to SEI
growth. Mathews et al. [165] modelled the economic performance of a second-life battery using
a semi-empirical model. They concluded that using a 40% DoD can extend the battery life to
over 16 years.
Data-driven degradation models use machine learning techniques to predict degradation
trends. They are similar to empirical models in terms of the need to a large dataset. Hussein
[166]

used an artificial neural network to estimate battery capacity fade in LiBs and concluded
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that the battery remaining life can be predicted. Nuhic et al. [167] used a support vector machine
to train LiB degradation data and estimate battery SoH. Recently, Lucu et al. [54,168] utilised
Gaussian process framework to study calendar and cycle ageing trends for 124 battery cells
and concluded that the model could be 99% accurate in describing degradation trends.
However, data-driven approaches are time-consuming and often challenging to explain their
outcome [21], limiting their applicability for degradation cost analysis.
Physics-based degradation models are widely used to directly describe some of the
underlying degradation mechanisms reported in Table 2.2. For instance, the SEI layer growth,
particle cracking, and AM loss are usually described using a set of partial differential equations.
Therefore, these models offer insights into degradation mechanisms based on fundamental
physics [169]. However, some of these models may be computationally complex and may need
input parameters from a physics-based performance model such as the p2d or the SPM [170].
A complete review for these models is given in [21].
The authors in [149] present a modelling framework for grid-connected batteries using SPM
that consider capacity fade due to SEI layer mechanism only. Similarly, the work in [171]
presents a physics-based SEI layer degradation assessment for LiBs in a grid-connected
photovoltaic system. Recent research [124] investigated the effects of the SEI layer growth and
loss of lithium inventory on battery providing energy arbitrage services for a year. However,
all the studies above that use physics-based degradation models consider only one or two
degradation mechanisms for economic assessment. They, nevertheless, do not consider the CM
or battery de-rating factors when quantifying degradation cost.
This work improves the previous battery economic studies by quantifying the degradation
cost for three degradation mechanisms for LiB cells in the CM using a physics-based
degradation model coupled with a p2d cell model. These three degradation mechanisms are
SEI layer growth, AM loss and electrode surface cracking. Furthermore, this work considers
several CM de-rating factors which are seen as essential in improving the business case for ES
in the CM [77]. Ultimately, this physics-based degradation approach mitigates the accuracy
issues of the empirical and semi-empirical degradation models (as discussed in Chapter 4) from
being unable to capture battery degradation effects at lower temperatures such as 5ºC.
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Summary of gaps in knowledge

Three main gaps in knowledge are found as follows:
•

It is found that there is a lack of analysis about the impact of new regulatory and market
changes proposed by many regulators on BES business case on EU and UK energy
networks (see section 2.1 and 2.2). (This gap is addressed in Chapter 3).

•

Then, it is found that the business case of BES in the CM specifically has not been
thoroughly investigated due to two main reasons. First, battery degradation cost was
not accounted for when modelling batteries in the CM. Second, the effects of de-rating
the battery capacity on the overall revenue in the CM has not been quantified. The
underlying reasoning for this gap is discussed in more details in section 2.3. (This gap
is addressed in Chapter 4).

•

Finally, it is found that empirical and semi-empirical models used fail to account for
battery calendar and cycle ageing for some battery operating conditions such as at low
temperatures (for example, 5ºC). (This gap is addressed in Chapter 5).

Chapter 3

Energy storage: barriers and enablers

Chapter two identified a lack of analysis about the impact of new regulatory and market
changes proposed by many regulators on BES business case. To contribute to filling this gap,
this chapter first summarises the key market and regulatory barriers for ES. Then, it explains
the changes proposed by EU and UK regulators to mitigate these barriers in section 3.2. Section
3.3 explains the SWOT analysis method used to analyse the new market and regulatory
charges. Section 3.4 analyses and discusses the effects of the newly proposed market and
regulatory changes on the business case of BES. Section 3.5 touches upon the Brexit effects on
ES deployment. Section 3.6 summarises this chapter and states the policy implications of the
SWOT analysis. Section 3.7 gives concluding remarks.
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Energy storage: barriers and enablers

Market and regulatory barriers for energy storage

ES offers a potential solution to RES intermittency. It could enable generation and load
patterns, defer conventional network upgrades while providing several ancillary services such
as frequency response and peak shaving. A consensus on the benefits of ES for the energy
system by different stakeholders in EU and GB is summarised in Table 3.1. The EC, UK
government and UK independent regulator agree that ES is paramount to the transition to
cleaner energy system while saving consumer’s energy bills. System operators and industry
associations also expect an increase in ES installed capacity and applications.
Table 3.1 A Summary of the benefits of energy storage.
Sector

Energy storage potential

European Commission

Proper deployment of ES technologies is of primary importance for the transition

(EC)

towards a cleaner energy system [172].

The UK government and

ES could contribute to a saving of £8bn a year from consumer’s energy bills and

the independent regulator

a total saving of £17-40 bn by 2050 [173].

(OFGEM).

ES could play an essential role in reducing emissions in the power and transport
sectors, which account for 21% and 24% of the total UK emissions, respectively
[174].

National Grid (GB

As intermittent generation increases, ES could balance the system frequency and

Transmission System

voltage. Therefore, the expected storage installed capacity will be almost (6GW)

Operator)

by 2020 and (8.6-8.9 GW) by 2030 in the UK [175].

Distribution Network

ES is used successfully by many DNOs for different purposes such as deferring

Operators

conventional network reinforcement, constraint management, peak shaving,
frequency response and energy arbitrage [52].

Energy UK

Storage has the opportunity to gain the most important technological
advancement by 2030 in line with being capable of modernising the power
system [176].
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However, several markets and regulatory barriers affecting the ES business case are
summarised in Table 3.2. It can be argued than the core reason behind the main five barriers
for ES business case is that energy regulations were created without ES in mind. Therefore, ES
is defined and treated similar to ‘generation’ technologies. The unrecognition of ES storing
capability resulted in charging storage twice regardless of the type of charge or tax applied.
The next section explains in more details the main changes to these market and regulatory
barriers.
Table 3.2 Summary of the market/regulatory changes affecting storage’s business case.
Market/regulatory aspect
The regulatory definition of ES

How it affects storage business case?
Storage is not explicitly defined in the EU/UK legislation as an activity
such as generation or distribution nor recognised as an asset belongs to
these activities. This ambiguity in the definition is regarded as the most
regulatory barrier that could affect a viable business case for ES in the
market.

The interaction of storage with

If a particular levy charged to consumers, storage is incurring this levy

final consumption levies (FCLs)

when consuming energy. As such, storage is not recognised as an asset

such as feed-in tariff (FiT)

to integrate RESs.

Network and balancing system

In most countries, two sets of network and balancing charges are

charges for energy storage

incurred by the ES owner if connected to the transmission network. This
is seen as a substantial barrier that is preventing storage from recovering
its capital cost.

The treatment of storage in the

A basic rule of the CM requires participants to remain in a standby

CM

position in case of a system stress event, increasing its degradation cost.
Also, ES owners receive the same clearing price in the CM contract
without considering the discharge duration of storage and operational
characteristics.

Unbundling requirements for

There is unclarity on how network operators can install, operate or own

network owners.

storage for network reinforcements and trading.
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3.2

Market and regulatory changes for energy storage

The following subsections analyse recent EU and UK regulatory changes that are being
considered and/or implemented to mitigate some of the barriers mentioned in Table 3.2.

3.2.1 Definition and classification of energy storage
ES is not explicitly defined in most electricity legislations as an activity or an asset. ES fits
in many electricity market activities such as generation, transmission, distribution, and supply.
Historically, PHS is classified as a generation asset. This has resulted in all types of ES being
classified as generation assets. According to EU Directive 2009/72/EC, ES is an “asset that
produces electricity”. Similarly, the UK Electricity Act 1989 provides a broad definition of the
process of electricity generation as “generating at a relevant place”. While this definition and
classification may be adequate for large-scale ES, it poses investment risks for BES because it
limits ES's applications to those relating to generation.
BES have a shorter lifecycle and lower energy capacity than PHS, making them suitable to
help network operators effectively manage distribution and transmission networks in line with
integrating distributed generators. Therefore, some network operators suggest creating an
independent asset class to ES that identifies it as a solution to integrate RES rather than
competing with traditional generations [177]. Other network operators have proposed many
solutions to the storage definition barrier for BES by suggesting [178] :
•

Defining storage as a discrete activity or asset class to ensure investment certainty.

•

Introduce storage provisions within the distribution license so network operators can
be free from some generation license rules.

The EC proposed a definition for ES states that "energy storage in the electricity system
means the deferring of an amount of the energy that was generated to the moment of use, either
as final energy or converted into another energy carrier" [79]. Similarly, OFGEM’s proposed
definition states that “electricity storage in the electricity system is the conversion of electrical
energy into a form of energy which can be stored, the storing of that energy, and the subsequent
reconversion of that energy back into electrical energy in a controllable manner” [179]. Both
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OFGEM and EC believe that storage should continue to be captured by the generation license
in order not to distort competition.

3.2.2 The interaction of storage with final consumption levies
The competitiveness of ES technologies is affected by policies that encourage RES
deployment. For example, there is no incentive for wind farm operators to store the energy
generated in Germany because they are paid 95–100% of the relevant wind FiT for the
curtailment of that energy [180]. In the UK, FiT, Renewables Obligation (RO), Contract for
Difference (CfD), and Climate Change Levy (CCL) are examples of FCLs policies introduced
to encourage the deployment of RES. Consumers and storage are charged these levies for
storage when importing electricity. However, it is argued that ES is not the final consumer of
energy and should be exempted from such levies that increase the operational cost for storage
owners [80]. It is found that the cost of RO and FiT levies account for 80% of all non-energyrelated supply costs when charging a commercial grid-scale battery [181].
OFGEM recently proposed that any ES owner with the newly modified generation license
(that define ES and its characteristics) could be exempted from paying those FCLs if the
primary purpose of the storage device is to export electricity to the grid only (not for a selfconsumption) [179]. If an owner is exempt1 from obtaining a generation license, the payment
of FCLs is still required.

3.2.2.1

Energy storage treatment in FiT/RO sites

FiT is a scheme used to encourage customers and businesses to generate their electricity
from RES and be paid if there is an energy surplus. RO works alongside FiT where electricity
suppliers are obliged to buy certain amounts of electricity generated by large renewable
generation plants. In both FiT and RO schemes, the technology type used, its installation, and
capacity play a role in deciding the tariff rate, eligibility criteria and consequently the payment
received by the owner [182,183]. Since ES is essential for some technologies such as solar PV

1
A generator and by extension a storage device could be exempt from applying for a license if it is
generating at a rate below 100 MW in England and Wales.
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(during PV generation surplus/shortage), it is the case of putting the accreditation at risk if
storage is installed on FiT/RO sites. For example, if a battery is integrated with a PV solar site
and a metering arrangement is installed in a way that leads the owner to receive payments from
the electricity exported from the grid to the storage.
OFGEM recent regulations state that storage installation in FiT/RO sites should be permitted
if the storage device's purpose is to store electricity generated by RES only and if the total
contracted capacity is not changed [184,185]. To comply with these conditions, certain
electricity meter arrangements need to be in place to distinguish between the imported and
exported electricity.

3.2.2.2

Energy storage treatment under CfD

The basis of a CfD contract is to receive payment on the (clean) electricity generated by the
CfD facility. Hence, if a storage device is defined within that CfD facility, there is a possibility
for electricity to be imported from the grid, which may not be necessarily generated by RES,
and poured into it at another time (export time). Therefore, compromising the CfD contract.
Two proposed options were introduced to mitigate this problem by the UK government [186].
First, any storage device in a CfD facility needs to be registered in a separate metering unit to
ensure storage independency of the CfD facility. Second, storage can be registered in the same
metering unit of a CfD facility only if certain metering arrangements are in place that prevents
storing electricity other than that generated by the CfD facility generation equipment.

3.2.2.3

Energy storage interaction with the CCL

A climate change levy exempt certificate (LEC) can be issued if the electricity is generated
by RES. Therefore, if the ES device imports electricity (from a non-LEC generator), then a
CCL is applicable. The worst scenario is if ES imports electricity (from a non-LEC generator)
and then exports that electricity to an industrial user, resulting in a double CCL being incurred
by the end-user. There is no regulatory clarification from the UK government about the above
issue. However, based on the aforementioned regulatory changes, it is expected that storage
will not pay the CCL when importing electricity but still pays the CCL as a generator.
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3.2.3 Network charges for energy storage
Generators, suppliers and consumers of electricity are required to pay network and balancing
charges to cover the ongoing network costs. With the absence of clear EU legislation regarding
the charging arrangement of ES, some countries (the UK, France, Germany, The Netherlands)
impose double network charges for ES, once when charging and the other when discharging
[187].

In the UK, if the storage capacity is above 100 MW (large-scale), two sets of Transmission
Network Use of System (TNUoS) and Balancing Services Use of System (BSUoS) charges are
incurred by the storage if it is connected on the transmission network. If the storage capacity is
below 100 MW (small-scale) and connected on the distribution network, only Distribution Use
of Services (DUoS) charges will be paid either based on the Common Distribution Charging
Methodology (CDCM) or Extra High Voltage Distribution Charging Methodology (EDCM)
rates. However, the current distribution charging methodology seems inconsistent. For
instance, the CDCM charge for a recent storage project over 8 months was £54,149, while the
EDCM charges over the same period were £10,668 [178]. Therefore, connecting storage to extra
voltage lines is more cost-effective than high voltage lines.
OFGEM presented several solutions for the charges discussed above to support a level
playing field for ES as equal to other generation technologies [188,189]. These changes are listed
below and presented as part of the overall charges in Figure 3.1.
•

Removing the TNUoS demand and generation residual charges;

•

Removing DUoS demand residual charges;

•

Removing BSUoS demand charges;

•

Introducing new fixed charges to cover the increased implementation of ‘behind
the meter’ storage.
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Figure 3.1 Network and Balancing system charges in the UK’s electricity system, adopted from [190]. (x)
means removed for ES per new legislations.

3.2.4 The treatment of energy storage in the capacity market
The participation of ES in the CM is vital to its business case [87]. Nevertheless, the ability
of ES to provide the necessary energy adequacy has been questioned due to its limited
discharge capacity. As such, ES participation in this market is limited in some EU markets (for
example, Ireland, Italy, Germany, France, Denmark, and the UK) [77]. For instance, ES was
secured at a total of 3.2 GW in the UK’s CM Tier-4 auction2 in 2016, in which 0.5 GW came
from BES [70]. In 2017, a study by the system operator found that a stress event could last for
2 hours in the UK while the maximum duration of the current storage response is 30 minutes.
This resulted in linking the de-rating factor to the maximum discharge duration of storage [191].
The changes mean that the maximum payment that a 0.5-hour duration storage can receive is
only 21.34% compared to 96.11% payment for 4-hour+ duration storage.

2

Tier-4 (T-4) auction is held 4 years ahead of delivery while Tier-1 (T-1) is held 1 year ahead of delivery
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3.2.5 Energy storage ownership
The typical liberalised electricity market structure is illustrated in Figure 3. In this structure,
transmission and distribution network operators are legally required to separate network and
non-network activities to not distort competition, which is referred to as ‘unbundling’. As
storage is defined as a generation asset, this means that network owners cannot own, develop,
manage, or operate storage assets for grid balancing or reinforcement under the EU rules, other
than in the case of a few exceptions [72].
However, there is a lack of clarity regarding these exceptional circumstances leading to this
rule being implemented differently in different EU’s member states. For example, In the UK,
if ES capacity is less than 100 MW, network operators can apply for a generation license
exemption, thus owning storage. The Italian system operator (Terna) is granted permission to
own and implement several ES projects to relieve the transmission network congestion [192].
This unclear ownership and operation status of ES creates uncertain investment environments,
particularly for network operators.
OFGEM aims, in line with the EC proposals, to strengthen the unbundling requirement by
requiring separation of operation for storage assets owned by network operators even if it is
below 100 MW (license exempted), while considering preventing DNO’s ownership to storage
in the near future [79,193]. Consequently, for now, storage can exceptionally be owned by
network operators to provide services but not for trading in the electricity markets or provide
balancing services.
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Figure 3.2 Example of a liberalised electricity market structure.

3.2.6 Energy storage planning system
When network operators identify ES as a key solution to provide services to the network or
prevent costly network expansions, ensuring access to infrastructure within an appropriate time
scale by the planning regimes is important. The EC states that ES devices should be granted
access to grid infrastructure in a non-discriminatory way. Large-scale ES projects above 225
MW are included in the EU's cross-border infrastructure projects that link the energy system
in at least two EU countries [194]. However, it remains unclear how small-scale ES, such as
BES, is treated in the planning system.
At the UK level, the government published a consultation to clarify the planning regimes for
energy storage (small and large-scale) as follows [195]:
•

If ES capacity is below 50 MW, the storage developer obtains planning consent from
the local council.

•

If ES capacity is above 50 MW, it is regarded as a nationally significant infrastructure
project, and thus, storage owners obtain consent from the government.
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If storage is included in a composite project with other forms of generation, and the
capacity of each of this installation is below 50 MW, this falls under the local planning
regime.

3.3

SWOT analysis method

Earlier research [11] categorised 16 investment barriers linked to four main regulatory and
public attitudes barriers for ES. Since then, EU and UK energy regulators acted to mitigate
some of these barriers, as detailed in the previous section. However, based on the previous
discussions, it is evident that the future of ES in national networks is not clear due to the
complex and interlinked market and regulatory changes. In an attempt to add further clarity to
this issue, this study presents a SWOT analysis to highlight the future business potential of
BES considering the recent market and regulatory changes.
A SWOT analysis, although criticised [196], is a widely used strategic planning tool that
supports business to evaluate the strengths, weaknesses, threats, and opportunities of a
proposed project [197]. Research into energy networks has been used to assess energy
technologies [198], evaluate national policies [199] and assess international policies [200].
The SWOT analysis examines helpful and harmful aspects of the recent regulatory changes,
as shown in Figure 3.3. The internal factors (Strengths/Weaknesses) are the direct regulatory
and market changes proposed by energy regulators that affect storage’s business avenue.
External factors (Opportunities/Threats) are those affecting storage’s business potential
because of the indirect aspects beyond the stated market and regulatory changes. However, it
should be noted that SWOT analysis may provide preliminary qualitative examination such
that the assessment may be subjective. As such, the SWOT analysis assessments is supported
by earlier research or quantitative reports.
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Figure 3.3 SWOT analysis method.

3.4

SWOT analysis results

Table 3.3 provides the results and the general structure of SWOT analysis, while more
details and analysis of the results are provided in the following sections.
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Table 3.3 SWOT analysis of the market/regulatory changes for energy storage in the UK.
Factors

Helpful to storage business case

Harmful to storage business case

Strengths

Weaknesses

•

Removing double network charges

•

ES definition and classification

•

ES co-location with FCLs sites

•

Strengthen the unbundling

•

Facilitating grid access for ES

requirements
•

Internal

Payment of FCLs for small-scale ES
(100 MW)

•

Employing de-rating factors in the
capacity market

•

Introducing fixed charges for behind
the meter ES

Opportunities

External

•

Encouraging private parties’
investment in ES

•

Ancillary services aggregation

Threats
•

High capital cost

•

Cannibalisation of revenue streams
available for ES

50

Energy storage: barriers and enablers

3.4.1 Strengths
3.4.1.1

Removing double network charges

The network and balancing system charges need to be included and paid by ES owners as
part of operational costs for importing/exporting electricity to the grid. For example, the total
cost of DUoS charges for one ES project owned by a DNO was found to be between £64,900
to £80,500 per annum, which is not cost-reflective [201]. Moreover, the TNUoS demand and
generation residual charges represent approximately 80% of the total transmission network
charges [190]. As such, removing these charges is a step forward towards reducing the
operational cost for ES.

3.4.1.2

Energy storage co-location with final consumption levies

Policies that support the deployment of low carbon technologies such as FiT and RO have
significantly increased the uptake of RES across EU countries [202]. This makes ES co-location
with RES essential to match the electricity supply and demand [203]. The new OFGEM
regulations allow ES to be co-located with FCLs sites without compromising these schemes'
accreditation. This triggered many positive responses from the industry and trade associations
because this means, for example, that home PV owners can install ES without the fear of
compromising the FiT payment scheme [204].

3.4.1.3

Facilitating grid access for energy storage

One of the factors affecting the investment decision in ES is the infrastructure access for the
device and, consequently, the planning application. As discussed earlier, OFGEM has recently
facilitated the planning regimes for ES technologies with a capacity below 50 MW by allowing
ES developers to obtain planning permission from the local council. This is favourable
legislation for two reasons. First, the average capacity of the current and planned ES
technologies projects is 27 MW, which is significantly below 50 MW [205]. Second, the
composite projects with a total capacity above 50 MW (for example, a generation unit with 40
MW and ES with 40 MW) are also applying for planning permission from the local council.
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This reduces the additional consent time (1–2 years) and the cost of application compared to
the application set at the national level [195].

3.4.2 Weaknesses
3.4.2.1

Energy storage definition and classification

A unified and explicit definition for ES in the related legislation is a fundamental step to
creating a certain investment environment. This clarifies the ownership and operation issues
for ES. It also allows ES owners to have a clearer view of the available revenue streams during
ES lifetime. However, the ES definition proposed by both the EC and OFGEM limits its
services related to generation. For instance, if a battery is used to curtail a wind turbine’s
surplus energy, it is exporting rather than generating electricity, which is a service to balance
the system. The word ‘generated’ in the EU definition (see Section 3.2.1) implies that ES is a
generation asset and therefore, does not recognise other potential services and applications
(please see Figure 2.1).
Classifying BES as a generation asset puts it in direct competition with traditional bulk
generators. This undermines its business case because BES cannot trade in the wholesale
market as a generation asset due to its low capacity and low technical maturity [73]. Moreover,
a unified ES definition is absent at the EU level due to national differences that prevent a fully
integrated EU market design [13].
The current EU and UK ES definitions and classifications fall short of California state
legislation of ES services. The Assembly Bill No 2514 provides the following list of conditions
applicable to ES that allow it to provide multiple services across the electricity network [206]:
•

The ES system can be centralised or distributed.

•

The ES system may be owned by a load-serving entity, a customer, a third party, or
a local publicly-owned electric utility.

