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Abstract
The integration of flywheel technology with battery energy storage systems presents a
promising strategy to improve both the operational lifetime and economic viability of
energy storage solutions for providing ancillary services. In this study, mixed integer
linear programming optimisation modeling is employed to investigate the benefits
of combining batteries with flywheels in the context of the Finnish FCR-N market.
Different flywheel:battery capacity ratios are considered to investigate the optimal
ratio. Furthermore, the impact of grid frequency and battery degradation is taken into
account.

The results reveal that battery degradation has little impact on the optimal dispatch
of a hybrid system. Highlighting the robustness of the flywheel-battery combination
in mitigating battery degradation during ancillary services provision.

The findings demonstrate that integrating flywheels into battery systems can extend
the operational lifetime or reduce operational cost of the battery through removing
the burden of small cycles from the battery. Specifically, a hybrid system with a
flywheel-to-battery capacity ratio of 0.2 is recommended, exhibiting a notable 2.7-fold
extension of battery lifetime as well as being less strongly impacted by different
grid frequency scenarios than higher capacity ratios. Moreover, the incorporation of
flywheels unlocks diverse business opportunities, enhancing the overall economic
value of the energy storage assets.
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Abbreviations
FESS Flywheel Energy Storage System
BESS Battery Energy Storage System
HESS Hybrid Energy Storage System
TSO Transmission System Operator
DSO Distribution System Operator
FFR Fast Frequency Reserve
FCR-N Frequency Containment Reserve - Normal
FCR-D Frequency Containment Reserve - Disturbed
aFRR automatic Frequency Restoration Reserve
mFRR manual Frequency Restoration Reserve
LER Limited Energy Resource
SoC State of Charge
DoD Depth of Discharge
NPV Net Present Value
LFP Lithium Iron Phosphate
NMC Nickel Manganese Cobalt
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1 Introduction
Europe is progressively shifting towards renewable energy sources like wind and solar
power. Despite their importance in reducing carbon emissions, these sources can pose
challenges to grid stability due to their intermittency. The fluctuations inherent with
renewable energy production can strain the grid and affect reliability [1].

Furthermore, a significant portion of Europe’s power infrastructure is ageing and
requires modernisation, necessitating substantial investment [2]. Ageing power plants,
transmission lines, and distribution networks are susceptible to outages and failures,
which can diminish the overall reliability of the power supply.

Having a reliable and secure power supply has an impact on society, as it affects
nearly every aspect of modern life. Economic growth depends on it, as industries
rely on a consistent power supply to operate. Additionally, UN sustainability goals
are closely linked with the power system. Goal 7, "Affordable and Clean Energy,"
emphasises the importance of ensuring access to affordable and reliable energy [3].

There are various methods to enhance the reliability of a power system. Ancillary
services, in particular, play a crucial role in addressing challenges related to the
reliability and security of the power supply [4]. Services such as frequency regulation
and voltage control contribute to maintaining grid stability by balancing supply and
demand in real-time. Frequency regulation, for instance, helps to stabilise the grid
by adjusting power output to match fluctuations in demand or supply [5], which is
important with the integration of intermittent renewable energy sources. Especially
since the share of these sources is predicted to increase from 15% to 46% of total
energy by 2050 [6].

1.1 The role of energy storage
Energy storage assets possess robust characteristics that make them suitable for
providing ancillary services and serve as a critical technology in achieving sustainability
goals [7], [8]. These systems can quickly respond to changes in grid frequency. They
enable load shifting, where energy is stored during off-peak hours and distributed
during peak hours. Alternatively, they can store excess energy from renewable sources
and release it during periods of high demand, thereby reducing power fluctuations and
enhancing grid stability [9].

Various types of energy storage systems are suitable for ancillary services. Services
that demand extremely rapid response times and lower energy quantities, such as
the Fast Frequency Reserve (FFR) market, are suitable for Flywheel Energy Storage
System (FESS) [10]. On the other hand, markets such as Frequency Containment
Reserve (FCR), which require larger energy quantities and less rapid response times,
are suitable for Battery Energy Storage Systems (BESS) [11].

Flywheels are distinguished by their high power output and long lifetime of 25
years or more[12]. These characteristics make them suitable for providing ancillary
services, as a high power output is often desirable for such applications [10][13]. A
drawback of FESS, however, is their low energy capacity, which limits their ability



to support the grid during prolonged frequency fluctuations. As a result, widespread
adoption of FESS as a standalone unit participating in ancillary services is hindered.

Batteries are utilised in ancillary services due to several advantages they offer.
BESS exhibit decreasing investment costs, high energy capacities, and high round-trip
efficiencies. This means they can store a large amount of energy and release it with
minimal losses [14].

Batteries can provide a wide range of ancillary services, including frequency
regulation, voltage support, peak shaving, and grid stabilisation [15]. Their versatility
enables them to address multiple grid challenges simultaneously, making them valuable
assets for grid operators aiming to optimise system performance and reliability. This
work is specifically focused on frequency regulation.

Despite these strong benefits, BESS are not without their disadvantages. Specifi-
cally, their harmful environmental impact and relatively short lifetime [16] [17].

The sourcing and extraction methods of materials used in battery production raise
concerns regarding their environmental impact. Critical minerals like cobalt and
lithium are scarce and have insecure supply chains [18]. The mining of these materials
leads to negative environmental and societal impacts, including deforestation, water
pollution, and human rights issues [19]. Additionally, the manufacturing process is
energy-intensive, often relying on non-renewable energy sources, producing one ton
of lithium can emit up to 15 tons of CO2 into the air [20].

Battery lifetime refers to the finite operational duration of batteries, which presents
challenges for their economic feasibility [17]. Several factors influence battery lifetime,
including the specific chemical composition of the battery, usage patterns and other
factors like calendar ageing [21].

Batteries have a finite number of charge-discharge cycles before they degrade and
lose their ability to store and release energy effectively [8]. Each cycle contributes
to wear and tear on the battery’s electrodes and electrolyte, gradually reducing its
capacity and performance over time [14]. Thus high frequency charge/discharge cycles
can contribute to accelerated degradation of a battery, leading to the need for earlier
and more frequent replacement. Thus extending the lifetime of a battery is valuable
from an environmental perspective.

Combining FESS and BESS into a Hybrid Energy Storage System (HESS) could
make effective use of their respective advantages and minimise inherent disadvantages.
One key benefit of a hybrid system is addressing the battery lifetime issue. The high-
frequency and low-depth charge cycles that typically cause a large fraction of battery
degradation are precisely the types of cycles that a flywheel excels in performing [13].
By offloading these cycles to the flywheel, the battery can engage in deeper cycles
with less overall damage, thereby extending its lifetime and reducing environmental
costs.

Another benefit of flywheel hybridisation of batteries is that flywheel can reduce
the operational costs within the context of frequency regulation markets. Lowered
costs facilitate more aggressive bidding strategies, which can emphasise the impact
and profitability of energy storage assets in the short term. Flywheel-battery hybrid
systems thus offer an intriguing opportunity for lifetime extension or enhancing bidding
strategy within ancillary services.
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1.2 Research questions
The research questions address both technical and financial aspects of integrating
flywheels with batteries within the context of the Finnish FCR-N market. Specifically,
the focus is solely on the FCR-N market, as detailed in Section 3.3.

1. How and to what extent can flywheels support batteries in the FCR-N market?

2. What is the recommended flywheel to battery capacity ratio for providing
ancillary services in the FCR-N market?

The first research question investigates the technical potential of hybridisation
using flywheels independently of financial variables associated with participating in
ancillary services. This analysis aims to showcase the capabilities and benefits of
integrating flywheels with batteries in terms of technical performance and degradation
mitigation.

The second research questions also explore economic analysis in conjunction
with technical analysis. This aspect of the study focuses on assessing the financial
viability and benefits derived from hybrid systems, considering factors such as revenue
generation, cost savings, and overall economic value. Culminating in a recommendation
of capacity ratio, taking technical and economic factors into account.

1.2.1 Sub-questions

To delve deeper into the mechanisms and dynamics of flywheel hybridisation, several
sub-questions are examined. These sub-questions aim to tackle specific aspects related
to the integration of flywheels with batteries and their impact on performance and
degradation.

Firstly, what are the goals of flywheel hybridisation to support batteries in the
FCR-N market? Using flywheels in different ways could yield alternative results and
might only be suitable under specific conditions. Goals could be more focused on
short term or long term effectiveness.

Secondly, how do different capacity ratios impact the performance of hybrid
systems in the FCR-N market? Where "capacity ratio" refers to the share of power
that flywheels can provide compared to the battery. By exploring different capacity
ratios, one can identify the most suitable configuration that maximises the benefits of
flywheel hybridisation while minimising potential drawbacks.

Thirdly, how does grid frequency affect performance in the FCR-N market?
Understanding how a hybrid storage asset interacts with grid frequency is crucial
for assessing its performance and effectiveness. Grid frequency directly influences
the operation and dispatch of storage assets, by analysing this interaction, valuable
insights are gained into how hybrid system optimise their response to grid frequency
fluctuations.

Finally, how does the battery degradation rate affect the performance of hybrid
systems in the FCR-N market? The aim of integrating flywheels with batteries is
to increase the battery’s lifetime by reducing the damage caused during operation.
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This damage is quantified by degradation rate. Understanding the impact of battery
degradation is crucial for determining the effectiveness and suitability of flywheel
hybridisation in prolonging battery life.

1.3 Limitations
Due to time and resource constraints, certain limitations are imposed which influence
the results and findings of this work. This section transparently discusses these
limitations. Section 3 also goes into detail about modeling specific choices made in
this work.

This work only considers two different ways in which a flywheel can be used
to enhance batteries in the FCR-N market. These ways are; Lifetime extension and
enhancing bidding strategy. This work does not state that these two are the only
options, nor the best.

This work uses a deterministic Mixed-Integer Linear Programming (MILP) model
to optimise the participation of an energy storage assets in frequency regulation
markets. Deterministic MILPs are commonplace in energy modeling and optimisation,
providing a balance between accuracy and complexity.

Modeling is done over a time frame of 1h, as this is the Fingrid standard market
time unit. This provides sufficient opportunity to realise the potential of hybrid
systems, however some factors which might take place over longer time frames can
go unnoticed. Over the time frame, perfect foresight is assumed, thus the results of
this work suggest the potential of a hybrid system, rather than results immediately
applicable to real-world scenarios.

This work focuses exclusively on modeling within the context of the Finnish FCR-N
market. The decision to model only this market is driven by the need to establish a clear
framework for the study without introducing unnecessary complexity. Considering a
single market provides a sufficient framework to demonstrate the potential of a hybrid
system. The FCR-N market is chosen as it is deemed the most appropriate single
market for BESS [22]. By extension, a hybrid system is also likely to be effective in
this market.

Only the Finnish market is considered as rules and regulations vary between
regions, thus modeling multiple regions adds complexity. The Finnish region is chosen
due to the transparent and easily accessible regulation and data provided by Fingrid.
Thus the findings of this work are most applicable to the Finnish context. The Nordic
nations have the same regulations, making findings more applicable to Nordic nations
than any others.

The battery degradation models in this work exclusively consider cyclic degradation
as it is often considered in other works and shown to be impactful ([8], [14], [23],
[24]). Other degradation factors, such as calendar degradation, which are constant
across different models would be cancelled out during comparison and are thus not
considered.

This work only evaluates two degradation profiles, which are different yet both
reasonable representations for lithium-ion batteries. No more additional degradation
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profiles are considered as a profile that falls between the existing two would likely
offer little added value, more extreme profiles, on the other hand, are less realistic.

