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Abstract

Demand for new solutions to emerging issues faced by the electricity generation, demand

and supply industries continues to increase with the introduction of increasing proportions

of variable renewable energy and changing system demands. Energy storage systems

represent a key part of the solution as stakeholders attempt to move towards a ‘net zero’

system. Within research, studies into the techno-economic optimisation of varied energy

storage technologies for different applications continue to play a significant role in this

changing landscape. A key aspect of this research is the modelling and simulation of such

systems, often with the goal of optimising their parameters for deploying in specific roles

and services. This paper presents an extensive analysis of the current economic outlook for

five major energy storage technologies, highlighting the significant variation in quoted costs

within the literature. It presents a unique and novel perspective by considering economic

and optimisation modelling from both a technology and application-centric approach. It

explores the different approaches available for performing economic analysis on energy

storage systems, providing a novel overview of the advantages of various approaches along

with examples from the literature on how these studies are implemented. Finally, the paper

explores optimisation studies, giving an in-depth explanation of different approaches used

in the optimisation of energy storage systems and reviewing prominent uses within the

literature. The paper concludes with a consideration of the main challenges that face the

field of techno-economic energy storage studies and provides recommendations on areas

that require further research.

Keywords: energy storage; modelling; simulation; review; economics; optimisation

1. Introduction

This article presents an in-depth novel review of the economic and optimisation mod-

elling of Energy Storage Systems (ESSs). Energy storage deployment is rapidly increasing

worldwide, presenting a growing requirement for detailed economic and optimisation-

based modelling [1]. Economic modelling of ESSs is vital to the viable deployment of

different ESSs and an area of research that continues to be vital in attaining international

targets of reaching net zero [2]. However, the approach to economic modelling can vary sig-
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nificantly depending on both the storage technology being considered and the application

it is being proposed for.

This review introduces the wide range of approaches for economic modelling of en-

ergy storage, reviewing the conditions under which each approach is best utilised as well

as providing commentary on prominent examples from the literature. It also provides a de-

tailed investigation of costing values for five major energy storage technologies, identifying

trends and outliers to provide context to the discussions.

Often performed alongside economic modelling, whilst also being used frequently for

technical analysis, is the field of optimisation-based modelling. This approach to modelling

and simulation is based on providing an optimum solution for a given problem within

set boundaries, by simulating scenarios within a model with varying parameters and

ranking the results to determine the ‘best’ performing parameters. Much like economic

modelling, it is vital to ensure that the correct storage technology is deployed, as well as

maximising the techno-economic performance by selecting the correct specifications for

a given technology. In this review, a wide-ranging and detailed investigation of different

optimisation techniques is presented within the context of energy storage deployment.

Examples of the application of these techniques are drawn from literature, illustrating the

advantages and drawbacks of differing methods.

1.1. Energy Storage Technologies

In this article, five prominent energy storage technologies have been chosen to focus

the discussion and analysis. The chosen technologies represent different capabilities and

characteristics from very short duration and high power, to long duration and high energy.

The chosen technologies are as follows;

• Battery Energy Storage Systems (BESSs)ÐThe most deployed type of energy storage

after Pumped-Hydro Storage (PHS) [3]. Continued decreasing costs and versatile

characteristics have contributed to BESSs being the focal point of a majority of energy

storage research activities [4]

• Flywheel Energy Storage Systems (FESSs)ÐA short-duration and high power energy

storage technology that is often utilised for cycle-intensive applications such as wind

generation support and frequency control [5]

• Supercapacitors (SCs)ÐAnother short-duration and high power technology, occupy-

ing a similar space to FESSs and used for similar applications, albeit generally with

lower energy capabilities but higher power density [6]

• Compressed Air Energy Storage (CAES)ÐA longer-duration energy storage tech-

nology that is now more widely deployed than FESSs [3]. It is often utilised for

applications such as peak shaving and inter-seasonal storage.

• Hydrogen Energy Storage (H2ES)ÐA versatile energy storage technology that can

operate on a medium to very long scale with high energy density and is often proposed

for integration in renewable energy systems [7]

This paper will not provide an in-depth analysis of the different characteristics of

the given technologies, as this has been extensively covered elsewhere in literature [8±10].

A qualitative assessment of the five technologies is shown in Figure 1. This illustrates the

difference in operational parameters for each technology, where BESSs are ranked well for

most categories highlighting their versatility between different applications. Meanwhile,

the rankings for FESSs and SCs when compared to H2ES and CAES provides contrast

between high power and high energy density technologies. The technologies have been

chosen to provide a broad spectrum of different techno-economic studies to analyse and

comment on.
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Figure 1. Qualitative assessment of each storage technology’s characteristics, where rank 1 indicates

that the technology is the best performing in this area.

Emerging Technologies

In this article, five different energy storage technologies have been chosen to represent

a wide range of characteristics. However, there are other energy storage technologies that

could compete in similar applications either now or as their development progresses. These

are briefly discussed below:

• Redox Flow Batteries (RFBs)ÐChemical energy storage where electrolytes are cycled

through an electrochemical cell. With some chemistries already proven and deployed

such as Vanadium RFBs and newer chemistries currently in development, they repre-

sent a potential for operating in a similar market to lithium-ion BESSs although further

research is required to reduce cost and improve performance [11].

• Gravity Energy Storage (GES)ÐElectricity is used to power the transfer of mass to a

higher point, often utilising a crane or mine shaft [12]. This technology is currently at

demonstration stage and offers a low degradation and high power storage option for

future applications.

• Liquid Air Energy Storage (LAES)ÐEnergy is stored as liquid air at low temperatures

to be converted back to electricity via evaporation and expansion to turn turbines [13].

Another technology that has the potential to store significant amounts of energy and

contribute high power outputs to grid.

• Thermal Energy Storage (TES)ÐCurrently, the most advanced sub-set of thermal en-

ergy storage in a power-to-heat-to-power context is that of molten salt banks. However,

phase change materials also have the potential for further development [14].

1.2. Existing Reviews and Gap Analysis

This section discusses other contemporary review articles that cover similar themes to

those presented in this article. Whilst this review presents a novel application-based review

of optimisation methods and provides in-depth insight into the uncertainties associated

with literature-derived costs, other review articles often focus on specific technologies or

techniques rather than the broad approach taken here.

The authors in [15] focus on BESSs to explore optimisation methods, concentrating on

the control and sizing of system for grid applications. As previously discussed, whilst this
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review looks in-depth at modeling approaches, it does so solely focused on BESSs with no

insight on how similar approaches would be deployed with different storage technologies

and does not consider a financial perspective.

Whilst this review does not consider artificial intelligence (AI) techniques for mod-

elling and optimisation, there have been several recent review papers that explore this

area among more traditional methods. One such example is in [16] which offers a wide-

ranging insight into optimisation of microgrid energy management strategies. It provides

an in-depth exploration of AI techniques in this research area and is a useful resource for

researchers looking to explore this approach. It does consider multiple different storage

technologies, but does not account for financial modeling aspects and their integration with

optimisation approaches.

Another review that considers the deployment of AI is [17]. This review also concen-

trates on optimisation from a market strategy perspective, but without going into detail

on the relevant financial metrics that are required to be optimised as is presented in this

review. It considers the optimisation approaches on a broader storage level, with some

discussion of different technologies but little further investigation on how this impacts

optimisation approaches.

Other reviews provide a more general approximation of financial aspects of different

energy storage technologies, with the work in [18] grading different technologies on a scale

of 1±5 based on ‘financial feasibility’, but lacks the exploration of specific reported costing

values presented here.

In [19], the authors present a detailed analysis of different optimisation techniques for

energy system with integrated storage technology, paying particular attention to genetic

algorithms and particle swarm optimisation as well as hybridised optimisation approaches.

It provides a number of tables containing details on contemporary studies, but does

not go into detail on the integration of economic metrics into these analyses and the

different options available. However, it is an interesting resource for researchers looking to

understand the process of setting up objective functions for a range of different applications.

Throughout literature, review papers often provide a single range of costing values

from low to high for the technologies included, such as in [20]. Costing information is

provided for BESSs, FESSs, SCs, H2ES and CAES in this manner, but no further exploration

of where the values have been derived from is provided beyond simple references. A similar

approach is taken in [21] with ranges given for both energy and power costs. The review

also extracts LCOE/LCOS values from studies performed for the technology presented

although there are no more than two papers considered for each technology, limiting

the analysis available. Some consideration is also given to optimisation approaches with

example studies provided although there is minimal comparative analysis between the

methods provided.

Overall, it can be seen from the existing literature that multiple gaps exist, which this

review paper addresses in the following ways;

• Costing values given in literature are generally approached as simple ranges from

low to high, derived from a single reference. This approach means references tend to

propagate forward over a course of years resulting in outdated values being utilised

in current studies. The work contained here seeks to derive values from a wide range

of different papers in order to provide context to the risks associated with working

from data derived from a single source.

• Economic modeling and optimisation modeling are very closely linked in energy

storage research. However, existing review papers usually focus on one of these

areas followed by a small overview of the interlinking methods. This review paper

addresses that by presenting both aspects with equally in-depth analysis.
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• The literature available presents many studies where modeling methods are intro-

duced in detail but with limited analysis of how suited they are to the analysis of

different applications. In the work presented here, the authors use the foundational

descriptions of the approaches alongside application-based examples in literature to

provide guidance on situational usage off different economic metrics and optimisa-

tion methods.