•

The ES system can provide generation, transmission and distribution services.
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Strengthen the unbundling requirements

Suppose network operators are prevented from owning ES of any size. In that case, all ES
devices connected to the distributing or transmission network will have to be operated by a
legally separate party from the network operators. However, many DNOs have already
installed ES devices in parts of their networks to defer conventional network upgrades and
provide ancillary services. The latter has been shown to reduce the energy costs for customers
and enhance network efficiency [52].
Some of the UK's ES projects, including their capacity, locations, ES type, and the type of
the business model used, are summarised in Table 3.4 based on qualitative reports [207-213].
Based on Table 3, two weaknesses can be noticed to this regulatory change. First, most DNOs
are using smaller-size BES to increase network efficiency based on the ‘DNO merchant’3
business model, which will not be legally valid if strengthening the unbundling requirements
comes into force. Second, even though DNOs used ‘DNO contracted’4 and ‘contracted
services’5 business models for larger size BES, they needed to enter into a complex contractual
agreement with third parties to make revenue streams in the market because each party
involved with the DNO needs to make a profit, which reduces the overall revenue.

3

This business model allows the DNO to procure and fully operate the storage device, and thus, use the
storage services on its network needs.
4
The DNO procures, owns and operate the storage asset and use it in certain times only while a third party
can have a contractual agreement with the DNO to commercially use the asset.
5
A third party procures, owns and operate the storage asset then sell the services to the DNO.
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Table 3.4. Some of battery projects in the UK including their capacity, locations, type, DNO name, and the
type of the business model.
Project Name
CLNR

Capacity and Locations
RiseCarr: 5 MWh,

ES

DNO

Business model

Li-ion

NPG

DNO Merchant

H.Ngate: 0.2 MWh
WoolerRamsay: 0.2 MWh
Maltby: 0.1 MWh,
Wooler St. Mary: 0.1 MWh
Harrowgate Hill: 0.1 MWh
Short-Term Energy Storage

Hemsby: 200 kWh/200 kW

Li-ion

UKPN

DNO Merchant

SNS

Leighton Buzzard:

Li-ion

UKPN

DNO Contracted

6 MW/10 MWh
FALCON

Milton Keynes: 100 kWh

NaNiCl2

WPD

DNO Merchant

Orkney Park

Kirkwall: 500 kWh, 2 MW

Li-ion

SSEPD

Contracted
Services

NINES

Shetland Iceland
3 MWH, 1 MW

Low Voltage Connected Energy
Storage

3.4.2.3

Chalvey, Berkshire

Lead-

SSEPD

DNO Merchant

SSEPD

DNO Merchant

Acid

Li-ion

2 kWh, 25 kW

Payment of final consumption levies for small-scale storage

Large-scale ES are exempted from paying FCLs, which is seen as positive in determining its
commercial availability [175]. However, this is not in favor of BES given that the power is 50
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MW for the largest battery energy storage project in Europe [214], and the average capacity of
the current and planned ES technologies projects is 27 MW [205]. It is demonstrated that the
payment FCLs by ES can cost up to £20k–£50k per annum for the SNS project in Table 3.4.
This makes the SNS project’s business model unprofitable outside the peak demand months
[208].

3.4.2.4

Employing de-rating factors in the capacity market

Before introducing the de-rating factors to ES in this market, its participation was not
penalised according to its discharge capacity, which meant that all storage devices received full
payment of the CM auction clearing price. However, due to de-rating factor changes, discussed
in Section 3.2.4, BES participation in this market has decreased. For instance, in the T-4 auction
of 2018, only 158 MW of BES have secured a contract compared to 500 MW in the previous
auction [215].
As depicted in Figure 3.4, the number of 0.5-hour and 1-hour duration batteries decreased
from 40 and 91 in the T-1 2018 auction to 17 and 32 in the T-1 2019 auction, respectively.
Moreover, the number of 1.5-hour duration batteries increased from 8 in the T-4 2021 to 18 in
the T-4 2022. This is in line with the first-time appearance of 11 and 2 batteries providing 3hours and 4-hours discharge duration, respectively. The decline in the shorter duration storage
(0.5-h and 1-h) and the increase in longer duration storage (1.5-h, 3-h, and 4-h) may result from
other services commitments. However, it indicates a regulatory change that encourages the
battery industry to increase its energy and power density by introducing higher payment for
longer duration storage.
A basic rule of the CM requires participants to remain ready in case of a system stress event.
This means that storage must be fully charged at all-times, thus increasing its rate of
degradation. This is one of the main barriers to BES in CMs [11]. However, battery degradation
cost is neither remunerated nor studied in the de-rating factor assessment study by the system
operator [191].

Capacity Market Auction
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Figure 3.4 The number of batteries participating in the UK's capacity market from T-1 2018 to T-4
2022 as reported in the capacity market register (adopted from [216]).

3.4.2.5

Introducing fixed charges for behind the meter storage

Behind-the-meter storage is typically used to reduce the electricity bill for commercial users.
They are normally charged based on their consumption during the peak demand periods.
However, because more users and businesses can predict these periods, they reduce their
exposure to these charges by using ES or demand-side management techniques. Thus, OFGEM
introduced fixed consumption charges because users can reduce the network charges for
themselves while other electricity users need to cover the network fixed cost. This would seem
to suggest that energy regulators regard storage as a disruptive technology that can displace the
existing energy regime [217].

3.4.3 Opportunities
3.4.3.1

Encouraging private parties’ investment in energy storage

Energy regulators in most liberalised countries are seeking to encourage competition
between energy sector entities and regulate the revenue for market monopolies. The ES
applications that each electricity market entity can provide are summarised in Table 3.5. It can
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be seen that private operators under the current market arrangements can provide all ES
applications compared to other actors. As discussed in Section 3.2.5, energy regulators are
considering strict unbundling requirements. Therefore, network operators will need to procure
these services from the private sector that is increasingly interested in investing in ES [217].
Table 3.5 Energy storage applications mapped to electricity actors: x: not applicable, : applicable [52].
Energy

DNO

TNO

Energy Arbitrage

x

x







Peak shaving



x

x

x



Voltage support





x

x



Constraint management



x

x





System balancing

x

x







x

x







Portfolio balancing
services

3.4.3.2

supplier

Generators

Private

Application

operators

Ancillary services aggregation

The act of aggregation refers to the grouping of several units (consumers or prosumers) in
the power system to act as a single entity when trading in the electricity market [218]. Several
studies identified the role of aggregators for ES in providing different services in the energy
markets. However, aggregators' business case is seen as hampered by the regulatory
frameworks that prevent wider market access [219,220]. In 2016, the EC required member states
to facilitate direct market access to the retail market [221]. Similarly, OFGEM identified some
of the barriers to service aggregation and acted to amend some of the balancing market codes
to allow aggregators to stack multiple revenue streams from different services [222].
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3.4.4 Threats
3.4.4.1

High capital cost

Although the capital cost of BES continues to fall, battery technology experts found that
even with the recent advances in battery pack manufacturing capabilities and chemistry
changes, the battery pack cost will not significantly decrease by 2020 [223]. As a result, a capital
cost barrier is still a threat to the potential market growth of many BES.

3.4.4.2

Cannibalisation of revenue streams for energy storage

With the increased deployment of ES technologies combined with the necessity for a
sustainable business case, there is a risk of revenue streams cannibalisation due to market
competition. This risk is considered in the UK’s system operator studies when ES deployment
forecast falls from 18.3 GW by 2040 to 10.7 GW by 2050 [224].

3.5

The effects of Brexit on energy storage deployment

The analysed SWOT factors and their effects on ES’s business case can be changed due to
the UK’s exit from the EU (Brexit). The UK’s electricity markets and the regulatory landscape
are currently compliant with the EU regulation. Indeed, some studies such as in [225] analysed
the implications of Brexit on the electricity sector and how the UK could lose the economic
benefits of the interconnectors of some EU countries. These interconnectors usually provide
valuable services to the UK’s electricity network by managing intermittent RESs. In the case
of a Brexit agreement that does not involve electricity market integration or interconnector
share, there is a significant need for ES and other flexibility options to mitigate RESs
intermittency [226]. Therefore, it seems that Brexit can raise the deployment of ES devices in
the UK. A recent study also confirmed this finding by stating that the economic investment in
large-scale ES to increase the UK’s peaking capacity may be boosted without the EU’s
interconnectors sharing [227].
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In case of a Brexit scenario that limits the UK’s access to the EU’s single market or a trade
arrangement that sees tariffs imposed between the UK and the bloc, importing batteries from
the EU may not be cost-effective to meet the local UK’s demand. Therefore, the UK
government should adopt policies to build battery gigafactories in the UK to cover the local
demand whether it is for electric vehicles or the grid. The Faraday institution estimates that at
least eight gigafactories are needed in the UK by 2040 [228].

3.6

Policy implications

We suggest some policy recommendations from the above SWOT analysis results that may
significantly impact the BES business case. First, an independent asset class should be created
for ES because the current energy markets are designed without electricity storage in mind.
Second, a unique definition for ES that reflects its features is needed. For instance, the current
definition for both the EU and the UK does not recognise the ES service when charging the
device to help store the exceeded power from a wind farm. Third, in the CM, where the capacity
of the BES asset is de-rated, the economic assessment of the degradation cost should be
considered. This is because degradation can influence the availability of these assets, which
can affect the reliability and the energy security of the electricity network should the
implementation of ES be increased.

3.7

Summary

ES is recognised as a key technology to mitigate the intermittency of many RES. Earlier
research found many barriers to the rollout of ES in current energy networks. Since 2017,
energy regulators in the EU and the UK proposed changes to enable a level playing field for
ES and remove these barriers. The changes include (i) defining ‘Electricity Storage’ in the main
legislation; (ii) removing double network and balancing charges for storage; (iii) co-locating
storage with renewable generation sites that are supported through consumption levies policies;
(iv) limiting ES operation by network owners; (v) facilitating ES planning permission; and (vi)
employing de-rating factors for storage in the capacity market (CM). Since the proposed
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regulatory changes at the UK and EU level are similar, the UK is taken as a case study
considering its market design and relevant regulations.
This chapter presented a SWOT analysis to explore the impact of the recent changes on the
business potential of BES. It examined whether these regulatory changes have been supportive
to BES’s business case in the UK. Three main benefits of the recent regulatory changes were
found. First, the removal of the double network charging for ES by eliminating the demand
residual charges (when importing electricity from the grid) can reduce its operational cost.
Second, ES co-location with RES sites that receive government subsidies can boost its business
case and recognise ES as a key player in integrating these intermittent resources. Third,
facilitating ES access to the grid by allowing cost-effective infrastructure access and planning
permission can positively affect investment decision in ES. The recent regulation supported
faster implementation of composite projects with a total capacity above 50 MW (for example,
a generation unit with 40 MW and ES with 40 MW).
However, several drawbacks were found in the recent regulatory changes that may outweigh
these benefits. First, the new definition for ES recognised it as a generation device. Thus it has
to compete with traditional generator assets in many instances, which it cannot do costeffectively. Second, the introduced regulations do not consider the different types and sizes of
ES and tend to support large-scale ES with a capacity of 100 MW or above (similar to
generators). However, there is a crucial role for smaller-scale ES in current energy systems in
the form of BES, as discussed in chapter two and three. From the regulators' perspective, this
makes sense as they do not want to disrupt the current energy market structure by creating an
independent storage asset class. Instead, they look for technological advancement for different
ES types to increase their energy and power density to place it in the traditional generator’s
category. Third, only large-scale ES assets (above 100 MW) are exempt from paying FCLs.
However, most of the current ES projects, especially BES, have a capacity below 100 MW.
The payment of the FCLs and the newly introduced fixed charged for behind the meter ES
increase the operational cost for ES assets. As such, the value of BES is limited in the current
energy systems under current regulatory and market regimes. Moreover, the degradation cost
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impact on the revenue of batteries with different de-rating factors in the CM has not been
quantified.
Despite the previous drawbacks and a high current capital cost for BES, many opportunities
have been found for private parties who are encouraged to own and operate ES devices to stack
multiple revenues from different services. The recent regulation meant that private parties are
in the best place to provide ES services. This is along with the suggestion that allows several
ES units to be aggregated and provide services in the wholesale electricity market.

Chapter 4

Battery degradation cost assessment in

the capacity market
The SWOT analysis in chapter 3 illustrated that the degradation cost impact on the revenue
of batteries with different de-rating factors in the CM had not been quantified. This chapter
provides quantitative battery degradation cost assessment for different de-rating factors in the
CM. Section 4.1 explains the capacity market design principles. Section 4.2 provides insights
about SEs in the CM and battery cycling profile. Section 4.3 presents the setup for battery
degradation data to inform the choice of a suitable battery degradation model. Section 4.4
presents the problem setup of this work. This includes describing the CM design
mathematically to estimate battery revenue. Section 4.5 presents the methods used in this
chapter including battery degradation models. Section 4.6 discusses the battery capacity cost
used in this study for degradation cost analysis. Section 4.7 presents the results of the
degradation data analysis, and battery revenue and degradation cost. Section 4.8 discusses the
findings and suggests policy recommendations. Finally, section 4.9 summarises this chapter.
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4.1

Battery degradation cost assessment in the capacity market

Capacity market design principles

In energy-only markets, generators depend on revenues collected when exporting energy to
the grid to cover their costs. With the entrance of more intermittent RES to the market, the
expected energy demand increase, and the phase-out of carbon-intensive generators, the market
faces a challenge to ensure energy supply adequacy. However, energy-only market neglects
the energy adequacy problems because it is a price-based approach that assumes that the market
always clears (quantity supplied = quantity demanded) [229]. Thus, when the supply side
becomes scarce, there must be a load reduction from the demand side to ensure market
clearance. However, due to the inelastic nature of the demand side and irrational customer
responses, electricity markets do not guarantee a demand response or market clearance. This
market issue, along with some others, resulted in the development of CMs [230].
Moreover, during blackouts, energy-only market is inefficient [231]. If there is a blackout in
the electricity network, its duration relies on the generation capacity built to avert them. The
incentive to invest in new generation capacity depends on the scarcity prices paid during
blackouts. All generators may charge high scarcity prices, which in real cases, can be ‘367’
times higher than the average price [232]. Indeed, the scarcity price can reach a maximum of
£11820/MWh in GB in winter [233]. Since scarcity prices are generally capped at low price by
regulators, generators may not earn sufficient revenue to recover their fixed cost and invest in
building new capacity. This creates the ‘missing money’ problem [234].
The missing money problem is illustrated in Figure 4.1, where a price duration curve governs
the relationship of the spot price in the market and the utilised energy capacity as a function of
time period6. This curve reflects the price change with time according to different levels of
supply and demand. Peakers7 are operating in area A, thus earning higher prices (P3 and above
including the missing money) but for a relatively short period. The mid-range generators
operate for a longer duration and receive a potential payment in areas A + B (P2 and above) to
cover the larger fixed and investment cost. The baseload generators may receive the payment

6

Note that the arrows in Figure 4.1 points to the possible returns for generators in ‘normal’ operating
conditions. The arrows point to the possible revenue in that area (A,B,C).
7
Power plants that are dispatched only when there are high demands.
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for A + B + C if the demand is high such that the Peakers are running. The high prices received
in area A is needed to compensate all generators, not just the Peakers. However, the highest
price in area A usually is capped low, thus creating the missing money. This price cap is
introduced due to administrative/regulatory procedures to protect customers from price
volatility and prevent generators from exercising market power [235].
Many solutions were adopted to mitigate the missing money problem, including a quantitybased approach or CMs. In CMs, the system operator needs to determine the optimal capacity
to reduce/eliminate the SEs in the system. An auction is then held to determine the scarcity
price needed by bidders to secure this optimal capacity. By comparing the marginal production
cost with the scarcity price during the auction, bidders can decide whether to remain in or be
out of the market. In effect, the auction discovers the value of the price cap needed to inform
investors to build new capacity corresponding to the optimal capacity needed.

Figure 4.1 The missing money problem for generators in energy-only markets.
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Shortage events

As demonstrated in the previous section, the key to practical CM design is determining the
number of SEs that correspond to the optimal capacity needed. The LOLE reliability standard
is used in most CMs to define the period of these SEs to 3 or 4 hours per year. As discussed in
Chapter 2, many energy regulators, including OFGEM, have deemed this reliability standard
inadequate in determining the real number of SEs or LOLE. Besides, previous studies,
discussed in section 2.3, found that LOLE can reach up to 84 hours per year in the presence of
a high share of RES while considering the current electricity market scarcity prices.
This work considers two main scenarios for LOLE to determine the battery cycling profile
along the CM contract period. The first scenario assumes nearly 20 SEs with different periods
of 0.5-hour, 1-hour, 2-hours and 4-hours, as shown in Figure 4.2. The distribution of the SEs
considers the peak demand periods in the recent years of Great Britain’s CM, which are in
quarter 1 and 4 of each year (winter months) [236].
This work assumes that the probability of SEs is more in the peak demand periods, which is
the case in most countries [237]. It also considers the probability of the duration of each SEs, as
presented in [191]. For instance, the probability of the 0.5h, 1h, 2h, and 4 SEs are 31.37%,
33.33%, 29.4% and 5.88% respectively. The second cycling scenario assumes 90 SEs, as
shown in Figure 4.3, based on two reasons. First, even if there is no actual SE, batteries must
demonstrate extended performance by discharging their power during the CM prequalification
stage, resulting in more battery cycling [238]. Second, it is used in the sensitivity analysis to
study the impact of increased battery cycling on the battery business case in the CM.
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Figure 4.2 The number of shortage events in the capacity market: scenario 1.
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Figure 4.3 The number of shortage events in the capacity market: scenario 2.
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Battery degradation data

Some battery experimental degradation data has been analysed to inform the choice of a
suitable battery degradation model that can capture the effects of different operating
conditions8. Due to LiB cells degrade differently for different chemistries, cells from different
commercial manufactures (BYD, Samsung and Sony) with LiFePO4 (LFP) and Nickel
Manganese Cobalt (NMC) chemistries have been tested. Moreover, an attempt is made to
quantify the degradation cost of the resistance increase in addition to the CF.
The cells were cycled using Digatron battery cycler at Fraunhofer Institute for Solar Energy
Systems and Renewable Energy Test Center (RETC) in California. The Digatron IBT has six
channels with (-100 to +100 A) current range and (0-150 V) voltage range. All the battery cells
were placed in environmental chambers of the Thermotron type to regulate the temperature
during battery cycling. Also, they have been used to control the temperature during calendar
ageing testing. Then, the capacity and the resistance for the cells have been measured
periodically and compared to the original value. The experimental setup, the cells testing
protocols, and cells specifications are given in Appendix A.
Table 4.1 and 4.2 present the cycling and calendar ageing tests matrix for the different LiB
cells (Sony, BYD, and Samsung). For cycling ageing, the temperature and the DoD are varied
along with the C-rate. For calendar ageing, the temperature and the SoC are varied. It should
be noted that for calendar ageing, CF and resistance increase have been measured for each cell.
The results for this part are presented in section 4.7.1.

8

The battery experimental degradation data presented in this work were collected by Mr. Rehab Mokidm at
Fraunhofer Institute for Solar Energy Systems and Renewable Energy Test Center at California. Then, the raw
degradation data has been analysed by Ahmed Gailani.
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Table 4.1 Cycle ageing test matrix
Temperature

Discharge depth

Cell type

Capacity (Ah)

Sony 1

3

35

80-5

1/1

Sony 2

3

25

100-60

1/1

Sony 3

3

25

60-20

1/1

Sony 4

3

25

85-45

1/1

Samsung 1,2

94

35

80-5

0.75/0.75

Samsung 3

94

20

80-20

1/1

Samsung 4

94

20

80-20

2/2

BYD1,2

25

35

80-5

0.75/0.75

(Cº)

Ch/Dch rate

(%)

Table 4.2 Calendar ageing test matrix
Cells type

SoC (%)

Temperature (C)

Sony 7,8 and BYD 3,4

70

10

Sony 9,10 and BYD 5,6

70

20

Sony 11,12 and BYD 7,8

20

35

Sony 13,14 and BYD 9,10

50

35

Sony 15,16 and BYD 11,12

70

35

Sony 17,18 and BYD 13,14

100

35
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Problem setup

In this study, the LiB is used to provide reserve services in the CM for one year. It cycles
according to the cycling profile in Figure 4.2 and 4.3. In the first scenario, it is assumed that
the battery will be mostly affected by battery calendar ageing with few cycles expected over
the year, which is the dominant case in CMs today since SEs are indeed rarely occurs. In the
second scenario, battery cycling will increase by 4.5 times in line with the assumptions
mentioned in section 4.2, thus increasing battery cycling capacity loss. During the contract′s
period, the battery experiences both calendar and cycling ageing that leads to capacity fade,
resulting in degradation cost. The task of a battery operator who wishes to exploit this market
is to nominate a suitable capacity de-rating strategy for the battery between 0.5 h and 4 h+ that
can maximise revenue and minimise degradation cost. This study utilises the LiB to get 0.5 h,
1 h, 2 h and 4 h de-rating factor, as shown in Table 4.3.
It should be noted that the battery capacity is in Ah multiplied by the nominal voltage to get
the battery capacity in MWh. The connection capacity is the power in MW in which the battery
asset owner can deliver to the grid. This setup is in agreement with the current batteries
participating in the CM [216].
Table 4.3 Capacity market battery de-rating factors used in this study.
Battery Capacity (MWh)

Potential Connection Capacity (MW)

Duration (h)

2

2

0.5

2

2

1

2

1

2

2

0.5

4

The total revenue of battery 𝑅 represents the revenue from the CM contract in addition to
overpayments 𝑅𝑜𝑣 minus potential penalties 𝑝, as given in 4.1, where 𝐶𝑑𝑒 is the de-rated
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capacity, 𝜆𝑐𝑙 is the CM auction clearing price, and 𝑓 is a factor used to reward slightly more
payment in peak demand months:
𝑅 = 𝐶𝑑𝑒 × 𝜆𝑐𝑙 × 𝑓 + 𝑅𝑜𝑣 − 𝑝

4.1

The de-rated capacity 𝐶𝑑𝑒 depends on the battery’s output power, as in 4.2, where 𝑘𝑑𝑒 (𝑏) is
the de-rating factor for each battery (𝑏), 𝐼𝑏 (𝑡) is the battery current during time (𝑡), 𝑉𝑏 (𝑡) is
the battery voltage, and 𝑁 is the total number of battery cells.
𝐶𝑑𝑒 = 𝐼𝑏 (𝑡) × 𝑉𝑏 (𝑡) × 𝑁 × 𝑘𝑑𝑒 (𝑏)

4.2

The capacity obligation 𝐶𝑜 for each de-rated battery is calculated at each settlement period9
(i) as in equations (4.3). 𝐷𝑝 is the peak electricity demand during the SE (𝐷𝑝𝑠𝑒 ) divided by the
total CM contracted capacity through the CM auction 𝐶𝑎𝑢𝑐 as in (4.4). 𝐶𝑏 is the capacity offered
by the battery to other grid balancing services.
𝑛

𝐶𝑜 = ∑(𝐶𝑑𝑒 × 𝐷𝑝 (𝑖)) − 𝐶𝑏

4.3

𝑖=1

𝐷𝑝 (𝑖) =

𝑠𝑒
𝐷𝑝(𝑖)

𝐶𝑎𝑢𝑐

4.4

The penalties and the overpayments are obtained by calculating the amount of undelivered
or over delivered capacity over the CM contract at each settlement period, as in (4.5) and (4.6):
𝑛

𝑝 = ∑ 𝐶𝑢𝑛 (𝑖) × 𝜆𝑐𝑙

4.5

𝑖=1
𝑛

𝑅𝑜𝑣 = ∑ 𝐶𝑜𝑣 (𝑖) × 𝜆𝑐𝑙

4.6

𝑖=1

9

SE.