To investigate the impact of grid frequency, different grid frequency scenarios are
considered by using 2023 Fingrid data sets. The number of scenarios is limited to 3,
this allows more extreme and normal conditions to be taken into account. In the case
of the two more extreme scenarios, the data is chosen such that at least 99% of the data
points are within FCR-N frequency range, thus ensuring the findings are applicable
to the FCR-N market. Due to time constraints, only three scenarios are used in this
study. Certainly, using a larger quantity of frequency volatility scenarios would offer
more comprehensive insights.

The number of flywheels is varied as discrete integer steps from 0 to 5 flywheels.
While this does strongly constrain the results of this work, the results are more realistic
for the flywheels in question. The maximum number of flywheels is limited to 5 for
two reasons. Firstly, flywheels are proportionately more expensive than batteries and
are used sparingly in real-world scenarios. While 5 flywheels might seem excessive
for the 10 MWh battery in question, they are considered in this work for academic
interest and comprehensive analysis.

Secondly, due to the Fingrid symmetry requirement, 5 flywheels could theoretically
fulfil the peak power needs, thus adding more flywheels would be unnecessary within
the context of the FCR-N market’s requirements. This is discussed further in Section
3.3.

Considering economic performance indicators, there are two key limitations.
When calculating Net Present Value (NPV), it is assumed that the battery does not
degrade over the operational years, simplifying the analysis by maintaining a consistent
performance level throughout the project duration. Secondly, when bidding strategies
are considered, this strategy is simplified and has perfect foresight of market prices
and procurement volumes, making them unrealistic in real-world applications.
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2 Theory
This section explains background theory of relevant information on various frequency
regulation markets and energy storage technologies. Information about specific
frequency regulation markets is gained from Fingrid sources [25], [26], [27], [28],
[29].

2.1 Ancillary services: Frequency Regulation
Ancillary Services are provided by external parties to Transmission System Operators
(TSOs) and Distribution System Operators (DSOs) in order to help maintain the
reliability and stability of the grid. A number of service can be considered "ancillary"
such as; frequency regulation, voltage control and black start capability. This paper
focuses on frequency regulation, as this is the most mature ancillary service with
established markets.

Frequency regulation markets help keep the frequency of the grid to the normal
value of 50 Hz, maintaining the balance between generation and consumption. Changes
in either generation or consumption can lead to frequency deviations, thereby presenting
a need for ancillary services to correct this problem and ensure a stable grid. When the
grid frequency needs to be increased, up-regulation markets support this by boosting
power production or reducing consumption, while down-regulation involves reducing
power production or increasing consumption in order to decrease the frequency.

The frequency regulation markets are unbundled, that is to say, TSOs cannot
own frequency regulation assets. As the services must be provided by third parties,
unbundling promotes competition between service providers, stimulating providers to
reduce costs and increase the efficiency of their service.

To further emphasise the element of competition the markets employ a bidding
system. Financial compensation, provided by the TSO, can take the form of a capacity
fee and an energy fee. The bidding system and remuneration mechanisms are discussed
in Section 2.1.5 and Section 2.1.6, respectively.

Different markets aim to achieve different goals with regard to maintaining
frequency, working together to cover the entire spectrum of frequency regulation.
This section goes into detail about some of the markets, all within the context of
energy storage being used. An overview of important aspects of the different markets
is given in Section 2.1.4. The requirements described in this work are on the basis of
Limited Energy Resources (LER), the categorisation that BESS and FESS fall into if
not combined with a form of power generation.

2.1.1 Fast Frequency Reserve (FFR)

The FFR market has the aim of dealing with low-inertia situations. Meaning that a
power system has a reduced ability to resist changes in frequency due to a low level of
rotating masses. If there is enough inertia in the system, a short interruption will have
little impact and FFR might not be procured. When inertia is low, FFR procurement is
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more likely. This is often the case with renewable energy sources, as these sources
typically have little inertia.

FFR is the fastest reacting ancillary service. The speed at which reserve units are
required to react varies depending on grid frequency and varies between 0.7 and 1.3 s.
The minimum activation duration is 5 s and assets should be reactivatable after 15
minutes. The maximum allowable bid for the FFR market is 10 MW, the minimum
bid is 1 MW.

Only capacity fees are appointed in the FFR market, not energy fees. Despite the
fast reaction times and short duration of the FFR market, it is the least frequently
procured market and also estimated to be the least valuable.

2.1.2 Frequency Containment Reserve (FCR)

FCR, also known as primary control, helps balance supply and demand in real time
to keep the grid frequency stable. The FCR market has two subdivisions; FCR for
Normal Operations (FCR-N) and FCR for Disturbances (FCR-D). Both markets are
automatically controlled on the basis of frequency deviation.

FCR-N contains frequency within the standard frequency range of 49.9 Hz to 50.1
Hz. FCR-D contains frequency to within 49.5 Hz and 50.5 Hz when the frequency
goes outside of FCR-N range. FCR-D is further split into up and down-regulation.
Figure 1 shows the frequency ranges of FCR-N, FCR-D up and FCR-D down.

Figure 1: Operational frequency ranges for FCR-N and FCR-D markets.

The FCR-N market has no maximum bid size, the minimum bid size of 0.1 MW.
The FCR-D market on the other hand has a maximum bid size of 10 MW and a
minimum of 1 MW. The FCR markets have an additional requirement for LER assets.
That when starting provision in the FCR-N market the asset must be at approximately
50% capacity. For the FCR-D market capacity must be close to 0 or 100% at the start
of provision.

Capacity fees are appointed to both markets, but only FCR-N is appointed energy
fees. All three markets are procured similarly frequently by Fingrid however have
varying average prices, affecting their market value estimate.
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2.1.3 Frequency Restoration Reserve (FRR)

The goal of the FRR markets is to restore frequency to 50 Hz and restore power
balance, but does so over a relatively long time-frame compared to FCR. FRR has two
subdivisions; aFRR and mFRR (automatic and manual, respectively). The automatic
variation is centrally controlled by Fingrid, while the manual variation is ordered from
the Balancing Energy Market. Due to the manual nature of mFRR, activation times
are longer.

The maximum allowable bids for the FRR automatic and manuals markets are 50
MW and 200 MW, respectively.The minimum bids are 1 MW and 5 MW respectively.
The large maximum bid size of mFRR allows the market to procure a large quantity of
assets and have major impact on the grid, also leading to both mFRR up and down to
have the highest market value estimations.

While mFRR assets must be able to provide power over the entire hour, aFRR has
no specification on minimum activation duration. The aFRR market does however
update requests on a 10 s basis. Both markets receive capacity and energy fees alike.
Furthermore, other markets receiving energy fees do so on the basis of the mFRR
hourly market price.

2.1.4 Frequency regulation market overview

The rules and regulations for each market are detailed. This section serves to highlight
only sufficient information to provide a general understanding. An overview of key
information is given in Table 1 below. Any form of energy storage must be able to
meet the requirements set by Fingrid in order to participate.

Table 1: Overview of frequency regulation markets

Frequency FFR FCR-N FCR-D FCR-D aFRR aFRR mFRR mFRR
regulation market [26] [27] up [27] down[27] up [28] down [28] up [28] down [28]
Minimum activa-
tion duration (s) 5 3600 900 900 n.a n.a 3600 3600

Reaction time (s) 0.7 30 9 9 300 300 900 900
Symmetrical NO YES NO NO NO NO NO NO
Maximum bid
(MW) 10 n/a 10 10 50 50 200 200

Minimum bid
(MW) 1 0.1 1 1 1 1 5 5

Average procured
volume (MW) 2 45 68 50 47 38 184 200

Average market
price (e/MW) 38 47 28 17 41 29 15 17

Average market
value estimate(e) 76 2,115 1,904 850 1,927 1,102 2,760 3,400

The "Minimum activation duration" is the amount of time the unit must be able to
provide full power for. "Reaction time" is the amount of time before which a storage
asset must be delivering full power. "Symmetrical" markets require the ability to
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carry out both up-regulation and down-regulation in equal quantities. Maximum and
minimum bids are the largest and smallest bid sizes allowed by Fingrid. "Average
procured volume" is the average amount of capacity that Fingrid chooses to buy.
"Average market price" is the average price Fingrid paid for capacity in 2023. "Average
market value estimate" is the multiplication of volume and price, providing an estimate
of how valuable a market is.

2.1.5 Bidding system

All frequency regulation markets work on the basis of a bidding system, where
ancillary service providers send bids to TSOs or DSOs. Bids may be submitted for
each separate hour of the day in advance. The time unit for all the markets is one hour,
meaning the day is split into 24 hourly segments in which different bids can be made.
Fingrid provides forecasts to aid service providers in making appropriate bids.

Bids to specific markets contain 3 key pieces of information. Firstly, the hour in
which the service provider intends to participate in. Secondly, the amount of power
capacity that a service provider keeps available for the given hour. Thirdly, the price
for said power. Marginal pricing is the mechanism used to price bids for all frequency
regulation markets.

2.1.6 Remuneration

Fingrid offers two types of remuneration, capacity fee and energy fee. All frequency
regulation markets offer capacity fees, while only some also offer energy fees.

Capacity fees are paid to service providers for their readiness to provide support
for the given time-frame. Irrespective of if their assets are activated or not. These
payments compensate providers for the costs associated with maintaining standby
resources or infrastructure capable of delivering ancillary services when needed.

The capacity fee is calculated by multiplying the maintained reserve capacity for
that hour by the hourly market price, given by Equation (1). However, TSOs may
also impose sanctions on service providers if they fail to provide capacity of the bid.
The sanction is calculated by multiplying the capacity not delivered, by 3 times the
hourly market price, as given by Equation (2). Sanctions are either subtracted from
the payment from the TSO to the service provider, or, in the case that the sanctions
exceed capacity and energy fees, the TSO receives funds from the service provider.

𝐹𝐶 = 𝐶 · 𝑃 − 𝑆 (1)
𝑆 = 𝐶′ · 𝑃 · 3 (2)

𝐹𝐶 is the capacity fee (e), 𝐶 is capacity (MWh), 𝑃 is price (e/𝑀𝑊ℎ) and 𝑆 in
sanctions (e). In Equation (2), 𝐶′ refers to the amount of capacity not delivered by
the service provider.
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Energy fees are paid to service providers on the basis of the energy throughput
the unit has experienced. The throughput is split into up and down regulation. The
quantities of energy are then multiplied by the hourly mFRR market price, as given in
Equation (3),

𝐹𝐸 = 𝐸𝑢,𝑑 · 𝑃𝑢,𝑑
𝑚𝐹𝑅𝑅

(3)

where 𝐹𝐸 is the energy fee (e), 𝐸𝑢,𝑑 is the up or down regulation energy and 𝑃𝑢,𝑑
𝑚𝐹𝑅𝑅

is the up or down price of the mFRR market. Energy fees are based upon real-time
data of energy provided and are not subject to any form of sanctions.

2.2 Energy storage
Energy storage can be achieved with a variety of technologies, each employing radically
different techniques to do so. This section gives background knowledge of energy
storage in general, as well as on BESS, FESS, and HESS. The following key definitions
below are generic and applicable to most forms of energy storage.

State of Charge (SoC) is a normalised representation of how full a battery is,
a measure of current capacity relative to full capacity, as given by Equation (4),
expressing SoC at a given time t,

𝑆𝑜𝐶𝑡 =
𝑄
𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔
𝑡

𝑄𝑡𝑜𝑡𝑎𝑙
(4)

where 𝑄𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔𝑡 is the remaining charge in the battery (MWh), at a time t, 𝑄𝑡𝑜𝑡𝑎𝑙 is
the total capacity of the battery when fully charged. At full charge, the SoC is said to
be equal to 1. While empty, the SoC is equal to 0, thus SoC is bounded by 0 and 1.

