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Abstract

The global energy transition toward a low-carbon economy is driving increasing penetration of
variable energy sources into electricity markets. This unprecedented deployment of intermittent re-
newables confronts decision-makers in the electricity sector with the challenge of selecting among
different energy storage technologies, a choice that must be made on the basis of sustainability
criteria. Existing studies present shortcomings, including the absence of the social dimension, the
use of weights against sustainable development, or the application of methodologies affected by
the rank reversal issue, among others. To address gaps in current knowledge, this study presents
a novel probabilistic model for assessing the global sustainability of grid energy storage tech-
nologies. The model is based on the MIVES (Modelo Integrado de Valor para una Evaluacion
Sostenible)-Monte Carlo method, which combines requirement trees, value functions, the analytic
hierarchy process, and probabilistic simulations. It consists of 19 indicators and makes it possible
to obtain a sustainability index (S7), as well as partial economic, social, environmental, and tech-
nical indices for each technology. Data from an extensive literature review were integrated with
expert input and estimations based on linear correlations to address challenges in assessing social
and environmental indicators. The model was applied to six technologies: pumped hydroelectric
energy storage (PHES), compressed air energy storage (CAES), liquid air energy storage (LAES),
vanadium redox flow batteries (VRFB), sodium-sulfur batteries (NaSB), and hydrogen energy
storage (HES). A comprehensive sensitivity analysis is also included. To the best of the authors’
knowledge, no existing study has utilized the innovative methodology presented in this paper,
nor has any related research achieved the scope and depth proposed here. The top-performing
technologies identified for the economic, social, environmental, and technical dimensions of sus-
tainability are CAES, VRFB, LAES, and PHES, respectively. In terms of global sustainability,



VREFB, LAES and PHES are the best options, while HES consistently ranks last. NaSB and CAES
occupy intermediate positions.

Keywords: Electricity storage, Global sustainability, Multi-criteria decision-making,
Requirement trees, Value functions, Monte Carlo simulation, MIVES—Monte Carlo method

1. Introduction, literature review and objectives

Ever since the groundbreaking discovery of electricity, there has been an ongoing pursuit to
develop effective methods for storing this versatile form of energy [1]. A major advantage of
electricity storage is its ability to deliver previously stored energy on demand, providing greater
control and flexibility in its utilization. In recent times, the quest for efficient energy storage
solutions has gained heightened significance to synchronize power generation and consumption,
especially with the rising deployment of low-carbon renewable energy sources and the need to
address their inherent intermittency [2]. As a result, nowadays, electricity storage is recognized
as one of the four key technical options to provide power system flexibility in low-carbon power
systems, alongside flexible generation, network interconnection, and demand-side response [3].

The global power generation landscape is undergoing a significant transformation, driven by
the urgent need to mitigate climate change and reduce reliance on fossil fuels. Numerous gov-
ernmental and intergovernmental organizations, including the International Energy Agency (IEA)
and the International Renewable Energy Agency (IRENA), agree in their projections that, in the
coming decades, there will be a substantial increase in installed capacity and electricity generation
from intermittent renewables, such as wind or solar power [4]. As the share of variable renewable
energy sources in the global electricity mix increases, power systems will require enhanced flexi-
bility to accommodate these changes. In this context, energy storage technologies are set to play

an increasingly relevant role in ensuring a reliable, sustainable, and resilient energy infrastructure,
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as well as concurrently delivering cost savings to consumers [5]. A report published by the IRENA
in 2017 [6] forecasted that global electricity storage would triple in energy terms, growing from
4.67 TWhin 2017 to 11.89-15.72 TWh in 2030, assuming that the share of variable renewables in
the world’s power generation mix would double within this timeframe. Similarly, a market report
on grid energy storage released by the US Department of Energy in 2020 [7] estimated that the
stationary and transportation energy storage combined markets could grow 2.5-4 TWh annually
by 2030, representing about three to five times the 800-GWh market size in 2020. More recent
data from the IEA indicates that the global installed energy storage capacity is expected to surge
from 268 GW in 2023 to 1,016 GW by 2030 in the Stated Policies (STEPS) scenario, with an
even greater increase to 1,503 GW by 2030 in the Net Zero Emission (NZE) scenario [8]. At
the regional level, other recognized organizations share similar projections for a remarkable ex-
pansion of energy storage capacity in the near future. Particularly, according to a 2022 report by
the European Association for Storage of Energy (EASE) [9], the energy storage power capacity
requirements in the EU are projected to reach approximately 200 GW by 2030, a significant rise
from the existing 60 GW. Although ambitious, this target aligns with existing non-binding national
objectives set by several EU member states, such as Spain, for example, which aims to increase its
energy storage capacity from 8.3 GW in 2021 to around 20 GW by 2030 in its dedicated Energy
Storage Strategy [10]. The consensus among all these organizations on the forthcoming growth of
energy storage capacity demonstrates its timely and essential role in supporting the global transi-
tion to a sustainable energy future.