The settlement period occurs at each 0.5 hour. The index (i) is used to represent settlement periods at each

70

Battery degradation cost assessment in the capacity market

The undelivered and over-delivered capacity can be estimated based on the SoC of the
battery as in (4.7) by estimating the available capacity 𝐶𝑎𝑣𝑎𝑖𝑙 :
Γ={

𝐶𝑢𝑛 (𝑖) , 𝑖𝑓 𝐶𝑎𝑣𝑎𝑖𝑙 (𝑖) < 𝐶𝑜 (𝑖)
𝐶𝑜𝑣 (𝑖) , 𝑖𝑓 𝐶𝑎𝑣𝑎𝑖𝑙 (𝑖) > 𝐶𝑜 (𝑖)

4.7

By multiplying the lost battery capacity 𝐶𝑙𝑜𝑠𝑡 (𝑢)10 during the CM contract (i.e., when the
battery at storage condition and cycling condition during SEs) by a degradation price 𝜆𝑑𝑒𝑔𝑟 ,
the total capacity degradation cost 𝐶𝐷,𝑐𝑜𝑠𝑡 can be roughly estimated, as in (4.8):
𝐶𝐷,𝑐𝑜𝑠𝑡 = 𝐶𝑙𝑜𝑠𝑡 (𝑢) × 𝜆𝑑𝑒𝑔𝑟 × 𝑁

4.8

The profit for each battery (𝑃) is the total revenue minus the capacity degradation cost as in
(4.9):
𝑃 = 𝑅 − 𝐶𝐷,𝑐𝑜𝑠𝑡

4.9

It is desired to maximise the battery profit during the CM contract at any day (𝑑). Thus, a
constrained optimisation problem is formulated to maximise the profit (𝑃) as in (4.10) subject
to constraints in (4.11) - (4.14):
𝑑

𝑀𝑎𝑥𝑖𝑚𝑖𝑠𝑒 𝑃 = ∑ 𝑅(𝑑) − 𝐶𝐷,𝑐𝑜𝑠𝑡 (𝑢)

4.10

1

10

0 ≤ 𝑝 ≤ 0.1 × 𝑅(𝑑)

4.11

𝐶𝑙𝑜𝑠𝑡 (𝑢) ≥ 0.7 × 𝐶𝑁

4.12

2.7 ≤ 𝑉𝑏 (𝑡) ≤ 4.2

4.13

It should be noted that the lost battery capacity 𝐶𝑙𝑜𝑠𝑡 (𝑢) is function of 𝑢 which is parameter used to represent
different input parameters to the degradation models such as SoC, temperature and number of days (d) during
calendar ageing and DoD, number of cycles, temperature, and C-rate during cycle ageing.
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4.14

0 ≤ 𝑆𝑜𝐶(𝑡) ≤ 1
Where 𝐶𝑁 is the nominal battery capacity.

The CM related parameters used in this study are given in Table 4.4. It should be noted that
a small amount of 10% of the total battery capacity obligation was devoted to other committed
balancing services during odd settlement periods to ensure a more realistic simulation scenario.
Table 4.4 Capacity market related parameters values
Parameter

Value

Unit

𝑓

−4.66910−4 𝑑 5 + 0.0155𝑑 4 − 0.1829𝑑 3 + 0.9375𝑑 2 − 2.255𝑑 + 11.34

𝜆𝑐𝑙

19.4

£/kW/y

𝜆𝑐ℎ

30

£/MWh

-

𝐶𝑎𝑢𝑐

49258

MW

𝐶𝑏 (𝑖)

0.1 𝐶𝑜

MWh

𝑠𝑒
𝐷𝑝(𝑖)

−2463 × 𝑖 + 4.68 × 104 , 𝑖 = 1 − 8

MW

𝑘𝑑𝑒

−4.934𝑏 2 + 43.44𝑏 + 1.233 , 𝑏 = 0.5,1,2,4

4.5

Ref

-

[239]

[239]

[191]

Methods

4.5.1 Equivalent circuit battery model
One NMC LiB cell with a capacity of 53 Ah is simulated by using the ECM, as shown in
Figure 4.4. The 53 Ah cell is then scaled to 2 MWh battery that contains 10,080 cells, as
explained in Table 4.5. The 2MWh capacity is chosen because it is the minimum capacity

72

Battery degradation cost assessment in the capacity market

needed as per CM regulations. The revenue and the degradation cost are then multiplied by the
number of cells (𝑁). This assumes a high-quality cell balancing and battery management
system in which all cells behave equally such that each cell is controlled individually using
power electronic circuits as in [125,240,241].
In theory, the higher the order of the R-C pairs in a battery model, the higher the accuracy.
Ideally, the model parameters should be function of the SoC, temperature, battery degradation
and the C-rate. However, this may increase the model complexity in terms of parameters
estimation while not offering electrochemical insights. It is found that the 2RC pairs are
preferable for NMC battery as they offer a compromise between accuracy and complexity [242].
As such, in the ECM seen in Figure 4.4, two R-C pairs are chosen. All the parameters are
function of the SoC. 𝑅𝑜 is the ohmic resistance that represents charge/discharge energy losses.
𝑅1 and 𝐶1 describe the charge transfer resistance and double-layer capacitance, respectively
while 𝑅2 and 𝐶2 are used to capture battery diffusion effects. A detailed presentation and
discussion of the model can be found in [54–56]. The ECM model implementation and
parameter estimation are given in Appendix C.
Table 4.5 Battery system scaling to 2 MWh.
Battery system component
Cell
String

Specifications
Nominal cell capacity = 53Ah
Nominal NMC battery voltage = 3.7 V
12 cells in series, 3.7 × 12 = 44.4V

Module

4 strings in parallel, 4 × 53 = 212Ah

Rack

14 modules in series, 15 × 44.4 = 666V

Battery

15 rack in parallel, 14 × 212 = 2968Ah

Total size

2968 × 666 ≈ 2MWh

Total number of cells (N)

12 × 4 × 14 × 15 = 10080
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+
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+

73

𝑅1

𝑅2

𝐶1

𝐶2

𝑣1

-

+

𝑣2

+
-

𝑣𝑏(𝑡)

-

-

Figure 4.4 Battery equivalent electrical circuit model used in this study.

The electrical behaviour of the battery cell in Figure 4.4 is expressed in (4.15) − (4.18):
𝑑𝑖𝑅1
1
1
=−
𝑖𝑅1 (𝑡) +
𝑖 (𝑡)
𝑑𝑡
𝑅1 𝐶1
𝑅1 𝐶1 𝑏

4.15

𝑑𝑖𝑅2
1
1
=−
𝑖𝑅2 (𝑡) +
𝑖 (𝑡)
𝑑𝑡
𝑅2 𝐶2
𝑅2 𝐶2 𝑏

4.16

𝑡
𝑑𝑆𝑜𝐶(𝑡)
ƞ
= 𝑆𝑜𝐶 (𝑡0 ) −
∫ 𝑖𝑏 (𝑡) 𝑑𝑡
𝑑𝑡
3600 𝐶𝑁 𝑡0

4.17

𝑣𝑏 (𝑡) = 𝑂𝐶𝑉(𝑆𝑜𝐶(𝑡)) − 𝑣1 (𝑡) − 𝑣2 (𝑡) − 𝑅0 𝑖𝑏 (𝑡)

4.18

Since the ECM uses a coulomb counting method for SoC estimation in (4.17), which suffers
from errors if the battery capacity is changed due to degradation, the battery capacity is
continuously updated by the degradation model by feeding back the capacity values to equation
(4.16) similar to the method presented in [158]. The battery parameters are presented in Table
4.6, which are fitted in MATLAB based on the experimental data from [243] using the
Levenberg-Marquardt algorithm. The fitting process and the model implementation are shown
in Appendix C. Figure 4.5 (a, b, c) shows the simulation results for battery current, voltage and
the SoC, respectively. A good fitting agreement for the simulated output voltage (in blue) with
the experimental results (in red dots) can be observed.
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Table 4.6 Lithium-ion battery cell equivalent circuit model parameters at T=20ºC.
SoC

OCV (V)

R0 (mΩ)

R1 (mΩ)

C1 (kF)

R2 (mΩ)

C2 (kF)

0

3.5136

9.6145

4.944

9.792

0.746

27.958

0.1

3.579

9.3483

4.928

12.621

0.572

38.512

0.2

3.623

9.5188

4.925

14.635

0.507

37.631

0.3

3.662

9.4834

4.90

15.301

0.498

26.237

0.4

3.694

9.4206

4.878

13.912

0.270

20.286

0.5

3.727

9.3673

4.899

11.905

0.0032

18.975

0.6

3.813

9.356

4.890

14.256

0.2385

15.288

0.7

3.899

9.3326

4.889

14.488

0.556

16

0.8

3.991

9.3847

4.884

13.775

0.288

18.763

0.9

4.092

9.240

4.822

15.166

0.659

18.454

1

4.21

9.351

4.885

12.889

0.490

12.412
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Figure 4.5 (a) Battery current; (b) Battery output voltage; (c) Battery state of charge.
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4.5.2 Battery degradation models
LiB capability to store energy decreases over time, resulting in CF, PF or both. This is a
result of complex electrochemical and mechanical processes inside the battery that can take
place simultaneously. Different operating conditions influence these degradation mechanisms.
As discussed in section 2.5, during battery cycling, the degradation rate is influenced by Crate, DoD, average SoC, and temperature. In storage condition, the degradation rate is
influenced by temperature, idle time and SoC. Therefore, the purpose of battery degradation
models is to predict the battery lifetime considering these influencing parameters.
Both battery degradation models presented below and the ECM use the same battery
chemistry (NMC), which is important to ensure consistent results as indicated in [244]. It is
assumed that the battery resistance increase is an indicative factor to degradation and
eventually, CF will be used to quantify the nominal capacity in this work. Another reason for
relying on capacity fade is the highly non-linear characteristics of impedance increase of
batteries, as discussed in section 4.7.1

4.5.2.1

Empirical model

In this model, a large set of battery degradation experimental data is interpolated by empirical
or parametric functions. In the experimental study presented by Schmalstieg et al. [245], 42 LiB
cells were stored for 500 days at different temperatures and voltages (or SoCs) to increase
reproducibility and the accuracy of the calendar ageing model. Similarity, 22 cycle ageing tests
with different DoDs and mean SoC were performed to produce the cycling ageing model.
The above experimental data was mathematically fitted in several steps to represent a
lifetime degradation model. For the calendar ageing model, the capacity reduction (𝐶𝑐𝑎𝑙 ) over
the number of days (𝑑) is represented by a (𝑑 0.75 ) function with a global degradation fitting
parameter (𝛼) as in (4.19). Then 𝛼 is used to capture the SoC dependency (OCV) via a linear
relationship (4.20) and temperature dependency (T) in Kelvin via the Arrhenius equation
(4.21). The resultant (𝛼) is given in (4.22) where 𝑎1 , 𝑎2 , 𝑎3 , and 𝐸𝐴 are fitting parameters. 𝑅𝑔
is the universal gas constant.
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Similarly, the cycling ageing model captures the capacity reduction (𝐶𝑐𝑦𝑐 ) over the number
of equivalent full cycles (𝑁𝑐) based on a square-root function with a global degradation fitting
parameter (𝛽) as in (4.23). Then 𝛽 is used to capture the cycle depth effect (DoD) and the
average voltage (𝑉𝑎𝑣 ) at the corresponding DoD as in (4.24). For example, the average voltage
for cycling between 100% SoC and 90% SoC is around 3.95 V. The total empirical cycling and
calendar ageing model (𝐶𝑙𝑜𝑠𝑡1 ) used in this study is given in (4.25), which is based on the model
presented in [245] where 𝑎4 , 𝑎5 , 𝑎6 are fitting parameters and 𝑉𝑎𝑣 is the voltage at 50% SoC. It
should be noted that some of the fitting parameters here have been re-estimated to enhance the
model due to variations in the OCV values used in this study compared to Schmalstieg’s study.
The complete set of parameters are given in Table 4.7.
𝐶𝑐𝑎𝑙 = 𝛼 ∙ 𝑑 0.75

4.19

𝛼𝑣 (𝑉) = 𝑎1 + 𝑎2 ∙ 𝑉𝑏 (𝑡)

4.20

−𝐸𝐴
)
𝑅𝑇

4.21

𝛼𝑇 (𝑇) = 𝑎3 ∙ 𝑒𝑥𝑝 (

𝛼(𝑇, 𝑉) = (𝑎1 + 𝑎2 ∙ 𝑉𝑏 (𝑡)) ∙ 𝑎3 ∙ 𝑒𝑥𝑝 (

−𝐸𝐴
)
𝑅𝑔 𝑇

4.22

𝐶𝑐𝑦𝑐 = 𝛽 ∙ 𝑁𝑐 0.5

4.23

𝛽 = 𝑎4 ∙ (𝑉(𝑡)𝑚𝑒𝑎𝑛 − 𝑉𝑎𝑣 )2 + 𝑎5 + 𝑎6 ∙ 𝐷𝑜𝐷

4.24

𝐶𝑙𝑜𝑠𝑡1 = (𝛼(𝑇, 𝑉) ∙ 𝑑 0.75 + 𝛽(𝐷𝑜𝐷, 𝑉𝑚𝑒𝑎𝑛 (𝑡)) × √∫ 2𝐼𝑏 (𝑡) 𝑑𝑡 ∙ 𝑁𝑐 0.5 )

4.25
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Table 4.7 Empirical ageing model parameters values [245].
Parameter
𝑎1

4.5.2.2

Value
−24.02

𝑎2

7.622

𝑎3

106

𝐸𝑎

5.8098 × 104

𝑅𝑔

8.314

𝑉𝑎𝑣

3.68

𝑎4

7.42 × 10−3

𝑎5

7.71 × 10−4

𝑎6

4 × 10−3

Semi-empirical model

Semi-empirical models develop on the empirical ones by including a theoretical basis for
some degradation mechanisms. For instance, this model can capture the battery cycling
temperature dependency, which was not captured in the empirical model. Therefore, they partly
reduce the need for gathering a considerable amount of experimental data needed in the
empirical models [246].
One example of such models is developed by Smith et al. [247] in which 12 LiB cells were
tested at different SoCs, DoDs, and temperatures. In this model, three degradation mechanisms
inside a LiB cell are represented in Figure 4.6. First, it is assumed that some lithium particles
at the interphase between the electrolyte and the negative electrode are prevented from
contributing to the main chemical reaction due to the formation of the SEI layer. This SEI layer
grows with time and, together with the mechanical fracture that occurred in the first battery
cycles, results in capacity fade (𝑄𝑆𝐸𝐼 ). Second, with more expansion and contraction of
electrode materials during charging/discharging, the negative electrode particles face increased
stress that leads to mechanical fracture, which results in AM loss (𝑄𝐴𝑀 ). Third, at the cell’s
beginning of life, the positive electrode storing capability (𝑄𝑝𝑜𝑠 ) slightly increases. This is
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because it is found that temperature is the main controlling factor in the first few cycles leading
to an increased Ampere-hour throughput.
The total capacity loss is the minimum of the three degradation mechanisms described above
as in (4.26). The sub-sections below present the governing equations of each degradation
mechanisms model as presented in [247].
4.26

𝐶𝑙𝑜𝑠𝑡2 = 𝑚𝑖𝑛 (𝑄𝑆𝐸𝐼 , 𝑄𝐴𝑀 , 𝑄𝑝𝑜𝑠 )

Discharge
-

-

Charge

-

Load

-

Positive Electrode

-

-

Negative Electrode

+

+

+

+

+

+

Seperator
+

+

+

+

+

+

Electrolyte

Active material
gained

mechanical fracture

SEI layer
+
+

+
+
+

+
+

+

+

+
+

+

+

+
+

Figure 4.6 Degradation mechanisms considered in the semi-empirical model.

4.5.2.2.1

SEI layer growth

The SEI layer model captures three temperature-dependent degradation mechanisms. First,
the SEI layer growth due to calendar ageing with a dependency on the square root of time
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(days). Second, the capacity loss with few cycling. Third, the non-linear behaviour of CF at the
beginning of battery life. These are presented in (4.27):

𝑄𝑆𝐸𝐼 = 𝑑0 [ 𝑏0 − 𝑏1 √𝑑 − 𝑏2 𝑁𝑐 − 𝑏3 (1 − exp (

−𝑑
)]
𝜏𝑏3

4.27

2

−𝐸𝑎,𝑑01 1
1
𝐸𝑎,𝑑02 1
1
𝑑0 = 𝑑0,𝑟𝑒𝑓 (𝑒𝑥𝑝 [
( −
)−(
)( −
) ])
𝑅𝑔
𝑇 𝑇𝑟𝑒𝑓
𝑅𝑔
𝑇 𝑇𝑟𝑒𝑓

4.28

𝑑0 is used to capture the temperature dependency after determining the overall degradation
mechanisms above as in (4.28). 𝑇 is the cell temperature, 𝑇𝑟𝑒𝑓 is the reference temperature
(298.15º), 𝐸𝑎,𝑑01 and 𝐸𝑎,𝑑02 are activation energy fitting parameters, 𝑏0 and 𝜏𝑏3 are general
fitting parameters. The parameters 𝑏1 , 𝑏2 , 𝑏3 are given as in (4.29) - (4.31) as in [247].
𝑏1 = 𝑏1,𝑟𝑒𝑓 𝑒𝑥𝑝 [

−𝐸𝑎,𝑏1 1
1
𝛼𝑏1 𝐹 𝑈𝑛 (𝑡) 𝑈𝑟𝑒𝑓
( −
)] 𝑒𝑥𝑝 [
(
−
)] 𝑒𝑥𝑝[𝛾𝑏1 (𝐷𝑜𝐷)𝛽𝑏1 ]
𝑅𝑔
𝑇 𝑇𝑟𝑒𝑓
𝑅𝑔
𝑇
𝑇𝑟𝑒𝑓

−𝐸𝑎,𝑏2 1
1
𝑏2 = 𝑏2,𝑟𝑒𝑓 𝑒𝑥𝑝 [
( −
)]
𝑅𝑔
𝑇 𝑇𝑟𝑒𝑓

𝑏3 = 𝑏3,𝑟𝑒𝑓 𝑒𝑥𝑝 [

−𝐸𝑎,𝑏3 1
1
𝛼𝑏3 𝐹 𝑉𝑂𝐶 (𝑡) 𝑉𝑟𝑒𝑓
( −
)] 𝑒𝑥𝑝 [
(
−
)] (1 + 𝜃𝑠 𝐷𝑜𝐷)
𝑅𝑔
𝑇 𝑇𝑟𝑒𝑓
𝑅𝑔
𝑇
𝑇𝑟𝑒𝑓

4.29

4.30

4.31

Where 𝑏1,𝑟𝑒𝑓 , 𝑏2,𝑟𝑒𝑓 , 𝑏3,𝑟𝑒𝑓 𝐸𝑎,𝑏1, 𝐸𝑎,𝑏2, 𝐸𝑎,𝑏3, 𝛼𝑏1, 𝛼𝑏3, 𝛾𝑏1 , 𝛽𝑏1 , 𝜃𝑠 are fitting parameters,
𝐹 is faraday constant, 𝑈𝑛 (𝑡) is the SoC-dependent open circuit potential (OCP) of the anode,
𝑈𝑟𝑒𝑓 is the reference OCP at 100% SoC, 𝑉𝑂𝐶 (𝑡) is the SoC-dependent OCV of the cell, and
𝑉𝑟𝑒𝑓 is the reference OCV.

4.5.2.2.2

Active material loss

The negative electrode AM capacity 𝑄𝐴𝑀 assumed to be inversely proportional to 𝑁𝑐 . As
battery cycling increases, more electrode sites will be lost due to cracking, which in turn leaves
the active reaming sites stressed to achieve the same performance. This is represented
mathematically in (4.32):

Battery degradation cost assessment in the capacity market

𝑑𝑄𝐴𝑀
𝑐1
= −(
)
𝑑𝑁𝑐
𝑄𝐴𝑀
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4.32

Where 𝑐1 is the rate of capacity loss per cycle which is dependent on DoD and temperature.
Solving (4.32) using Bernoulli ordinary differential equation, as shown in Appendix B in
details yields the analytical solution in (4.33):
4.33

𝑄𝐴𝑀 = √𝑐0 2 − 2𝑐1 𝑐0𝑁𝑐

𝑐1 is given in (4.34) and 𝑐0 is the initial capacity before losses which is given in (4.35):
−𝐸𝑎,𝑐1 1
1
𝑐1 = 𝑐1,𝑟𝑒𝑓 𝑒𝑥𝑝 [
( −
)] (𝐷𝑜𝐷)𝛽𝑐1
𝑅𝑔
𝑇 𝑇𝑟𝑒𝑓

𝑐0 = 𝑐0,𝑟𝑒𝑓 𝑒𝑥𝑝 [

−𝐸𝑎,𝑐0 1
1
( −
)]
𝑅𝑔
𝑇 𝑇𝑟𝑒𝑓

4.34

4.35

Where 𝑐1,𝑟𝑒𝑓 , 𝑐0,𝑟𝑒𝑓 , 𝐸𝑎,𝑐1, 𝐸𝑎,𝑐0 and 𝛽𝑐1 are fitting parameters.

4.5.2.2.3

Beginning of life model

The positive electrode storing capability (𝑄𝑝𝑜𝑠 ) is as in (4.36):

𝑄𝑝𝑜𝑠 = 𝑑0 + 𝑑3 (1 − exp (− ∫

𝐼𝑏 (𝑡)
)
228

4.36

Where 𝑑3 is a fitting parameter.
Table 4.8 and Table 4.9 present the constant and function parameters needed for the semiempirical model, respectively, with some parameters are different from those presented in [247].