Depth of Discharge (𝐷𝑜𝐷𝑡) is the percentage of a battery’s total capacity which is
discharged relative to fully capacity at a given time 𝑡. It indicates how much of the
available energy stored in the battery has been utilised during a specific discharge
cycle and is given by Equation (5),

𝐷𝑜𝐷𝑡 =
𝑄
𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑑
𝑡

𝑄𝑡𝑜𝑡𝑎𝑙
= 𝑆𝑜𝐶𝑡 − 𝑆𝑜𝐶𝑡−1 (5)

where 𝑄𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑑
𝑡 is the amount of charge discharged from the battery during a cycle

at time t. 𝑆𝑜𝐶𝑡 and 𝑆𝑜𝐶𝑡−1 are the SoCs at time 𝑡 and 𝑡 − 1 respectively, [8].
Finally, C-rate refers to the rate at which an energy storage asset is charged or

discharged relative to its maximum capacity, on an hourly basis. If the battery is being
charged or discharged at a rate of 0.5 C, it means using half of its capacity in one hour.
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2.2.1 Battery energy storage

Batteries are a popular and mature form of energy storage. The advantages of
batteries are that they typically have a high energy density, high efficiency (90%), are
cost-effective and are applicable across many different sectors [30], [31].

On the other hand, batteries tend to demonstrate mediocre power density and a
limited cycle life [17], [21]. Battery lifetime refers to the number of cycles a battery
can effectively operate for before its capacity degrades to a certain threshold, e.g. 80%,
of original capacity [32]. The lifetime of a battery is dependent on a wide range of
factors, including; charging and discharging behaviour, SoC, C-rate and temperature
[8],[21]. Having a clear understanding of battery degradation mechanism is essential
to applying batteries effectively and has been researched by a variety of industries
[33].

Battery degradation is a complex area of study. Models to approximate it are
restricted to taking only a handful of factors into consideration. Some factors are
dependent on the use-patterns of the battery, that is to say, how they are deployed,
e.g. cyclic degradation. While other factors are independent of this and remains the
same no matter the use-pattern [8], e.g. calendar degradation or external (ambient)
temperature.

Many models consider cyclic and calendar degradation ([8], [34]) as key forms of
degradation. However, both of these factors are non-linear [23], making them complex
to model appropriately. Non-linear rainflow-counting algorithms were used by [35]
and [36] to model cyclic degradation. Despite the feasibility of non-linear modeling
of cyclic degradation, other works seek to avoid this due to high computational time,
complex algorithms and the risk of said algorithms becoming stuck at local optima
[23]. Linear rainflow-counting algorithms are thus used to model cyclic degradation,
avoiding some of the issues with the non-linear equivalent, but reducing the accuracy
of the result.

In order to facilitate the application of individual degradation models to multiple
batteries. Tuning variables, based on experimental data, are used to approximate the
degradation of the batteries [24]. Different sets of tuning variables correspond to
different batteries and their specific degradation profiles.

For batteries acting in the energy system, which is most commonly done in either
energy arbitrage or ancillary services [4], [22]. Lithium-Ion batteries are the most
well represented [34], [24], [22]. In part due to their longer lifetime and better safety
than lead acid batteries [37].

Of the Li-ion varieties, Lithium Iron Phosphate (LFP) batteries are often used
because of their superior safety and economic viability compared to the historically
more prevalent Nickel Manganese Cobalt (NMC) batteries [38],[39].

The lifetime of batteries is difficult to estimate, as it is dependent on how the
battery is used and under which conditions. In the context of a microgrid application,
the lifetime is estimated as 10 years [40]. While within frequency regulation, lifetime
is estimated at 4 years [41].
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2.2.2 Flywheel energy storage

Flywheels store energy by transforming electrical energy into angular kinetic energy
through the acceleration of a rotor using an electric motor. To retrieve the energy, the
motor can act as a generator, thereby converting kinetic energy back to electricity. The
amount of energy stored is given by Equation (6),

𝐾𝐸 =
1
2
𝐼𝜔2 (6)

where 𝐾𝐸 is kinetic energy, 𝐼 is the moment of inertia and 𝜔 is the angular velocity.
As the angular velocity is squared, prioritising the maximisation of angular velocity,
rather than the moment of inertia, allows for comparatively more energy to be stored.
This is the approach taken by Teraloop, as a light-weight carbon composite rotor is
used which can withstand higher angular velocities.

Power electronics are used to control the system and are a limiting factors in terms
of reaction time. Nevertheless, the extremely fast reaction speed and high power output
of a flywheel is one of the main advantages to the technology, 20 ms. The another
major advantage is that flywheels have a long lifetime of more than 25 years and over
that lifetime have a theoretically unlimited number of cycles they can perform. The
round-trip efficiency of flywheels is also high, ranging from 90-95% [12]. Finally,
adding multiple flywheels to a system is easy due to their modular nature, providing
the potential for the scaling up of storage systems.

Due to the negligible degradation of flywheels compared to other forms of energy
storage, degradation models for flywheels are rarely made. Their degradation stems
from the electronics in the system such as the motors [42].

The key disadvantage of flywheels as an energy storage technology is a small
energy capacity. This prevents flywheels from taking part in many ancillary services
as they cannot maintain the power requirements for a sufficient amount of time to
qualify. Furthermore, in part due to the low energy capacity, the cost of flywheel per
kWh is high. Flywheels also suffer from a high self-discharge rate which can vary
from 5-20% per hour [43], [44], making flywheels unsuitable for the long term storage
of energy.

When flywheels are used in ancillary services, they are often combined with other
technologies, either other storage assets or generation assets such a wind and hydro
[45], [46]. They smooth power supply through leveraging essential characteristics:
fast reaction speed, high cycle life and high power output [47],

2.2.3 Hybrid energy storage

Hybrid systems join multiple technologies which complement each other by compen-
sating the weakness of one technology with the strength of the other technology. BESS
has been combined with different secondary technologies such as super capacitors and
flywheels to great effect to reduce stress on the battery and extending lifetime [48],
[49]. The hybrid system allows power-sharing and results in improved performance

18



Table 2: Comparison of BESS and FESS characteristics, showing their compatibility
[31]

BESS FESS
Energy Density High Low
Power Density Low High
Reaction Speed Medium Fast

Degradation High Low
Maturity High Medium

Price Medium High

over both the short and the long term, in comparison to each individual technology.
In those cases, the battery provides the bulk of the energy and the secondary storage
satisfies the peaks. In [49] flywheel hybridisation is applied and leads to the extension
of lifetime by a factor of 3.6.

Table 2 shows a comparison of BESS and FESS regarding key characteristics
[31]. As the "values" are often opposite for each technology, this shows that two
technologies are complementary to each other with regard to hybridisation.
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3 Method
To address the research question, 3 distinct models and subsequent calculations are
employed. An overview of the methodology of this work is given in Figure 2. Firstly,
the battery degradation model, which determines the costs associated with battery
damage resulting from usage. The battery degradation model produces two degradation
profiles named; A and B. These models are then compared to gauge the impact of
having different degradation profiles.

Secondly, the FCR-N dispatch models determines the use-pattern of the energy
storage assets. The FCR-N dispatch models are divided into two distinct variations:
Battery-only and hybrid. The FCR-N dispatch model for hybrid systems is further
divided by variations in the number of flywheels.

The results from the FCR-N dispatch models can fit two different goals of
hybridisation to support batteries; Lifetime extension and enhancing bidding strategy.
Where lifetime extension leverages reduced battery damage to extend the time for
which a battery can take part in the FCR-N market. Enhancing bidding strategy
leverages reduced operational costs to facilitate a more aggressive bidding strategy.
In both of these cases, the battery-only variation is used as a control with which the
hybrid variations are compared to.

Finally, the performance of the hybrid systems, in the context of lifetime extension
and enhancing bidding strategy, are subject to technical and economic analysis. To
perform this analysis, normalised NPV calculations are done for each goal.

Figure 2: Methodology flow chart, containing two distinct models, two hybridisation
goals and culminating in technical and economic analysis.

3.1 Battery degradation models and profiles
To assess the economic impact of battery degradation, the battery’s degradation is
quantified in terms of a monetary cost associated with a specific level of degradation.
Different degradation profiles lead to different costs for the same discharge cycle.

This work focuses on the impact of flywheels, specifically considering cyclic
degradation as it is directly affected by the addition of a flywheel. The cyclic
degradation is calculated by examining the SoC at the beginning and end of each cycle,
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disregarding the path taken to reach the endpoint. While it is feasible to compute the
impact of the path itself, the algorithm required for this is too complex given the time
constraints of this work. The methodology employed here, which identifies peaks and
valleys in the SoC is also used in other works [8]. Additionally, the assumption that
charging and discharging have equal impacts on degradation, while potentially not
entirely accurate, is a common approach in degradation models [8], [24].

Factors such as calendar degradation or external temperature remain constant
between the two degradation profiles, as they are not impacted by the usage pattern of
the battery. As these factors do not vary between the models being compared, their
effects become redundant for the purposes of comparison. Therefore, these factors are
not taken into consideration.

The two degradation profiles used in this work are named "A" and "B". Profile A
is a genuine model of cyclic degradation for a lithium-ion battery [24]. Profile "B",
on the other hand, is fictitious but shares identical start and end points with profile
A. The key difference lies in the curvature, with profile A being a more conservative
or strict degradation profile, as depicted in Figure 3. This variation in curvature is
intended to illustrate the impact of different degradation characteristics on the FCR-N
dispatch models and economic outcomes.

Variables other than the curvature could have been investigated, modifying linear
variables within the degradation model would yield linear changes in economics,
which would be less informative for the analysis. Instead, varying the curvature of
the exponent provides a more meaningful comparison between the two degradation
profiles.

To enable the integration of degradation profiles with the MILP dispatch models
in the next section, piecewise-linearization of degradation profiles is necessary. This
involves splitting the profiles into 200 linear segments, which provides a high-fidelity
approximation of the profiles. Piecewise-linearizations with a greater number of linear
segments are not used due to limits on computational intensity.

3.2 Grid frequency scenarios
Battery degradation is linked to the use-pattern of storage assets. Understanding how
an asset is used within the FCR-N market is therefore essential to understanding how
much degradation occurs. Fingrid uses grid frequency to control assets in the FCR-N
market. To evaluate the extent to which use-pattern impacts degradation, three grid
frequency scenarios are considered.

The scenarios are categorised based on their number of cycles and average
gradient. The most rapidly and extremely changing scenario is referred to as having
high frequency volatility. The least volatile scenario is referred to as having low
frequency volatility, with the medium scenario being in-between the other two, and
referred to as having medium frequency volatility. In the figures of this work, these
scenarios are indicated according to their volatility, e.g. "Medium".

These scenarios use Fingrid frequency data from 2023, where each scenario spans
1 h as this is the standard market time unit for all Fingrid frequency regulation markets.
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The data of each scenario has a time-step of 0.1 s, meaning there is a data point every
0.1 s.

3.3 Dispatch models and variations
The FCR-N dispatch models determine the usage patterns of the modelled batteries
and flywheels within the FCR-N market, optimising their dispatch to minimise battery
damage. In order to understand the impact of adding a flywheel to a battery, the
battery-only variation is modelled to serve as a control. The hybrid variation considers
the same battery as the battery-only variation, but in conjunction with a varying number
of flywheels ranging from 1 to 5 flywheels. This corresponds to battery:flywheel
power capacity ratios in a range from 0.1 and 0.5. The battery considered is a 10
MW/10 MWh battery. This is a reasonable size as such batteries are already in use
and facilitates convenient iterations with respect to hybrid models [50].