Energy storage technologies are typically categorized according to the intended purpose for
which the energy is stored, being grouped first into electrical and thermal [11]. Electrical energy
storage is further subclassified into mechanical (including potential, kinetic, and elastic forms),
electrical, chemical, electrochemical, and thermal storage, the latter of which includes cryogenic
energy storage [12]. Presently, several storage technologies are available at different stages of

development, including pumped hydroelectricity, compressed air, liquid air, flywheels, hydrogen,
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batteries and flow batteries, supercapacitors, superconducting coils, etc. Each technology has its
own characteristics and scale of application, as well as its positive and negative impacts on the
economy, society, and the environment. Some of these technologies are currently available, and
others are still under development [1]. Fig. 1 provides an overview of the main forms of storable

energy and their associated technologies [13].
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Figure 1: Classification of the main energy storage technologies by the form of stored energy.

Some of the different technologies shown in Fig. 1 can only provide short-term energy storage,
while others can last for much longer. Grid-side energy storage refers to large-scale energy stor-
age technologies that are able to operate within an electric power grid, directly interacting with
transmission and distribution systems to manage fluctuations in supply and demand. These tech-
nologies typically require a minimum rated power of over 10 MW and a capacity-to-power ratio
of at least one hour to enable load shifting [14]. Unlike behind-the-meter or distributed energy
storage solutions, which are positioned closer to end users, grid-side storage primarily serves bulk

power management applications, such as grid stabilization, peak shaving, and frequency regula-
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tion. Examples include pumped hydro, compressed air, liquid air, pumped thermal, and hydrogen
storage systems, as well as certain types of electrochemical batteries, such as sodium-sulfur (NaS)
and flow batteries [11, 14].

Bulk energy storage is currently dominated by pumped hydroelectric energy storage (PHES) in
hydroelectric dams [14], a mature technology that currently represents around 96% of the global
energy storage capacity [6, 13, 15]. This system stores electrical energy in the form of gravita-
tional potential energy by pumping water between two reservoirs located at different heights [6],
connected through pipes, a pump/turbine, and an electric motor/generator. The pump and turbine
can either be separate machines or a single device that performs both functions [14], referred to as
a reversible pump-turbine [6]. Similarly, the reversible electric generator/motor system can consist
of two separate devices (a motor driving the pump and a generator connected to the turbine) or a
single electrical machine (an electric motor/generator). The stored energy in a PHES plant is di-
rectly related to the volume of water stored in the upper reservoir and the height difference between
the reservoirs [6]. PHES technology exhibits very low self-discharge, a reasonable round-trip ef-
ficiency, and the capability for substantial volume storage over extended periods [6]. However, a
major drawback of this technology lies in its reliance on specific geographical features for instal-
lation and susceptibility to political conditions [6]. Despite its large storage volume, PHES has a
relatively low energy density, resulting in large land occupation [6]. Moreover, it demands high
initial investment costs, a prolonged construction period, and an extended time frame to recover
the initial investment [6].