82

Battery degradation cost assessment in the capacity market

Table 4.8 Semi-empirical ageing model parameters values
Parameter
𝑇𝑟𝑒𝑓

Value

Parameter
𝐸𝑎,𝑏2

298.15

𝐸𝑎,𝑑01

4122
6

Value
−42800

𝐸𝑎,𝑏3

42800

𝛼𝑏1

−1

𝐸𝑎,𝑑02

9.76 × 10

𝑏0

1.07

𝛼𝑏3

0.0066

𝜏𝑏3

5

𝛾𝑏1

2.472

𝑏1,𝑟𝑒𝑓

3.503 × 10−3

𝛽𝑏1

2.157

𝑏2,𝑟𝑒𝑓

1.541 × 10−5

𝜃

0.135

𝑏3,𝑟𝑒𝑓

2.805 × 10−2

𝐹

96485

𝐸𝑎,𝑏1

35392

𝑈𝑟𝑒𝑓

0.08

𝑐1,𝑟𝑒𝑓

3.9193 × 10−3

𝑉𝑟𝑒𝑓

3.7

𝑐0,𝑟𝑒𝑓

75.64

𝐸𝑎,𝑐0

2224

𝐸𝑎,𝑐1

−48260

𝛽𝑐1

4.54

Table 4.9 Semi-empirical model functions values.
Parameter

Value
8

7

6

5

𝑈𝑛 (𝑡)

585.3 𝑆𝑜𝐶 − 2633 𝑆𝑜𝐶 + 4952 𝑆𝑜𝐶 − 5053 𝑆𝑜𝐶 +
3032 𝑆𝑜𝐶 4 − 1085 𝑆𝑜𝐶 3 + 224.4 𝑆𝑜𝐶 2 − 24.6 𝑆𝑜𝐶 + 1.287

𝑉𝑂𝐶 (𝑡)

−41.38 𝑆𝑜𝐶 6 + 139.5 𝑆𝑜𝐶 5 − 186 𝑆𝑜𝐶 4 + 124.9 𝑆𝑜𝐶 3 −
43.64 𝑆𝑜𝐶 2 + 7.801 𝑆𝑜𝐶 + 3

Reference
Fitted based
on the data
in [248]
Fitted based
on the data
provided to
me by Smith
[247]
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Battery cost

Although the general trend of battery pack cost is decreasing, estimating battery pack cost
precisely is difficult [249]. Moreover, the cost would depend on the owner′s preference for
battery chemistry, lifetime, power electronics equipment, thermal management system, and the
quality of the battery management system. As such, the battery pack cost is subject to
significant uncertainty. Some studies predicted a battery pack cost of 125 $/kWh by 2022 [250].
Other study found that the minimum battery pack price is 220 €/kWh in 2018 [251].
This study considers Bloomberg analyses for battery pack price of 176 $/kWh in 2019 [252],
which we assumed includes the cost of all BMS components such as the thermal management
system. This is because the Bloomberg study offers the latest up-to-date battery pack price
assessment when writing the first publication of this thesis. As such, the battery capacity cost11
is set at 0.5 £/Ah by assuming a nominal battery voltage of 3.7 V, similar to the analysis
presented in [124].

4.7

Results

4.7.1 Degradation analysis of different battery cells chemistries
4.7.1.1

Calendar ageing

The calendar ageing test was done for the Sony and BYD cells since they have the same LFP
chemistry. As seen in Figure 4.7 and Figure.4.8, the SoC is kept constant at 70% while the
temperature is changed (10C, 20C, 35C) for Sony and BYD cells, respectively. The CF due
to calendar ageing is higher at 35C compared to 10C and 20C in agreement with the
literature. Storing the battery cells at high temperatures causes electrolyte and electrode
decomposition, leading to SEI layer growth and gas generation [22]. After 30 months of

11

The average conversion rate of US dollar to Great Britain Pound between 18-08-2018 and 18-08-2019 is
1$=0.78£. As such, 176 $/kWh is converted to 137.28£/kWh. Therefore, 0.137£/Wh. As the battery capacity in
Ah, and assuming the nominal battery output voltage of 3.7 V. Then the degradation cost in Ah = 0.137£ * 3.7 =
0.5£/Ah.
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calendar ageing, the Sony cell CF is 0.33% at 10C, 1.33% at 20C and 5.33% at 35C. For
BYD cells, the capacity loss is 6% at 10C, 6.4% at 20C and 10% at 35C after 30 months.
Although the general ageing trend is similar between the Sony and BYD cells since they have
the same chemistry, a post-mortem analysis may be needed to quantify the degradation
percentage differences.
The effect of SoC changes at a fixed temperature (35C) is depicted in Figure.4.9 and Figure
4.10 for Sony and BYD cells, respectively. A nearly linear trend is observed across all the cells
with different SoC levels. It can be seen that the higher the SoC level, the higher is the cell CF
due to binder and electrode decomposition, in agreement with the results presented in [253]. For
instance, the Sony cell's capacity loss at 100%SoC is 8% after 30 months compared to just
2.66% at 20% SoC. Similarly, for the BYD cell, the capacity loss at 100%SoC is 12% after 30
months compared to 6.4% at 20% SoC.

Figure 4.7 Capacity fade for Sony cells at different temperatures at 70%SoC.
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Figure 4.8 Capacity fade BYD cells at different temperatures at 70%SoC.

Figure 4.9 Capacity fade for Sony cells at different SoC levels at 35C.
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Figure 4.10 Capacity fade for BYD cells at different SoC levels at 35C.

The resistance increase for both Sony and BYD cells is shown in Figure 4.11 and Figure
4.12 at different temperatures and SoCs. The value of the resistance in the y-axis is the
normalised resistance which is the present value divided by the firstly measured resistance
value. The pulse discharge method was employed to quantify the resistance increase. This is
done by employing a 30 seconds 1 C-rate discharge pulse, followed by 5 minutes’ rest period
at 50% SoC.
As shown in both Figures 4.11 and 4.12, the tested cells exhibit a non-linear resistance
increase. The BYD cells resistance increase is lower than the Sony cells at all conditions. For
instance, the BYD cells show only a 5% increase after 18 months. The maximum resistance
increase is 25% for the Sony cell at 35C after 18 months.
In Figure 4.11, in general, the resistance increase is higher at higher temperatures and viceversa, which is in line with the CF results. However, in terms of SoC effects on resistance
increase shown in Figure 4.12, the results show that it does not follow normal behaviour in
which the higher the SoC, the higher is the resistance increase. Instead, for instance, the cells
stored at 50% SoC show higher resistances than 100% SoC.
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The non-linearity of the resistance increase during calendar ageing is present in the literature,
for example, in [153] and [254]. This can be associated with different reasons. First, the
quantified pulse resistance includes several ‘other’ battery resistances, such as the charge
transfer and the polarisation resistances representing multiple battery dynamics [255]. Second,
the resistance measured is sensitive to the length of the pulse used such that different lengths
give different resistance values [256]. Due to the above reasons and the non-linearity of the
resistance increase results, the degradation model used to quantify degradation cost in the CM
utilises CF only while considering the effects of SoC and temperature changes. However,
further research efforts are warranted to link both CF and PF to degradation cost analysis.

Figure 4.11 Resistance increase for BYD and Sony cells at different temperatures.

88

Battery degradation cost assessment in the capacity market

Figure 4.12 Resistance increase for Sony and BYD cells at different charge levels.

4.7.1.2

Cycle ageing

In Figure 4.13, the Sony, BYD, and Samsung cells were tested at different conditions. The
results show that the Samsung NMC cell has better performance at these conditions with nearly
3000 equivalent full cycles (EFC)12 until it reaches 80% SoH. However, the Samsung and BYD
cells have been cycled at 0.75 C-rate (charge/discharge) which may explain the superior
performance of the Samsung cells compared to Sony cells (which cycles at 1C rate). The Sony
and BYD cells reached 80%SoH after nearly 2250 and 1400 EFCs, respectively.
In Figure 4.14, the impact of different DoDs at 25C for the Sony cells is quantified. It should
be noted that although the DoD is 40%, the average SoC play a vital role in determining the
CF13. It can be seen that discharging from 100% SoC to 60% SoC has more CF than discharging

12

The equivalent full cycles (EFC) is defined here as the ratio of the total ampere hour throughput of the
battery cell divided by the nominal capacity.
13
See Lacey’s work with regard to the average SoC effects 154.
Lacey, G.; Putrus, G.; Bentley, E. Smart
EV charging schedules: supporting the grid and protecting battery life. 2017, 7, 84-91,
doi:https://doi.org/10.1049/iet-est.2016.0032.
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from 60% to 20% SoC in agreement with the literature [245]. For instance, the Sony cell with
60-20% DoD retained 99% of the capacity after 1400 EFC compared to 93% for the cell cycling
between 100-60% DoD. These results have vital implications in choosing the CM de-rating
factor when bidding in the CM. For instance, a battery with 0.5h de-rating factor can have three
choices to discharge its power; either at 1C from 100-50% SoC, 1C 50-0% SoC, and 2C from
100-0% SoC. Each of these three scenarios can result in different degradation behaviour and
cost.

Figure 4.13 Capacity fade for different cells at 35C and 75% depth of discharge.

The CF for two Samsung cells for 1-2 C rates at 20C is shown in Figure 4.15, where the
higher the C-rate, the more is the capacity losses. Assuming that the end of battery life at 70%
SoH, then at 1C rate, this Samsung cell is expected to have more than 3000 EFC before
reaching 70% SoH compared to 2000 EFC at the 2C rate.
In Figure 4.16, two Samsung cells with the same operating conditions at 75% DoD and 1C
rate were tested to investigate cell to cell variations and the validity of the testing procedure,
such as the reference performance tests. It can be seen that the behaviour of the two cells is
nearly identical with 2% SoH difference after 3000 EFC.
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Figure 4.14 Capacity fade for Sony cells at 40% DoD and 25C temperature.

Figure 4.15 Capacity fade for Samsung cell at different current rates at 20C.
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Figure 4.16 Capacity fade for Samsung cells at different current rates at 35C.

In Figure 4.17, the resistance increase for all three cell types was measured at 20% SoC, 50%
SoC, and 80% SoC at the same temperature (35C) with 75% DoD. In general, the Samsung
cell exhibited a lower resistance increase compared to the other two. Moreover, the effects of
different SoC pulses are noticeable with Sony and BYD cells compared to Samsung cells. In
general, the Samsung cell’s resistance increase is nearly 10% after 3000 EFC compared to 30%
on average for the Sony cell. Meanwhile, The BYD cell’s resistance increase is nearly 75%
after 2000 EFC.
By comparing Figures 4.13-4.16 (cycle ageing) with Figures 4.7-4.10 (calendar ageing), it can
be noticed that CF due to calendar ageing mostly follows a ‘square root’ of time function such
that a model can be created with less data collection efforts which reduces testing cost and
time. The model can also be used to extrapolate for the SoH at the end of battery life (i.e, to
reach 70%-80% SoH). This is needed because battery SoH reached nearly 90% only after 30
months of calendar ageing testing at 35 C and 100% SoC for both BYD and Sony cells. This
implicates that a model is needed to discover the time to reach 80% or less SoH. However,
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cycle ageing testing is quicker to estimate the final SoH of the battery since 80% SoH is reached
in most of the Figures 4.13-4.16.

Figure 4.17 Resistance increase for different cells at different discharge depths.

The calendar and cycle battery degradation results have several implications when choosing
battery degradation models to quantify battery degradation cost in the CM. A model that
quantifies CF for both calendar and cycle ageing is needed instead of quantifying the cost of
resistance increase because there is no unique correlation between them in almost all the tested
cells. For calendar ageing, the chosen model should quantify the effects of temperature and
SoC. For cycle ageing, the model should quantify the effects of DoD, average SoC, temperature
and C-rate or be able to extrapolate for these conditions. Moreover, to ensure accurate or better
results, the battery and degradation models should be of the same chemistry as the degradation
trends are markedly different between LiB chemistries.
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4.7.2 Accuracy of battery and degradation models
The calendar and cycle degradation for the empirical model as predicted by the formula
(4.25) along with the corresponding experimental data are presented in Figure 4.18 and Figure
4.19, respectively.
Figure 4.18 shows the calendar ageing results at different temperatures and SoCs where
degradation is exacerbated by increasing temperature and SoCs. The model shows good
accuracy when compared to the same experimental data sets provided by [245]. It also
corresponds well to the calendar experimental data for the NMC battery cells provided by [257],
presented in Figure 4.18. This shows that the calendar ageing results may be valid outside the
operating conditions firstly tested using 𝑑 0.5 or 𝑑 0.75 functions [258]. Figure 4.19 shows the
cycling results at different C-rates and DoDs, where capacity loss is high at higher DoD and
C-rate. The empirical model shows good accuracy compared to the experimental data.
Figure 4.20 and Figure 4.21 shows the calendar and cycle degradation, respectively, for the
semi-empirical model as predicted by formula (4.26) along with the corresponding
experimental data. Figure 4.20 shows that this NMC cell experienced minimum degradation at
30 °C, 100% SoC and 45 °C, 65% SoC. The 55 °C, 100%SoC cell experienced severe and
nonlinear degradation, indicating the higher temperature can lead to unexpected battery
behaviour. When it is needed to perform a reference capacity testing for the 55 °C, 100%SoC
cell, it was cycled above the recommended temperature set by the manufacturer thus, the
reference performance tests were done at 45 °C, which explains the divergence of the results
compared to the model [247].
Figure 4.21 shows increased capacity fade at higher DoD as expected. It also shows the
maximum CF is at 0 °C, 80%DoD, in which the cell starts at 81% of its capacity without any
degradation. The reduction in capacity at very low temperatures may be related to changes in
the electrode materials and separator structures [259] or the difference in pressure levels
experienced by negative and positive electrodes at low temperatures [260]. Table 4.10 shows
the maximum root mean square error for the simulations of Figures 4.18-4.21.
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Figure 4.18 Simulated (line) and measured (mark) capacity – calendar ageing empirical model at various SoC
values and temperatures with the experimental data from [257].

Figure 4.19 Simulated (line) and measured (mark) capacity – cycle ageing empirical model at various DoD
windows (in brackets) and current rates at T = 35 °C with experimental data from [245].
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Figure 4.20 Simulated (line) and measured (mark) capacity for semi-empirical calendar ageing at (100%,
65% SoCs) and several temperatures. The experimental data is from [247].

Figure 4.21 Simulated (line) and measured (mark) capacity for semi-empirical cycle ageing at various DoDs
and temperatures at 1 charging rate. The experimental data is from [247].
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Table 4.10 Maximum root mean square error in [%] for empirical and semi-empirical models.
Degradation type

Empirical RMSE [%]

Semi-empirical RMSE [%]

Calendar

3.4

4.9

Cycle

1.7

1.1

4.7.3 Revenue and degradation cost
This section presents the revenue and degradation cost for each battery with 0.5h, 1h, 2h and
4h de-rating factors under different operating conditions. Here the cycling is according to
scenrario1 in Figure 4.2. Since the cycling in the CM is generally low, it is assumed that once
the SE occurs, the battery will be fully charged based on the present SoC (i.e., if the battery is
left at 50% SoC to reduce calendar ageing, then it should be charged to 100%SoC). This
assumption considers the fact that the battery in the CM has four-hour notice to deliver the
required capacity obligation, which is enough for fully charging the battery.

4.7.3.1

Different temperatures

The revenue and the degradation cost for the four batteries along a 1-year CM contract are
depicted in Figures 4.22-4.25 based on the empirical degradation formula (4.42) and Figures
4.26-4.29 based on the semi-empirical degradation formula (4.43). The temperatures range is
chosen to be 5ºC, 25ºC, 35ºC and 45ºC to reflect a real-world scenario where battery cells can
operate in different temperature conditions. This includes seasonal weather variations in winter
and summer across the year in the UK and worldwide (see Figure 4.2). In an actual temperaturecontrolled grid battery, the modules/pack was found to experience temperature imbalance
between 0ºC and 40ºC [112].
The total battery revenue is calculated using equation (4.18). The revenue data along the CM
contract has been sorted in a descending order meaning the total revenue starts from the higher
value in any month to the lower value. Therefore, the revenue data presented in the next figures
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is from higher to lower value to ensure figures clarity but the total revenue will not change.
Whenever there is a penalty, a star sign (★) has been used to indicate that.
The overall data presented in each figure is simple; each time of the year, the total incurred
degradation cost due to cycling and calendar ageing is estimated and compared with the total
revenue. Different cycling options are available for each battery that meet the capacity
obligation. The option with the lowest degradation cost or where penalties can be avoided is
presented to ensure a fair comparison between the four batteries.
In Figure 4.22, the degradation cost increases exponentially by increasing the battery
temperature from 5°C to 45 °C. Despite the 0.5h battery cycles every time there is a SE at 1 Crate from (100-50%) SoC, the effect of cycle ageing on its total degradation cost is minimal.
This is because the empirical degradation model predicts that calendar and cycle degradation
is minimum at lower temperatures, and the DoD is only 50%.
In Figure 4.23, the 1h battery receives higher revenue compared to the 0.5h battery. This is
because it receives a higher de-rating factor and more overpayments during cycling. However,
its degradation cost is higher than the 0.5h battery at all temperatures for two reasons. Firstly,
the empirical degradation model simulates high capacity losses in the first few cycles, which
is also confirmed in [124]. Secondly, the 1h battery cycles from (100-0%) SoC to meet its
obligation. The effect of cycle degradation cost can be seen in Figure 4.24, mainly between
200-250 days, which results in more degradation cost. Although the total revenue for the 2h
battery in Figure 4.24 is lower than the 1h battery, its predicted degradation cost is slightly
lower across all temperature range because the 2h battery discharges at 0.5 C rate.
In Figure 4.25, the 4h battery can receive CM penalties if it is operating at 25ºC, 35ºC, and
45ºC. This is because this battery cannot meet its capacity obligation predicted by equation
(4.20) for all the settlement periods due to degradation effects. This is accompanied by a
minimal rate of overpayments.
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Figure 4.22 Revenue and degradation cost (empirical) for the 0.5h battery at several temperatures.

Figure 4.23 Revenue and degradation cost (empirical) for the 1h battery for several temperatures.

Battery degradation cost assessment in the capacity market

99

Figure 4.24 Revenue and degradation cost (empirical) for the 2h battery for several temperatures.

Figure 4.25 Revenue and degradation cost (empirical) for the 4h battery for several temperatures. ★
means a penalty is applicable on this battery at this time.
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Figures 4.26-4.29 show slightly higher revenues for all the batteries mainly due increased
battery capacity (𝑄𝑝𝑜𝑠 ) predicted by equation (4.36) in the first days/cycles. In contrast to
Figure 4.22-4.25, they also show that degradation cost is maximum at 5°C and minimum at
25°C. Unlike the empirical model, the semi-empirical model assumes that the SEI layer
formation occurs not only because of calendar ageing but also accounts for very low cycles. At
25°C, the 1h battery shows the highest profit. The semi-empirical model predicts lower
capacity fade per temperature if compared to the empirical model. For instance, the maximum
degradation cost can reach up to £8000 for all the batteries in Figures 4.26-4.29 compared to
nearly £12000 in Figure 4.22-4.25.
Figure 4.26 shows that the degradation cost for the 0.5h battery at 5ºC and 45ºC is nearly the
same at the end of the year, although it starts at a high rate at 5ºC. This degradation cost is
exceptionally high compared to the 25ºC and 35ºC. Despite this, the 0.5h battery can deliver
its capacity obligation without penalties.
The degradation cost for the 1h and 2h batteries in Figures 4.27 and 4.28 is similar to that of
the 0.5h battery at 5ºC and 45ºC. This is because the semi-empirical model is not sensitive to
DoD changes with few cycling at these temperatures. However, some degradation cost
differences exist at 25ºC and 35ºC with the 1h battery shows lower degradation cost. While the
4h battery revenue has not been affected by penalties at 5ºC as predicted by the empirical model
in Figure 4.25, it receives penalties at all temperature conditions in Figure 4.29 with maximum
penalties at 5ºC.
Three general points can be noticed in both groups of Figures 4.22-4.25 and 4.26-4.29. First,
degradation cost can immensely impact the overall revenue in the CM, making batteries’
business case in the CM not economically viable except in few cases where temperature can
be efficiently controlled. Second, the number of the incurred penalties for the 4h battery is high.
Third, the 1h and 2h batteries are the best possible options considering both empirical and semiempirical degradation models at all temperatures.
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Figure 4.26 Revenue and degradation cost (semi-empirical) for the 0.5h battery for several temperatures.

Figure 4.27 Revenue and degradation cost (semi-empirical) for the 1h battery for several temperatures.
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Figure 4.28 Revenue and degradation cost (semi-empirical) for the 2h battery for several temperatures.

Figure 4.29 Revenue and degradation cost (semi-empirical) for the 4h battery for several
temperatures. ★ means a penalty is applicable on this battery at this time.
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Different state of charges

Figures 4.30-4.33 and Figures 4.34-4.37 show the revenue and degradation cost for different
SoCs (20%, 50%, 70%, 90% and 100%) as predicted by the empirical and semi-empirical
degradation models, respectively. The temperature is constant at 25 °C for all the batteries. A
broad SoC levels are chosen to examine the effects of battery degradation at low, medium, and
high SoC. This assumes that the battery asset owner can control the temperature using a thermal
management system. Then, the battery can get charged when the four-hour notice from the
system operator is received.
The general trend in both figures groups is that the higher the SoC the lower is the overall
profit. However, the semi-empirical model predicts a much lower degradation cost than the
empirical model because it predicts minimum degradation at 25ºC compared to 5ºC, which
gives it a slight advantage based on this comparison. Therefore, the battery should be
maintained at a lower SoC level to reduce degradation cost in the CM. However, suppose the
battery is contracted to deliver other balancing services while a SE coincides. In that case, this
may compromise the contract or make the battery capacity insufficient to deliver its CM
obligation. Moreover, in both figures’ groups, the 1h and 2h batteries generally offer the highest
possible profit amongst the four batteries if all the SoC range (20–100%) is taken on average.
This is because they strike the balance between receiving fairly high CM revenue and
overpayments while at the same time have relatively lower degradation cost.
Figure 4.30 shows that the degradation cost for the 0.5 battery can reach a maximum of £1500 at the end of the CM contract if the battery is left at 20% SoC compared to -£3000 at
100%SoC. Also, cycling the 0.5 battery does not result in high degradation cost. However, the
effect of adding more cycles is evident with the 1h and 2h batteries in Figures 4.31 and 4.32,
respectively, where they cause the curves to be slightly non-linear at around 60, 210, 270, 300
and 330 days. This contrasts the 4h battery degradation cost in Figure 4.33, where the curves
are nearly linear as it cycles less than other batteries. The 4h battery receive some penalties at
the end of the CM contract at 90% and 100% SoC only. This is due to the SoC degradation
effects are lower than temperature effects on battery life, as discussed previously.
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Figure 4.30 Revenue and degradation cost (empirical) for 0.5h battery at several SoCs.