The system is modelled and optimised over an entire hour, assuming perfect
foresight of frequency. All variations of the dispatch model are iterated over the three
frequency volatility scenarios. An associated assumption is that the reaction times for
a given storage asset are negligible, which is reasonable in this context because time
related complexities are also negligible when perfect foresight is considered.

3.4 Technical analysis
To compare the performances of the FCR-N dispatch models a number of metrics are
used, these metrics are applicable to hybrid systems in general and are not specific to
a goal. The metrics are; number of cycles performed by the battery, the distribution of
those cycles, flywheel activation time and flywheel energy throughput.

The first performance indicator is the total number of cycles performed by the
battery. In general, more cycles corresponds to more damage. Understanding which
variations result in fewer total cycles provides insight into the overall damage sustained
by the battery.

A derivative of the first indicator is the distribution of battery cycles. This metric
provides detailed information about the distribution of cycle DoDs. It reveals the
extent to which small DoD cycles or large DoD cycles are mitigated by flywheels.

To understand how flywheels perform, the metrics of "activation time" and "energy
throughput" are used. "Activation time" represents the percentage of time that the
flywheel is active compared to the battery. "Energy throughput" is also represented
as a percentage compared to the battery-only dispatch variation, indicating the total
amount of energy handled by the flywheel. Generally, a high activation time and
high energy throughput suggest that the flywheel effectively supports the battery,
potentially extending its lifetime. These metrics provide insights into the utilisation
and effectiveness of the flywheel within the hybrid system.

Technical analysis depending on hybridisation goal is less straightforward. Relative
to the battery-only variation, the performance is measured as a percentage. For the
goal of lifetime extension, the percentage is an increase of lifetime. For the goal of
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enhancing bidding strategy, the percentage is a decrease in operational cost, which
facilitates a more aggressive bidding strategy.

3.5 Economic analysis
To evaluate the economic value of flywheel hybridisation of batteries, normalised Net
Present Value (NPV) is calculated. NPVs are calculated based on each hybridisation
goal. More detail for each calculation if given in Section 4.3.

The first NPV calculation is based on the lifetime extension made possible by
flywheels. Assuming all other factors remain constant, such as income, having a
longer lifetime means that a system has more time in which it can provide ancillary
services, more time to generate revenue and thus increase NPV.

The second NPV calculation is based on reducing operational to enhance bidding
strategy. Such a bidding strategy involves bidding hybrid systems at a lower price,
as the operational costs decrease with the number of flywheels. By bidding at a
lower price, the hybrid system can secure more frequent procurement and potentially
increase revenue. However, each procurement event incurs some level of damage
to the battery, and more frequent procurement can accelerate battery degradation,
shortening its operational lifespan.

The bidding strategy is applied across all hours of 2023, taking into account Fingrid
price and procurement data. Providing an estimate for yearly revenue which is then
extrapolated over each year of lifetime.

For both calculations the capital investment cost considers the additional costs
incurred by flywheels. Thus, a cost-benefit analysis is conducted to compare the
benefits of life extension with the monetary cost of implementing flywheels in the
hybrid system. This analysis helps assess the economic viability and potential returns
associated with hybridisation strategies.
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4 Modeling and calculations
This section provides detail information on how modeling is carried out in this work.
Section 4.1 describes the modeling of cyclic degradation to generate two degradation
profile. Section 4.2 describes battery-only and hybrid variations of the FCR-N dispatch
models. Section 4.3 describes calculations pertaining to technical and economic
analysis.

4.1 Battery degradation models
The objective of the battery degradation model is to translate the battery’s usage
pattern into a quantifiable monetary cost. This cost is contingent upon the degradation
profile which signifies the loss of life incurred due to usage.

To calculate the loss of life as a result of usage, this work considers cyclic
degradation. Cyclic degradation is modeled in this work by the exponential function
described in Equation (7), as used in [23],

𝑁𝑇 = 𝑎 · (𝐷𝑜𝐷)𝑏 + 𝑐 (7)

where 𝑁𝑇 is the amount of cycles (in thousands) that can be performed at the specific
DoD, where DoD is calculated using Equation (5). Exponential curves cannot be
directly used in MILP models, a way of getting around this nonlinearity is by using
piecewise-linearisation. Figure 3 shows the piecwise-linearisation of Equation (7)
with tuning variable values given in Table 3.

Table 3: Cyclic degradation profile tuning variables

Profile A B
a 17390 4895974
b -0.4052 -0.005
c -2153 -4880737

The tuning variables of degradation profile A are calculated from experimental
data [23]. The tuning variables of profile B are chosen such each profile starts and
ends points are identical compared to profile A, changing only the curvature. In Figure
3, the lower line of degradation profile A is much steeper in terms of curvature, thus
profile A is a more conservative degradation profile. Where for the same DoD, the
number of cycles that can be performed by degradation profile A is less than that of B.

With a known, and limited, number of cycles that can be withstood for a given
𝐷𝑜𝐷, Equation (8) calculates a monetary cost of damage to the battery,

𝐷𝐵 =
𝐼𝐵

𝑁𝑇
(8)

where 𝐷𝐵 is the damage to the battery as a cost and 𝐼𝐵 represent the capital investment
costs of the battery. Figure 4 shows the piecewise-linearisation of Equation (8) for
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Figure 3: Piecewise-linearisation of degradation profile cycle curves A and B, showing
the number of cycles that can be performed for a given DoD. Profile A is the more
conservative profile, being able to perform fewer cycles than B for the same DoD.

both degradation profiles. In this figure, the idea that degradation profile A is more
conservative is further exemplified. Degradation profile A is either equal to or greater
than B in the entirety of the figure for the same DoD, thus a battery with degradation
profile A always has a greater operational cost.

Figure 4: Piecewise-linearisation of degradation profile cost curves, showing the cost
of a cycle for a given DoD. Profile A is the more conservative profile, having a higher
cost of discharge than B for the same DoD.
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4.2 FCR-N dispatch model
This section details the models used to optimise the dispatch strategy for both battery-
only and hybrid dispatch variation, considering battery degradation and aiming
to minimise damage to the battery. The battery-only and hybrid variations share
numerous similarities in terms of parameters and constraints, with the hybrid variation
expanding upon the battery-only variation. It can be assumed that the constraints of
the battery-only variation also apply to the hybrid variation unless explicitly stated
otherwise.

4.2.1 Objective function

The objective of each FCR-N dispatch model variation is the same; to minimise the
cost, and thus also damage, to the battery while still adhering to all of the FCR-N rules
and regulations. Thus, the objective function is given as Equation (9),

𝑂𝑏 𝑗𝑒𝑐𝑡𝑖𝑣𝑒 = 𝑚𝑖𝑛𝑖𝑚𝑠𝑒

𝑛∑︁
𝑡

𝐶𝑜𝑠𝑡𝐵𝑡 (𝐷𝑜𝐷𝐵,𝑚
𝑡 ) (9)

where 𝐶𝑜𝑠𝑡𝐵𝑡 is the operational damage cost to the battery incurred by charg-
ing/discharging. The charging/discharging behaviour is taken into account by observing
𝐷𝑜𝐷

𝐵,𝑚
𝑡 , which is dependent on 𝑆𝑜𝐶𝐵 as given by Equation (10),

𝐷𝑜𝐷
𝐵,𝑚
𝑡 = 𝐷𝑜𝐷

𝐵,𝑚
𝑡 (𝑆𝑜𝐶𝐵𝑡 ) (10)

where the local maxima and minima of 𝑆𝑜𝐶𝐵𝑡 are taken as the start and end points of
each individual cycle. With Equation (5) 𝐷𝑜𝐷𝐵,𝑚

𝑡 is calculated for each cycle, using a
degradation profile 𝐶𝑜𝑠𝑡𝐵𝑡 is calculated for each 𝐷𝑜𝐷𝐵,𝑚

𝑡 .

4.2.2 Parameters

Table 4 presents key parameters used in the dispatch models as well as NPV calculations.
The value of each parameter is defined, along with a symbol and a corresponding unit.
Values have been derived from literature and methodology decisions.

4.2.3 Charging control parameters

For the dispatch models, the frequency dictates if storage assets will charge, discharge
or remain constant. In order to incorporate this logic, charging control parameters
are integrated into constraints in Sections 4.2.4 and 4.2.5. This section explains the
logic used. An overview of the logic used to determine values of charging control
parameters is given in Figure 5.

The charging control parameter 𝛿𝑁𝐷𝑡 determines if 𝐹𝑞𝑡 is within the allowable
FCR-N frequency range of FCR-N. If this is the case, 𝛿𝑁𝐷𝑡 is assigned a value of 1
signifying that charging or discharge is allowed. Conversely, if 𝐹𝑞𝑡 is outside this
range, 𝛿𝑁𝐷𝑡 is assigned a value of 0. In this case the power output is kept at 100% of
bid power.
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Table 4: Overview of FCR-N dispatch model and NPV calculation parameters.

Parameter Symbol Value Unit
Battery capacity 𝐸𝐵,𝑚𝑎𝑥 10 MWh
Battery power 𝑃𝐵,𝑚𝑎𝑥 10 MW

Battery efficiency 𝜂𝐵 90 [31] %
Battery cost n/a 260 [4] e/kWh

Flywheel capacity 𝐸𝐹,𝑚𝑎𝑥 0.04 [12] MWh
Flywheel power 𝑃𝐹,𝑚𝑎𝑥 1 [12] MW

Flywheel efficiency 𝜂𝐹 95 [12] %
Maximum bid size 𝑃𝑏𝑖𝑑 5 MW

Initial SoC 𝑆𝑜𝐶𝑖𝑛𝑖𝑡 0.5 n/a
Discount rate n/a 5.5 [51] %

Time-step 𝑡𝑠𝑡𝑒𝑝 1
36000 s

The charging control parameter 𝛿𝑁𝑡 determines (within the range of FCR-N)
whether charging or discharging should take place. If 𝐹𝑞𝑡 is greater than the normal
frequency (50 Hz), the grid must decrease the amount of power in the system. In this
case 𝛿𝑁𝑡 is assigned a value of 1, allowing storage assets to charge while simultaneously
preventing them from discharging. The opposite is true when 𝐹𝑞𝑡 is less than 50 Hz,
assigning a value of 0. Allowing discharging and preventing charging, because the
grid is at a power deficit. The magnitude of charging or discharging is determined by
the magnitude of frequency deviations, as described in Equation (16).

The charging control parameter 𝛿50
𝑡 considers the rare case that 𝐹𝑞𝑡 is equal to

50 Hz. In this case, neither charging nor discharging is allowed as the grid balanced
and 𝛿50

𝑡 is assigned a value of 1. Otherwise, in the more common case, a value of 0 is
assigned.

4.2.4 Battery-only constraints

Many of the constraints described in this section are valid for both the battery-only
variation and hybrid variations. Section 4.2.5 explicitly states if a constraint is no
longer valid for the battery-only variation.

SoC increases or decreases depending on if the battery is charging or discharging.
The new SoC is calculated by considering what is charger or discharged relative to the
previous SoC, as given by Equation (11),

𝑆𝑜𝐶𝐵𝑡 = 𝑆𝑜𝐶𝐵𝑡−1 + [((𝑃𝐵,𝑐ℎ𝑡 · 𝜂𝐵) − (
𝑃
𝐵,𝑑𝑐ℎ
𝑡

𝜂𝐵
)) · 𝑡𝑠𝑡𝑒𝑝

𝐸𝐵,𝑚𝑎𝑥
] ∀𝑡, 𝑡 ≠ 1 (11)

𝑆𝑜𝐶𝐵𝑡 = 𝑆𝑜𝐶𝑖𝑛𝑖𝑡 + [((𝑃𝐵,𝑐ℎ𝑡 · 𝜂𝐵) − (
𝑃
𝐵,𝑑𝑐ℎ
𝑡

𝜂𝐵
)) · 𝑡𝑠𝑡𝑒𝑝

𝐸𝐵,𝑚𝑎𝑥
] 𝑡 = 1 (12)

where 𝑃𝐵,𝑐ℎ𝑡 is the power charged by the battery at time 𝑡, 𝑃𝐵,𝑑𝑐ℎ𝑡 is the power discharged
by the battery at time 𝑡, 𝑆𝑜𝐶𝐵𝑡 is the "State of Charge" of the battery at time 𝑡. Where
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Figure 5: Logic flow chart for charging control parameters, which control charging
behaviour in FCR-N dispatch models according to Fingrid requirements.