1.3. Review Contribution

This paper provides a comprehensive overview of the economic modelling of ESSs,

along with a detailed review of different optimisation techniques for systems utilising

ESSs. This review represents the first multi-technology assessment of different strategies

for analysing the effectiveness of ESSs for a range of applications. Commentary is provided

on a range of different contemporary studies and provides novel insight into the challenges

presented by significant variations in economic information for different ESSs. An overview

of optimisation strategies provides guidance on the most appropriate techniques to utilise

when assessing different technologies and applications. Key takeaways are presented that

comment upon current and future challenges associated with research in this field.

2. Capital Costs of Energy Storage

This section explores the different elements that contribute to deriving a cost of a

given storage technology for use in studies. The costs presented here are literature-based

and highlight the difficulties in obtaining reliable cost information purely from literature.

Both energy-based and power-based costing data is presented, showing wide variations

across literature for all storage technologies. This section also provides commentary on

obtaining manufacturer costing data, followed by different factors that may affect costs

across different geographical regions and how this might be factored into future studies.

2.1. Energy-Based Costing Data in Literature

Table 1 contains a review of energy-based costing data provided in literature from 2018±

2025. It is important to note here that several instances of duplicate ranges are seen, such as

the ranges given for a FESS in [22] (2019) and [23] (2025). This occurs throughout literature

when costing data is ‘propagated’ through different papers through a chain of references,

causing costing data provided in a recently published article to actually contain costing data

from a significant period of time prior to the study being conducted. Researchers should be

cautious when using literature-provided costing data, and where possible it is preferable

for costing data to be used from verified sources such as technology manufacturers.

The significant disparity in reported energy-based costing data for energy storage

technologies is shown in Figure 2. There is strong disagreement across the literature with

FESS, BESS and SC prices varying significantly from one reference to the next. However,

the H2ESS and CAES costs both fall over much smaller ranges suggesting a more substantial

agreement on the economic conditions for these two technologies when considering energy-

based costs. FESSs and SCs are the most expensive technologies in terms of $/kWh with

averages quoted in literature of $14,964/kWh and $18,049 respectively, with H2ESS and

CAES representing much lower costs at $10/kWh and $78/kWh respectively.
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Table 1. Energy cost ratings for different ESS technologies $/kWh.

Ref Li-BESS FESS SC HESS CAES Year

[24] 600±3800 1000±14,000 100±450 15 2±120 2018
[22] 400±2500 1000±5000 300±2000 1±15 50±400 2019
[25] 393±581 4320±11,520 66,640±74,480 ± 94±229 2019
[26] 342±913 1140 11,420±22,840 0.35±0.7 45±90 2020
[27] 200±1260 1500±6000 6000 ± ± 2020
[28] 282±4104 216±162,000 108±101,520 2±15 2±141 2020
[9] 1064±1573 473±946 8044±23,660 14±18 4±83 2021
[29] 300±2500 500±14,000 ± ± 2±271 2022
[30] 350±700 3000±6000 300±2000 2±17 2±50 2022
[31] 100±2000 400±800 500±2000 ± 2±50 2023
[32] 150±1000 ± 10,000±20,000 1±10 ± 2023
[33] 600±2500 1000±6000 300±2000 5±30 2±80 2024
[34] 600±2500 2000±5000 100±400 ± ± 2024
[23] 900±1300 1000±5000 20,000 2±15 3±5 2024
[35] 200±4000 200±150,000 100±94,000 ± 1±140 2025

Figure 2. Range of energy-based costs in reviewed literature for different ESS technologies.

This disparity can be further analysed using Figure 3, which shows each value found

in literature (taken as two distinct ‘low’ and ‘high’ points where a range is provided).

Note that the axis ranges are different for each sub-figure when considering the data.

For BESSs, costing data is mainly clustered in the range of $200/kWh to $1500/kWh with

entries becoming more sparse as the cost increases. This suggests good agreement within

the literature towards the lower end of the given range which is as expected based on

current market conditions. FESSs are likewise clustered towards the lower end of the

range, with over half of the values found in literature being below $2000/kWh. Skewing

this analysis, however, is some reporting of costs in excess of $140,000/kWh. Whilst the

frequency of lower-cost values being quoted in literature suggests these are anomalous,

care should be taken to ensure that the correct type of FESS (i.e., low speed steel FESS or

high-speed carbon fibre FESS) is being considered in coordination with the cost being used.

https://doi.org/10.3390/esa3010004
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There is a large variation in recorded values within literature for SCs, reflecting their

limited commercial deployment despite representing an established and proven technology.

There are three ‘clusters’ of values, within the ranges of $100±2000, $5000±25,000 and

>$70,000. More than any other technology considered in this review, the reported values

for SCs should be considered unreliable without manufacturer-backed data due to this

wide variance. This is in contrast to H2ESSs where all values fall between $1/kWh and

$30/kWh, suggesting a firm consensus across literature within this range. Finally, CAES

values reported in literature range from $1/kWh to $400/kWh. Whilst a slightly larger

range than that of H2ESSs, there is still broad agreement within literature that typical costs

fall within a relatively small range when compared to other technologies.

Figure 3. Scatter chart of energy costing data within literature for (a) BESS, (b) FESS, (c) SCs, (d) H2ES,

(e) CAES.

2.2. Power Based Costing Data in Literature

The same occurrence of repeated values across different papers can be seen for

power-based costing data in Table 2, for instance for a CAES in [30] (2022), [31] (2023)

and [36] (2025). When tracing this reference back through multiple articles, the original

cited cost is from a 2009 review paper [37]. Thus, studies taking place in 2025 are using data

that appears to be recent but is in fact many years old and likely out of date. The values

contained in [37] also appear throughout both Tables 1 and 2 for FESSs and BESSs, further

highlighting the propagation of old costing values through to recent publications.

Table 2. Power cost ratings for different ESS technologies in $/kW.

Ref Li-BESS FESS SC HESS CAES Year

[24] 900±4000 250±350 300±2000 500±10,000 400±1000 2018
[22] 1200±4000 100±300 100±300 400±2000 500±1800 2019
[25] 1570±2322 1080±2880 835±930 ± 1050±2544 2019
[26] 171±228 342 171±228 1713±2855 800±1142 2020
[27] ± ± ± 1500±3000 ± 2020
[29] 1303±4342 250±380 100±480 ± 400±1628 2022
[30] 4000 300±1000 100±300 340±1144 400±800 2022
[31] 333±428 150 50±100 ± 400±800 2023
[38] 1200±4000 100±350 100±300 ± 400±1800 2023
[32] 150±1000 ± 100±500 2000±5000 ± 2023
[39] 1100±3999 200±360 30±305 10,000+ 390±790 2024
[36] ± ± 100±300 500±10,000 400±800 2025

A similar trend to the energy-based costs can be observed with regards to power costs

as shown in Figure 4, with H2ESSs varying in quoted costs from $340/kW to $10,000/kW.

https://doi.org/10.3390/esa3010004
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As with the energy-based costs, these outlying values should be considered carefully if

being utilised for economic studies, and backed up with relevant technical data where

possible. SCs and FESSs are the lowest cost in terms of $/kW with H2ESS being the

most expensive. This reversal from the energy-based costs highlights the characteristics

previously highlighted in Figure 1, demonstrating that the various technologies are suited

both technically and economically for widely different applications.

Figure 4. Range of power-based costs in reviewed literature for different ESS technologies.

Generally, there is closer agreement across literature for power-based costs than for

energy-based costs, and this is further highlighted in Figure 5. Note that again the axis

ranges vary depending on the technology being presented in each sub-figure. BESSs show

two ‘clusters’ of values, the first being from $100/kW to $1500/kW and the second ‘cluster’

showing repeated values at $4000/kW. Considering current market conditions, it is likely

that these values are a clear case of costs being propagated through references leading to

outdated values in recent articles, as the lower ‘cluster’ of values is far more in line with

current conditions.

FESSs and SCs both show similar patterns with clusters in the $30±$500kW range,

small numbers of reported values around $1000/kW and an outlying higher value ($2880

for FESSs and $2000 for SCs). This suggests that values at the lower end of the reported

range are more reliable with greater consensus within the literature. CAESs show a similar

set of values to FESSs and SCs, however the values are more spread out across the range

suggesting greater uncertainty and therefore using literature values for CAESs should

be rigorously researched before use. Finally, H2ESSs show significant variation across

literature, with no distinct ‘clusters’ where multiple references report values at both the

extreme low and high ends of the range. This is likely due to the varied range of technology

utilised for H2ESSs as well as continuous improvements to costs for an emerging technology.

Utilising H2ESS power costing data from literature is therefore not recommended, and if

no manufacturer data is available then extensive sensitivity analysis should be performed

across the range of reported values to ensure reliable results.
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Figure 5. Scatter chart of power costing data within literature for (a) BESS, (b) FESS, (c) SCs, (d) H2ES,

(e) CAES.

2.3. Manufacturer Costing Data

As has been shown in the previous sections, relying purely on literature based values

for costing energy storage technologies presents a certain amount of risk. Costs derived

directly from manufacturers are therefore a far more reliable form of costing. However in

practice this is difficult to obtain where manufacturers are wary of providing information

publicly that may be used to inform competitors.