Figure 4.31 Revenue and degradation cost (empirical) for 1h battery at several SoCs.
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Figure 4.32 Revenue and degradation cost (empirical) for 2h battery at several SoCs.

Figure 4.33 Revenue and degradation cost (empirical) for 4h battery at several SoCs. ★ means a
penalty is applicable on this battery at this time.
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Figures 4.34 shows that the maximum degradation cost for the 0.5h battery at 20% SoC as
predicted by the semi-empirical model is around -£200 at the end of the CM contract. This is
in contrast to around -£1500 predicted by the empirical degradation model as in Figure 4.30.
In Figure 4.35, the 1h battery degradation cost is slightly increased compared to the 0.5h
battery. It is slightly affected by cycling at different DoD and C-rate compared to the 0.5h
battery because the semi-empirical model does not consider the calendar ageing and cycle
ageing separately in line with being more sensitive to temperature changes.
In Figure 4.36, the degradation cost for the 2h battery at all SoC levels is slightly more than
the 0.5h and 1h batteries because the parameter (𝐷𝑜𝐷) in equations (4.41) and (4.43) need to
be doubled to reflect the operation of this battery. In contrast, the 4h battery degradation cost
in Figure 4.37 is nearly unaffected by cycling, resulting in lower degradation cost than the 1h
and 2h batteries.

Figure 4.34 Revenue and degradation cost (semi-emp) for 0.5h battery at several SoCs.
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Figure 4.35 Revenue and degradation cost (semi-emp) for 1h battery at several SoCs.

Figure 4.36 Revenue and degradation cost (semi-emp) for 2h battery at several SoCs.

107

108

Battery degradation cost assessment in the capacity market

Figure 4.37 Revenue and degradation cost (semi-emp) for 4h battery at several SoCs.

4.7.4 Profit optimisation
The total profit (revenue – degradation cost) of the four batteries at the end of the CM
contract is shown in Figure 4.38. Both cycling scenarios in Figures 4.2 and Figure 4.3 are used.
All the simulated data is optimised, according to equations (4.10) - (4.14). To allow a fair
comparison between all batteries, the average SoC value is considered14. When the empirical
degradation formula is used, the 1h and 2h batteries receive the highest profit of £2596 and
£3460 respectively when cycling according to scenario 1. However, once the cycling rate
increases in scenario 2, they incur high degradation costs compared to the 0.5h and 4h batteries
as the empirical model predicts high degradation losses in the first 100 cycles. The semiempirical degradation model predicts the highest profit of £9110 and £4096 for the 1h and 2h
batteries, respectively. The 1h battery remains slightly profitable despite an increase in cycling.
This is because the semi-empirical model predicts capacity gain due to elevated temperatures
in the first 50 cycles.

14

The average degradation cost is taken for 20%, 50%, 70%, 90% and 100% SoCs.

Battery degradation cost assessment in the capacity market

109

The level of total overpayments for both scenarios is depicted in Figure 4.39. It can be seen
that the 0.5h battery receives the highest overpayments of £514 and £2229 compared to nearly
nothing for the 4h battery in both scenarios, respectively. This is because the committed derated capacity at each settlement period for the 0.5h battery is lower than that of the 4h battery.
Despite receiving some overpayments for the 0.5h, 1h, and 2h batteries, the incurred
degradation cost may still deem the overall business case unprofitable with increased cycling,
as shown in Figure 4.38. However, overpayments depend on CM auction prices and might be
significant sources of revenue. Therefore, they must be considered to assess the battery
business case's economic viability in the CM.
Semi-empirical

Empirical
13000

Profit [£]
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-2000

0.5h

1h

2h

4h

0.5h

1h

2h

4h
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Figure 4.38 Optimised total profit for the batteries in 1-year capacity market contract for both
empirical and semi-empirical models assuming ideal conditions.
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Figure 4.39 Level of overpayments for each battery in 1-year capacity market contract.

4.8

Discussion and policy recommendations

There are three limitations to this work. First, additional battery losses such as power
converter losses, thermal management losses, and cell to cell variations might impact the
overall analysis. However, the converter losses are not expected to highly impact our analysis
since they are relatively small compared to other energy losses [261]. Cell to cell capacity losses
is small until the battery reaches 80% SoH [262]. Second, a battery asset owner can utilise the
battery to provide some ancillary services that are not considered in this study but are widely
available in the literature. Third, both empirical and semi-empirical models either
underestimate or overestimate the total degradation at a low temperature such as 5°C. The
experimental data at 5°C for the same NMC cell shows that the calendar degradation is
minimum at 5°C while cycling degradation is maximum [257]. This is also complicated by the
parameters change in the ECM as the battery ages. These issues necessitate the need for a highfidelity physics-based degradation model to be more accurate for the degradation cost analysis.
The computational cost for such PBM depends on many factors such as the final application
requirements, the assumptions used to reduce the model order, and the number of degradation
mechanisms considered. For a lifetime cost study done offline, then the computational cost will
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not be a problem. The overall goal becomes to inform the cost-benefit analysis before the actual
battery opts for a service contract. In the CM application, and since the battery owner has 4
hours to discharge, then if it is needed to check the battery's state of health online, the
computational cost must be less than 4 hours. In other balancing services, for example,
requiring a response within 10 minutes’ notice, a simplification of the physics model is required
as in [263]. Detailed discussions about the computational efficiency for PBM are presented in
[151].

Two policy recommendations arise based on the work in this chapter. First, degradation cost
needs to be remunerated and accounted for in the CM regulations in such a way as to, at least,
reduce the exposure to penalties. This is because by using all models and scenarios, degradation
cost can substantially reduce the overall profit in the CM. For instance, if an ideal case is used
by assuming the battery′s temperature is at 5°C and 20%SoC, then the empirical model predicts
that the degradation cost account for nearly 53% of the overall revenue in 1 year. The semiempirical model predicts the ideal case will result in 9% degradation cost of the overall revenue
in 1 year. However, battery degradation cost is usually not remunerated but at the same time
battery owners are penalised for any shortage in the capacity obligation.
Second, CMs should provide the necessary overpayments for batteries. The current CM
regulations provide overpayment—in case the battery discharged more than its capacity
obligation—only if there are penalties collected from different CM units that did not deliver.
However, since the capacity obligation always considers the de-rated capacity, the battery may
always over-deliver as it is required to fully discharge the battery once the SE occurs. For these
reasons above and fuel neutrality in the CM, the current CMs design may be ill-suited to
incentivise low carbon resources and secure energy supply [264].

4.9

Summary

In this chapter, a 2 MWh LiB is simulated to provide grid backup service in the CM for one
year. Two battery cycling scenarios were created based on earlier research and the historical
energy demand data in GB. During the contract′s period, the battery experiences both calendar
and cycle ageing, leading to capacity fade, which in turn results in degradation cost. This
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battery is represented by an ECM, which is used for estimating battery SoC that is essential in
accounting for CM penalties and overpayments. Then, the battery ECM was coupled with
empirical and semi-empirical degradation models to estimate capacity losses. The accuracy of
the battery model and the degradation models were tested by comparing them with the
corresponding experimental data
The degradation analysis results illustrate that during calendar ageing, the battery operating
temperature is the most influencing factor to cause CF or resistance increase. For instance,
when testing Sony and BYD cells for thirty months, the CF was 5.33% and 10% at 35C
compared to 0.33% and 6% at 10C, respectively. Moreover, it is found that the lower the SoC
level, the lower is the CF and resistance increase, although the latter tend to be non-linear.
In terms of cycle ageing, the higher the temperature, DoD level, and C-rate, the higher is the
CF. These results informed the choice of battery degradation models to quantify degradation
cost in the CM. In particular, the degradation models chosen quantified the CF for both calendar
and cycle ageing influencing parameters instead of quantifying the cost of resistance increase
since there is no clear relationship between CF and resistance increase in almost all the tested
cells. Moreover, to ensure accurate or better results, the battery and degradation models should
be of the same chemistry as the degradation trends are markedly different between LiB
chemistries.
The revenue and degradation cost results showed that degradation cost immensely impact
the batteries’ overall revenue in the CM, making the business case for some de-rated batteries
not economically viable except where temperature can be efficiently controlled. When such a
business case is profitable, the 2h and 1h batteries received the highest profit in nearly all the
simulated scenarios. For instance, the optimised total profit reached £9110 and £4096 for the
1h and 2h batteries when the degradation cost is predicted using the semi-empirical model
compared to £2596 and £3460 when the degradation cost is predicted using the empirical
model.
Moreover, by using both degradation models, keeping the battery at lower charge levels
resulted in less CF. While providing CM service may be economically viable when the number
of SEs is low, it becomes not profitable except for the 1h battery if these SEs increase.
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PBMs will be used in Chapter 5 to mitigate the limitations of the empirical and semiempirical degradation models when quantifying cycling and calendar ageing at lower
temperatures such as 5°C. This also provides sensitivity analysis for most of the parameters
that can affect the total profit for all batteries to provide a more comprehensive assessment.

Chapter 5

Physics-based modelling of batteries in

the capacity market
In Chapter 4, it is found that both empirical and semi-empirical models either underestimate
or overestimate battery degradation cost in the CM at a low temperature such as 5°C. This
chapter mitigates this limitation by formulating PBMs to estimate degradation cost. It also tests
these models when providing energy arbitrage service together with the CM.
The chapter starts in section 5.1, explaining the method of estimating revenue and
degradation cost in the CM. The PBMs are then mathematically formulated in sections 5.1 to
5.3. Section 5.4 provides the simulation results for the PBMS and compares the battery
profitability when using the empirical approach (chapter 4) and the PBMs approach (chapter
5). Section 5.5 provides a sensitivity analysis by firstly estimating battery profitability when
adding an energy arbitrage service and secondly by changing some of the CM parameters.
Finally, section 5.6 provides concluding remarks.
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Physics-based modelling of batteries in the capacity market

Revenue and degradation cost flowchart

Figure 5.1 depicts a detailed flow chart for the process of assessing the profitability of
batteries in the CM using PBMs. When the CM’s contract begins, the battery should provide
reserve services to the grid and be ready to respond to electricity SEs. Therefore, in the absence
of SEs, calendar battery degradation can be quantified using a physics-based degradation
model. The model needs the necessary inputs such as battery temperature, time, SoC while
setting battery current to zero.
During SEs, and depending on their duration, the capacity obligation will be calculated for
each de-rated battery. The duration of the event and the capacity obligation amount is updated
at each settlement period (𝑖). Then, a p2d PBM is used to discharge the required power. The
battery's operating conditions during cycling, such as the temperature current, and the SoC, are
then fed to the degradation model to quantify the cycling CF and update the initial capacity in
the model.
Afterwards, depending on the amount of generated power, the base revenue, penalties, and
overpayments can be quantified to obtain the total revenue. Finally, the overall profit can be
estimated. The battery capacity and the de-rating factors used in this study are similar to
Chapter 4 to allow a fair comparison. Similarly, the same 53Ah NMC LiB cell mentioned in
chapter 4 is modelled here. The next sections, therefore, present detailed formulations for the
PBMs.
It should be noted that the original p2d model equations are used here based on the seminal
work of Newman et al. [143,145] and the parameterisation for the 53Ah NMC cell is based on
the work of Hosseinzadeh et al. [265]. However, since Hosseinzadeh did not work in practice if
the same reported parameters are used (see Figures 5.2 and 5.3 which are produced using
Hosseinzadeh work without any change), parameters estimation methods have been used in
this work to make the model corresponds to the reported experimental data. Then, the
degradation model is coupled to the p2d model using the work of Jin et al. [266]. However,
rather than ignoring the dynamic effects of the overpotential parameter as Jin et al. did, this
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work used the overpotential parameters from the p2d model directly to allow fairly accurate
results. Moreover, some of the degradation model parameters have been re-estimated.
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Figure 5.1 Revenue and degradation cost flow chart process in the capacity market using physics-based
models.

5.2

Physics-based battery model

This section presents a detailed formulation for the p2d PBM and its mathematical structure.
Since the model constitutes a large set of parameters, this study provides all the parameters and
information necessary to replicate it. This study utilises the same 53Ah NMC cell p2d model
presented by Hosseinzadeh et al. [265] with some developments around the anode open circuit
potential and parameters estimation to make the model corresponds to the experimental data
reported by the same study. This is because if Hosseinzadeh’s model used as it is, the simulated
output voltage would not be the same as the experimental output voltage reported in the same

Calculate
penalties
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study. This output voltage is shown in Figure 5.2 and Figure 5.3. for different temperatures and
C-rates, respectively, which shows divergences in terms of the values and shape compared to
the results presented in [265].
Moreover, Hosseinzadeh’s work did not consider the effect of temperature on the open
circuit potential of both electrodes for the 53Ah cell. This has been added to this work using
the COMSOL library to get a more accurate representation of the battery cell.

Figure 5.2 The output voltage for the p2d model under different temperatures using the parameters in [265].

The p2d battery model shown in Figure 5.4 describes the electrochemical processes taking
place within the battery cell at micro and macro-scale levels. These processes are charge and
mass conversations of species in the electrodes and electrolyte along with reaction kinetics at
the interface between them. During battery discharging, lithium stored in the negative electrode
is released as cations in the electrolyte. Then, one on hand, due to the difference in
concentration gradient (diffusion process) and electric potential gradient (migration process),
these cations travel to the positive electrode through the separator, where they are intercalated
in the active material. On the other hand, the negative electrode releases electrons to the
positive electrode through the external circuit to power the load. During battery charging, this
process is reversed.
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Figure 5.3 The output voltage for the p2d model for different current rates using the parameters in [265].

The movement of lithium during charge and discharge is modelled in two different scales:
micro and macro. The diffusion of lithium ions in the active material of both electrodes occurs
at the micro-scale level represented by the spherical particles, as shown in Figure 5.4. Lithium
ions diffuse at length equal to the radius of these spherical particles (𝑟). On the other hand, the
diffusion of lithium-ions in the electrolyte occurs at the macro-scale level represented by the
thickness of the cell (𝐿𝑇 ) along the (𝑥) dimension as shown in Figure 5.4. However, due to the
model's continuum nature (i.e., averaging the porous electrode microstructure), most of the
model equations will be solved at the macro scale except the diffusion equation in the radial
dimension.
The p2d model used in this work is based on the seminal work by Newman et al. [267] consists
of five main partial differential equations with their boundary conditions to trace the evolution
of lithium concentration and electric potentials in the cell. The model's input is the applied
current 𝐼, material properties, geometry design parameters, and the operating temperature. The
output is the cell voltage.
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The five model states or the dependent variables are the lithium concentration in the solid
𝑐𝑠 (𝑟, 𝑥, 𝑡) and electrolyte 𝑐𝑒 (𝑥, 𝑡) phases, the electric potential in the solid 𝜙𝑠 (𝑥, 𝑡) and
electrolyte 𝜙𝑒 (𝑥, 𝑡) phases, along with the rate of lithium movement between the phases
(𝑗𝐿𝑖 (𝑥, 𝑡)). These variables can be estimated by solving five coupled differential equations,
along with their boundary conditions, as described in the below sub-sections. It should be noted
that the applied current density can be found by dividing the applied current over the electrode
surface area 𝐴. All the parameters of the model that are temperature-dependent are represented
by the Arrhenius equation as in equation (5.1).

𝜓 = 𝜓𝑟𝑒𝑓 exp[

𝐸𝑎,𝜓 1
1
( −
)]
𝑅𝑔 𝑇 𝑇𝑟𝑒𝑓

5.1

Where 𝜓 represents the wanted parameter, 𝜓𝑟𝑒𝑓 is the reference value of the wanted
parameter at the reference temperature 𝑇𝑟𝑒𝑓 , and 𝐸𝑎,𝜓 is the corresponding activation energy.
Discharge
-

-

Charge
-

Load

Lp

-

Ls

Positive Electrode

-

-

Ln

+

+

+

+

+

+

Negative Electrode

Seperator
+

+

+

+

+

+

x=0
LT

Rp+ r

Rpr

Figure 5.4 Pseudo two-dimensional battery model used in this study.
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5.2.1 Mass conservation of lithium in the solid
As shown in Figure 5.4, both electrodes are assumed to be porous, and the particles inside
them are of spherical shape. Due to the porous nature of electrodes, the electrochemical reaction
occurs at the particles' surface, where the liquid electrolyte meets the solid particle. Assuming
lithium concentration within the particles is spherically symmetric, the mass conservation of
lithium in the solid phase can be described using Fick’s second law in equation (5.2). Fick’s
second law states that the rate of change of lithium concentration over time can be obtained
from the second derivative of the concentration with respect to space multiplied by the
diffusion coefficient 𝐷𝑠 .
𝜕𝑐𝑠
1 𝜕 2 𝜕𝑐𝑠
= 2
(𝑟 𝐷𝑠
)
𝜕𝑡
𝑟 𝜕𝑟
𝜕𝑟

5.2

The first boundary condition of (5.2) is given by (5.3), stating that there is no diffusion at the
particle centre due to symmetry considerations, as shown in Figure 5.4.
𝜕𝑐𝑠
|
=0
𝜕𝑟 𝑟=0

5.3

The second boundary condition of (5.2) is given in (5.4), stating that, at the particle surface
𝑟 = 𝑅𝑝 , the volumetric flux of lithium 𝑗𝐿𝑖 exchanged between the solid and the electrolyte
can transfer out/in of the particle.
𝜕𝑐𝑠
𝑗𝐿𝑖
−𝐷𝑠
|
=
𝜕𝑟 𝑟=𝑅𝑝 𝑎𝑠 𝐹

5.4

where (𝑎𝑠 ) is the specific interfacial area between the solid and the electrolyte given in
(5.5), (𝑅𝑝 ) is the particle radius, and (𝐹) is Faraday’s constant.

𝑎𝑠 =

Total surface area of spheres in electrode 3𝜀𝑠
=
Total volume of a sphere
𝑅𝑝

5.5
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Where 𝜀𝑠 is the volume fraction of the solid.

5.2.2 Mass conservation of lithium in the liquid
The transportation of lithium in the electrolyte phase occurs due to diffusion (Fick’s second
law) and charge transfer between the solid and the electrolyte (second term) as in (5.6). The
second term on the right-hand side of (5.6) contains (𝑡0+ ) which is the transference number of
the cation with respect to the solvent. (𝑡0+ ) determines the fraction amount of the current carried
by the cations in the electrolyte.

𝜀𝑒

𝜕(𝑐𝑒 )
𝜕
𝜕
1 − 𝑡0+ 𝐿𝑖
(𝐷𝑒𝑒𝑓𝑓 (𝑐𝑒 )
=
𝑐𝑒 ) +
𝑗
𝜕𝑡
𝜕𝑥
𝜕𝑥
𝐹

5.6

where (𝜀𝑒 ) is the porosity or the volume fraction of the electrolyte in the solid-electrolyte
𝑒𝑓𝑓

phase. (𝐷𝑒

) is the effective diffusivity coefficient of the electrolyte phase, which is a function

of the electrolyte concentration and given in (5.7).
𝑒𝑓𝑓

𝐷𝑒

= 𝐷𝑒 𝜀𝑒 𝑏𝑟𝑢𝑔

5.7

where 𝐷𝑒 is the reference electrolyte diffusion coefficient, and ( 𝜀𝑒 𝑏𝑟𝑢𝑔 ) is a term
accounting for the tortuosity of the porous electrode using 𝑏𝑟𝑢𝑔 as the Bruggeman constant.
Since there must be no electrolyte flux at the current collector cell boundaries, the
boundary conditions of (5.6) are given (5.8).
𝜕𝑐𝑒
𝜕𝑐𝑒
|
=
|
=0
𝜕𝑥 𝑥=0
𝜕𝑥 𝑥=𝐿𝑇

5.8

5.2.3 Charge conservation of lithium in the solid
The solid-phase charge conservation follows Ohm’s law. The solid phase potential (𝜙𝑠 ) at
the particles' surface depends on the current passing through the solid as in (5.9).
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𝜕
𝜕
(𝜎 𝑒𝑓𝑓
𝜙 ) = 𝑗𝐿𝑖
𝜕𝑥
𝜕𝑥 𝑠

5.9

where (𝜎 𝑒𝑓𝑓 ) is the effective conductivity of the active material, which is given in (5.10).
𝑏𝑟𝑢𝑔

5.10

𝜎 𝑒𝑓𝑓 = 𝜎𝜀𝑠

Where (𝜎) is the material-dependent conductivity and (𝜀𝑠 ) is the solid-phase volume
fraction.
The current only flows at the collector–solid interface at the current collector’s boundary.
Hence, the first boundary condition of (5.9) is given in (5.11), where the solid electric potential
is equal to the current flux but with an opposite sign at both current collectors’ locations. where
(𝐴) is the electrode area:
−𝜎 𝑒𝑓𝑓

𝜕𝜙𝑠

|

𝜕𝑥 𝑥=0

= 𝜎 𝑒𝑓𝑓

𝜕𝜙𝑠

|

𝜕𝑥 𝑥=𝐿𝑇

=

𝐼𝑏
𝐴

5.11

where (𝐴) is the electrode area and (𝐼𝑏 ) is the applied battery input current.
The second boundary condition of (5.9) is given in (5.12), where the electric potential is zero
because there is electrical current flow at the separator boundary, as seen in Figure 5.4.
−𝜎 𝑒𝑓𝑓

𝜕𝜙𝑠

|

𝜕𝑥 𝑥=𝐿𝑛

= −𝜎 𝑒𝑓𝑓

𝜕𝜙𝑠

|

𝜕𝑥 𝑥=𝐿𝑛 +𝐿𝑠

=0

5.12

5.2.4 Charge conservation of lithium in the liquid
The electrolyte-phase charge conservation follows Ohm’s law in a liquid electrolyte where
the electrolyte current is equal to the gradient of the electric potential multiplied by the
electrolyte's conductivity. However, its final form is given in (5.13).
𝜕
𝜕
𝑒𝑓𝑓 𝜕
[(𝜅 𝑒𝑓𝑓 (𝑐𝑒 ) 𝜙𝑒 + 𝜅𝐷
𝑙𝑛 𝑐𝑒 ) ] = −𝑗𝐿𝑖
𝜕𝑥
𝜕𝑥
𝜕𝑥

5.13
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𝑒𝑓𝑓

where (𝜅 𝑒𝑓𝑓 ) is the effective conductivity of the electrolyte given in (5.14) and (𝜅𝐷 ) is the
effective diffusional conductivity of the electrolyte given in (5.15).
𝑏𝑟𝑢𝑔

5.14

𝜅 𝑒𝑓𝑓 = 𝜅 𝜀𝑒

Where (𝜅) is the electrolyte conductivity and usually is a function of the electrolyte
concentration and temperature-dependent parameter. (𝜀𝑒 ) is the electrolyte volume fraction in
an electrode.