𝑡 is bounded by the frequency volatility scenario which has a range of 0 to 36, 000.
𝑡𝑠𝑡𝑒𝑝 and 𝐸𝐵,𝑚𝑎𝑥 function to convert charging power into an SoC [15]. 𝑆𝑜𝐶𝑖𝑛𝑖𝑡 is the
initial SoC as defined by Equation (13) in accordance with Fingrid requirements,

𝑆𝑜𝐶𝑖𝑛𝑖𝑡 = 0.5 (13)
0 ≤ 𝑆𝑜𝐶𝐵𝑡 ≤ 1 ∀𝑡 (14)

where 𝑆𝑜𝐶𝑖𝑛𝑖𝑡 is purposefully left without the superscript "B" as the initial state of
charge also applies to the flywheel. Equation (14) restricts the 𝑆𝑜𝐶 in a way that the
battery is prevented from charging or discharging beyond its maximum capacity.

Equation (13) ensures the battery starts in the neutral position. As discussed in
Section 2.1.2 to take part in the FCR-N market, a battery must be at approximately
50% capacity at the start of support.

It is crucial to emphasise that, for the battery-only variation, the bid size is
determined relative to the maximum power that the battery can deliver, considering
the symmetry requirement. It is assumed that one bids the maximum capacity in
order to maximise profit. This symmetry requirement is why 𝑃𝐵,𝑚𝑎𝑥 is divided by 2 in
Equation (15).

𝑃𝐵𝑖𝑑 =
𝑃𝐵,𝑚𝑎𝑥

2
(15)

The power output of the battery is constrained on the basis of the maximum bid and
the frequency of the grid at time 𝑡, as given by Equations (16) and (17). In accordance
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with Fingrid requirements, the power is scaled proportionally to the magnitude of
frequency deviation,

𝑃
𝐵,𝑐ℎ
𝑡 = 𝑃𝐵𝑖𝑑 · 𝛿𝑁𝑡 · ( |𝐹𝑞𝑡 − 50|

0.1
· (1 − 𝛿𝑁𝐷𝑡 ) · (1 − 𝛿50

𝑡 ) + 𝛿𝑁𝐷𝑡 ) ∀𝑡 (16)

𝑃
𝐵,𝑑𝑐ℎ
𝑡 = 𝑃𝐵𝑖𝑑 · (1 − 𝛿𝑁𝑡 ) · (

|𝐹𝑞𝑡 − 50|
0.1

· (1 − 𝛿𝑁𝐷𝑡 ) · (1 − 𝛿50
𝑡 ) + 𝛿𝑁𝐷𝑡 ) ∀𝑡 (17)

where 𝐹𝑞𝑡 is the frequency at time 𝑡. 𝛿𝑁𝑡 ,𝛿𝑁𝐷𝑡 and 𝛿50
𝑡 ensure that 𝑆𝑜𝐶𝐵𝑡 only changes

when the frequency determines it is reasonable to do so as defined in Section 4.2.3.

4.2.5 Hybrid model constraints

The constraints in this section are only applicable to hybrid dispatch variations.
Equations (18) and (19) are the flywheel equivalent to Equations (11) and (12).
Determining how the SoC changes based on charging and discharging of the flywheel.

𝑆𝑜𝐶𝐹𝑡 = 𝑆𝑜𝐶𝐹𝑡−1 + ((𝑃𝐹,𝑐ℎ𝑡 · 𝜂𝐹) − (
𝑃
𝐹,𝑑𝑐ℎ
𝑡

𝜂𝐹
)) · 𝑡

𝑠𝑡𝑒𝑝

𝐸𝐹
∀𝑡, 𝑡 ≠ 1 (18)

𝑆𝑜𝐶𝐹𝑡 = 𝑆𝑜𝐶𝑖𝑛𝑖𝑡 + ((𝑃𝐹,𝑐ℎ𝑡 · 𝜂𝐹) − (
𝑃
𝐹,𝑑𝑐ℎ
𝑡

𝜂𝐹
)) · 𝑡

𝑠𝑡𝑒𝑝

𝐸𝐹
𝑡 = 1 (19)

𝑃
𝐹,𝑐ℎ
𝑡 is the power charged by the flywheel at time 𝑡, 𝑃𝐹,𝑑𝑐ℎ𝑡 is the power discharged

by the flywheel at time 𝑡, 𝑆𝑜𝐶𝐹𝑡 is the "State of Charge" of the flywheel at time 𝑡.
𝜂𝐹 is the efficiency of the flywheel. 𝐸𝐹 is the combined energy capacity of all the
flywheels, as defined by Equation (20),

𝐸𝐹 = 𝑛𝐹 · 𝐸𝐹,𝑚𝑎𝑥 (20)

where 𝐸𝐹,𝑚𝑎𝑥 is the energy capacity of a single flywheel and 𝑛𝐹 is the number of
flywheels considered. The number of flywheels considered is in a range of 1 to 5.
Corresponding to capacity ratios of 0.1 to 0.5.

Equation (21) is the flywheel equivalent to Equation (14). Tackling the same
concepts of SoC, but in the context of a flywheel rather than a battery.

0 ≤ 𝑆𝑜𝐶𝐹𝑡 ≤ 1 ∀𝑡 (21)

The self-discharge of the flywheel is also taken into account. When flywheels are
idle, neither charging nor discharging. The flywheel looses energy at a rate of 20%
of full capacity per hour [43], [44]. Battery self-discharge is negligible compared to
flywheels and thus not considered.

In the battery-only dispatch variation, the battery is required to provide the full
power of the bid. However, in the hybrid variations, both the battery and flywheel
can collaborate to deliver the specified power. Therefore, Equation (15) is no longer
applicable, and it is replaced by Equation (22),
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𝑃𝐹𝑡 + 𝑃𝐵𝑡 = 𝑃𝑏𝑖𝑑 (22)

where 𝑃𝐹 is the power (charge or discharge) of the flywheels at a given time 𝑡 and
𝑃𝐵 is the power (charge or discharge) of the battery at a given time 𝑡. This is a key
aspect of the hybrid model, as the share of power taken by each storage asset can be
optimised to minimise damage to the battery. The range of power output for flywheels
is dependent on how many are considered, as given by Equations (23) and (24).

0 ≤ 𝑃
𝐹,𝑐ℎ
𝑡 ≤ 𝑛𝐹 · 𝑃𝐹,𝑚𝑎𝑥 ∀𝑡 (23)

0 ≤ 𝑃
𝐹,𝑑𝑐ℎ
𝑡 ≤ 𝑛𝐹 · 𝑃𝐹,𝑚𝑎𝑥 ∀𝑡 (24)

Similarly, Equations (25) and (26) fulfil the same purpose but specifically for the
battery within the context of the hybrid model variation. It is important to clarify that
charging and discharging are both represented as positive values in these equations;
negative symbols are applied in other constraints to indicate if power is discharging.

0 ≤ 𝑃
𝐵,𝑐ℎ
𝑡 ≤ 𝑃𝐵,𝑚𝑎𝑥 ∀𝑡 (25)

0 ≤ 𝑃
𝐵,𝑑𝑐ℎ
𝑡 ≤ 𝑃𝐵,𝑚𝑎𝑥 ∀𝑡 (26)

Equations (25) and (26) are not needed in the battery-only dispatch model variation,
as the power is fully constrained by Equations (15), (16) and (17). Equations (27) and
(28) replace the battery-only equations (16) and (17), and determine the power output
of the system depending on the magnitude of frequency deviation.

𝑃
𝐵,𝑐ℎ
𝑡 + 𝑃𝐹,𝑐ℎ𝑡 = 𝑃𝐵𝑖𝑑 · 𝛿𝑁𝑡 · ( |𝐹𝑞𝑡 − 50|

0.1
· (1 − 𝛿𝑁𝐷𝑡 ) · (1 − 𝛿50

𝑡 ) + 𝛿𝑁𝐷𝑡 ) ∀𝑡
(27)

𝑃
𝐵,𝑑𝑐ℎ
𝑡 + 𝑃𝐹,𝑑𝑐ℎ𝑡 = 𝑃𝐵𝑖𝑑 · (1 − 𝛿𝑁𝑡 ) · (

|𝐹𝑞𝑡 − 50|
0.1

· (1 − 𝛿𝑁𝐷𝑡 ) · (1 − 𝛿50
𝑡 ) + 𝛿𝑁𝐷𝑡 ) ∀𝑡

(28)

4.3 Net Present Value calculations
This section provides a detailed explanation of how variables of NPV; income, lifetime,
investment cost and discount rate, are calculated. Income and lifetime are calculated
in different ways depending on what the goal of hybridisation is. For the calculation
itself, the standard NPV equation is used. Battery cost and discount rate can also be
found in Table 4.

Income for the goal of lifetime extension is calculated such that the battery-only
dispatch variation achieves a break-even point, resulting in an NPV of zero. This
income is then applied to all variations. Thus assuming that the procurement and
deployment processes are identical across all variations. The NPV for each variation
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within a given frequency scenario is calculated. In order to normalise the NPV results,
the NPV values are divided by the calculated income, as one cannot divide the NPV
of the battery-only case, 0.

When flywheels are considered to reduce operational costs, income is calculated
depending on a bidding strategy and is unique to each dispatch variation. The bidding
strategy determines if a system is profitable given the prices for capacity, energy and
sanctions. In the scenario that the system is profitable for a given hour, the system is
assumed to be both procured and deployed. This is repeated for all hours of 2023,
generating a yearly income.

Additionally, the maximum bid allowed by the strategy is cross-referenced with
Fingrid procurement data so that the strategy does not overestimate the demand of
the market. The NPVs are normalised against the NPV of the battery-only variation
within the same frequency volatility scenario.

Battery lifetime when using flywheels to extend lifetime is relative to the battery-
only dispatch variation. For this variation, the lifetime is assumed to be 4 years [41].
The lifetimes of hybrid variations are scaled proportionally based on the calculated
life extension and the initial lifetime of the battery-only variation. This scaling ensures
that the projected lifetime of each of the hybrid variations reflects the corresponding
reduction in battery damage.

Battery lifetime, when using flywheels to enhance bidding strategy, is calculated
depending on the damages incurred by participating in the FCR-N market. Where
the bidding strategy determines when the system is procured and deployed. Each
deployment incurs damage and from this damage a lifetime is calculated.

The investment cost is divided into battery and flywheel cost. A battery of cost
260 e/kWh is utilised, resulting in a battery cost of =C2,600,000. The flywheel cost is
linearly dependent on the number of flywheels used in each variation. The price of
a single flywheel used in the calculation is based on confidential information from
Teraloop.

To tailor this calculation to the Finnish context, a country-specific estimate for
discount rates applicable to storage systems in electricity markets is used [51]. For
Finland, the discount rate used is 5.5%. This rate is crucial for computing NPV and
reflecting the economic conditions specific to Finland.
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5 Results
This section is structured into four subsections. Firstly, Section 5.1 focuses on how the
number of cycles performed by the battery changes with the addition of flywheels.
Secondly, Section 5.2 discusses how flywheel performance evolves as the number of
flywheels increases. Thirdly, Section 5.3 examines how battery lifetime is extended
with the inclusion of flywheels. Section 5.4 discusses the economic implications
of lifetime extension. Finally, Section 5.5 discussed the economic implication of
enhancing bidding strategy.