It is therefore important to note that if researchers are planning to perform in-depth

analysis where costing data will play a key role in informing conclusions, they should

attempt where possible to propose collaborations with manufacturers to enhance the

reliability of the results. Should this not be possible, then great care should be taken

to ensure that costing data taken from literature is reliable and appropriately sourced.

Sensitivity analysis across the ranges of reported values are a useful tool for countering this

issue, where context can be provided without providing a specific ‘set’ value of cost.

2.4. Factors Affecting Costs

Where costs are provided throughout literature they are often presented as definitive

values. However, there is likely to be minor variations depending on various aspects such

as location, supply chains and geopolitical impacts. This section briefly discusses each of

these factors.

Due to the globalisation of supply chains, regional variations in costs for energy storage

technologies on a capital basis are often minimal. However, there are some considerations

that may cause cost variation between different international markets;

• Trade PolicyÐTariffs on goods traded between two nations can lead to price fluctua-

tions, such as the recently introduced tariffs put in place by the United States, which

has been predicted to increase storage project costs by 12 to 50% [40]

• Geological VariationsÐFor some technologies, such as CAES and H2ES, large under-

ground caverns are often required for lower-cost deployment of systems. If these

are not present, then locations may be required to use higher-cost alternatives like

pressurised tanks.

• Manufacturing CapabilityÐLinked to the costs of trading, some price variations may

be seen where countries have high existing levels of manufacturing capability and can

therefore produce specialist components.

• Project FinancingÐWhilst this is not directly tied to the storage technology, a consid-

eration when deploying energy storage projects is the cost of finance associated with

the capital costs. Regions with high interest rates may therefore result in higher risk

scenarios for deployment of energy storage.
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3. Economic Modelling of ESS Deployment

A crucial aspect of modelling ESS deployment is assessing the economic impact that

systems can have. This section gives an overview of the different economic modelling

approaches available and introduces examples of them being used throughout the literature.

In Figure 6 the usage of different economic analysis approaches across the literature studied

in this paper is shown. The most common approach is using Net Present Value (NPV),

closely followed by Levelized Cost of Energy (LCOE) and Total Life Cycle Cost (TLCC).

However, it is clear that a wide range of approaches is commonly used throughout the

literature according to the application and storage that is being assessed.

Figure 7 shows the distribution of ESS technologies in the studied literature, showing

a significant quantity of BESS studies followed by H2ESSs. Many of the studies reviewed

here present hybridised systems which usually consist of a BESS combined with a seper-

ate technology. Additionally, BESSs are the most widely deployed non-PHS technology

worldwide [3], which is reflected in it’s frequency of occurrence in research studies.

An overview of selected economic studies from recent literature is shown in Table 3.

This table illustrates the wide range of different applications and economic analysis ap-

proaches that are utilised within energy storage studies. The following section contains a

more in-depth exploration of selected articles for each of the major economic metrics.

Figure 6. Number of times in reviewed literature that a given economic parameter is used for analysis.

Figure 7. Number of times in reviewed literature that a given ESS is used in an economic study. Note

that due to rounding of significant figures for clarity, the total value does not equal 100%
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Table 3. Literature review of economic analysis of ESSs.

Ref Year ESS LCOE LCOS NPV IRR TLCC TCO COE TAC Notes

[41] 2018 BESS,
SC

✓ Optimises a standalone wind/PV system by introducing a BESS/SC hybrid energy storage
system, with the objective of minimising the total COE whilst also minimising the Loss of
Power Supply Probability (LPSP)

[42] 2018 BESS ✓ ✓ ✓ Investigates the potential NPV savings of a network from both household and network
operator perspectives through the introduction of PV and BESS.

[43] 2018 CAES ✓ ✓ ✓ Performs a techno-economic analysis on a wind power system with CAES and Biomass
Gasification Energy Storage (BGES), including a range of different economic parameters but
focusing on NPV and COE

[44] 2018 BESS ✓ Presents a study into the sizing of a BESS in an isolated microgrid for the lowest installation
cost, whilst also considering the timing of deploying the BESS

[45] 2018 H2ESS,
BESS

✓ Couples a H2ESS and BESS for a desalination plant supplied by a PV/Wind generation
system, performing optimisation to achieve the lowest TLCC

[46] 2018 H2ESS ✓ A hybrid renewable energy and H2ESS off-grid system is presented, with the economic
analysis concentrating on the total cost of the system and estimated payback period

[47] 2018 BESS ✓ Compares Li-ion and Lead Acid BESSs for deployment in microgrids with the goal of
reducing emissions whilst reducing the NPC and COE.

[48] 2018 BESS ✓ Performs a techno-economic analysis on various levels of BESS deployment for residential
households, focusing on LCOE and payback period for the economic analysis.

[49] 2019 H2ESS,
SC

✓ ✓ Discusses the LCOE and NPC of a H2ESS/SC hybrid system deployed for non-grid-
connected renewable applications. The focus of this study is on reducing these two values
as low as possible through varying the H2ESS size whilst keeping the SC size constant.

[50] 2019 BESS ✓ ✓ This work utilises NPV to determine the payback period for residential BESS installations
under different energy management scenarios and with varying domestic load profiles.

[51] 2020 CAES,
FESS,
BESS

✓ ✓ Investigates the TLCC for a CAES system supporting emergency backup power in a micro-
grid, co-located in varying scenarios with a FESS or a BESS. It also analyses individual cost
components in varying fault condition scenarios
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Table 3. Cont.

Ref Year ESS LCOE LCOS NPV IRR TLCC TCO COE TAC Notes

[52] 2020 FESS,
BESS

✓ ✓ This study utilises TCO and TAC as the economic metrics, combined with the technical
performance metric of LPSP. A FESS/BESS hybrid system is proposed for a Solar/PV
supplied farm, aiming to simultaneously minimise the costs and LPSP.

[53] 2020 BESS ✓ Uses NPV to analyse the effectiveness of deploying a BESS combined with a gas engine to
attempt to displace PHS assets in the Balancing Mechanism (BAM) market. It also varies the
discount rate used to highlight varying degrees of return on investment.

[54] 2020 BESS ✓ Performs an optimisation on planning decisions for distribution system expansion using
BESSs, utilising TAC as the economic metric with minimisation of this value the objective of
the optimisation

[55] 2021 FESS ✓ ✓ LCOS is used in this study to analyse the relative merits of utilising composite rotor and steel
rotor FESSs for utility-scale stationary applications. It also considers the Total Investment
Cost (TIC) and the Annual Life Cycle Cost (ALCC).

[56] 2021 BESS ✓ ✓ Performs an NPV study as part of an investigation into lifetime estimation for BESSs
providing frequency regulation services for different European electricity markets.

[57] 2021 BESS ✓ ✓ Uses both LCOS and NPV to determine the effectiveness of an optimisation strategy for
bidding for providing a frequency response service using a BESS

[58] 2021 BESS ✓ ✓ Investigates the techno-economic performance of a BESS supporting a renewable energy
system, focusing on the NPV of the site and the achieved IRR for an optimised system

[59] 2021 H2ESS ✓ ✓ ✓ ✓ LCOE, NPV and IRR are all used in this study, which analyses the most cost-effective
combinations of BESS/H2ESS for telecom towers in remote locations.

[60] 2021 H2ESS,
BESS,
CAES,
RFB

✓ ✓ ✓ Performs a wide-ranging study into the LCOE of various long-duration ESS technologies for
flexible power generation in high-renewable penetration grids. It also utilises both present
and predicted future costs for a range of different scenarios.

[61] 2021 BESS ✓ ✓ This study presents a techno-economic analysis of BESSs for stationary energy storage
applications, compared Lead-acid and Li-ion BESSs and using COE and NPC as the eco-
nomic metrics.

[62] 2022 BESS ✓ ✓ Performs an investigation into TCO of marine electrical energy storage based on a circular
economy framework.
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Table 3. Cont.

Ref Year ESS LCOE LCOS NPV IRR TLCC TCO COE TAC Notes

[63] 2022 H2ESS ✓ Explores the techno-economic performance of a range of different sub-categories of H2ESSs
in the field of rail engineering, firstly looking at technical performance before analysing the
potential TLCC of each technology type.

[64] 2022 H2ESS,
BESS

✓ ✓ Performs a sensitivity analysis on using BESSs and H2ESSs for green buildings, studying
how the LCOS changes with different charging rates and BESS sizes as well as changing
power and efficiency levels for the H2ESS

[65] 2023 CAES ✓ ✓ Investigates a combined cycle natural gas plant with integrated CAES, analysing novel
control strategies and how this impacts NPV and subsequently the LCOS

[66] 2023 FESS,
BESS,
H2ESS

✓ ✓ Compares the performance of a hybrid BESS-FESS and a hybrid BESS-H2ESS system in
supporting a mini-grid, concluding that the economic performance of the BESS-FESS hybrid
is superior and viable for deployment

[67] 2023 FESS ✓ Investigates the ‘average annual cost’ of a FESS integrated with a wind generation site to
prevent fluctuations and increase grid stability

[68] 2024 H2ESS ✓ ✓ Performs a case study on utilising a H2ESS for wind generation optimisation in the context
of minimising costs for mining operations

[69] 2024 BESS,
H2ESS,
CAES

✓ ✓ Explores the potential for substituting diesel generators with a range of energy storage
technologies in providing backup to data centres. Modifies the TCO metric by assigning a
carbon credit to the calculation.