Compressed air energy storage (CAES) is another commercially available technology capable
of delivering power outputs above 100 MW, as well as bulk energy storage capacity [16]. CAES
systems use electrically driven compressors to store the electrical energy in the form of potential
elastic energy of pressurized air in a reservoir [6, 17], which can then be released on demand
to generate electricity again by expanding the air through an air turbine. The compressed air is

typically stored in underground caverns, predominantly salt caverns, within a pressure range of
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4-8 MPa [1, 6]. Similarly to PHES systems, the geographical constraints associated with locating
suitable geological formations for compressed air storage are a major drawback of current CAES
systems [11, 18]. Despite the significant attention that CAES technology has received in recent
years, only two large-scale CAES systems have been successfully connected to the power grid:
a 290 MW plant in Huntorf, Germany and a 110 MW facility in MclIntosh, Alabama, United
States, which were commissioned in 1978 and 1991, respectively [6, 14, 17]. In both facilities, the
charge compressor relies solely on electrical energy, while the discharge turbine is supplied with
compressed air, supplemented by the use of fossil fuels [14]. Consequently, the traditional CAES
configuration operates as a hybrid between a gas turbine power plant and a storage plant. It is thus
challenging to compare this technology with other options for grid energy storage [14].

A variant of compressed air energy storage technology belonging to the cryogenic storage
category is liquid air energy storage (LAES). This technology is designed for large-scale, long-
duration energy storage and uses air or nitrogen (constituting about 78% of ambient air) as the
working fluid and storage medium [19, 20]. In LAES systems, instead of directly compressing the
air, it is cooled and compressed in multiple stages until it becomes liquefied. Basic air liquefac-
tion systems, such as the Linde cycle, typically result in round-trip efficiencies of less than 40%
[14]. By contrast, more advanced systems like the Claude, Kapitza, or Heylandt cycles can reach
efficiencies of 50-60% [14, 18]. Even though the Claude cycle is more expensive than the Linde
cycle, it is considered the optimal trade-off between performance and cost in air liquefaction [14].
Liquid air is then introduced into cryogenic insulated tanks at low pressure as a means of energy
storage, thereby avoiding geographical constraints [14, 18, 21-23]. The system releases stored
energy by evaporating the air at high pressure and expanding it in an air turbine, similarly to the
process in a Rankine cycle [24]. LAES requires significantly less storage volume compared to
CAES, approximately 700 times less [18, 23]. However, LAES technology is not as well known
and tested as CAES [25], and is still under industry demonstration level [22]. Moreover, from an

economic standpoint, CAES currently provides a shorter payback period and a lower levelized cost
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of storage [18]. Unlike CAES systems, in which compressed air is the storage medium, LAES sys-
tems store electrical energy as thermal energy. LAES is often classified within the Carnot battery
category, although this classification may be contentious [26]. Other examples of Carnot batter-
ies include technologies such as pumped thermal electricity storage (PTES), which utilize electric
heaters and Rankine or Brayton heat engines. Although these technologies have the potential for
grid electricity storage, they have not yet achieved sufficient maturity to be considered competitive
alternatives. Indeed, among Carnot batteries, the PTES technology is reported to have a lower
degree of maturity than LAES [14]. Therefore, PTES technology has been excluded from this
work, not only because of its lower maturity [27, 28], but also due to the scarcity of reliable data.
Unlike PTES, a few demonstration-scale LAES systems are already operational and connected to
the power grid [22]. Furthermore, several international projects are underway to promote further
research and development of LAES technology [23]. The first two pre-commercial facilities were
designed, installed, and commissioned in the United Kingdom by the British company Highview
Power [20, 22, 23, 27]. A 350 kW/2.5 MWh pilot plant was commissioned in 2011 in Heathrow,
UK and a 5 MW/15 MWh demonstration system was commissioned in 2018 in Manchester, UK
[28].

Batteries and flow batteries include a wide range of different technologies, some of which
can also be used to operate at the electric grid level. In particular, vanadium redox flow batteries
(VRFB) and sodium sulfur batteries (NaSB) are usually regarded as large-scale electricity storage
technologies [13, 14], since they are often proposed for load-shifting applications, a characteristic
that sets them apart from more conventional battery technologies such as Li-ion [14]. VRFBs
store energy through internal redox reactions occurring within the cell, driven by active ionic
vanadium materials (V**/V3* and V>*/V** redox couples), resulting in electron transfer within the
circuit [6]. VRFBs are the most widespread and advanced redox flow batteries. They stand out
as the only technology that has been deployed in grid-scale applications worldwide for extended