𝑒𝑓𝑓
𝜅𝐷

2𝑅𝑔 𝑇 𝜅 𝑒𝑓𝑓 +
𝑑 ln𝑓±
=
(𝑡0 − 1) (1 +
)
𝐹
𝑑 ln 𝑐𝑒

5.15

Where (𝑓± ) is the mean molar activity coefficient.
At the boundary of the electrode–current collector interphase, the ionic current must be
zero as in (5.16):
𝜕𝜙𝑒
𝜕𝜙𝑒
|
=
|
=0
𝜕𝑥 𝑥=0
𝜕𝑥 𝑥=𝐿𝑇

5.16

5.2.5 Electrochemical kinetics
The previous four main equations governing mass and charge conservations in the solid and
electrolyte can be coupled together through the Butler-Volmer kinetic equation (5.17). This
equation models the movement of ions at the solid-electrolyte interface.
𝛼𝑎 𝐹
𝛼𝑐 𝐹
𝑗𝐿𝑖 = 𝑎𝑠 𝑖𝑜 {𝑒𝑥𝑝 (
𝜂) − 𝑒𝑥𝑝 (−
𝜂)}
𝑅𝑇
𝑅𝑇

5.17

Where (𝑖𝑜 ) is the exchange current density given in (5.18), (𝛼𝑎 , 𝛼𝑐 ) are the anode and
cathode symmetry factors, respectively. (𝜂) is the reaction overpotential given in (5.19).
𝛼𝑎

𝑖𝑜 = 𝑘 (𝑐𝑒 )𝛼𝑎 (𝑐𝑠,𝑚𝑎𝑥 − 𝑐𝑠,𝑠𝑢𝑟𝑓 ) (𝑐𝑠,𝑠𝑢𝑟𝑓 )𝛼𝑐

5.18
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Where (𝑘) is the reaction rate parameter, (𝑐𝑠,𝑠𝑢𝑟𝑓 ) is the surface concentration of lithium in
the solid, (𝑐𝑠,𝑚𝑎𝑥 ) is the maximum concentration of lithium in the solid.
𝜂 = 𝜙𝑠 − 𝜙𝑒 − 𝑈𝑜𝑐𝑝

5.19

Where 𝑈𝑜𝑐𝑝 is the cell open circuit potential.

5.2.6 Cell quantities
The cell voltage is the potential difference of both electrodes as in (5.20) which can be
simplified further in (5.21) after substituting 𝜙𝑠 from (5.19) for both electrodes.
𝑉𝑏 (𝑡) = 𝜙𝑠 (𝐿𝑇 , 𝑡) − 𝜙𝑠 (0, 𝑡)
𝑝

𝑛
𝑉𝑏 (𝑡) = (𝜙𝑒,𝑝 − 𝜙𝑒,𝑛 ) + (𝑈𝑜𝑐𝑝 − 𝑈𝑜𝑐𝑝
) + (𝜂𝑝 − 𝜂𝑛 )

5.20
5.21

The cell SoC (𝜃𝑥 , 𝜃𝑦 ) in positive and negative electrode respectively can be related to the
average concentration of lithium (𝑐𝑠,𝑎𝑣𝑔 ) in the negative or positive electrodes as in (5.22).
𝑛𝑒𝑔

𝑝𝑜𝑠

𝜃𝑥 =

𝑐𝑠,𝑎𝑣𝑔
𝑝𝑜𝑠

𝑐𝑠,𝑚𝑎𝑥

𝑐𝑠,𝑎𝑣𝑔

, 𝜃𝑦 = 𝑐 𝑛𝑒𝑔

5.22

𝑠,𝑚𝑎𝑥

The cell capacity in the negative and positive electrodes is given in (5.23) and (5.24).
𝑛𝑒𝑔 𝑛𝑒𝑔
𝑐𝑠,𝑚𝑎𝑥

𝑄 𝑛𝑒𝑔 = 𝐴 𝐹 𝐿𝑛 𝜀𝑠

|𝜃𝑦,100% − 𝜃𝑦,0% |/3600

5.23

𝑝𝑜𝑠
𝑄 𝑝𝑜𝑠 = 𝐴 𝐹 𝐿𝑝 𝜀𝑠𝑝𝑜𝑠 𝑐𝑠,𝑚𝑎𝑥
|𝜃𝑥,100% − 𝜃𝑥,0% |/3600

5.24

The cell capacity (𝐶𝑁 ) is the minimum of 𝑄 𝑛𝑒𝑔 and 𝑄 𝑝𝑜𝑠 as in (5.25).
𝐶𝑁 = min( 𝑄 𝑛𝑒𝑔 , 𝑄 𝑝𝑜𝑠 )
The model parameters used are given in Table 5.1 and 5.2.

5.25
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Table 5.1 P2d constant model parameters used in this study.
Domain
Parameter

Positive
Electrode

Bruggeman coefficient

Separator

Negative

Source

Electrode

1.5

Thickness, L (µm)

41.16

74.83

[265]

Active material volume fraction, 𝜀𝑠

0.43

0.55

[268]

specific interfacial area 𝑎𝑠 (𝜇𝑚)−1

0.114159

0.06066

Electrolyte volume fraction, 𝜀𝑒

0.33

Particle size, 𝑅𝑝 (µm)
Maximum lithium concentration 𝐶𝑠,𝑚𝑎𝑥 (

𝑚𝑜𝑙
𝑚3

Electrolyte initial Li concentration 𝐶𝑒,𝑖𝑛𝑖𝑡 (

)

𝑚𝑜𝑙
𝑚3

17

0.332

[268]

11.3

13.3

Estimation

88102

29934

Estimation

)

0.54

[268]

1200

Transference number, 𝑡+0

0.363

0.363

0.363

[135]

Activity dependence, 𝑓±

1

1

1

[265]

Charge transfer coefficient, 𝛼𝑎 , 𝛼𝑏

0.5

0.5

Stoichiometry at 100% SoC, 𝜃𝑥1 , 𝜃𝑦1

0.35

0.77

Estimation

Stoichiometry at 0% SoC, 𝜃𝑥0 𝜃𝑦0

0.92

0.02

Estimation

Electrical conductivity, 𝜎 ( )

100

100

Active material area, A(𝑚2 )

0.0383

0.0391

𝑆

𝑚

[265]
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Table 5.2 P2d variable model parameters used in this study.
Parameter

Value

Source
𝑝

𝑈𝑜𝑐𝑝 (𝑉)

−10.72𝜃𝑥 4 + 23.88𝜃𝑥 3 − 16.77𝜃𝑥 2 + 2.595𝜃𝑥 + 4.563 +

𝑑𝑈𝑜𝑐𝑝 (𝜃𝑥 )
(∆𝑇)
𝑑𝑇

𝑛
𝑈𝑜𝑐𝑝
(𝑉)

2.126𝜃𝑦 4 − 5.511𝜃𝑦 3 + 5.084𝜃𝑦 2 − 2.036𝜃𝑦 + 0.4968 +

𝑛
𝑑𝑈𝑜𝑐𝑝
(𝜃𝑦 )
(∆𝑇)
𝑑𝑇

𝑝

[269]

COMSOL

𝑝

𝑑𝑈𝑜𝑐𝑝 (𝜃𝑥 ) 𝑉
( )
𝑑𝑇
𝐾

−1.036 × 10−4

COMSOL

𝑛
𝑑𝑈𝑜𝑐𝑝
(𝜃𝑦 ) 𝑉
( )
𝑑𝑇
𝐾

−0.002377 × 𝜃𝑦 3 + 0.00448 × 𝜃𝑦 2 − 0.002534 × 𝜃𝑦 + 0.0003005

COMSOL

𝑆
𝜅( )
𝑚

𝐷𝑒 (

𝑚2
)
𝑠

15.8 𝑐𝑒 × exp (−13472 𝑐𝑒1.4 ) × exp (

−20000 1
1
( −
))2
𝑅
𝑇 𝑇𝑟𝑒𝑓

3.8037 × 10−10 × exp (−0.792𝑐𝑒 ) × exp (

−10000 1
1
( −
))
𝑅
𝑇 𝑇𝑟𝑒𝑓

[265]

[265]

𝐷𝑠,𝑝𝑜𝑠 (

𝑚2
)
𝑠

3 × 10−14 × exp (

−35000 1
1
( −
))2
𝑅
𝑇 𝑇𝑟𝑒𝑓

[265]

𝐷𝑠,𝑛𝑒𝑔 (

𝑚2
)
𝑠

3 × 10−14 × exp (

−35000 1
1
( −
))2
𝑅
𝑇 𝑇𝑟𝑒𝑓

[265]

𝑚𝑜𝑙
𝑘𝑝𝑜𝑠 ( 2 )
𝑚 𝑠

−20000 1
1
Dch: 5 × 10−10 × exp (−5𝜃𝑥 ) × exp (
( −
))2
𝑅
𝑇 𝑇𝑟𝑒𝑓
[265]
−20000 1
1
Ch: 1.2 × 10−9 × exp (
( −
))2
𝑅
𝑇 𝑇𝑟𝑒𝑓

Dch: 5 × 10−10 × exp (
𝑘𝑛𝑒𝑔 (

𝑚𝑜𝑙
)
𝑚2 𝑠

∆𝑇 (𝐾)

−20000 1
1
( −
))2
𝑅
𝑇 𝑇𝑟𝑒𝑓
[265]

−20000 1
1
Ch: 1.2 × 10−9 × exp (−5𝜃𝑦 ) × exp (
( −
))2
𝑅
𝑇 𝑇𝑟𝑒𝑓

𝑇 − 𝑇𝑟𝑒𝑓
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Degradation model

Several degradation mechanisms for LiBs are presented in the literature. Various models
exist to describe these mechanisms, with more than one model often used to describe a single
mechanism [21]. Here, three dominant ageing mechanisms are included in the model and are
shown in Figure 5.5. These are SEI layer growth at the anode particle surface, AM loss due to
mechanical stress, and SEI layer fracture due to cell expanding/contraction. This work's
degradation model is mathematically dependent on the p2d battery model described earlier
[270].
Elecrolyte solvent
AM loss

SEI layer
fracture

SEI layer
+

+

+
+

+
+

Rp

+

+

Rs
+

+
+

+

+

+

+

+
+

+
+

Anode particle

Figure 5.5 A schematic of three degradation mechanisms for lithium-ion batteries.

5.3.1 SEI layer growth
Many researchers argued that the SEI layer growth on the graphite electrode is the most
critical degradation mechanism for LiBs. At the graphite particle surface, as shown in Figure
5.5, some of the electrolyte solvents (S) are reduced in a side chemical reaction with lithiumions (Li+ ) and the electrons (e− ) from the electrode. The products (P) of this reaction are
deposited on the anode particle forming the SEI layer. This side reaction is represented in
(5.26).
S + 2Li+ + 2e− ⇄ P

5.26

The capacity loss rate due to SEI layer growth (𝑄𝑆𝐸𝐼 ) can be obtained by integrating the
side-reaction current (𝑖𝑠𝑒𝑖 ) as in (5.27).
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𝑡

5.27

𝑄𝑆𝐸𝐼 = ∫ 𝑖𝑠𝑒𝑖 𝐴 𝑑𝑡
0

The side-reaction current (𝑖𝑠𝑒𝑖 ) can be approximated to (5.28) by assuming that the
diffusion of the solvent components is the main contributing factor to the side reaction of
(5.26) [270].

𝑖𝑠𝑒𝑖 = −𝑛𝐹𝑘𝑠 𝑐𝑠 (0, 𝑡) exp(−

𝛼𝑐 𝑛𝐹
𝜂)
𝑅𝑔 𝑇 𝑠

5.28

Where (−𝑛𝐹) is the total charge of electrons, (𝑘𝑠 ) is the side-reaction constant, (𝑐𝑠 (0, 𝑡)) is
the concentration of the reaction and reduction product at 𝑥 = 0, and (𝜂𝑠 ) is the side-reaction
overpotential given in (5.29).
𝑛
𝑠
𝜂𝑠 = 𝜂 + 𝑈𝑜𝑐𝑝
− 𝑈𝑜𝑐𝑝

5.29

𝑠
Where 𝑈𝑜𝑐𝑝
is the side-reaction open circuit potential.

Solving (5.29) needs computing 𝜂 from the p2d model in (5.19). Previous studies
approximate 𝜂 to reduce the overall computational cost. However, in this work, 𝜂 is obtained
for each cycle for any de-rated battery. Figure 5.6 shows the overpotential 𝜂𝑛 of the negative
electrode for different C-rates at 5C.
Due to the difficulty in estimating (𝑐𝑠 (0, 𝑡)), a detailed derivation for the side-reaction
current (𝑖𝑠𝑒𝑖 ) is given in [270] to yield the formula in (5.30).
−𝐸
𝑘𝑆𝐸𝐼 exp ( 𝑅 𝑆𝐸𝐼
)
𝑔𝑇
𝑖𝑠𝑒𝑖 (𝑡) =
)
2(1 + 𝜆𝜃)√𝑡

5.30

Where (𝑘𝑆𝐸𝐼 ) is a fitting parameter, (𝐸𝑆𝐸𝐼 ) is the SEI-layer activation energy, 𝜃𝑟 is the ratio
of solvent concentration over products concentration given in (5.31), 𝑡 is the time, and 𝜆 is a
diffusion-related fitting parameter [270]. The final expression for 𝑄𝑆𝐸𝐼 is given in (5.32).
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𝜃𝑟 = exp [

𝑡 𝑘𝑆𝐸𝐼

𝑄𝑆𝐸𝐼 = ∫
0

𝐹
(𝜂 )]
𝑅𝑔 𝑇 𝑠
−𝐸
exp ( 𝑅 𝑆𝐸𝐼
)
𝑔𝑇

5.31

5.32

2(1 + 𝜆𝜃𝑟 )√𝑡

Figure 5.6 Overpotential of the anode for the p2d model at different discharge current rates at 5ºC.

5.3.2 Active material loss
The loss of AM or the amount of lithium in LiBs can result from SEI layer obstruction of the
pores in the graphite electrodes. Therefore, parts of the AM in the negative electrode become
inaccessible, as seen in Figure 5.5, leading to increased current density applied on the
remaining electrode parts, thus reducing the cell capacity. Mathematically speaking, the AM
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loss can be modelled by reducing the negative electrode's porosity linearly over time as in
(5.33).
𝑑𝜀𝑠𝐴𝑀
𝐼𝑏 (𝑡)
= −𝑘(𝑇) |
𝑎 |
𝑑𝑡
𝐴 𝑠

5.33

Where 𝑘(𝑇) is a temperature-dependent reaction rate constant given in (5.34).
0
𝑘(𝑇) = 𝑘𝐴𝑀
exp(

−𝐸𝐴𝑀
)
𝑅𝑔 𝑇

5.34

0
Where 𝑘𝐴𝑀
and 𝐸𝐴𝑀 are fitting parameters.

The rate of lithium loss 𝑄𝐴𝑀,𝑙𝑜𝑠𝑠 can be calculated by deriving (5.23) as in (5.35).
𝑑𝑄 𝑛𝑒𝑔 𝑑𝑄𝐴𝑀,𝑙𝑜𝑠𝑠 𝑑𝜀𝑠𝐴𝑀
𝑛𝑒𝑔
=
=
𝐴 𝐹 𝐿𝑛 𝑐𝑠,𝑚𝑎𝑥 |𝜃𝑦,100% − 𝜃𝑦,0% |
𝑑𝑡
𝑑𝑡
𝑑𝑡

5.35

By integrating both sides of (5.35) and substituting (5.33) and (5.34):
𝑡
0
𝑄𝐴𝑀,𝑙𝑜𝑠𝑠 = ∫ −𝑘𝐴𝑀
exp(
0

−𝐸𝐴𝑀 𝐼𝑏 (𝑡)
𝑛𝑒𝑔
)|
𝑎 | 𝐴 𝐹 𝐿𝑛 𝑐𝑠,𝑚𝑎𝑥 |𝜃𝑦,100% − 𝜃𝑦,0% |
𝑅𝑔 𝑇
𝐴 𝑠

5.36

By dividing 𝑄𝐴𝑀,𝑙𝑜𝑠𝑠 by the original 𝑄 𝑛𝑒𝑔 value (before AM loss) at 𝜃𝑥,100%, the final AM
capacity loss (𝑄𝐴𝑀 ) can be calculated as in (5.36) [270].

𝑄𝐴𝑀

Where SoC = 𝜃

𝜃𝑦
𝑦,100%

𝑡
𝑄𝐴𝑀,𝑙𝑜𝑠𝑠
−𝐸𝐴𝑀
=
= ∫ 𝑘𝐴𝑀 exp (
) SoC |𝐼𝑏 (𝑡)| 𝑑𝑡
𝑛𝑒𝑔
𝑄
𝑅𝑔 𝑇
0

5.37

𝑘0 𝑎

𝑠
, and 𝑘𝐴𝑀 = 𝐴𝐴𝑀
𝑛𝑒𝑔
𝜀
𝑠

5.3.3 SEI layer fracture
During the charging and discharging of LiBs, electrode materials expand and contract. With
increased cycling, volume expansion and contraction lead to electrode stresses, resulting in
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crack propagation. The crack leads to SEI layer fracture, which is observed experimentally in
[271],

especially at lower currents. As such, SEI layer fracture causes the electrode AM to be

exposed, facilitating the side reaction in (5.26). To model this, several researchers [147,272,273]
used a stress-strain physical model to calculate the stress on the SEI layer of the spherical
graphite particles. The lost SEI crack capacity per cycle 𝑄𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘 /𝑁𝑐 in (5.38) can be linearly
related to the stress variation during cycling (𝜎𝑘 ) using Wöhler curve method with a fitting
parameter (𝑘𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘 ). The slope of the curve is a fitting parameter (𝑚) and (𝜎𝑌𝑖𝑒𝑙𝑑 ) represents
the maximum yield strength of the graphite material.
𝑄𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘
𝜎𝑘 1
= 𝑘𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘 (
)𝑚
𝑁𝑐
𝜎𝑌𝑖𝑒𝑙𝑑

5.38

The rest of the equations necessary to estimate 𝑄𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘 are given below in line with the
previous works in this area [147] [266].
The stress variation (𝜎𝑘 ) is given in (5.39) where (𝜎𝑚𝑎𝑥 ) and (𝜎𝑚𝑖𝑛 ) are the maximum and
minimum stress value of the battery cycle.
𝜎𝑘 =

𝜎𝑚𝑎𝑥 − 𝜎𝑚𝑖𝑛
2

5.39

(𝜎𝑚𝑎𝑥 ) and (𝜎𝑚𝑖𝑛 ) are given in (5.40) and (5.41), respectively.
𝜎𝑚𝑎𝑥 =

𝜎𝑚𝑖𝑛 =

𝐸𝑌,𝑠
(1 − 2𝑣𝑠)
𝐸𝑌,𝑠
(1 − 2𝑣𝑠)

𝑏1 +

𝑏1 +

𝐸𝑌,𝑠
𝑅3𝑝 (1

+ 𝑣𝑠)

𝐸𝑌,𝑠
𝑅3𝑠 (1

+ 𝑣𝑠)

𝑏2

𝑏2

5.40

5.41

Where (𝐸𝑌,𝑠 ) is Young’s modulus, (𝑣𝑠) is Poisson’s ratio in the SEI layer phase, (𝑅𝑠 ) is the
radius of the graphite particle, including the SEI layer thickness (𝑅𝑠 = 𝑅𝑠 + 𝛿𝑆𝐸𝐼 ), 𝑏1 and 𝑏2
are constant integration parameters given in (5.42) and (5.43).

𝑏1 =

−2𝐸𝑌,𝑝 (2𝑣𝑠 − 1) 𝑉𝑐ℎ (𝜃𝑦 )
𝐸𝑌,𝑝 (2𝑅𝑝3

+

𝑅𝑠3

−

4𝑅𝑝3 𝑣𝑠

+ 𝑅𝑠3 𝑣𝑠) + 𝐸𝑌,𝑠 (2𝑅𝑠3 − 2𝑅𝑝3 + 4𝑅𝑝3 𝑣𝑝 − 4𝑅𝑠3 𝑣𝑠)

5.42
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𝑏2 =

𝐸𝑌,𝑝 𝑅𝑠3 (𝑣𝑠 + 1)𝑉𝑐ℎ (𝜃𝑦 )
𝐸𝑌,𝑝 (2𝑅𝑝3 + 𝑅𝑠3 − 4𝑅𝑝3 𝑣𝑠 + 𝑅𝑠3 𝑣𝑠) + 𝐸𝑌,𝑠 (2𝑅𝑠3 − 2𝑅𝑝3 + 4𝑅𝑝3 𝑣𝑝 − 4𝑅𝑠3 𝑣𝑠)
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Where (𝑣𝑝) is Poisson’s ratio in the graphite particle phase, and 𝑉𝑐ℎ (𝜃𝑦 ) is the graphite
particle volume change as a function of the discharge level, as shown in Figure 5.7 obtained
from [266].

Figure 5.7 Graphite particle volume change as a function of the stoichiometry.