[70] 2025 SC ✓ ✓ Uses NPV and LCOE to assess the economic benefit of a proposed supercapacitor train in
Saudi Arabia that utilises distributed solar generation
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3.1. Net Present Value

NPV is a calculation performed to determine the present discounted value of an

investment (in the context of this research, the value of an ESS deployment) taking into

account future revenue and costs. NPV is used extensively throughout the literature as

it offers a reliable benchmark, especially when comparing different combinations of ESS

technology or deployment strategies. In some studies where the NPV is negative, this

metric may be referred to as Net Present Cost (NPC).

NPV =
N

∑
n−1

Crevenue

(1 + d)n
− Cinv (1)

NPV is calculated using Equation (1) where Crevenue is the year revenue generated

from the installation, Cinv is the initial investment in the system, d is the discount rate,

and N is the operational lifetime in years.

A key aspect of the NPV equations is the discount rate d. The discount rate accounts

for the fact that due to a myriad of factors the value of money in the present day is worth

more than its future value. Using a given discount rate, if the resulting NPV is positive, it

means that the projected earnings for the project will exceed the costs, whilst a negative

NPV means that the reverse is true. The discount rate chosen for a given study is impacted

by many factors, but the most prominent of these are inflation, the cost of energy, and the

cost of debt.

In [42], a wide range of different economic metrics are used to determine the viability

of residential investment in photovoltaic and battery systems. This approach illustrates the

different objectives of each metric, with NPV, Internal Rate of Return (IRR) and Levelized

Cost Of Energy (LCOE) all being used to describe different aspects. In this work, NPV

is used to highlight the total impact on the overall economic outlook of the proposed

scenarios. Utilising multiple metrics in this way allows a clearer picture of the effects on

different timescales of economic measurement, with NPV being used in this case to present

a lifetime view.

A study integrating wind power with a CAES system and biomass gasification energy

storage is presented in [43]. Again, multiple different economic metrics are utilised, and in

this case sensitivity studies are undertaken to analyse the effects of changing parameters on

the results obtained. NPV in this scenario is used as the concluding metric which the study

is built around, with sensitivity studies being performed on Total Life Cycle Cost (TLCC)

and Cost of Energy (COE) to show how changing parameters affect different aspects of the

overall calculation. The study concludes with an analysis of the % variation in NPV for

each sensitivity cost parameter. This interesting distinction clearly shows that in this case,

the total investment cost is the dominant factor by several orders of magnitude. Sensitivity

analyses such as that conducted in this work are crucial to understanding the full economic

outlook, rather than other works which merely indicate a final value.

Many studies, such as [57,58] take a more straightforward approach to NPV calcula-

tions, presenting studies with fixed parameters and a single NPV value for a given system.

This approach has merit in case studies where the parameters are well defined, however

it does not provide an understanding of the effects changing those parameters may have

on the conclusions. The work in [53] varies the discount rate for the NPV calculations,

which provides a better overview of the conditions under which the system could become

economically viable. An important aspect to consider when performing NPV-based studies

is the discount rate, if a single value is used then changing economic conditions could

render the conclusions irrelevant to the present situation. A key example of this is the

changing rate of inflation and its effect on discount rates, where performing a study at a
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fixed low discount rate before a period of economic downturn could lead to such a rate

being unviable in a short time.

Considering the literature reviewed and the characteristics of NPV calculations, this

approach should be taken in situations where a defined revenue is available across the

entire lifetime of a storage asset. It is especially relevant in scenarios where degreadation

an asset replacement is applicable, such as with BESSs, as this can be factored into the

calculations. Where the impact of storage is non-tangible or is not providing a ‘service’,

this approach is not suitable and so should not be considered in scenarios where the

impact of energy storage is not expected to offer a direct revenue impact such as in power

quality applications. This approach is also very sensitive to the choice of discount rate,

and hence this should be considered carefully alongside current and predicted future

economic conditions to ensure accurate results.

3.2. Levelised Cost

The Levelized Cost of Storage (LCOS) is a significant economic metric used to measure

and compare the cost-efficiency of different ESS. This financial calculation enables a uniform

comparison of the cost of storing energy across diverse technologies and can be used to

inform investment decisions. LCOS is calculated by dividing the total lifecycle costs of an

ESS by the total amount of energy it can discharge over its operational lifetime. The lifecycle

costs encapsulate a comprehensive array of expenses, including initial capital expenditure,

operating and maintenance costs, replacement costs, and any residual value at the end of

the system’s lifespan [71]. Levelised Cost Of Energy (LCOE) is used as an interchangeable

term for LCOS in energy storage research. Whilst it is traditionally the measure of the net

present cost of generating energy throughout a unit’s lifetime, when performed in an energy

storage context it is effectively the same metric as LCOS as it includes the storage costs.

LCOE is the more commonly used term for these studies in literature, although in most

cases LCOS would be a more accurate description. Cost of Energy (COE) is a similar metric

that represents the cost of energy or electricity as a simple sum rather than performing

levelization to enable comparison between systems.

LCOS =
Cinv + ∑

N
n

CO&M

(1+d)n + ∑
N
n

Ccharging

(1+d)n + ∑
N
n

CEOL

(1+d)n

∑
N
n

Cdischarging

(1+d)n

(2)

LCOS is calculated using Equation (2) where n refers to a given year in the operation

of the system, N is the operational lifetime in years and d is the discount rate, CO&M is the

operation and maintenance costs, Ccharging is the cost of charging the system, CEOL is the

cost of decommissioning and Cdischarging is the income from generated electricity.

The LCOS provides an indicator of how cost-effective an ESS is, taking into account

all associated costs and the total energy output of the system. This is especially important

for investors and decision-makers evaluating the economic feasibility of different ESS

technologies. It is important to note that the lower the LCOS, the more economically

competitive the storage system is.

The benefit of sensitivity studies is shown to good effect in [48] where the effect of

household and community storage on LCOE is assessed for residential prosumers. Multiple

different variables such as storage size, investment cost and self-consumption are varied to

show the effect on a range of economic metrics, concluding with the assessment of LCOE.

For studies with variables that can be optimised or that could change significantly due to

outside factors, sensitivity studies such as these are an excellent way to provide a thorough

assessment of the possibilities.
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Returning to the study in [42] discussed previously for NPV, LCOE is used in this

context to highlight the effects on the day-to-day economic picture for various scenarios.

Where NPV provided a given value for the lifetime economic impact, the LCOE shows how

the different scenarios affect the performance on a smaller timescale. By presenting both

metrics, the work provides a good understanding of the different time scales of economic

effect and allows greater context to be provided.

LCOE is also often used in more generalised studies of technologies, especially where

current and future investment costs are being compared. In [60] a range of long-duration

(12 to 120-h systems) storage technologies is assessed for flexible power generation services.

First, the LCOE is determined based on current investment costs across different storage

durations, followed by the LCOE based on future investment costs. These studies are com-

mon throughout the literature, with LCOE being an easy-to-understand and comparable

figure between different technologies.

This approach is an appropriate choice for comparing different technologies for a given

application with a defined cost of consumption or export of electricity. For applications

such as these, it is an excellent tool for comparing any energy storage assets on a level

basis. However, it is not suitable for scenarios where multiple different revenue streams are

available such as arbitrage, frequency response and capacity markets. LCOE and LCOS are

good choices when the objective of a given study is benchmarking different technologies.

3.3. Internal Rate of Return

The Internal Rate of Return (IRR) is a key financial metric commonly used in capital

budgeting and corporate finance. It is the discount rate that makes the NPV of all cash

flows (both inflow and outflow) from a particular project or investment equal to zero. IRR

can be used to measure the profitability of a potential investment, and it is a gauge for the

growth a project is expected to generate.

0 = NPV =
N

∑
n−1

Crevenue

(1 + IRR)n
− Cinv (3)

The IRR can be calculated from Equation (3) where n refers to a given year in the

operation of the system, N is the operational lifetime in years, d is the discount rate Crevenue

is the year revenue generated from the installation and Cinv is the initial investment in

the system.

The IRR and the NPV are two closely related financial metrics used in capital budgeting

and investment analysis. Both are used to evaluate the profitability and feasibility of an

investment or project, but they approach the task from slightly different perspectives. At the

IRR, the NPV of the investment is zero. If the discount rate equals the IRR, then the present

value of future cash flows equals the initial investment. The IRR is the discount rate at

which the NPV of an investment equals zero. In other words, the IRR is the rate of growth

that an investment is expected to generate. If the IRR exceeds the required rate of return,

often the cost of capital, the investment is usually considered a good choice.

IRR is often used in conjunction with other economic metrics, such as in [72] where it is

used alongside NPV to give further context to the calculations. In this study, the economic

viability of a BESS providing frequency regulation is investigated across a range of different

European markets. By including IRR, it provides an easy-to-understand benchmark that

can be compared between the different markets and enables conclusions to be drawn on

the most suitable location for deploying a BESS in this application.