periods of time [6, 14]. In contrast to VRFBs, NaSBs operate at high temperatures, typically
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between 300 and 350 °C, because they rely on sodium (Na) and sulfur (S) molten salts as positive
and negative electrodes, respectively [6, 14]. Within each NaS cell, the electrodes are divided
by a solid electrolyte composed of (3-alumina, which facilitates ionic conduction [6, 14]. NaS
cells are usually arranged in series and parallel configurations within a module to achieve the
desired power and capacity ratings. NaSB modules ranging from 10 to 50 kW and from 50 to
400 kWh are commercially available [14], which can be combined to reach the megawatt scale
[14]. The main advantage of NaSBs lies in their relatively high energy density compared to VRFB
technologies, falling within the lower end of the Li-ion energy density range [6]. However, despite
their relatively low capital cost and high energy density, NaSBs have not experienced widespread
deployment yet, mostly due to concerns related to safety and durability [29].

Hydrogen is an energy carrier that can also be used for bulk storage of electricity. It has been
proposed as a means to improve power grid stability by acting as an energy buffer with long-
term storage capabilities, thereby balancing supply and demand [30]. This approach, known as
power-to-hydrogen-to-power (P2H2P) [30], involves converting surplus electricity into hydrogen,
which can then be converted back into electricity, rather than being used for other X applica-
tions (P2X), including Power-to-Chemicals (P2C), Power-to-Gas (P2G), Power-to-Liquid (P2L),
etc. The process of producing, storing, and re-electrifying hydrogen gas is also termed hydrogen
energy storage (HES) [5, 31]. The use of a water electrolysis unit is a common method for produc-
ing hydrogen, which can then be compressed or liquefied for storage in high-pressure or cryogenic
containers, respectively. Bulk storage of hydrogen can be achieved using pressure vessels or con-
ventional tanks for immediate use, while seasonal hydrogen storage as compressed hydrogen relies
on geological formations, such as salt caverns or depleted reservoirs [28, 30]. Nevertheless, despite
hydrogen caverns being smaller for a fixed energy content, the cost per kWh of energy discharged
from hydrogen caverns can be slightly higher than that from CAES [28]. Liquid hydrogen is not
advantageous as a seasonal storage medium, since the lower electricity prices for flexible operation

make it challenging to balance the investment costs for liquefaction [30]. For electricity generation
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from stored hydrogen, a fuel cell, also referred to as a regenerative fuel cell, is generally used [32].
A significant drawback to using hydrogen for electricity storage is the considerable energy loss
incurred over a complete charge/discharge cycle [31]. In fact, water electrolysis typically operates
at an efficiency of 60%, hydrogen transport and compression for storage may lead to another 10%
efficiency loss, while reconversion to electricity through fuel cells has an efficiency of approxi-
mately 50%, resulting in an overall round-trip efficiency of around 30% [31]. Hydrogen-based
energy storage has been gaining momentum in recent years [33]. However, the P2ZH2P technology
is still in an early stage of entering the electrification sector and has yet to reach the required levels
of technological and manufacturing readiness for large-scale deployment [30, 34].

Among the aforementioned technologies for grid energy storage, there is currently no single
option that clearly stands out as the most cost-effective, energy efficient, environmentally friendly,
and safe. Therefore, it is essential to assess and compare these alternatives in terms of their eco-
nomic, technical, social, and environmental performance, focusing on their contributions to sus-
tainable development and integral sustainability. The academic community has made some efforts
to shed light on this issue. Nevertheless, the scientific literature reveals a scarcity of studies assess-
ing the sustainability of energy storage systems, and those that do exist often present significant
limitations. The existing research, along with the gaps in current knowledge, is outlined below
and summarized in Table 1.

A noteworthy study in the relevant research is a multi-attribute decision analysis framework
consisting of ten criteria distributed in four categories (economic, performance, technological, and
environmental) for sustainability assessment of five energy storage technologies, namely pumped
hydro, compressed air, lead-acid batteries, lithium-ion batteries, and flywheels [35]. The results
were validated using the interval technique for order of preference by similarity to ideal solution
(TOPSIS). A sensitivity analysis was also conducted to investigate the effects of the weights of
the evaluation criteria on the sustainability ranking of the five energy storage technologies under

consideration. The sustainability ranking of the five energy storage technologies demonstrated
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Table 1: Summary of existing research on the sustainability assessment of energy storage technologies.