The total capacity loss equation is given in (5.44), representing degradation from the three
mechanisms derived earlier subtracted from the original battery capacity. The parameters used
for the degradation model is given in Table 5.3.
𝐶𝑙𝑜𝑠𝑡 (𝑡) = 𝐶𝑁 − (𝑄𝑆𝐸𝐼 + 𝑄𝐴𝑀 + 𝑄𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘 )

5.44
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Table 5.3 Physics based degradation model parameters.
Parameter
1

Source

5.223 × 105

Estimation

7.88 × 10−3

Estimation

22.2 × 10−8

Estimation

61.276 × 103

Estimation

J
𝐸𝐴𝑀 (
)
mol

39.5 × 103

[266]

𝜆

1.48 × 10−3

Estimation

𝑅𝑠 (m)

13.5 × 10−6

[147]

𝛿𝑆𝐸𝐼 (m)

0.2 × 10−6

[147]

𝜎𝑌𝑖𝑒𝑙𝑑 (MPa)

8

[266]

𝑚

0.5

[147]

𝐸𝑌,𝑠 (GPa)

0.42

Estimation

𝐸𝑌,𝑝 (GPa)

14.3

Estimation

𝑣𝑠

0.2

[266]

𝑣𝑝

0.3

[266]

𝑘𝑆𝐸𝐼 (

√sec

𝑘𝐴𝑀 (

)

1
)
Ah

𝑘𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘 (%)
𝐸𝑆𝐸𝐼 (

5.4

Value

J
)
mol

Results

5.4.1 Accuracy of physics battery and degradation models
The 53Ah cell is discharged and then charged with a constant current of 53 A at 15C to test
the p2d model. The model output voltage is shown in Figure 5.8 where it accurately
corresponds to the cell experimental results published in [274] for the same cell and settings.
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The cell discharges from around 4.2 V to 2.7 V cut off voltage reaching 0% SoC, then after a
rest, the cell charges to 4.2 V, reaching 100% SoC.
To test the model at different C-rates, the model predicted voltage is plotted against the cell
capacity in Figure 5.9 and compared to the experimental data presented in [265] for the same
cell. The model results are in good agreement with the experimental data at all C-rates. In
Figure 5.9, as expected, the higher the C-rate, the lower is the battery capacity, which is a
common feature for many LiB types [275]. One reason for the lower capacity retention at higher
C-rates is the induced overpotential, as confirmed in Figure 5.6, which reduces the cell capacity
and the cell voltage, especially at higher DoD [276]. The battery capacity at the 4C-rate, for
instance, is 49.7 Ah in the first cycles, meaning its effective capacity is 93.7% compared to
56Ah at the 0.25C rate.
Figure 5.10 shows the p2d model output voltage versus the cell capacity with their
experimental data for different temperatures at the 1C-rate. It can be seen that the lower the
temperature, the lower is the retained capacity. This is because, at lower temperatures, battery
ohmic losses increase in the electrolyte due to lower conductivity (𝜅) and diffusivity (𝐷𝑒 )
parameters (please see the Arrhenius equation in (5.1)). In other words, the absence of thermal
energy in the electrolyte makes it difficult for ions to move at low temperatures. As such, at
5°C for instance, the cell capacity predicted by the model is 48 Ah compared to the 47.5 Ah
obtained experimentally. This suggests that without any degradation, this cell retains only
89.6% capacity at 5°C. The model’s average root mean square error is 3.1%, with the highest
divergence from the experimental data is observed at higher temperatures, such as 45C.
However, the model developed here offers much less error at 1% at lower temperatures (5C
and 15C) compared to 11.35% error observed in the original model developed by
Hosseinzadeh et al. [265].
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Figure 5.8 Physics-based model predicted cell voltage and current during discharge and charge at 15C.

Figure 5.9 P2d model results (lines) with experimental data (mark) during discharge at different
current rates and 15C, the data is from [265].
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Figure 5.10 P2d model results (lines) with experimental data (mark) during discharge at different
temperatures and 1 C-rate, the data is from [265].

To allow a fair comparison between the empirical and physics degradation models, the same
experimental data in Chapter 4 is used here. The experimental calendar data is from [257], and
the cycle experimental data is from [245]. The LiB cell capacity loss as predicted by equation
(5.44) and the corresponding experimental data are presented in Figure 5.11 for calendar ageing
and Figure 5.12 for cycle ageing. The model results show good agreement with experimental
data with a maximum error of 6.84% at 45C and 100% SoC. Higher capacity loss is evident
at higher temperatures and SoCs, and vice versa. For instance, at 5 °C, the cell’s SoH is over
96% after 500 days, indicating minimal capacity loss due to calendar ageing.
Figure 5.12 shows the cycling results for different C-rates at the same temperature of 35°C,
except for one result at 5°C. The results indicate that the higher the DoD, the higher the
expected capacity loss at the same C-rate. Moreover, the CF at 5°C is as expected based on the
results obtained in Figure 5.10, in which the SoH is 89% before cycling start, reaching 85%
after 2000 cycles.
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The physics degradation model shows good accuracy at lower temperatures for cycling and
calendar ageing because of the dependency on the p2d model, in which nearly all the
parameters are temperature dependent. Therefore, the PBMs mitigate the limitation of other
models in chapter 4 in terms of the inability to show that calendar degradation is minimal at
lower temperatures. In comparison, it is maximal when cycling at the same lower temperatures.
This is important in applications where calendar and cycle degradation quantification are
needed, such as in the CM. In Figure 5.13, a magnified version of the 1C rate (100% DoD) is
depicted to relate it to the three degradation mechanisms predicted using equations (5.32),
(5.37), and (5.38). It can be seen that at higher DoD levels, the 𝑄𝑆𝐸𝐼,𝑐𝑟𝑎𝑐𝑘 is dominant in
agreement with the results presented in [266].

Figure 5.11 Calendar degradation model results (lines) and experimental data (mark)at different
temperatures and states of charge. Experimental data is from [257].
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Figure 5.12 Cycle degradation model results (lines) and experimental data (mark) at different
discharge ranges, C-rates, and temperatures. Experimental data is from [245] except for the result at
5°C (90 –10) from [257].

Figure 5.13 Detailed version of 1C (100–0) cycle degradation results based on the physics-based
degradation model mechanisms.
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5.4.2 Revenue and degradation costs
The collected revenues over the 12-months CM contract and the incurred degradation costs
are depicted in Figures 5.14-5.17 and Figures 5.18-5.21 for the four de-rated batteries in
different conditions. The setup done in this chapter is similar to Chapter 4 except using different
PBM approaches to allow a fair comparison between the results presented here and those in
Chapter 4.
Figure 5.14 shows the revenue and degradation cost for the 0.5h battery. As expected,
keeping the battery at lower temperatures results in lower degradation cost. The physics-based
degradation model predicts the lowest degradation cost at lower temperatures compared to the
empirical model (see Figure 4.22). This leads to receiving more overpayments over the contract
period and increase the total profit. The degradation cost predicted at 5C for the 0.5h battery
is only 3.17% of that predicted at 45C. Although the 0.5h battery discharges at SEs at low
temperatures, this battery did not receive penalties because of the small CM obligation.
Figure 5.15 and Figure 5.16 show the revenue and degradation cost for the 1h and 2h
batteries, respectively. Both figures show slightly similar degradation cost across all
temperatures as the physics-based model does not consider calendar and cycle ageing
separately (see equations 5.32, 5.37 and 5.38). However, the 1h battery's revenue is higher than
the 2h battery because it receives double overpayments than the 2h battery. The majority of
battery asset owners opt for 1h de-rating factor in the latest GB CM auction, which may confirm
the findings presented here [277].
Figure 5.17 depicts the revenue and degradation cost for the 4h battery. Similar to the results
predicted in Chapter 4 by the empirical model, the 4h battery receives penalties when operating
at 35C and 45C due to its higher CM obligation compared to other batteries. Although the
degradation cost is at its lowest at 5C, the PBMs predict penalties whenever this battery cycles
at the beginning and end of the CM contract. This is because the 4h battery capacity is
generating lower power than its CM obligation. The PBMs predict the lowest capacity losses
at lower temperatures, such as 5C (during calendar ageing), while simultaneously modelling
cell capacity deficits when cycling at the same temperature.
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Figures 5.18-5.21 show lower degradation cost predicted by the PBMs for all batteries
compared to the empirical model results depicted in Figures 4.30- 4.33. This is because the
PBMs consider the graphite anode's potential in which most degradation mechanisms occur
rather than the open circuit potential for the whole cell. It is evident in Figures 5.18-5.21 that
the PBMs mitigates the non-linearity issues in Figures 4.30-4.33 as the empirical model
consider cycle and calendar ageing separately. Moreover, the 4h battery receives no penalties,
as seen in Figure 5.21 if the degradation cost predicted by the PBM rather than the empirical
model as in Figure 4.33.

Figure 5.14 Revenue and degradation cost (physics) for the 0.5h battery for several temperatures.
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Figure 5.15 Revenue and degradation cost (physics) for the 1h battery for several temperatures.

Figure 5.16 Revenue and degradation cost (physics) for the 2h battery for several temperatures.
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Figure 5.17 Revenue and degradation cost (physics) for the 4h battery for several temperatures.

Figure 5.18 Revenue and degradation cost (physics) for 0.5h battery at several SoCs and T=25C.
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Figure 5.19 Revenue and degradation cost (physics) for 1h battery at several SoCs and T=25C.

Figure 5.20 Revenue and degradation cost (physics) for 2h battery at several SoCs and T=25C.
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Figure 5.21 Revenue and degradation cost (physics) for 4h battery at several SoCs and T=25C.

5.4.3 Comparison of different modelling approaches
This section compares the empirical and physics degradation models in terms of the received
overpayments and the batteries' profitability at the end of the CM contract. This comparison is
made mainly because these models use the same experimental data. The overpayments levels
received by each battery is depicted in Figure 5.22 for both models according to both cycling
scenarios. It can be seen that the overpayments levels for all batteries are higher if battery
degradation is accounted for using the physics-based model. For instance, the overpayment
level during scenario 1 is 29.3%, 59.3% and 47.9% more than the empirical model for the 0.5h,
1h, and 2h batteries, respectively. This is because the physics degradation model uses a
feedback mechanism from the p2d model in which nearly all of its parameters are temperature
dependent.
Thus, the PBM can extrapolate for different operating conditions relatively accurately
compared to other models. Although the empirical and semi-empirical modes are tied to an
ECM that is computationally fast, determining the parameter values in the ECM is subject to
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empirical system identification. Therefore, changing the battery operating conditions
necessitates using different fitting process, which is time-consuming and unreliable.
The profit at the end of 1-year CM contract for the 1h battery at 25C is depicted in Figure
5.23 when battery degradation is calculated using the three models (empirical, semi-empirical,
and physics). The accumulated profit can reach nearly £3700, £2950, and £2550 if battery
degradation is quantified using the physics, semi-empirical and empirical models respectively.
Therefore, the profit is expected to increase by 25.4% and 45% if the physics model is used
compared to the semi-empirical and empirical model respectively. This profit increase can be
explained by the fact that the 1h battery receive more overpayment due to lower predicted
degradation cost (see Figure 5.22).
In Table 5.4, the profit of the 1h battery is calculated with the degradation cost predicted by
the empirical and physics models at different temperatures. Using a PBM when accounting for
the degradation cost, the profit can be increased at 5°C and 25°C while the losses can be
minimised at 45°C. This is due to the lower predicted degradation cost resulting mainly from
the fundamental differences in the extrapolation process between the empirical and the PBMs
when quantifying battery degradation.
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Figure 5.22 Levels of overpayments received by batteries when degradation is accounted for using
empirical and physics models according to two cycling scenarios.
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Figure 5.23 Total profit at the end of CM contract for the 1h battery at 25C.
Table 5.4 Profit at the end of a 1-year capacity market contract for the 1h battery at different
temperatures when the degradation cost calculated using physics and empirical degradation models.
Profit in (£) When Degradation Cost is
Temperatures

5.5

Calculated Using the Below Models
Empirical

Physics

5°C

3627

4625

25°C

2550

3738

45°C

−-42565

-39525

Sensitivity analysis

This section analyses the effects of changing important parameters or adding additional
battery services on the profitability of the batteries participating in the CM. This includes
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adding an energy arbitrage service for batteries while participating in the CM along with
changes to the CM clearance price, battery degradation cost, and de-rating factors. It should be
noted that all the sensitivity analysis results are conducted at a standard temperature of 25°C.

5.5.1 Adding energy arbitrage service
Batteries can provide energy arbitrage services in the wholesale electricity markets to
increase their revenue. Where possible, batteries can buy electricity when the prices are low
and sell it later when the prices are high. In this scenario, the 2MWh battery is assumed to
provide CM services for one year and provide energy arbitrage on each day of the year. In
reality, providing CM services may conflict with selling the power via energy arbitrage route
particularly if a SE occurs in the same day as doing energy arbitrage. In such case, the battery
asset should be optimised for maximum revenue considering the possible penalties and
overpayments from the CM.
The maximum and minimum energy price for the UK wholesale electricity market in each
day from 01/01/2020 till 31/12/2020 is plotted in Figure 5.24 based on the data available in
[278]. Assuming perfect foresight and competition, the battery can charge at the minimum price

and discharge at the maximum price. Meanwhile, the battery incurs degradation cost
throughout the year due to cycling and calendar ageing when participating in the CM and
providing energy arbitrage services.
The accumulated revenues from the CM and energy arbitrage services along with the
incurred degradation cost, are shown in Figure 5.25. The CM revenue is calculated as the
average of all battery de-rating factors. It can be seen that providing energy arbitrage services
can result in £8759 revenue while the degradation cost is £9513 at the end of the year.
Therefore, providing energy arbitrage only, is economically unviable for the battery. When
adding £12986 CM revenue, the 2MWh battery business case can be economically viable in
that year. However, further analysis is needed to examine the batteries' business case in more
than one year time.
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Figure 5.24 Minimum and maximum electricity price data in Great Britain wholesale market in 2020.

Figure 5.25 Capacity market and energy arbitrage revenues with the degradation cost for the battery in
one year.
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5.5.2 Capacity market price change effects
The CM clearing price 𝜆𝑐𝑙 is an important parameter that can be changed depending on
different CM auction results. As such, 𝜆𝑐𝑙 has been changed twice to reflect the maximum and
minimum auction prices obtained GB’s CM auctions from the beginning of the CM auctions
in GB till 2020. The original 𝜆𝑐𝑙 = £19.4/kW/year value were changed to £27.5/kW/year
and £6/kW/year [279,280].
The profit (revenue - degradation cost) for a one-year CM contract is depicted in Figures
5.26 and 5.27, respectively, for the four de-rated batteries. For comparison, the average profit
for each de-rated battery at 25C is compared to the sensitivity analysis results presented here.
In both figures, 𝜆𝑐𝑙 can hugely affect the batteries’ profitability. In Figure 5.26, nearly all four
batteries are profitable at the end of the CM contract with an average increase of 56% compared
to the standard case presented in section 5.4.2. In contrast, in Figure 5.27, the four batteries
incurred huge losses due to low clearing prices and high degradation costs, represented by a
decrease of nearly 200% compared to the standard case.
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Figure 5.26 Profitability of the four de-rated batteries over 1 year when the clearing price £27.5/kW/year.
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Figure 5.27 Profitability of the four de-rated batteries over 1 year when the clearing price £6/kW/year

5.5.3 Battery cost effects
The degradation cost is changed from 176$/kWh or 0.5£/Ah to an optimistic 100$/kWh
(0.29£/Ah). It can be seen in Figure 5.28 that all the batteries are profitable, with an average
increase of nearly 50% over the standard case. In other words, reducing the battery pack price
by 43% can lead to an average increase of 50% for the four de-rated batteries participating in
the CM.
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Figure 5.28 Profitability of the four de-rated batteries over 1 year when 𝜆𝑑𝑒𝑔𝑟 = $100/kWh.

5.5.4 De-rating factor effects
The presumed de-rating factors for all four batteries (0.5h to 4h) are projected to decrease in
the future to allow for new-generation entries in the CM, as stated in [191]. Therefore, the derating factors have been changed accordingly to 17.80%, 36.44%, 64.79% and 96.11% for the
four de-rated batteries, respectively. Figure 5.28 shows that all the de-rated batteries remain
profitable except the 0.5h battery, which incurs small losses compared to the standard case.
The average decrease in the profit for all batteries is 29.3%.
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Figure 5.29 Profitability of the four de-rated batteries over 1 year with de-rating factors changes.

5.6

Summary

This chapter formulated physics-based battery cell and degradation models used to perform
degradation cost assessment for LiBs in the CM. A p2d PBM for a 53Ah NMC cell is
mathematically formulated and simulated in COMSOL then validated against published
experimental data achieving 3.1% RMSE. The p2d model is then coupled to a physics-based
degradation model mainly through the current, temperature and SoC parameters. The
degradation model was also validated against published experimental data and achieved a
6.84% maximum RMSE. These models are then used to simulate a 2MWh battery with 0.5h,
1h, 2h, and 4h CM de-rating factors in the CM. During a one-year CM contract, the battery
experienced cycle and calendar degradation, resulting in a degradation cost. Simultaneously,
depending on the CM obligation, a de-rated battery can generate revenue, receive
overpayments, and incur penalties.
The results illustrate that the PBMs accurately simulated calendar and cycle degradation
battery conditions for a wider range of temperatures compared to empirical and semi-empirical
models. Moreover, the 1h de-rated battery had the highest profit margin in the current CM
design in all simulated scenarios. The results also show that batteries providing CM services
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should be stored at low temperatures, such as 5°C. However, during SEs when the battery is
delivering power, the temperature should be increased, ideally to 25°C, to avoid penalties. As
the PBMs predicted lower battery capacity losses compared to the empirical model, all the derated batteries received higher overpayments. For instance, the overpayments level received
were 29.3%, 59.3% and 47.9% more than the empirical model for the 0.5h, 1h, and 2h batteries,
respectively. In general, the degradation cost assessment for batteries in the CM can be
substantiated using the PBMs. For instance, the profit for the 1h de-rated battery at 25C can
reach nearly £3738 using the PBMs compared to £2550 using the empirical model at the end
of the CM contract.
A sensitivity analysis is conducted to assess the profitability of the 2MWh battery when
adding an energy arbitrage service with the CM service. The sensitivity analysis suggests that
providing an energy arbitrage service alone for a year in the UK wholesale electricity market
may not be economically viable due to the high incurred degradation cost. However, the
business case for the 2MWh battery can be economically viable when participating in the CM
while providing energy arbitrage service, which can add an average revenue of £12986.
Other sensitivity analysis results revealed that the CM profit can be affected in several ways.
First, the profit for batteries is highly sensitive to the CM auction price. For instance, increasing
the CM auction price by 30% can increase the profit by nearly 56% on average for all the derated batteries. In contrast, decreasing the clearing price by 67% can decrease the average profit
for the four batteries by 200% compared to the standard case. Second, reducing the battery
pack price by 43% can lead to an average increase of 50% for the four de-rated batteries. Third,
decreasing the de-rating factors slightly in the future can reduce the overall profit for all
batteries by 29.3%.

Chapter 6

Conclusions and future work

This chapter gives the conclusions of the previous chapters in section 5.1. Section 5.2
discusses the limitations of this work and suggests areas for future work. This includes a
discussion about the outputs for my EPSRC funded project: “REthinking the Design of Great
Britain’s CApacity markeT (RED CAT)”, which builds on the research presented in this thesis.
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Conclusions

6.1.1 Analysis of barriers and enablers of energy storage
As discussed in Chapter 2, there was a lack of analysis of the impact of new regulatory and
market changes on BES business case on the EU and UK energy networks. These changes
include (i) defining ‘Electricity Storage’ in the main legislation; (ii) removing double network
and balancing charges for storage; (iii) co-locating storage with renewable generation sites that
are supported through consumption levies policies; (iv) limiting ES operation by network
owners; (v) facilitating ES planning permission; and (vi) employing de-rating factors for
storage in the (CM). The impact of these changes on the business case of BES was analysed in
Chapter 3.
It is found the main strengths of the above changes are the removal of the double network
charges for ES, ES co-location with RES sites and facilitating planning permissions to grid
access. However, five drawbacks were found that outweighed these benefits. These are the
inappropriate definition and classification of ES, the payment of FCLs for small scale-ES,
employing strict unbundling requirements, employing de-rating factors in the CM, and
introducing fixed charges for behind the meter storage. In the CM, for instance, the degradation
cost impact on the revenue of batteries with different de-rating factors in the CM has not been
quantified.
The newly introduced regulations aimed to integrate ES withing the current energy market
structure rather than disrupting it by creating an independent storage asset class. As such, largescale ES (>100 MW) mostly benefited from these regulatory changes. Besides, the recent
regulatory changes meant that private parties are in the best place to provide ES services.
This research can help ES investors, utilities, and regulators to make informed decisions
about the barriers and enablers for BES business case informing its integration on EU and UK
electricity networks.
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6.1.2 Degradation cost assessment of batteries in the capacity market
The SWOT analysis outputs, and the literature review conducted in Chapter 2 revealed that
the effects of battery degradation on the revenue of BES in the CM has not previously been
investigated for two reasons. First, battery degradation cost was not adequately accounted for
when modelling batteries in the CM. Second, the effects of de-rating the battery capacity on
the overall battery revenue and its energy security contribution in the CM design was not
quantified. These gaps in knowledge were addressed in Chapter 4.
It is found that degradation cost can immensely impact the overall revenue in the CM,
making the business case for all the de-rated batteries uneconomically viable except unless
battery temperature can be efficiently controlled. In general, the empirical degradation model
predicted that battery degradation cost is minimum at lower temperatures such as 5°C. The
semi-empirical model predicted that battery degradation cost is minimised at a 25°C. When
such business case is profitable, the 2h and 1h batteries received the highest profit in nearly all
the simulated scenarios. The optimised total profit reached £9110 and £4096 for the 1h and 2h
batteries when the degradation cost is predicted using the semi-empirical model compared to
£2596 and £3460 when the degradation cost is predicted using the empirical model. Moreover,
by using both degradation models, keeping the battery at lower charge levels resulted in less
CF. Although providing CM service may be economically viable when the number of shortage
hours per year is low, it becomes not profitable for all batteries except the 1h battery if the
number of shortage hours increase.
This work improved previous research by considering battery degradation cost as a deciding
factor in choosing de-rating factors in the CM. For instance, the 1h and 2h de-rating factors
were the best choices in the current CM design if battery degradation is considered. This is a
challenge in the CM design and a key aspect in assessing battery profitability.
Battery profitability has been assessed comprehensively for a wide range of operating
conditions (5-45C) and SoC levels (20-100%). Such profitability assessment is vital for
battery owners to know in advance the battery's bidding qualities in the CM auction and
reducing battery cost by avoiding the exposure to penalties. It is also crucial to the relevant
utilities such as the system operator and regulators to assess battery contribution to energy
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security in a wide range of operating conditions. If the degradation effects on batteries are
ignored or not accurately accounted for, energy security in a decentralised energy network may
also be affected. This work also presented an accurate way to model batteries and their
degradation in the CM compared to previous approaches, as it compares two degradation
models coupled to an ECM.