Throughout many of the figures in this section, the X-axis is given as "Capacity
Ratio", which refers to the ratio of power capacity between flywheel and battery. In
this way, the figures take different numbers of flywheels into account. A capacity ratio
of 0.1, in this work specifically, is equal to one flywheel and so on. A capacity ratio of
0 refer to battery-only variations.

This work solely considers discrete numbers of flywheels, however it employs line
graphs in the following section for visual representation. It is important to note that
linear interpolation between points is not feasible in this context, as the capacity ratio
is calculated based on integer numbers of flywheels. However, the inclusion of lines
in the graphs aids in enhancing the visualisation of the results.

In select figures, only a single degradation profile is shown in order to improve the
legibility of results. If this is the case, degradation profile A is always shown as it is a
genuine lithium-ion degradation profile as well as being the more conservative profile

5.1 Battery cycles
This section goes into detail about how the number of cycles performed by batteries
changes with increasing battery ratio, considering the distribution of those cycles. Also
taking degradation profiles and frequency volatility scenarios into account. Figure 6
shows the total number of cycles that are performed by the battery.

Figure 6 illustrates a trend that profile A usually experiences more cycles than
profile B. Another trend is that as the number of flywheels increases, the number of
cycles performed by the battery decreases. The curves plateau at close to a number
of cycles of approximately 25. This plateauing indicates that flywheels struggle to
mitigate the largest cycles, most likely due to their limited energy capacity.

In Figure 6, degradation profiles A and B exhibit very similar behaviour for most
data points, indicating that the optimal use of the flywheel is minimally affected by
the specific degradation profile of the battery. This observation is further supported
by Figure 7, which provides a detailed representation of battery cycle distribution for
degradation profiles A and B compared to the battery-only dispatch variation.

It is important to note that the cycle distribution in battery-only dispatch variations
remains consistent regardless of the degradation profile, enabling meaningful compar-
isons with hybrid variations incorporating both profiles. To ensure the clarity of the
histograms, the x-axis is limited to 10% DoD. While cycles with depths exceeding
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Figure 6: Number of cycles performed by the battery in an hour. Comparing different
capacity ratios, degradation profiles and frequency volatility scenarios. Where results
approach a similar number of cycles as capacity ratio increases.

10% DoD do occur, they remain unchanged and add no value to the findings of this
work.

Figure 7 illustrates that the cycle DoD distribution for the battery-only dispatch
variation is primarily characterised by small cycles ranging from 0% to 1% DoD. The
frequency of instances rapidly decreases as cycle DoD increases. This trend is shared

Figure 7: Comparison of cycle DoD distribution between the battery-only dispatch
variation and hybrid variations of capacity ratio 0.1 with degradation profiles A and
B, for the low frequency volatility scenario. Showing only small differences in cycle
distribution between degradation profiles.
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between all frequency volatility scenarios. This observation indicates that independent
of frequency volatility scenario, the majority of cycles exhibit shallow depths, offering
ample opportunities for a flywheel to provide support to the battery.

Support to the battery is shown to be focused on small cycles as flywheels are
shown to remove cycle up-to approximately 6% DoD in Figure 7. It is in the first 6
groups of columns that the hybrid variations show decreased cycles compared to the
battery-only variation. Cycles with deeper depths, such as 6% DoD and greater, are
impacted less as the columns of battery-only and hybrid variations are similar. Across
other frequency volatility scenarios, cycles up-to 3% DoD are always impacted by
flywheels. Cycles greater than 10% DoD are rarely impacted.

When comparing the cycle distribution of hybrid variations with different capacity
ratios, as shown in Figure 8, it is evident that the range of DoDs impacted remains
largely the same across different scenarios. However, the extent to which this range
is impacted becomes more pronounced. When 2 flywheels are considered, still the
lowest cycles DoDs are most affected and a greater number of cycles are removed.

Figure 8: Comparison of cycle DoD distribution between the battery-only dispatch
variation and hybrid variations of capacity ratios 0.1 and 0.2 with degradation profile
A, for the low frequency volatility scenario. Showing that even at higher capacity
ratios, low DoD cycles are affected the most.

Despite the number of flywheel doubling, diminishing returns can be observed in
Figure 8. The number of cycles removed is greater, however the number removed is
proportionally less. The deeper DoD cycles are largely unchanged by the addition of
another flywheel.

In certain instances, the typical patterns observed in Figure 6 are not followed. One
notable anomaly occurs in the low frequency volatility scenario, specifically between
capacity ratios of 0.4 and 0.5, where the number of cycles unexpectedly increases.
The mechanisms for this are explained in Section 6.2, however the impact of these
anomalies is negligible with regard to subsequent results.
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5.2 Flywheel performance
This section goes into detail about how flywheel performance changes as capacity
ratio increases. Figure 9 displays the key performance indicators of flywheels. Only
a single degradation profile is shown, as the differences in results between profiles
A and B are small. Suggesting that the specific degradation profile has a negligible
impact on how a flywheel operates.

Figure 9: Activation time and energy throughput percentages of flywheels considering
the 3 frequency volatility scenarios, with degradation profile A. Showing activation
time gradually increasing while energy throughput plateaus with increasing capacity
ratio.

The frequency volatility scenarios are arranged in descending order at low capacity
ratios with regard to activation percentage, where the high frequency volatility scenario
has the largest activation percentage and the low scenario has the least. This ordering
is expected, as the greater number of cycles in the high scenario provides more
opportunities for flywheel support, leading to a higher activation percentage.

For higher capacity ratios, the activation percentage for the low scenario exceeds
that of the medium scenario. This is likely because the low scenario has sufficiently
small cycles such that at a capacity ratio of 0.5, the flywheels can perform entire cycles
independent of the battery. In contrast, in the medium scenario, many cycles require
more power or energy than the flywheels can provide, limiting activation time. This
analysis highlights how the characteristics of different frequency volatility scenarios
influence the ability of flywheels to provide support based on cycle size and power
requirements.

The variability in flywheel performance across different frequency volatility
scenarios underscores the importance of considering specific operational conditions
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and cycle characteristics when analysing their effectiveness. While general trends can
be identified from the data, it is essential to recognise the nuances and dependencies
on specific parameters for accurate extrapolation to broader scenarios.

The number of cycles, the maximum power of those cycles, and the energy
requirement of the cycles all influence how flywheels perform in different scenarios.
Therefore, only the overarching trends observed in Figure 9 can be extrapolated to the
general case.

The first trend observed is that activation percentage steadily increases with
capacity ratio. Secondly, energy percentage increases rapidly at first, but then plateaus
with increasing capacity ratio. While activation time aids in understanding flywheel
performance, it is flywheel energy throughput that provides support to the battery;
therefore, energy percentage is a more meaningful metric for comparison. The
plateauing of the energy percentage supports the idea of diminishing returns with
increasing capacity ratio, which is also highlighted in Section 5.1. The diminishing
returns suggest that the cycles in the frequency volatility scenarios that can be removed
by means of power, have been removed. The remaining cycles must be removed by
means of energy capacity.

5.3 Hybrid system performance
Flywheels remove the burden of small DoD cycles from the battery. The ultimate goal
of this is to reduce battery damage. This section goes into detail as to the extent of
damage reduction, this reduction can be interpreted according to the hybridisation
goals of lifetime extension and enhancing bidding strategy, where operational costs are
reduced. The percentages shown in Figure 10 are applicable to both hybridisation goals.
The result can be interpreted as either percentage lifetime extension or percentage cost
reduction, collectively referred to as "hybrid system performance".

For low capacity ratios, all scenarios and degradation profiles exhibit very similar
results. This suggests that hybrid system performance is influenced less by either
grid frequency or battery degradation profiles at these lower ratios. The consistency
observed in results up to capacity ratios of 0.2 indicates that such a ratio may be more
suitable for real-world applications, as it offers predictability and stability compared
to higher ratios.

For higher capacity ratios, the results exhibit more variability. However, at a
capacity ratio of 0.3, the bottom two frequency scenarios (medium and low) still show
similar hybrid system performance, while the high scenario diverges. This observation
suggests hybrid system performance is dependent on the frequency volatility scenario
at higher capacity ratios, as discussed in Section 5.2. Similarly, the overarching trends
are evaluated, the details are likely specific to frequency volatility scenarios and
difficult to apply to general cases.

The second trend observed is that the results show positive outcomes, with the top
two scenarios (high and low) at higher capacity ratios increasing close to linearly. The
second trend is that hybrid system performance for degradation profile B is always
greater than that of profile A. This is expected, as profile A is the more conservative
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Figure 10: The performance of different frequency volatility scenarios, degradation
profiles and dispatch variations represented as a percentage. Where the percentage
can be interpreted as percentage lifetime extension or percentage operational cost
reduction, depending on the hybridisation goal. At low capacity ratios, the results are
closely distributed, while they are more widely distributed at high capacity ratios.

of the degradation profiles. The difference between the two profiles is, however,
often quite small. Emphasising the minimal impact that battery degradation profile
curvature has on hybrid system performance.

5.4 NPV: Lifetime extension
The NPV is calculated based on lifetime extension, with the battery-only variation
assumed to have a lifetime of 4 years, as explained in Section 4.3. The average lifetimes
of all hybrid variations are provided in Table 5.

Table 5: Average of battery lifetime extension and lifetime across all frequency
volatility scenarios and degradation profiles for different capacity ratios.

Capacity Ratio 0 0.1 0.2 0.3 0.4 0.5
Lifetime Extension (%) 0 160 270 360 440 560

Lifetime (years) 4 6.3 10.8 14.5 17.5 22.2

Figure 11 shows the NPV of each variation calculated with their respective extended
lifetimes. Each curve bares resemblance to its counterpart in Figure 10. Despite the
similarities, note the low percentage increase of NPV (maximum of 9%) in comparison
to the higher degree of lifetime extension (greater than 600%).

The numerical values of NPV are unrealistic due to the assumptions made in this
study, this is discussed in section 6.3. Nevertheless, the trends revealed by the analysis
still provide valuable insights. Similarly to Figure 10, the trend observed in Figure 11
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Figure 11: Normalised NPV based on lifetime extension for degradation profile A
across all 3 frequency volatility scenarios. At low capacity ratios, the results are
closely distributed, while they are more widely distributed at high capacity ratios.

is positive, and there is no immediate financial optimal solution evident solely based
on capacity ratio. While the highest capacity ratios show the largest NPV values, it
cannot be inferred that this is the optimal solution, as no greater capacity ratio are
considered in this work.

The second similarity is that up to a capacity ratio of 0.2, the three scenarios
are closely distributed. However, at higher capacity ratios, the results become more
dispersed. The close distribution of results at low capacity ratios suggests that these
outcomes are less dependent on the frequency volatility scenario used, indicating a
higher degree of stability.

5.5 NPV: Enhancing bidding strategy
Figure 12 shows the normalised NPV through enhancing bidding strategy. Note, the
y-axis values are not the same as Figure 11.

The results of NPV based on a bidding strategy in Figure 12 have a distribution
12 times greater compared to the NPV based on life extension in Figure 11. This
is both in terms of different frequency volatility scenarios and battery degradation
profiles. Figure 12 does not show the ever increasing trend present in other results. In
some instances, as capacity ratio increases, NPV decreases. This is most visible in
the medium scenario, where NPV decrease for 3 consecutive increases in capacity
ratio. There seems to be no pattern at which an increase in capacity ratio leads to
a decrease in NPV. This is behaviour is likely dependent on the specifics of each
volatility scenario.
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Figure 12: Normalised NPV based on enhancing bidding strategy for degradation
profiles A and B across all 3 frequency volatility scenarios. Degradation profiles
show greater discrepancy than usual and results are more distributed as capacity ratio
increases.