Source Year Methods Technologies considered Main advantages and limitations

[35] 2018 Multi-attribute  deci- PHES, CAES, lead-acid bat- e Consideration of 5 technologies
sion analysis (MADA) teries, lithium-ion batteries, and 12 different scenarios.
and interval technique and flywheels o Absence of social indicators.
for order of preference o Limited environmental impacts.
by similarity to ideal
solution (TOPSIS)

[36] 2019 Hesitant fuzzy analytic PHES, HES, conventional e Considerable number of indica-
hierarchy process  batteries, high-temperature tors and alternatives.
(HFAHP) and hesitant batteries, and flow batteries e Weights against the concepts
fuzzy technique for of sustainable development and
order preference by global sustainability.
similarity to ideal e Assessment through semantic
solution (HFTOPSIS) labels for all indicators.

e Use of emissions rather than en-
vironmental impact categories.

[37] 2019 Weighted sum method P2G, PHES, and CAES e Considerable number of indica-
(WSM) tors.
e No social dimension.
e Limited approach for environ-
mental impacts.

[38] 2020 Multi-attribute  value Conventional and under- e Considerable number of indica-
theory (MAVT) ground PHES tors.
e Use of environmental impact
categories rather than emissions.
o Analysis limited to PHES.
e Absence of technical indicators.

[39] 2020 Stepwise weight as- PHES, HES, CAES, superca- e Large number of technologies

sessment ratio analysis  pacitors, thermal energy stor- and indicators.

(SWARA) and addi- age, lead-acid batteries, and e All indicators assessed on a

tive ratio assessment lithium-ion batteries scale of 1 to 5.

(ARAS) e Allocation of certain indicators
to an inappropriate dimension of
sustainability.

e Environmental dimension lim-
ited to CO, and greenhouse gas
emissions.

19 a strong dependence on the weights assigned to the ten criteria. Nevertheless, the overarching

190 trend suggested that pumped hydro and compressed air were the most sustainable options for en-
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ergy storage. Similarly, Acar et al. [36] assessed the sustainability of five different energy storage
systems through a hybrid hesitant fuzzy multi-criteria decision-making (MCDM) methodology
composed of hesitant fuzzy analytic hierarchy process (HFAHP) and hesitant fuzzy technique for
order preference by similarity to ideal solution (HFTOPSIS). The selected energy storage sys-
tems were pumped hydro, conventional batteries, high-temperature batteries, flow batteries, and
hydrogen. The sustainability assessment methodology considered economic (power cost and en-
ergy cost), environmental (pollutant emissions, area requirement, wastewater quality, and solid
waste production), social (safety, accessibility, ease of use, and public acceptance), and technical
(efficiency, storage capacity, cycling limit, and performance degradation) criteria. The findings
suggested that technical performance exerts the highest impact on the contribution to sustainabil-
ity, whereas social performance exhibits the lowest influence. Moreover, hydrogen demonstrated
the highest level of sustainability performance among the selected energy storage alternatives.
In the investigation conducted by Vo et al. [37], three technologies to store surplus electricity
with high capacity and long discharge time were explored and compared from the perspective of
sustainable development. The assessment involved both single-criterion and group multi-criteria
analyses. The criteria were categorized into four aspects: technical, economic, social, and envi-
ronmental criteria. However, social criteria were not assessed as such. This decision was based
on the perception that job creation and social benefits were comparable across different storage
technologies, and social acceptability was included within the broader scope of general environ-
mental impacts. The technologies considered were P2G, PHES, and CAES. The results revealed
that, in terms of sustainable development, P2G was identified as the most suitable option. Guo
et al. [38] conducted a comparative study using multi-attribute value theory and scenario analysis
to evaluate the overall sustainability performance of conventional and underground pumped hydro
energy storage. They considered economic, environmental, and social indicators. The results in-
dicated that conventional pumped hydro energy storage outperformed its underground counterpart

in terms of economic and environmental sustainability impact due to economies of scale, while
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underground pumped hydro energy storage exhibited superior performance in social sustainability
impact. Finally, Albawab et al. [39] introduced a sustainability performance index for ranking
diverse energy storage technologies using an MCDM model with five main sustainability crite-
ria and seventeen sub-criteria. The selected energy storage technologies were lead-acid batteries,
lithium-ion batteries, supercapacitors, hydrogen storage, compressed air energy storage, pumped
hydro, and thermal energy storage. Their findings indicated that thermal energy storage and com-
pressed air alternated between first and second place in the rankings. However, it is noteworthy
that thermal energy storage operates differently from electrical energy storage systems. Further-
more, certain technologies, such as supercapacitors, may not be suitable for grid energy storage
applications.