This metric is also well suited to sensitivity studies as in [59] where a BESS integrated

with a H2ESS for remote off-grid telecom towers is investigated. Once again this study

includes multiple alternative economic metrics, in this case LCOE and NPV. In this study,
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the BESS capacity is varied with the results on the various different economic metrics shown.

It is uncommon within the literature studied for IRR to be utilised as the sole economic

metric, showing its worth as an additional metric to provide context to other conclusions.

Finally, in [73] IRR is used alongside annual cost savings to assess energy management

methods for small-scale PV-BESS systems. The conclusion of this study presents a good

diagrammatic representation of the range of possible IRRs for the 52 customers studied

according to different strategies. By presenting the full range rather than an average value,

it shows the significant variation possible according to different approaches.

IRR is often a suitable choice for studies where the proposed application benefits are

speculative rather than known quantities. Examples of this include the deployment of

technologies for potential future markets such as long-duration storage (H2ES and CAES)

or where an application is being studied for the first time. It is not suitable for studies

where costs may vary throughout the lifetime of the project such as replacement costs for

BESSs, unless the projected timescale falls within the limits of degradation of the asset.

3.4. Total Life Cycle Cost

The Total Life Cycle Cost (TLCC) for ESS assets is a comprehensive evaluation of

all costs associated with an ESS over its lifespan. This includes the cost of acquisition,

installation, operation, maintenance, and disposal. The TLCC is a useful tool in determining

the economic feasibility of an ESS investment. The aim is to capture all possible costs that

will be incurred over the lifespan of the project.

TLCC = Cinv +
N

∑
n

CO&M

(1 + d)n +
N

∑
n

Cupgrade

(1 + d)n +
N

∑
n

CEOL

(1 + d)n (4)

The TLCC can be calculated using Equation (4) where n refers to a given year in the

operation of the system, N is the operational lifetime in years, d is the discount rate Cinv is

the initial investment in the system, CO&M is the operation and maintenance cost, Cupgrade

is the cost of any upgrades during the lifetime and CEOL is the end of life costs [74,75].

TLCC is often used in scenarios where an ESS is being added to an operational plant,

such as the desalination system discussed in [45]. In this study, TLCC is used as the objective

(to reduce as far as possible) in a genetic algorithm. This is a good example of how TLCC

can be used when considering introducing energy storage to an existing plant, and how this

affects the ongoing costs. In [43] the importance of conducting sensitivity studies is once

again shown, with various economic factors utilised to show the effects on overall TLCC.

In other studies, such as [46], TLCC is used as a single metric to determine the effectiveness

of a given solution. This approach runs the risk of becoming redundant should economic

factors change, although it is a good starting point for further optimisation studies.

TLCC should be utilised for studies that are assessing cradle-to-grave projects where

the study integrates the impact of decommissioning and recycling. It is particularly suited

to sustainability studies and can provide further context for projects that concentrate on

environmental impacts. However, this metric concentrates solely on the cost of a project,

and does not factor in revenue so it should be avoided when attempting to consideer

profitability of a system.

3.5. Total Cost of Ownership

The Total Cost of Ownership (TCO), also sometimes referred to as Total Cost of

Operation, for the ESS assets considers the entire cost of owning, operating, and maintaining

an ESS over its lifetime and is a similar metric to TLCC. This is an important financial
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metric in evaluating the economic feasibility of an ESS investment and can help to compare

the costs of different energy storage technologies.

TCO = Cinv +
N

∑
n

CO&M

(1 + d)n +
N

∑
n

CEOL

(1 + d)n (5)

TCO is primarily used for decision-making purposes, as it provides a cost basis

for determining the economic value of an investment. It includes all costs associated

with the acquisition, operation, maintenance, and disposal of the system. It is calculated

using Equation (5) where n refers to a given year in the operation of the system, N is the

operational lifetime in years, d is the discount rate Cinv is the initial investment in the

system, CO&M is the operation and maintenance cost, Cupgrade is the cost of any upgrades

during the lifetime and CEOL is the end of life cost

This metric is used in [52] which uses an iterative sizing algorithm for a hybrid

FESS/BESS system to improve the ageing of lead acid batteries. TCO is a good metric

to utilise in this case as it can highlight the optimal balance between installing further

capacity and reducing ownership costs. It is particularly useful when assessing the ageing

of batteries, where the ownership costs of installing new batteries as they reach end of

life is contrasted by the cost of extending the life of the batteries by adding hybrid ESSs.

Ref. [62] treats TCO and TLCC as interchangeable metrics, and presents a framework for

determining these values for marine electrical energy storage. This study once again is

based primarily around the lifetime and re-use of BESSs and hence is well suited to this

economic analysis, with different strategies resulting in varying lifetimes and residual

values for the ESS.

The work in [69] modifies the TCO metric by introducing a ‘carbon credit’ in order

to incorporate the carbon savings made by replacing the backup diesel generator for data

centres with energy storage systems. This is an effective way to introduce emission-driven

benefits into a purely economic study.

Whilst similar to TLCC, this approach should generally incorporate other aspects such

as indirect costs (ancillary loads, land costs etc.). This makes it useful when considering

different locations for projects so could be used in geographical studies, but only where

the associated locational costs are available. Like TLCC, this metric should not be used for

assessing the profitability of projects as it does not account for revenue.

3.6. Total Annualised Cost

The Total Annualised Cost (TAC) is a useful metric to estimate the average annual cost

of owning and operating an asset over its entire lifespan. The TAC allows for a fair compar-

ison of costs across different assets or projects with varying lifespans and cost structures.

It takes into account both upfront and ongoing costs, including operation, maintenance,

and replacement costs, and spreads these costs evenly over the asset’s lifespan.

TAC =
d(1 + d)N

(1 + d)N
− 1

Cinv + CO&Mav
(6)

To calculate the TAC, the present value of all costs is first determined by considering

the time value of money, and then the equivalent annual cost is derived using an annuity

equation [76]. It is calculated using Equation (6) where n refers to a given year in the

operation of the system, N is the operational lifetime in years, d is the discount rate Cinv

and CO&Mav
is the average operation and maintenance costs per year.

In [54], TAC is used to assess distribution system expansion planning using BESSs.

In this scenario, TAC is an appropriate metric to use as it focuses on ongoing operation costs
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that are affected by the placement of an ESS. This study also includes a genetic algorithm

for optimisation, with the goal of reducing the TAC. Ref. [51] uses TAC in combination with

TLCC to provide commentary on CAES systems for emergency backup power. In this study,

different scenarios are assessed and compared to those of three alternative prominent ESS

types (BESS, lead-acid batteries and FESSs). This is again focused on assessing operating

costs and hence metrics focused on ongoing or lifetime costs are more appropriate than

value-based metrics such as NPV.

TAC is useful in comparative studies and optimisation algorithms. By converting the

cost into an annual sum, it can provide context for projects of differing durations meaning

it can be a good tool for comparative studies between different technologies. It can also

be used to assess different options for renewable energy deployment, making it useful for

analysing the ‘optimum’ mix of technologies in a fully renewable system. As with TLCC

and TCO, it does not account for revenue and so should not be used in studies where this

is a key component.

3.7. Discussion

The main economic metrics applicable to energy storage research have been discussed

in this section. It is clear that each metric has its own advantages and disadvantages,

and awareness from researchers on the appropriate metric to use for a given application

is critical for producing effective studies. Table 4 summarises the different aspects that

researchers should consider when choosing an economic metric and provides guidance on

the type of study that each approach is most suitable for, as well as where it is not suitable

for usage.

Generally, the choice of storage technology does not have a significant impact on the

economic metric that would be most suitable for analysis. However, the intricacies of the

operation of a given technology may need to be considered, such as whether replacement

costs are likely to be required during the project lifetime. This is especially relevant

in studies that consider BESS degradation and the replacement of cells within the time

boundary of the study.

The key takeaway from this section is that economic metrics need to be carefully chosen

in tandem with the objectives of the study. If revenue generation over the lifetime of the

project is an important aspect of the analysis, then NPV or IRR are the most likely choices to

provide appropriate insight into the impact of storage. Where the cost of electricity or the

cost of storage is the main objective function then LCOE and LCOS are the most appropriate

metric. Finally, research studies that do not consider revenue can select between TLCC,

TAC and TCO depending on the objectives of the work, with TLCC being particularly

important if decommissioning of the ESS assets is being considered.
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Table 4. Comparative analysis and recommendations for usage of different economic metrics.

Advantages Disadvantages Suited For Not Suited For

NPV Can include degradation over the lifetime
of an asset and factor into the economic
analysis. Also allows researchers to un-
derstand the value of a project in terms
of timescale

Initial parameters need to be chosen with
care as the calculation is extremely sensi-
tive to discount rate. Changing economic
conditions can render conclusions inaccu-
rate if not accounted for through sensitiv-
ity analysis

Studies where mid-life maintenance
and asset replacement are expected.
Also suitable for comparative studies
where revenue streams are stable for
the duration of the storage lifetime

Where revenue streams are unstable
or are likely to change during the life-
time of the project.

LCOS Provides a normalised value that enables
easy comparison between multiple dif-
ferent technologies or deployment ap-
proaches, allowing studies to account
for a wider range of technology options.
Widely recognised within energy stor-
age research.