The volatility can be seen again at a capacity ratio of 0.2, for the high scenario.
The only instance in the work where the NPV of degradation profile A outperforms
the NPV of profile B.

Despite the general increase in the volatility of results, one key trend is still present,
however less pronounced. The results are more closely distributed at lower capacity
ratios than they are at higher capacity ratios.
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6 Discussion
This section delves into various methodological decisions, anomalous results and
explores aspects of hybrid systems that extend beyond the direct results of the model.
Some sections also discuss the potential for future work, which is discussed further in
Section 8.

6.1 Methodology
In this work, several assumptions and modeling decisions are employed to simplify
the complexities of real-world scenarios into a more manageable framework. While
many of these assumptions are typical and realistic within the realm of energy storage
modeling, certain aspects of the methodology are subjected to scrutiny in this section.

When calculating cyclic degradation in this study, only the start and end points of
cycles are considered, neglecting the specific "path" of DoD throughout each cycle.
This means that the charging or discharging C-rate, which impacts various degradation
mechanisms including cyclic degradation ([52],[53]), is not accounted for.

The C-rate is exclusively controlled by grid frequency and thus varies proportionally
to the frequency of the data sets. Resulting in variability across different frequency
volatility scenarios. If C-rate were considered, it is likely that the high scenario would
be influenced the strongest because of the relatively more volatile frequency. Taking the
C-rate into account presents an opportunity for improvement of the battery degradation
model and a greater understanding of how frequency affects the degradation of the
battery within the context of a hybrid system.

Perhaps the most important aspect of this work which must be subject to scrutiny
is regarding the frequency volatility scenarios. The frequency scenarios are not
necessarily at the extremes which they seem to represent. Other hourly periods which
are more extreme in their volatility could exist. Thus a short-coming of this work is
not having a more structured methodology for selecting frequency volatility scenarios.

The importance of frequency volatility scenarios is underscored by their impact
on hybrid system behaviour and results. Utilising a broader range of scenarios would
have improved the insights of this work, enabling a more comprehensive analysis and
identification of the specific factors influencing the results.

6.2 Cycle anomalies
This section discusses the anomalies that are found in Figure 6, where the typical
trends are not adhered to. While it may be interesting to discuss how these anomalies
occur, the impact on hybrid system performance in negligible.

One notable anomaly occurs in the low frequency volatility scenario, specifically
between capacity ratios of 0.4 and 0.5, where the number of cycles unexpectedly
increases. Figure 13 provides a detailed histogram of the cycle distributions. The
negligible impact is emphasised by noting, despite the increase in number of cycles,
the damage to the battery does in fact reduce by 23% as capacity ratio increases. This
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observation raises the question: How can more cycles result in less damage to the
battery?

Figure 13: Comparison of cycle DoD distribution between the battery-only dispatch
variation and hybrid variations of capacity ratios 0.4 and 0.5 with degradation profile
A, for the low frequency volatility scenario. Showing unusual behaviour where a
greater capacity ratio results in more cycles than a lower capacity ratio.

In Figure 13, there is a larger number of cycles observed for the variation with
a larger capacity ratio. However, the greater number of cycles at 1% DoD causes a
negligible amount of degradation, which can be misleading at first glance. Notably,
cycles with greater DoD in the distribution, such as 5-6% DoD, are not present with
a capacity ratio of 0.5, while they are present with a capacity ratio of 0.4. What the
histogram of Figure 13 fails to highlight is that the cycles up to 1% DoD are in fact
less than 0.25% DoD. This emphasises the insignificance of these cycles compared to
a cycle between 5-6% DoD. Thus at a higher capacity ratio, despite having more total
cycles, the damage to the battery is less.

Other similar instance are present in Figure 6. In the top two lines, the high
frequency volatility scenario, at a capacity ratios of 0.2, degradation profiles A and B
are no longer in the usual orientation where profile A has more cycles than B. In this
instance, similarly to the previous one, the dispatch model allows multiple low DoD
cycles for profile B which creates a misleading result.

If multiple frequency volatility scenarios were used for each categorisation of
frequency volatility, it is unlikely that these irregularities would occur consistently at
the same capacity ratios across different data sets. Using multiple scenarios would
provide a broader range of scenarios and variations, which could help identify and
understand the specific conditions or factors leading to irregularities in cycle behaviour
at certain capacity ratios.

While these occurrences may be misleading, their impact is negligible when
considering the results of the hybridisation goals and economics in Sections 5.3, 5.4
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and 5.5. Furthermore, since the irregularities are distributed across the capacity ratio
and frequency data sets, and no clear pattern has emerged, it suggests that there is not
a significant flaw in the model.

6.3 Net Present Value
This section discusses the findings and assumptions of the NPV calculations of this
work, as well as scrutinising select methodological decisions and developing ideas
further. NPV on the basis of lifetime extension is considered first, followed by NPV
on the basis of enhancing bidding strategy. In Section 6.4 it is discussed how the
different approaches to calculating NPV can be applied to real-world application based
on market price and economic risk.

While extending the lifetime of a battery to an average of 22.2 years may initially
seem attractive due to the increased profit-generating potential, it is important to
consider the practical limitations imposed by battery calendar degradation in real-world
applications. In the case of lithium-ion batteries, where the expected calendar life is
approximately 10 year, a lifetime extension of 22.2 years is not feasible. Irrespective
of how the battery is used, a battery is no longer operational after 10 years. Thus the
extra costs of the high capacity ratios are for nought.

Calendar degradation effectively sets an upper limit on the achievable lifetime
extension. As the NPV calculation does not account for calendar degradation, the
results are misleading. The maximum viable capacity ratio for a hybrid energy storage
system is determined by the ability to extend the battery’s lifetime up to its calendar
degradation limit. Exceeding this limit would result in inefficient use of the flywheel
storage assets, as the battery would degrade prematurely regardless of the presence of
flywheels to mitigate cyclic degradation.

For the hybridisation goal of enhancing bidding strategy, this feasibility limit does
not apply. Battery lifetime in the case of enhancing bidding strategy ranges between 1
and 4 years. With such short lifetimes, the calendar degradation does not have the
same limiting effect. Thus higher capacity ratios are technically and economically
feasible.

In the remained of this section, some assumptions and their repercussions are
discussed which directly relate to the NPV calculations. Many of the NPV results
are unrealistic due to the assumptions, despite this they do not entirely negate the
insights that can be gained. Before applying these findings to practical applications, it
is essential to scrutinise the insights derived from these assumptions within the context
of a specific application.

It is worth noting that there are currently profitable batteries providing ancillary
services [54], which suggests that a negative NPV should not be interpreted as
an inherent sign of unprofitability for hybrid systems. Rather, it underscores the
importance of refining assumptions and avoiding oversimplifications in economic
models.

The key assumptions requiring scrutiny is the assumption that the NPV of the
battery-only case is equal to 0. This assumption seems realistic at first, as profitable
batteries exist and an NPV of 0 is a less strict requirement. The resulting annual profit
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is 700, 000 e, which is unrealistic for a system which can only bid 5MW in the FCR-N
market. This high level of income is due to the high capital costs of the battery, which
are assumed to be recouped in 4 years. Perhaps the combination of assuming a lifetime
of 4 years and profitability is unrealistic.

A consequence of this assumption, is that normalisation is made more complex as
dividing by the battery only NPV is not mathematically possible. Thus normalisation
is done relative to the annual income, which skews the results. In part due to this
assumption and the high cost of flywheels, the percentage NPV for lifetime extension
is thus low, reaching a maximum of 9%.

NPV calculations made on the basis of enhancing bidding strategy are infeasible
in real-world applications due to the assumption of perfect foresight. Even with this
assumption, the simplistic bidding strategy used is insufficient to generate profitable
results. The poor quality of the strategy is further emphasised by the need to increase
Fingrid prices to facilitate the procurement of the battery-only variations. That is
to say, the strategy does not lead to the procurement of the battery-only variations
with unchanged Fingrid price data, as the operational costs are too high. The prices
are increased in order to have the battery-only variations have an income, allowing
the normalisation of other variations. It is only because the NPV is normalised, that
flywheel potential is evident.

The simplistic assumption where; if an asset is procured, it is also deployed,
is a major flaw in the strategy used in this work. This is unrealistic in real-world
applications and gives a pessimistic result on economic performance.

A more effective bidding strategy would aim to be procured as frequently as
possible while minimising deployments. This approach could increase profits and
avoid unnecessary damage to storage assets. On the other hand, such an approach
would deprive the system of energy fees, however this accounts for an average of 8.9%
of total income across all variations and scenarios, thus the loss of energy related
income is minor.

Bidding strategies must make a trade-off between operational frequency, revenue
generation, and battery degradation, highlights the complexity of optimising bidding
strategies for hybrid systems in energy markets. Balancing the benefits of increased
market participation and revenue with the potential costs of accelerated battery
degradation is a key consideration in designing effective and sustainable operational
strategies. While this work serves to highlight the potential of flywheel hybridisation.
Having appropriate and effect bidding strategies is crucial for the success of the system
for real-world applications.

Finally, what both NPV calculation fail to take into account, is the residual value of
flywheels once the battery’s lifetime is exceeded. Even after the 10 years of maximum
lithium battery life, a flywheel remains comfortably within its estimated operational
lifetime. This opens up opportunities for the flywheel to be redeployed in combination
with a new battery or other forms of energy storage. Essentially, the initial battery can
serve to finance the high capital cost of the flywheels. Subsequently, future battery
can benefit from the flywheel without incurring additional costs. If batteries are used
in such a way that their lifetime is very short, e.g. enhancing bidding strategy, then
many batteries can benefit from the same flywheels. Thus the NPVs calculated in this
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work do not fully exhaust the value of flywheels, but link the value of the flywheel to
the life of a single battery.

6.4 Impact of market price
This section discusses how different hybridisation goals, lifetime extension vs enhanc-
ing bidding strategy are related to market prices. The prices of frequency regulation
markets are crucial in determining if a system participating in that market can be
profitable or not. Hu, Y., Armada, M., & Sanchez, M. J. noted that "Economic
performance of battery systems should be considered as a derivative based on the
clearing price of the local market." (p.2).

This core of this work explains how battery lifetime can be extended with a
flywheel, generating long-term revenue. On the other hand, flywheels can be used to
increase short-term revenue by method of a bidding strategy with decreased operational
costs. This begs the questions: Under which conditions is it preferable to extend the
life of the battery? Alternatively, when is it preferable to accept a shorter lifetime in
favour of enhancing bidding strategy?

The decision between extending battery life and prioritising short-term profitability
is fundamentally a risk assessment rather than solely a matter of market price. If
there is an expectation of future market price increases, the system stands to be more
profitable in the long run. In such scenarios, it may be prudent to accept the associated
risks and leverage flywheels to extend the battery’s lifetime, aiming to capture higher
profits down the line.

On the other hand, if the risk is significant, indicating that prices are unlikely to
increase or may even decrease, a HESS owner should choose to maximise their output
in the short term when prices are less uncertain. This approach helps mitigate their
risk by "using" the battery’s lifetime during a period with potentially higher prices,
optimising profitability within a more predictable market environment.

In general, high prices make it easier for ancillary service providers to recoup
their operational costs, potentially attracting more parties to the frequency regulation
markets and expanding a TSO’s resource pool while increasing competition. As
market prices rise and competition intensifies, strategies to reduce operational costs to
facilitate more frequent procurement or increase profit margins become increasingly
valuable. In which case using flywheels to enhance bidding strategy is preferable to
extending lifetime.