6.1.3 Physics-based modelling of batteries in the capacity market
The empirical and semi-empirical degradation models used in this study poorly account for
battery calendar and cycle ageing, particularly at low temperatures. Therefore, a p2d PBM,
coupled to a degradation model, was formulated, and validated to increase the battery
profitability analysis accuracy in the CM. The p2d model was coupled to the degradation model
through the current, temperature and SoC parameters. The degradation model considered three
LiB degradation mechanisms: the SEI layer growth, AM loss, and SEI layer fracture. The p2d
model achieved 3.1 % RMSE, and the degradation model achieved 6.84% maximum RMSE
compared to the experimental data.
The results illustrated that the PBMs substantiated the degradation cost assessment for
batteries in the CM. For instance, the profit for the 1h de-rated battery at 25C reached nearly
£3700 using the PBMs compared to £2550 using the empirical model at the end of the CM
contract. The PBMs led to a 29.3%, 59.3% and 47.9% increase in CM overpayments compared
to the empirical model for the 0.5h, 1h, and 2h batteries, respectively. Moreover, the 1h derated battery had the highest profit margin in the current CM design in all simulated scenarios.
The PBMs accurately simulated calendar and cycle degradation battery conditions for a wide
range of battery temperatures (5- 45C) and SoC levels (20 -100%) compared to the empirical
and semi-empirical models. The results showed that batteries providing CM services more
likely to be profitable if their temperatures are controlled to be 5°C to reduce calendar ageing
loss. However, during SEs, when the battery is delivering power, the temperature should be
increased, ideally to 25°C, to avoid penalties.
The PBMs used in this work can serve as a method to inform the degradation cost of LiBs
in the CM for most battery operating conditions. Therefore, LiB profitability can be assessed
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in advance of CM auctions saving cost and time. Moreover, the p2d and the degradation models
formulated in this work quantifies the degradation cost for three degradation mechanisms
which is unprecedented in battery grid-connected economic studies.
Where LiBs provide other market services, the PBMs formulated here can provide
degradation cost insights. For instance, the results showed that providing energy arbitrage
service in the UK wholesale market alone for one year is not economically viable due to the
high incurred degradation cost. However, adding the CM can provide an average revenue of
£12986 for the 2MWh battery simulated in this work.
Other new insights generated from this work include assessing battery CM profitability
sensitivity to the main CM design parameters. First, the results showed that LiB profitability is
highly sensitive to CM auction prices. For instance, increasing the CM auction price by 30%
increased batteries profitability by 56% while decreasing it by 67% resulted in a 200% decrease
in the average battery profitability than the standard case. Second, if the LiB pack cost is
reduced by 43%, an average CM profit increase of 50% can be gained. Third, decreasing the
current battery de-rating factors in GB’s CM by an average of 12% reduced batteries
profitability by an average of 29.3%.

6.2

Future work

6.2.1 Whole systems modelling
This study identified several strengths, weaknesses, opportunities, and threats for BES
business case on EU and UK energy networks. An empirical quantification to each of the
SWOT analysis outputs is needed to quantify and rank each output's impact individually on the
BES business case. Applying a whole system modelling approach on the SWOT analysis
outputs can identify each output's influence on the other. For instance, questions such as ‘how
could classifying ES as an independent asset class impact its revenue streams cannibalisations’
and ‘how facilitating ES grid access affects ES deployment’ remain open for future
investigation.
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6.2.2 Optimisation of multiple battery services
Although the empirical and semi-empirical models were used to predict the observed data
for LiB degradation, they remain only a simplification to complex degradation mechanisms.
Battery degradation processes are many and may take place simultaneously. A model that
captures all of these processes is still subject to further research efforts. Nevertheless, these
degradation mechanisms vary according to different LiB battery chemistries.
The ECM used in this work can be improved by considering the dependency of its parameters
on C-rate, degradation, and temperature. Exploring the ECM parameters' sensitivity to
degradation changes is critically important to mitigate the limitations of the ECMs. This needs
enormous experimental data and parameter estimation approach that mitigate over-fitting.
Future work could optimise the battery to provide multiple services with the CM to
maximise revenue and minimise degradation cost considering different de-rating factors. It can
also consider additional battery losses such as thermal management losses and cell to cell
variations. Another area of improvement for this work is using artificial intelligence to predict
the future number of SEs in the CM and increase the time horizon to more than one year.

6.2.3 Rethinking capacity market design
Another avenue for future work includes focusing more on economic analysis. This could
be done by considering the variable and constant operational costs for the battery. Battery
revenue uncertainty can also be considered in applications that require real-time decisions such
as frequency response.
The effects of de-rating the battery capacity while considering battery degradation on CM
clearing is not investigated in this work. This is important because countries such as the UK
adopt net zero policies in which the electricity supply may rely entirely on RES. Considering
their energy security challenges and the emergence of local energy networks, examining CM
clearance becomes vital. This aspect will be investigated next based in my EPSRC funded
project titled “REthinking the Design of Great Britain’s CApactiy markeT (RED CAT)” for
which I will be the principal investigator.
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Appendix A Battery experiment setup
The experimental setup, battery cells specifications, the testing protocols of section 4.3 are
explained here.
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A.1 Experimental setup
The data for all the experimental work done in this thesis is supplied to me by Mr. Rehab
Mokidm based on his project work at Fraunhofer Institute for Solar Energy Systems for the
purpose of data analysis and modelling. These data and the results of it are published in our
paper entitled “Analysis of Lithium-ion Battery Cells Degradation Based on Different
Manufacturers”.
The experimental setup of the BYD, Sony, and Samsung cells is shown in Fig A.1. The cells
were cycled using Digatron battery cycler at Fraunhofer Institute for Solar Energy Systems.
Extra open circuit voltage and validation tests were done at Renewable Energy Test Center
(RETC) in California. The Digatron IBT has six channels with (-100 to +100 A) current range
and (0-150 V) voltage range. All the battery cells were connected to environmental chambers
of Thermotron type to regulate the temperature during battery cycling. Also, they have been
used to control the temperature during calendar ageing testing.
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Environmental Chamber
Cycler

PC

Battery cell inside the chamber

Fig A. 1 Battery cells experimental setup for degradation testing

A.2 Cells specifications
The size of the Sony cylindrical cell (US26650FT) is 26650 with dimensions 26.45 mm
diameter and 65.6 mm length. The cell chemistry is LiFePO4 with a 3 Ah nominal capacity,
3.2 V nominal voltage. The minimum and maximum cut off voltages are 2.0 V and 3.6 V,
respectively. Fig A.2 shows one of the Sony cylindrical tested cell.
The BYD cells are of prismatic type with dimensions 173 mm*21 mm*119.5 mm. The cell
chemistry is LiFePO4 with a 25 Ah capacity, 3.2 V nominal voltage. The minimum and
maximum cut off voltages are 2.0 V and 3.8 V, respectively. Fig A.3 shows a sample of the
BYD tested cell.

A-4

Battery experiment setup

The Samsung SDI (AIO 5.5) of prismatic type is used with dimensions 173.2 mm * 45.2 mm
* 175.8 mm. The cell chemistry is LiNiMnCo with a 94Ah capacity and 3.7 V nominal voltage.
The minimum and maximum cut off voltages are 2.7 V and 4.15 V, respectively. Fig A.4 shows
a sample of the Samsung cell.

Fig A. 2 LFP (3Ah) Sony cylindrical cell

Fig A. 3 LFP (25 Ah) BYD prismatic cell

Battery experiment setup
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Fig A. 4 NMC Samsung (94Ah) prismatic cell

A.3 Testing protocols
At the start of the tests, the cells are left inside the climate chamber at 20C for 1 hour to
ensure thermal equilibrium. Then, the cells are charged with CCCV profile at 1C rate until the
upper cutoff voltage is reached. A rest period of 30 minutes is allowed between charge and
discharge. Finally, the cells are discharged at 1C rate until the lower cutoff voltage is reached
and hence the initial cell capacity for all the cells are calculated by the cycler by integrating the
current.
To measure the capacity during cycling or calendar testing checkup, a standard Reference
Performance Test (RPT) was used with CC charge/discharge at C/20 rate. The RPT was
performed each month during the entire testing period. For resistance measurement, a pulse
discharge method of 30 seconds is used at different SoC levels but only reported at the 50%
SoC resistance measurement.

Appendix B Active material capacity loss equation
This Appendix presents the detailed derivation of the AM loss equation of the semi-empirical
degradation model using Bernoulli approach.
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Equation (4.32) is re-written in (B.1):
𝑑𝑄𝐴𝑀
𝑐1
= −(
)
𝑑𝑁𝑐
𝑄𝐴𝑀

(B.1)

Assuming (B.1) can be-re written in Bernoulli ordinary differential equation that has the
form in (B.2):
𝑦́ + 𝑝(𝑥)𝑦 = 𝑞(𝑥)𝑦 𝑛

(B.2)

Comparing (B.1) with (B.2) yields (B.3):
𝑝(𝑥) = 0 ,

𝑞(𝑥) = −𝑐1 ,

𝑛 = −1

(B.3)

Therefore substituting (B.3) into (B.2):
𝑄𝐴𝑀́(𝑁𝑐 ) = −𝑐1 𝑄𝐴𝑀 (𝑁𝑐 )−1

(B.4)

The general solution for such Bernoulli equation (B.4) is obtained by evaluating
𝑣 = 𝑦1−𝑛 as in (B.5):
𝑣 = 𝑄𝐴𝑀 (𝑁𝑐 )1−(−1) = 𝑄𝐴𝑀 (𝑁𝑐 )2

(B.5)

Then, substituting (B.5) in (B.6):
1
𝑣́ + 𝑝(𝑥) 𝑣 = 𝑞(𝑥)
1−𝑛

(B.6)

𝑣́
= −𝑐1
2

(B.7)

This yields (B.7):

∴

Active material capacity loss equation
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By integrating both sides of (B.7):
𝑣 = −2𝑐1 𝑁𝑐 + 𝑐0

(B.8)

Substituting (B.5) into (B.8):
𝑄𝐴𝑀 (𝑁𝑐 )2 = −2𝑐1 𝑁𝑐 + 𝑐0 = ±√−2𝑐1 𝑁𝑐 + 𝑐0

(B.9)

Let 𝑐0 be the initial battery capacity and multiplying both sides under the root by 𝑐0 yields:
𝑄𝐴𝑀 (𝑁𝑐 ) = ±√𝑐0 2 − 2𝑐1 𝑐0 𝑁𝑐

(B.10)

Appendix C Parameter estimation and models
implementation
This Appendix presents Levenberg-Marquardt method used to estimate different models’
parameters and the implementation of the models in MATLAB and COMSOL.
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C.1 Parameter estimation method
The parameter estimation method for estimating some models parameters used in this work
is the Levenberg-Marquardt method described here based on the work of Aster et al. [281]. It is
a non-linear regression method used to determine the parameter values iteratively that minimise
the sum of the squares of the residuals between data and nonlinear equations. Assuming the
measurement errors are normally distributed, then based on the maximum likelihood principle,
the weighted residual norm 𝜒 can be minimised as in (C.1):
𝑚

𝐆(𝐦)𝑖− 𝑑𝑖 2
)
𝜒 (𝐦) = ∑ (
𝜎𝑖
2

(C.1)

𝑖=1

Where 𝐆 is the function that contains model parameters 𝐦 (with 𝑛 length vector). For
instance, 𝐺 = 𝑚1 + 𝑚2 𝑥 can be written as in (C.2). 𝑑𝑖 is the measurement data vector of 𝐺 at
each corresponding position 𝑥𝑖 and 𝜎𝑖 is the standard deviation.
1
1
𝐆𝐦 = [
⋮
1

𝑥1
𝑑1
𝑚
𝑥2
𝑑
1
][ ] = [ 2] = 𝑑
⋮ 𝑚2
⋮
𝑥𝑚
𝑑𝑚

(C.2)

Defining the scalar residual functions 𝑓𝑖 (𝐦) as in (C.3):

𝑓𝑖 (𝐦) =

𝐆(𝐦)𝑖− 𝑑𝑖
𝜎𝑖

𝑖 = 1,2,3, … , 𝑚

(C.3)

And the vector function as in (C.4):
𝑓1 (𝑚)
𝐅(𝐦) = [ ⋮ ]
𝑓𝑚 (𝑚)
Then evaluating (C.3) and (C.4) into (C.1):

(C.4)

Parameter estimation and models implementation
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𝑚

𝜒 (𝐦) = ∑ 𝑓𝑖 (𝐦)2 = ‖𝐅(𝐦)‖22
2

(C.5)

𝑖=1

Taking the gradient of 𝜒 2 (𝐦):
𝑚

∇𝜒 2 (𝐦) = ∑ ∇(𝑓𝑖 (𝐦)2 )

(C.6)

𝑖=1

Taking the gradient for each of 𝜒 2 (𝑚) element (𝑗), then using the chain rule:
𝑚
2

(∇𝜒 (𝐦))𝑗 = ∑ 2𝑓𝑖 (𝐦)(∇𝑓𝑖 (𝐦))𝑗

(C.7)

𝑖=1

Re-writing (C.7) in the matrix form and assuming (∇𝑓𝑖 (𝐦))𝑗 is the Jacobian 𝐉(𝐦):
∇𝜒 2 (𝐦) = 2𝐉(𝐦)𝑇 𝐅(𝐦)

(C.8)

And 𝐉(𝐦) is:
𝜕𝑓1 (𝐦)
⋯
𝜕𝑚1
𝐉(𝐦) =
⋮
⋱
𝜕𝑓𝑚 (𝐦)
⋯
( 𝜕𝑚1

𝜕𝑓1 (𝐦)
𝜕𝑚𝑛
⋮
𝜕𝑓𝑚 (𝐦)
𝜕𝑚𝑛 )

(C.9)

Taking the Hessian of 𝜒 2 (𝐦) in (C.5):
𝑚

𝑚

𝐇(𝜒 2 (𝐦)) = ∑ 𝐇(𝑓𝑖 (𝐦)2 ) = ∑ 𝐇 𝑖 (𝐦)
𝑖=1

(C.10)

𝑖=1

Solving for 𝑗 rows and 𝑘 columns of 𝐇 𝑖 (𝐦):

𝐇 𝑖𝑗,𝑘 (𝐦)

∂2 (𝑓𝑖 (𝐦)2
𝜕
𝜕(𝑓𝑖 (𝐦)
=
=
(2(𝑓𝑖 (𝐦)
)
∂𝑚𝑗 ∂𝑚𝑘
∂𝑚𝑗
∂𝑚𝑘

(C.11)
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𝐇 𝑖𝑗,𝑘 (𝐦) = 2 (

𝜕(𝑓𝑖 (𝐦) 𝜕(𝑓𝑖 (𝐦)
𝜕 2 (𝑓𝑖 (𝒎)2
+ (𝑓𝑖 (𝐦)
)
∂𝑚𝑗
∂𝑚𝑘
𝜕𝑚𝑗 𝜕𝑚𝑘

(C.12)

Therefore,
𝐇(𝜒 2 (𝐦)) = 2𝐉(𝐦)𝑇 𝐉(𝐦) + 𝐐(𝐦)

(C.13)

Where 𝐐(𝐦) term is the second term of C.12, which is ignored to approximate the Hessian
to:
𝐇(𝜒 2 (𝐦)) ≈ 2𝐉(𝐦)𝑇 𝐉(𝐦))

(C.14)

The optimality condition (minimising 𝜒 2 (𝐦 )) requires:
𝐇(𝜒 2 (𝐦))∆𝐦 = −∇𝜒 2 (𝐦)

(C.15)

Where ∆𝐦 is the update steps.
By evaluating (C.8) and (C.14) in (C.15), then:
𝐉(𝐦)𝑇 𝐉(𝐦) ∆𝐦 = −𝐉(𝐦)𝑇 𝐅(𝐦)

(C.16)

In the Levenberg-Marquardt method, (C.16) is modified to (C.17). This is to include the
positive adjustable damping parameter (𝛿) to ensure convergence.
(𝐉(𝐦)𝑇 𝐉(𝐦) + 𝛿𝐈) ∆𝐦 = −𝐉(𝐦)𝑇 𝐅(𝐦)

(C.17)

In summary, the Levenberg-Marquardt algorithm estimates the parameters (𝐦) as follows:
•

Initialise the values of 𝐦 and 𝛿

•

Evaluate 𝐉(𝐦) and 𝐅(𝐦) at the initial parameters

•

Calculate (𝐉(𝐦)𝑇 𝐉(𝐦) + 𝛿𝐈), 𝐉(𝐦)𝑇 𝐅(𝐦) and 𝜒 2 (𝐦)

Parameter estimation and models implementation
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•

Then, calculate 𝑚𝑛𝑒𝑤 = 𝑚𝑖𝑛𝑖𝑡𝑖𝑎𝑙 − ((𝑱(𝒎)𝑇 𝑱(𝒎) + 𝛿𝑰)−1 × 𝐉(𝐦)𝑇 𝐅(𝐦)

•

For the iteration above, evaluate 𝜒 2 (𝐦𝐧𝐞𝐰 ) and compare it with 𝜒 2 (𝐦)

•

If 𝜒 2 (𝐦𝐧𝐞𝐰 ) is lower than 𝜒 2 (𝐦), accept the iteration and update 𝛿𝑛𝑒𝑤 =

•

If 𝜒 2 (𝐦𝐧𝐞𝐰 ) is higher than 𝜒 2 (𝐦), reject the iteration step and update 𝛿𝑛𝑒𝑤 = 2𝛿

•

Finally, if the algorithm has converged, return 𝐦 as the best-fit parameters.

𝛿
2

C.2 Implementation of the ECM
The ECM is implemented in MATLAB as shown in Fig C.1. The ECM parameters are
estimated using MATLAB optimisation toolbox as shown in Fig C.2.

Fig C. 1 Equivalent circuit model implementation in MATLAB.
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Fig C. 2 ECM parameters estimation process.

C.3 Implementation of empirical and semi-empirical models
Empirical degradation model code:
%Empirical degradation model - based on Johannes Schmalstieg
et al 2014.
%Set-up the parameters
Soc=soc_model; %extract SoC value from the ECM model
Vb=Vb_model; %extract voltage value from the ECM model/
Vb_av=mean(Vb,'all');
T=273.15+25;
a1=-24.02;
a2=7.622
a3=e6;
a4=7.42e-3;
a5=7.71e-4;
a6=4e-3
Ea=5.8098e4;

% Temperature in Kelvin
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Rg=8.314
Vav=3.68;

%change with SoC average

DoD=1-soc_model;

%write the DoD value

Delta_DoD=1-0;

%indicate DoD range

td=[1:1:360]; %number of days -calendar ageing
N=[0:100:3100]; %choose the
Ah=N*DoD*2*2.05;

cycle range

% calculate the Ah throughput

alpha=(a2*Vb_model+a1)*a3*exp(-Ea/Rg*T);%Calendar ageing
Qlost=1-(alpha*td.^0.75);
Qlost_cal = transpose(Qlost)*100
Bcap=(a4*(Vb_av-3.68)^2+a5+a6*Delta_DoD);
Q=1-(Bcap*sqrt(Ah));%cycle ageing
Q_cyc=transpose(Q)*100
Qloss=1-Q_cyc-Qlost_cal %Total loss

Semi-empirical degradation model code:
%Semi-empirical degradation model
%This code is based on the model developed by NREL here
%https://ieeexplore.ieee.org/document/7963578 with some
changes to make it
%work
soc_index = [0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0]; % (
) state-of-charge index/ from the ECM
soc=soc_model; %from ECM model
Voc=ocv_model; %from ECM model
Uneg = 585.3*soc^8-2633*soc^7+4952*soc^65053*soc^5+3032*soc^4-1085*soc^3+224*soc^2+1.287; %Anode open
circuit potetnial
%QAM paramters
c1ref=3.9193e-3;
beta_c1=4.54;
Eac1=-48260;
c0ref=75.64;
Eac0=2224;
Tref=298.15;
DoD_max=0.8;
%Change with cycling
Trpt=25+273.15;
%change with test cell temp
R=8.314;
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F=96485;
c1=c1ref*exp(-Eac1/R*(1/Trpt-1/Tref))*(DoD_max)^beta_c1;
c0=c0ref*exp(-Eac0/R*(1/Trpt-1/Tref));
%QSEI and QPos
Ah_Qpos=75;
%used only for Qpos in equation (21) based
on the integration of the current in the ECM : Ah=2*Cn,
Cn=integration of the battery current
d3=0.46;
d0ref=75.10;
Ead1=4122;
Ead2=9.76e6;
Uref=0.08;
Vref=3.70;
b1ref=3.503e-3;
Eab1=35392;
alpha_b1=-1;
gamma_b1=2.472;
beta_b1=2.157;
b0=1.07;
b3ref=2.805e-2;
Eab3=42800;
alpha_b3=0.0066;
tau_b3=5;
theta=0.135;
b2ref=1.541e-5;
Eab2=-42800;
Nc=[0:100:3000];
%change with number of cycles
day=[0:1:365];
%change with days
d0_T=d0ref*(exp(-Ead1/R*(1/Trpt-1/Tref)-((Ead2/R)*(1/Trpt1/Tref)^2)));
b1_T=b1ref*exp(-Eab1/R*(1/Trpt1/Tref))*exp(alpha_b1*F/R*(Uneg/TrptUref/Tref))*exp(gamma_b1*(DoD_max^beta_b1));
b2_T=b2ref*exp(-Eab2/R*(1/Trpt-1/Tref));
b3_T=b3ref*exp(-Eab3/R*(1/Trpt1/Tref))*exp(alpha_b3*F/R*(Voc/TrptVref/Tref))*(1+theta*DoD_max);
QSEI=d0_T*(b0-(b1_T*day.^0.5)-(b2_T*Nc)-(b3_T*(1-exp(day/tau_b3))));
Qpos=d0_T+d3*(1-exp(-Ah_Qpos/228));
QAM=(c0^2-2*c1*c0*Nc).^0.5;
Capacity_loss=min([QSEI,Qpos,QAM])*100/75 %in percentage
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C.4 Physics-based p2d model implementation in COMSOL
As seen in Fig C.3, the p2d model was implemented in COMSOL. The materials used is
shown in Fig C.4.

Fig C. 3 Implementation of the p2d model in COMSOL.
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Fig C. 4 Materials used for the implementation of the p2d model in COMSOL.

The p2d model above can be linked to MATLAB to be used for degradation studies/analysis,
control, and other testing. This can be done using the Livelink for MATLAB tool in COMSOL.
As seen in Fig C.5, the p2d model parameters can be accessed/navigated in MATLAB using
the ‘mphsearch’ command. The p2d model can also be converted to a ‘MATLAB function’ in
m-file as seen in Fig C.6.
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Fig C. 5 P2d model parameters accessed in MATLAB.

Fig C. 6 P2d model converted to m-file in MATLAB.

Any parameter or expressions needed for later analysis, can be accessed using the command:
‘mpheval’. For instance, if the cell SoC value is needed, then the following command can be
executed as seen in Fig C.7:
soc_model = mpheval(model,'liion.delta_soc')
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Fig C. 7 Importing of SoC value from COMSOL to MATLAB

Finally, all the p2d model parameters in COMSOL can be updated from MATLAB using
the command:’model.param.set’ as seen in Fig C. 8 when the initial capacity of the battery is
updated due to degradation effects.
model.param.set('Q0','50')

Fig C. 8 P2d model parameters update from MATLAB.