Requires strong knowledge of the opera-
tional characteristics of the given technolo-
gies, including operational profiles. Diffi-
cult to account for ‘when’ energy events
occur in scenarios where this affects costs.

Comparative benchmarking studies
between two (or more) technologies
in identical scenarios and studies
where the unit cost of energy is the
main analysis point (for example in-
creasing self-consumption at an in-
dustrial site).

Grid-level studies with interactions
between multiple different systems,
and where the cost of the storage
or electricity is not the main analy-
sis point.

IRR Considers the time value of investment
costs and the timing of future revenue op-
portunities. Enables effective comparison
between both different technologies and
different applications through producing
a single output.

Does not provide an absolute value and
hence can produce misleading results
where IRR is higher for one system but
the absolute value of monetary return is
higher for a separate system. Assumes lin-
ear future revenue streams which is not al-
ways possible for speculative energy stor-
age research.

Studies where a specific time-defined
application is being analysed. It is
also suitable in scenarios where sen-
sitivity analysis or optimisation is
being performed as it can provide
a clear indication of how changing
variables impacts conclusions.

Projects where the future revenue is
speculative or novel. System-level
planning or grid operation studies
and scenarios where the benefits of
storage are not directly linked to in-
creased revenue.

TLCC Enables researchers to analyse the entire
lifetime cost of a system including decom-
missioning. Can be incorporated into simi-
lar studies such as sustainability or carbon
reduction research to provide a more com-
plete result.

Only considers the cost of a system and
does not consider revenue as part of the
calculation. This also impacts potential
flexibility of an asset where only the costs
associated with different types of activ-
ity are considered rather than any rev-
enue benefit.

Studies where the ESS technology is
being deployed irrespective of finan-
cial gain to investors. Sustainability
analysis comparing aspects like recy-
cling or re-use of end-of-life assets.

Revenue-centric studies where deci-
sions on deployment are made based
on economic return. Analysis of
novel technologies where end-of-life
costs are not well defined.
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Table 4. Cont.

Advantages Disadvantages Suited For Not Suited For

TCO Can be used to take into account other
aspects of ESS deployment such as land
and ancillary costs like cooling systems.
End-of-life costs not required to produce
a similar metric to TLCC.

Requires significant knowledge of opera-
tional and ancillary costs to produce accu-
rate results. Also does not consider rev-
enue to offset costs.

Analysis of different technologies
which have varying ancillary costs
(such as temperature control) for the
same application. Studies where
decommisioning does not need to
be considered.

As with TLCC, this is not suitable for
revenue-centric studies or broader
grid-level simulations.

TAC Provides a similar metric to TCO but on
an annualised basis, enabling it to be more
easily integrated into optimisation studies
through shorter simulation periods.

Does not highlight variances in spending
over the course of a project, such as where
replacement costs may be necessary for an
ESS during the project lifetime.

Optimisation studies where speed of
processing is an important consid-
eration. Comparison between stor-
age technologies with different oper-
ational lifetimes.

Revenue-driven studies. Projects
where variation is expected in yearly
expenditure over the lifetime such as
when battery replacement costs need
to be considered.
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4. System Coordination Studies Using Energy Storage

When it comes to modelling ESSs it has been shown that there are many different

approaches and objectives to consider. There is also a subsection of modelling work that

investigates the optimisation of the deployment and management of these systems in

specific scenarios. This type of modelling is less focused on the ESS itself and more on how

it can be utilised to its fullest potential. These studies often have a negligible degree of

detail on the actual ESS model, instead representing the ESS with either a simple bucket

model or a pre-made component within the chosen software. Frequently, these studies

focus on Microgrids (MGs), whether these be single MGs or multiple interlinked MGs,

although they can also be applied to Grid-level studies. Table 5 provides an overview

of recent literature within this subsection of energy storage modelling. The categories

referenced are as follows;

• Operation StudyÐWhere the literature referenced specifically relates to the operation

of the energy storage, for instance determining the optimum strategy for supporting

intermittent renewable generation

• Trading StudyÐWhere the literature referenced explores trading between energy

storage assets, usually within a microgrid or multi-microgrid system

• Optimisation StudyÐWhere the literature referenced uses an optimisation method

such as those detailed in Table 6 or alternative methods to optimise a system.

• Energy Management StudyÐWhere the literature referenced investigates strategies

for managing the energy status of energy storage assets within a system

• Single MicrogridÐStudies detailing a single microgrid that does not consider interac-

tion beyond the individual microgrid

• Multi-MicrogridÐStudies that consider multiple microgrids and the interaction be-

tween individual systems

• Grid LevelÐStudies that consider grid-scale impacts of the research. This sometimes

includes microgrid and multi-microgrid studies where the study specifically references

interaction with the main distribution grid.

Table 5. Summary of literature on system modelling and optimisation studies concerning energy storage.

Ref Year Operation
Study

Trading
Study

Optimisation
Study

Energy Management
Study

Single
Microgrid

Multi
Microgrid

Grid
Level

[77] 2018 ✓ ✓ ✓

[78] 2018 ✓ ✓

[79] 2019 ✓ ✓ ✓ ✓

[80] 2019 ✓ ✓ ✓

[81] 2019 ✓ ✓ ✓ ✓

[82] 2019 ✓ ✓ ✓ ✓

[49] 2019 ✓ ✓ ✓

[73] 2019 ✓ ✓ ✓ ✓

[83] 2020 ✓ ✓ ✓ ✓

[84] 2020 ✓ ✓ ✓ ✓ ✓

[85] 2020 ✓ ✓ ✓

[86] 2020 ✓ ✓ ✓

[87] 2020 ✓ ✓ ✓ ✓

[88] 2020 ✓ ✓ ✓

[89] 2020 ✓ ✓ ✓

[90] 2021 ✓ ✓ ✓ ✓

[91] 2021 ✓ ✓ ✓

[92] 2021 ✓ ✓ ✓ ✓

[93] 2021 ✓ ✓ ✓

[94] 2021 ✓ ✓ ✓ ✓

[95] 2021 ✓ ✓ ✓ ✓
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Table 5. Cont.

Ref Year Operation
Study

Trading
Study

Optimisation
Study

Energy Management
Study

Single
Microgrid

Multi
Microgrid

Grid
Level

[96] 2022 ✓ ✓ ✓ ✓

[97] 2022 ✓ ✓ ✓

[98] 2022 ✓ ✓ ✓

[99] 2022 ✓ ✓ ✓

[100] 2022 ✓ ✓ ✓

[101] 2022 ✓ ✓ ✓

[102] 2023 ✓ ✓ ✓ ✓

[103] 2023 ✓ ✓ ✓

[104] 2023 ✓ ✓ ✓

[105] 2023 ✓ ✓ ✓

[106] 2023 ✓ ✓ ✓ ✓ ✓

[107] 2023 ✓ ✓ ✓

[108] 2024 ✓ ✓ ✓ ✓ ✓

[109] 2024 ✓ ✓ ✓ ✓

[110] 2024 ✓ ✓ ✓ ✓

[111] 2024 ✓ ✓ ✓ ✓

[112] 2025 ✓ ✓ ✓

[113] 2025 ✓ ✓ ✓ ✓

There are many optimisation methods available for these studies, and the most com-

monly used approaches are detailed in Table 6. The approach chosen depends greatly on

the variables being used, the number of parameters being optimised, and the complexity

of the optimisation task. Whilst this review does not provide a detailed methodology for

selecting the most suitable optimisation method, it does present a wide range of studies

using different approaches and commentary on the reasoning behind selecting particular

methods for the research being conducted.

Table 6. Overview of commonly used optimisation techniques.

Advantages Disadvantages Refs

Genetic
Algorithms

Less likely to become ‘stuck’ around local
minima, Can be used for multi-objective
optimisation, Excellent parallel computing
capabilities, Can be used for discrete and
continuous functions

Can still become ‘stuck’ in local minima,
Time intensive for large populations, Ineffi-
cient for small populations or simple prob-
lems

[114±116]

Particle
Swarm

Simple coding and implementation, less
sensitive to parameter changes, is less af-
fected by the location of the ‘initial popula-
tion’ as the individuals will ‘traverse’ the
range of available options, computation-
ally efficient

Not suitable for real-time optimisation, can
still become stuck around local minima,
has a low convergence rate, less accurate
than GAs

[117±119]

Linear
Programming

Has the capability to incorporate both dis-
crete and continuous variables within a sin-
gle optimisation model. MILP also benefits
from extensive software support. There are
widely-used MILP solvers, such as CPLEX
and Gurobi, which offer powerful tools for
efficiently solving MILP problems.

In scenarios where the number of variables
and constraints grows, the time required to
solve the problem using MILP can become
excessively long, rendering it less appro-
priate for real-time or highly dynamic sit-
uations. MILP may encounter difficulties
when dealing with problems that involve
non-linear or non-convex components.

[120±122]
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Table 6. Cont.

Advantages Disadvantages Refs

Dynamic
Programming

It offers versatility in solving a diverse array
of problems. It ensures finding the optimal
solution by considering all possible subprob-
lems and their optimal solutions. By decom-
posing complex problems into smaller sub-
problems, DP simplifies problem-solving
and enhances comprehension.