6.5 Flywheel Control
This section discusses the importance of flywheel control strategies that can be used in
real-world applications. This work analyses the potential of flywheels using unrealistic
assumptions which are interesting from a technical standpoint, however make it difficult
to apply findings to real-world cases.

Effective control of the flywheel is fundamental to the success of a hybrid energy
storage system. Control strategies for flywheels can vary widely in terms of complexity,
ranging from simplistic to more sophisticated approaches.
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One of the simplest control strategies involves providing the requested power,
provided it falls within the capabilities of the flywheel. If the requested power exceeds
the flywheel’s capacity, the flywheel delivers its maximum power output.

While straightforward, this basic strategy can be effective in certain applications
where power demands are relatively stable and predictable. However, it may not fully
leverage the potential benefits of flywheel technology, particularly in dynamic and
variable grid conditions. The flywheel’s SoC can rapidly reach its limit, temporarily
limiting its ability to support the battery until its charging direction changes again.

More advanced control strategies can involve predictive algorithms that anticipate
power demands based on historical data and real-time grid conditions. These strategies
aim to optimise the operation of the hybrid system by intelligently managing the
interactions between the battery and flywheel components.

For example, the "rolling average" approach, takes the average battery power
requirements from the previous "x" seconds into account. Considering the difference
between the required battery power and the rolling average of battery power, the
flywheel can be controlled to compensate the difference. This more nuanced approach
would reduce how often the flywheels become limited by SoC, thereby increasing
activation time and energy throughput.

Implementing control strategies that incorporate detailed information about SoC,
reaction times, and degradation characteristics of energy storage technologies could
enhance system performance. However, these strategies would require sophisticated
algorithms and rapid computational capabilities to make real-time decisions effectively.

The complexity of control strategies is often constrained by the speed at which
calculations can be performed to control energy storage assets on the grid. Balancing
the need for detailed optimisation with real-time responsiveness is a key challenge in
developing advanced control approaches for hybrid systems.

6.6 Different markets
This analysis of this work exclusively considers the FCR-N market, however, in real
world applications hybrid system are applicable in other markets as well, e.g. the FRR
market. Hybrid systems could take part in the FRR market, however their effectiveness
would be dependent on how the storage asset is registered within the Fingrid system.

One could consider the hybrid system as a single storage asset. In which case the
flywheel would have little added benefit because Fingrid only allows a storage asset to
participate in a single market for each hour. The result of this is that the added benefit
of the flywheel is the minor increase in energy capacity. This is ill-advised, as the low
energy capacity is a key short-coming of flywheel technology.

The benefit of hybrid systems registered as one storage asset is that an element of
flexibility is gained. The system is able to operate in multiple markets for different
hours, while also providing the benefits of lifetime extension or enhancing bidding
strategy. This integration allows for more dynamic and versatile operation in the
energy markets.

Alternatively, registering the two storage assets as separate units within the Fingrid
system offers the advantage of allowing both assets to bid in separate markets during
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the same hour, thereby generating more revenue. Simultaneously, the flywheel can
still offer support to the battery, enhancing the overall flexibility and revenue potential
of the hybrid system. This strategy optimises the utilisation of both the battery and
flywheel across different market opportunities while maintaining operational synergy
between the two assets.

One approach is to bid flywheel capacity in the FFR markets and battery capacity
in the FCR-N market. Given the infrequent deployment of the FFR market the flywheel
is likely to be idle often, the flywheel can then support the battery in providing FCR-N,
thus reducing potential damage. In the event of an FFR deployment, the flywheel
can prioritise FFR support while the battery continues providing FCR-N support,
accepting any damages to the battery. Typically, FFR deployments are short-lived, so
the flywheels are rarely unavailable and thus any impacts on the battery are minimal.

There is a risk that the flywheel’s SoC may not support the necessary power output
for the FFR market, potentially resulting in sanctions. However, due to the rarity and
relatively low market value of FFR deployments, any sanctions incurred would be
infrequent and low-cost compared to the FCR-N market. While the revenue from
the FFR market may not be substantial, this strategy offers additional income with
occasional, minor impacts on battery health. This approach is characterized as low-risk
with low return potential.

A more complex strategy involves combining the FCR-N market and the aFRR
markets, which typically offer higher value compared to the FFR market. In this
approach, a large share of flywheels is needed such that approximately 80% of energy
throughput of the FCR-N bid is handled by the flywheels. With the large share of
flywheel providing the majority of FCR-N support, the battery is thus free to provide
aFRR support.

The issue of limited energy capacity still remains, as even numerous flywheels
are not able to provide power for long enough to qualify for FCR-N. The hybrid
system must be registered to Fingrid as a single unit to participate in FCR-N. The
current regulations would therefore not allow this strategy, as a single asset would be
participating in multiple market simultaneously. If the regulations were to change,
such a strategy would be high risk high reward as the market values and procurement
rates of both FCR-N and aFRR are high.

Expanding beyond frequency regulation markets, a multi-market approach can
involve combining FCR-N with time-shifting in the Day Ahead Market (DAM).
Under 2023 regulations, FCR-N and time-shifting can operate concurrently. In this
scenario, flywheels predominantly provide the FCR-N support, while the battery
handles time-shifting in the DAM. During instances of large cycles in FCR-N, the
battery can either step in to provide support or accept sanctions, depending on the
profitability of each option.

To mitigate the risk of sanctions, a battery control strategy can be implemented to
maintain the SoC within a specified band. This involves reserving a portion of the
battery’s energy capacity to provide support during larger FCR-N cycles. Implementing
such a strategy requires conducting a cost-benefit analysis to determine the optimal
threshold for the SoC band.

Adding time-shifting capabilities to a hybrid storage system introduces complexity
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and risk, especially considering Fingrid’s requirement for the SoC to be near 50%
before starting support. If the battery is charged and waiting to discharge at a later time,
its SoC will be higher than the regulation threshold. The asset may not be allowed to
provide support, or accept sanctions if insufficient support can be provided.

To address this issue, one potential solution is to integrate the hybrid storage
system with a renewable energy generation source such as wind or solar. By combining
storage with generation, the system can avoid the more stringent requirements of the
LER classification imposed by Fingrid regarding ancillary markets. This integration
provides operational flexibility and opens up opportunities for maximising revenue
through energy time-shifting. This approach is not universally applicable due to the
availability of generation sources. On the other hand, the regulations associated with a
generation source could also add complexity. Further investigation is needed in this
area.

Fingrid’s regulations influence the viability of different business cases and the
future outlook for ancillary services. Under current regulations that prohibit multi-
market approaches, each individual market must possess a sufficiently large resource
pool to meet its own demands. While this approach may appear logical, although
conservative, from Fingrid’s standpoint, it could result in an oversized and inefficient
system where assets experience unnecessary idle periods.

The objective of decentralised markets is to establish an efficient energy system.
Allowing participation in multiple markets could enhance efficiency by reducing idle
time but introduces more risk. Fingrid can communicate this risk through the sanction
system by adjusting multiplication factors accordingly. This approach incentivises
service providers to deliver the support they are contracted for.

By setting sanctions at levels that accurately reflect the risk to the grid, Fingrid can
empower service providers to make decisions about participating in multiple markets
based on the associated risks and rewards. If regulations are effectively adapted, the
inefficiencies of an oversized system would be reduced. Furthermore, the value of
hybrid systems would become greater than the sum of its parts, where each storage
asset can work individually but also in harmony.

The opportunities for multi-market business cases for hybrid systems are currently
limited by regulations, but there are some approaches that can be applied to leverage
the benefits of combined flywheel and battery storage assets. To effectively implement
these business cases, it is essential to develop appropriate bidding strategies and hybrid
control systems that consider the associated risks, market regulations and the specific
characteristics of each storage asset.
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7 Conclusions
Due to the strong similarities in results between the two battery degradation profiles, the
following conclusion can be made. When exclusively considering cyclic degradation,
the specific profile has a minor impact on the optimal dispatch of the hybrid system.
While occasionally differences arise due to battery degradation profile, their impact is
negligible on the performance of hybrid systems.

At low capacity ratios, up to 0.2, lifetime extension and NPV are less dependent
on frequency volatility scenario compared to higher ratios, with results being more
closely distributed. Low capacity ratios are thus recommended as they are likely to be
more stable in their results in the face of unpredictable and volatile grid frequency.
A greater stability makes low capacity ratios more predictable, reducing long-term
economic risk.

Flywheels can extend the lifetimes of batteries used in ancillary services to the
point where cyclic degradation is no longer the primary concern, shifting the limiting
factor to other factors such as calendar degradation. Alternatively, flywheels can
reduce the operating costs of batteries in ancillary services, however performance is
limited by the quality of bidding strategy.

The recommended capacity ratio for this work is 0.2. Such a ratio falls within
the ranges defined by calendar degradation and by reducing economic risk. With a
capacity ratio of 0.2, lifetime is extended by a factor of 2.7, leading to an average 3.9%
increase in NPV. When flywheel enhance bidding strategy, NPV is increased by an
average of 9.6%. Flywheel hybridisation of batteries has potential across a variety of
business cases, where the interaction between flywheel and battery allows the value
of a hybrid system to be greater than the sum of its parts. It is important to note that
this work is an optimisation and serves as a suggestion. The manner in which results
are interpreted and the goals of a given party can impact what one might consider
"optimal".
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8 Future work
To better understand flywheel-battery hybrid energy storage in ancillary markets,
research can be divided into two primary directions. First, improving the understanding
of the maximum potential of hybrid systems. Second, developing practical insights for
applying hybrid systems in real-world applications.

One key area warranting further investigation is the impact of grid frequency on
hybrid energy storage systems. The behaviour of different grid frequency scenarios
cannot be simply predicted by the term "volatility," as this study’s results do not
yield strong conclusions. Instead, the relationship is more complex and demands
greater attention. To better understand the impact of grid frequency, more specific
characteristics should be investigated, such as; the peak power of cycles, the number of
cycles and the average energy requirement of cycles. Examining these characteristics
will provide a more detailed insight into the impact of grid frequency.

To further understand the impact of flywheels, it is essential to dedicate more
attention to batteries as well. Developing a more in-depth degradation model would
enhance the accuracy of the findings. For instance, considering the entire charging
behaviour and additional degradation factors such as C-rate, as discussed in Section
6.1, would provide a more comprehensive analysis. Additionally, investigating different
battery chemistries could reveal which types stand to gain the most from flywheel
hybridisation.

Investigating hybrid systems over a longer time frame could also yield interesting
results. Extending the time frame of analysis may uncover scenarios that are currently
unaccounted for, potentially revealing new pitfalls or opportunities for flywheel
hybridisation

Understanding how flywheel-battery hybrid systems can be applied in real-world
applications is an essential area of investigation. Successful application depends
on having effective control systems in place, not only for managing the interaction
between the two storage technologies but also for optimising their participation in
ancillary markets.

One could investigate different flywheel control strategies, as outlined in Section
6.5, to understand how to best support the battery under various conditions for the
hybridisation goal of lifetime extension. Ensuring effective use and maximising the
value of each storage technology.

Finally, future work on bidding strategies for hybrid systems is essential. Strategies
applicable across multiple markets are likely more valuable and thus merit deeper
investigation compared to those confined to a single market. The relationship between
flywheel control and bidding strategies adds complexity, making their investigation
challenging. Leveraging AI capabilities could potentially enhance this research.
Regardless, it is crucial to explore these control strategies comprehensively to ensure
the successful implementation of flywheel-battery hybrid energy storage systems in
ancillary markets.
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