It may necessitate storing intermediate so-
lutions in memory, which can be memory-
intensive for large input sizes. Addition-
ally, solving all possible subproblems can
result in increased computational require-
ments, particularly when faced with a sub-
stantial number of subproblems.

[123±125]

Neural
Network
Algorithms

Able to effectively capture complex, non-
linear relationships between input vari-
ables and output objectives, allowing them
to handle optimisation problems with non-
linear objective functions. Trained neural
networks can generalise from the training
data to unseen data, providing reasonable
solutions for inputs that were not part of
the training set.

Training neural networks for optimisation
can be computationally intensive. The per-
formance of neural networks heavily relies
on the quality of the training data. Insuf-
ficient training data can lead to subopti-
mal solutions.

[126±128]

4.1. Selecting an Optimisation Approach

There are many different optimisation methods available to researchers. This review

concentrates on five which have been used repeatedly throughout the literature. Other

optimisation methods beyond those discussed in this review are also available, and these

are briefly discussed in this section. The methods considered in this review are as follows;

• Genetic Algorithms (GA)ÐA Genetic Algorithm is used for both constrained and un-

constrained problems. It utilises a process of natural selection, selecting the strongest

performing individuals (‘parents’) from a population to produce ‘children’ combin-

ing characteristics of both parents and utilising these in the following generation.

As the generations progress, the best-performing individuals will evolve towards an

‘optimal’ solution.

• Particle Swarm Optimisation (PSO)ÐParticle Swarm Optimisation is based upon the

concept of the movement of a flock of birds. The algorithm works by generating a

population which then ‘travels’ through the search space and continuously updates

the fitness at each location. The individuals then move towards regions that have

higher fitness based upon both the individual’s best-known position and the global

best-known position.

• Linear Programming (LP)ÐMixed-Integer Linear Programming (MILP) is a mathe-

matical optimisation approach utilised for addressing problems that encompass both

discrete (integer) and continuous variables. The objective function is a linear com-

bination of the decision variables. The presence of integer variables in the problem

formulation introduces additional complexity by confining the feasible set of solutions

to only those that adhere to the specified constraints for integer variables.

• Dynamic Programming (DP)ÐDynamic programming is an effective problem-solving

technique that involves dividing intricate problems into smaller, interconnected sub-

problems and systematically addressing them with efficiency. DP proceeds to solve

these subproblems in an organised fashion, either from the bottom-up or top-down.

By eliminating unnecessary computations and leveraging existing solutions, DP

greatly enhances the efficiency of solving complex problems.

• Neural Network Algorithms (NNA)ÐNeural networks are employed to address

optimisation challenges, such as both continuous and discrete optimisation problems.

A neural network can be trained to identify the best parameter values that minimise or
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maximise a particular objective function. The network receives instruction from either

a dataset or through a process of iterative trial and error, tweaking its parameters to

enhance its effectiveness in solving the optimisation task.

As outlined in Table 6, each optimisation method is accompanied by certain advantages

and disadvantages that can affect which approach is the most suitable for a given study.

This section outlines a selection of different study parameters and how these impact on the

choice of optimisation approach.

4.1.1. Population Size

This aspect is only applicable to GAs and PSO, as the other optimisation methods do

not require populations to be set within the search space. Generally, a PSO will require

a smaller population size when compared to a GA however this is dependent on the

construction of the study and how large the range of values that each variable can take

on is. A larger initial population size will allow a more thorough search of the range of

variables however this can lead to long computational times if the number of generations

is large. Setting a population size too small will lead to non-convergence or in some cases a

convergence towards an incorrect minimum.

4.1.2. ESS Technology

The type of ESS being utilised in a given study may require researchers to rule out cer-

tain optimisation methods. An example of this is comparing the operational characteristics

of very short duration storage like FESSs and SCs with long duration storage like H2ESSs

and CAES. The timescales that these two groups of storage technology operate on can have

a significant effect on solver efficiency. For example, using an approach where multiple

runs of a simulation are required with different variables can lead to excessive simulation

time if considering long duration storage and therefore long simulation times.

4.1.3. Simulation Granularity

Continuing on from the choice of ESS technology, these elements have an impact on

the simulation granularity of a given study. If a study is considering second-by-second

simulation over a long time period, then multiple iterations with ‘wasted’ combinations

may lead to excessive simulation time. This is the case with GAs and PSO, where even at

later stages combinations will be considered that are not close to the objective minimum.

However, if the simulation is considering hourly data over a comparatively shorter time

period, for example energy trading in a local microgrid over a timescale of a month, then

the time lost on these variable combinations is less impactful.

4.1.4. Implementation and Hardware

GAs and PSO have built-in functions within major pieces of research software such as

MATLAB and are therefore easy to implement, especially alongside models that are built

in that environment. Conversely, whilst solvers available for MILP enable the coding of a

problem to be straightforward, it requires the conversion of all elements within the system

to linear equations which can be difficult. NNAs and DP are the most difficult to implement,

requiring significant work at the outset of the research to develop the model and manage

the data. For researchers where time is available to develop these systems this will not be

an obstacle, however time sensitive studies may need to choose an easier-to-implement

method. The same trends can be observed in hardware requirements, where PSO, MILP

and GAs are relatively low intensity in terms of hardware strain. However, NNAs and DP

require a more robust hardware arrangement and may not be possible on all systems.
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4.1.5. Scalability

Once developed, MILP and NNA approaches are highly scalable and are a good choice

for scenarios where whole grid systems are being modelled on a more generalised basis.

Conversely, GAs and PSO are more effective on small-scale applications or site-specific

installations, such as assessing ESS deployment to support a renewable generation plant or

providing short-term power quality support. This highlights the requirement for systems

that are being studied to be well-defined prior to development on optimisation algorithms.

4.1.6. Alternative Optimisation Approaches

There are many other optimisation methods available to researchers, some of which

are becoming more prominent in recent years. Reinforcement Learning (RL) operates where

an ‘agent’ develops the ability to make decisions through a trial-and-error-based training

regime. This approach is beginning to be more widely utilised in literature, with the

advantage of being well-suited to uncertain environments and the ability to produce fast

results in the post-training period. The drawback of this approach is the significant lead

time in training the model and the lack of visibility of why the ‘agent’ has made a certain

decision. As Artificial Intelligence (AI) becomes more prominent in energy storage research,

it is likely that approaches utilising RL become more common. As it is still an emerging field,

researchers should take care to fully review previous studies in order to avoid erroneous

results caused by AI ‘misunderstanding’ instructions.

4.2. Application-Based Review

This section discusses contemporary literature from an application-based perspective,

broken down into three tiers of complexity;

• Single Microgrid StudiesÐConcerning only studies in which a single microgrid is

analysed, often looking at peer-to-peer trading within a microgrid or energy balanc-

ing studies.

• Multi Microgrid StudiesÐMore complex than a single microgrid, this often considers

both balancing of the individual microgrids and trading or balancing between separate

microgrid systems

• Grid-Level StudiesÐOperating at a system level, this type of study usually takes a less

granular approach and instead considers interactions between many different parties.

4.2.1. Single Microgrid Studies

The vast majority of studies in this section concentrate on the deployment and man-

agement of BESSs, as a readily available and inexpensive technology that is also easily

represented as a PEM, the approach most commonly taken for these studies.

In [94] an optimisation study is presented for an SM utilising renewable energy sources

and ESSs. The objective of the study is to determine the optimal load demand management

of the system in order to provide the greatest techno-economic benefit and Particle Swarm

Optimisation (PSO) is the method used in the optimisation section which is well-suited

due to the wide range of variables present.

BESS degradation is often a component taken into account in these studies, such as

in [73,91]. In [73] a small-scale microgrid is modelled based on PV and BESS, with heuristic

approaches to the optimisation compared to several different strategies. Crucially though

the study comments that the results may not be applicable in practical implementations

due to the assumptions made in the different energy management strategies.

Elsewhere [91] uses Mixed Integer Linear Programming (MILP) to formulate an opti-

misation study aiming to reduce the total cost of the MG. The approach is chosen to ensure

convergence of the optimisation problem. This study highlights that without considering
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the degradation of the BESS, an overly optimistic solution is reached that is unrealistic.

The outcome of this is considering the BESS replacement time and incorporating this into

the optimisation process, resulting in overall economic benefits.

A Maximum Demand Reduction model is developed in [80] as an optimisation tool

for a PV/BESS microgrid. It subsequently implements the MATLAB/Simulink Genetic

Algorithm (GA), determining that optimal sizing of the system can lead to peak demand

shaving and increased economic performance of the MG. This approach has been chosen

in this instance due to the ease of implementation with the entire problem being analysed

within the same software package.

Finally, in [90] consolidates two different optimisation approaches, again executed in

MATLAB/Simulink, for optimal energy management of a grid-connected MG. The pro-

posed method provides improved efficiency over traditional optimisation methods. It

proposes future studies assigning a cost to the charging and discharging of the BESS in

order to avoid excessive usage and accelerated degradation.

4.2.2. Multiple Microgrid Studies

Multiple Microgrid studies often focus on the coordination of energy trading between

separate microgrids, such as in [96]. This study features multi-stage optimisation for energy

trading between microgrids and storage, with the system modelled in MATLAB/Simulink.

The ESS is modelled as a Power/Energy model, with an ageing coefficient utilised to

represent degradation. It concludes that trading between the MGs can allow greater usage

of renewable energy and reduce costs.

Another study that looks at trading between interconnected MGs is [78]. Each MG has

energy storage, renewable energy generation and demand response available. It utilises

Nash bargaining theory to trade between the MGs showing a significant decrease in costs,

with this approach being ideal for trading studies such as this.

The work in [97] presents a study containing SCs, a SMES and a H2ESSs alongside

a BESS. The objective of this study is to achieve optimal frequency control across the

interconnected MGs and compares the Training Learning Based Optimisation (TLBO)

method with other approaches such as PSO and GA with the TLBO being shown to be

superior in this context.

Finally, another study looking at trading between MGs is presented in [92] which

integrates H2ESSs with EV-based BESSs. This is a multi-objective optimisation process of

peer-to-peer trading, balancing self-consumption, carbon emissions and costs using a GA

to produce a pareto front. For this study, the optimisation method has been selected in

order to find an optimal solution whilst balancing multiple objectives. The study produces

wide-ranging results and conclusions on the advantages and disadvantages of the trading

management strategies with some combinations causing increases to one of the objectives

whilst decreasing the others.

4.2.3. Grid-Level Studies

At a grid level, studies often highlight geographic aspects within the optimisation

process, such as determining the optimal location for an ESS in order to relieve certain grid

pressures. In [85] the use of H2ESSs and ammonia is analysed for different geographical

locations within the US. The optimisation method used is one that aims to minimise the

levelized cost of electricity (LCOE) through optimal capacity planning and scheduling.

The unique aspect of the approach is that it utilises variable-length operating periods,

which eases the computational strain of the analysis. Ref. [99] provides a good overview

of different BESS model formulations for Linear Programming (LP) based approaches to

system analysis. It presents 4 existing formulations whilst proposing a new strategy and

https://doi.org/10.3390/esa3010004

https://doi.org/10.3390/esa3010004


Energy Storage Appl. 2026, 3, 4 28 of 36

analysing its effectiveness, showing an improvement over existing methods. The study

also highlights the time taken for the solution to be achieved for each strategy and for

different applications.

The work in [100] looks at optimising the scheduling and dispatch mechanisms for a

network containing customer-side resources such as variable loads and BESSs. It compares

a Model Predictive Control (MPC) algorithm with a Dynamic Droop Based (DDB) control

algorithm, showing that the MPC computational time is significantly longer, which would

potentially lead to difficulties in optimisation. However, it does provide better performance

than the DDB, which presents an interesting trade-off between the two approaches.

Finally, in [88], a techno-environmental analysis is performed on BESSs for grid-level

services. The optimisation approach, in this case, is iterative, exploring the results for BESS

capacities varied between 0±90 GWh with the objective variables being Capacity Factor

(CF), total demand offset and total curtailed energy, and an objective function is created

that defines the relationship between these two objectives. The benefit of utilising this

approach for this study is that the optimisation algorithm is designed to be bespoke for

the requirements of the study. To determine the bounds for this process, a preliminary

algorithm was run which modelled a BESS of infinite size, taking the maximum from this

algorithm as the upper bound of the iterative process. The study as a whole looks at the

whole life cycle costs of the system operating under varying present and future conditions

of the Great Britain grid.

5. Discussion and Future Challenges

This review has provided a wide-ranging analysis of both the economic analysis of

deployment of ESSs, as well as the tools that can be utilised to optimise their deployment.

This section now looks to the future and identifies areas that may present challenges to

research in this field. It draws upon the array of literature reviewed to identify potential

mitigations for these challenges.

5.1. ESS Costing Data

A common theme that has emerged from the review is that it is difficult to be certain of

the costs of a given ESS. With values in the literature showing significant variation between

studies, greater coordination with manufacturers could be a useful approach to ensuring

accuracy in study results. Additionally, it is seen that studies will often utilise values for

ESS costing that can be traced back through multiple references, resulting in conclusions

being based on out-of-date costs.

A key challenge in this research area going forward is to recognise and remove these

‘reference chains’ and ensure that the information being utilised for these studies is as

up-to-date as possible. It can be clearly seen within this review that the variability in

costing data between different papers within the literature is high, and care should be

taken when using specific values rather than presenting a sensitivity study over a cost

range. It is recommended that when starting such studies, researchers seek to use values

provided by official agencies in yearly reports rather than rely purely on references from

published literature.

5.2. Operation & Maintenence Costs

One aspect that has not been considered in this review is Operation & Maintenance

(O&M) costs. These represent a significant part of economic modeling and analysis for

energy storage systems. Considering the conclusions derived from the literature review

presented here, it is likely that O&M costs suffer from a similar disparity in reported values

in the literature. It is therefore recommended that future work performs a similar analysis
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on reported O&M costs within literature, identifying if the same issues are apparent in this

area when compared to capital costs. Whilst not within the scope of this review, it is an

important aspect of studies that consider the whole lifetime of an operating ESS, and hence

should receive further scrutiny in future publications.

5.3. Hybrid Storage Systems

Another area that has been briefly discussed in this review but would be worthy of

an extended review is that of hybrid energy storage systems, where two or more different

ESS technologies are deployed in tandem for the same application. Many of the studies

reviewed in this paper do consider hybrid scenarios and incorporate these elements into the

simulations. However, it is worthwhile to consider whether there are specific modifications

required when considering multiple storage technologies such as choice of optimisation

method, or how this may introduce further uncertainty from costing values propagated

through references. It is recommended that future work in this field considers elements of

this review from the perspective of hybrid storage systems and present any new conclusions

alongside those found in this review.

5.4. Economic Analysis Metrics

It is clear from the economic analysis section that there is a large range of different tools

and metrics that can be used to perform studies on systems containing ESSs. The challenge

in the future is to ensure that the correct tools are being utilised for a given study, and ideally

to move towards a unifying framework of economic analysis of energy storage, with a

clearly defined situational assessment that can provide the correct metrics for the analysis.

This would require significant levels of coordination between researchers but would result

in a more cohesive field of work where studies can be compared more directly with

one another.

This conclusion does however contradict the guidance presented here that certain

economic metrics are unsuitable for certain areas of research. This further emphasises

the requirement for greater collaboration and consensus within research, where the most

appropriate metrics need to be applied across literature.

5.5. Increasing System Complexity

Many of the optimisation studies discussed here focus on a specific subset of the

distribution grid such as a microgrid. Often, these subsystems are interconnected at

higher levels of distribution. This all contributes to rapidly increasing system complexity,

and therefore it is imperative that studies focusing on sub-sections of the distribution grid

also consider the effects that optimisation in one area will have on upstream systems.

A more holistic approach to optimisation is required moving forward, as energy

storage systems are deployed at all levels of grid infrastructure it will be essential that

studies consider potential effects on interconnected systems. A solution that is optimised

for a given subsystem may result in adverse effects on other connected systems, and this

should be a consideration in studies in the future.

6. Conclusions

This paper has presented a wide-ranging and in-depth review of both economic and

optimisation modeling of energy storage systems.

A key outcome of this work is that literature-based costs of energy storage systems

are unreliable and primary data, direct from manufacturers, should be sought wherever

possible. Where this is not possible, literature-derived data should be treated with cau-

tion and sensitivity analysis performed over a wide range off values in order to account

for uncertainty.
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Different economic analysis methods have been reviewed, highlighting the fact that

there is no one economic metric that is applicable to all energy storage studies. Researchers

should perform extensive preliminary research before undertaking work to ensure that any

studies are using the appropriate metric for the given application.

Finally, a range of optimisation methods have been detailed and their application

within the literature reviewed. A similar conclusion is reached to that for economic analysis,

where there is no single analysis method which is preferable for all applications.

Overall, this work provides an extensive guide to current and future researchers for

approaching economic and optimisation modelling for energy storage systems.
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Abbreviations

The following abbreviations are used in this manuscript:

AI Artificial Intelligence

ALCC Annual Life Cycle Cost

BAM Balancing Mechanism

BESS Battery Energy Storage System

BGES Biomass Gasification Energy Storage

CAES Compressed Air Energy Storage

CF Capacity Factor

COE Cost of Energy

DDB Dynamic Droop Based Control

DER Distributed Energy Resource

DOD Depth of Discharge

DP Dynamic Programming

ESS Energy Storage System

EV Electric Vehicle

FESS Flywheel Energy Storage System

GA Genetic Algorithm

H2ESS Hydrogen Energy Storage System

IRR Internal Rate of Return

LCOE Levelized Cost of Energy

LCOS Levelized Cost of Storage

LPSP Loss of Power Supply Probability

LP Linear Programming

MG Microgrid

MILP Mixed Integer Linear Programming

MPC Model Predictive Control

NPC Net Present Cost
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NPV Net Present Value

O&M Operation and Maintenance

PHS Pumped Hydro Storage

PSO Particle Swarm Optimisation

PV Photovoltaic

RFB Redox Flow Battery

SC Supercapacitor

SMES Superconducting Magnetic Energy Storage

SOC State of Charge

TAC Total Annualized Cost

TCO Total Cost of Ownership

TES Thermal Energy Storage

TLBO Training Learning Based Optimisation

TLCC Total Life Cycle Cost

U.K. United Kingdom
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