Despite these valuable insights, most studies on the sustainability of energy storage systems

exhibit at least one of the following shortcomings:

e The social dimension of sustainability is often overlooked.

e Indicators that belong to other dimensions of sustainability are incorrectly classified within
the social category, leading to potentially misleading interpretations.

e The environmental dimension is usually limited to global warming potential. However, to
achieve a more comprehensive sustainability assessment, it is essential to include as many
environmental impact categories as possible. Energy storage technologies are no exception
to this need.

e Some studies use a set of weights that contradicts the principles of sustainable development
and holistic sustainability. Even though minor differences in the importance of sustainability
dimensions may be acceptable, significant disparities do not align with the triple bottom line
framework.

e Weights are often wrongly defined on the basis of the assumption that all sustainability
indicators hold equal importance.

e Certain MCDM methods are susceptible to rank reversal issues when new alternatives are
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introduced.

e The comparison is limited to a small number of technologies.

¢ Quantitative indicators are evaluated using available data based on semantic labels or nu-
merical scales, leading to less accurate results.

e Uncertainty in the assessment is often disregarded, or only considered in the context of

defining weights.

Accordingly, the main objective of this study is to address the identified deficiencies by intro-
ducing a novel probabilistic model for assessing the sustainability of the main grid energy storage
technologies for which sufficient data are available. This model includes a comprehensive set of
indicators belonging to the economic, social, technical, and environmental dimensions, which al-
lows for a more in-depth assessment of sustainability than existing models can provide. Qualitative
assessments are only conducted for indicators lacking quantitative data. The model is based on the
use of the MIVES—Monte Carlo method, a technique that has certain advantages over other com-
monly used MCDM tools. Namely, MIVES—Monte Carlo is not affected by the rank reversal issue
that can arise when new alternatives are added to the comparison. Potential non-linearities in the
assessment can be accounted for, incorporating both quantitative and qualitative indicators, inte-
grating the Analytic Hierarchy Process (AHP) for weight assignment, and considering uncertainty
in the assessment through a Monte Carlo simulation process. The latter advantage makes it pos-
sible to establish distribution functions for input values to the model (including weights and other
parameters), resulting in a wide range of outcomes for each alternative rather than a single nu-
merical value. Consequently, a statistical analysis of each technology’s sustainability performance
can be carried out, exploring all possible real scenarios, since a single energy storage technology
can exhibit varying levels of sustainability. To the best of the authors’ knowledge, this is the first
time that MIVES—Monte Carlo has been applied to rank main grid energy storage technologies
according to sustainability, which is another novel aspect of this study beyond those already dis-
cussed. In particular, the model is used to compare the sustainability performance of the following
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six technologies: PHES, CAES, LAES, VFRB, NaSB, and HES. An extensive literature review
has been conducted to obtain the data for these technologies, which represents yet another notable
contribution of this study. There are no existing sources that compile all the data used to feed the
model presented in this paper. This data set may serve as a valuable resource for future research.
It is important to note that other grid energy storage technologies with promising potential (for in-
stance, PTES) have been excluded from this work. The reason is twofold: these technologies have
not yet reached sufficient maturity, and reliable data on all the considered indicators are currently
unavailable. Nevertheless, the model has been designed to be adaptable for future sustainability
assessments of other technologies beyond those included in this study. Examples of such addi-
tional technologies may include flywheel energy storage (FES) systems, lead-acid batteries, and
lithium-ion batteries, which are usually limited to short-duration storage (<8 h) and therefore not
commonly proposed for load-shifting applications [40]. However, cost reductions and technolog-
ical developments could make them viable options for grid energy storage in the future.

On the other hand, as previously indicated, the massive penetration of intermittent renewable
energy sources into the electricity mix is expected to continue in the years to come. Therefore,
decision-makers and professionals in the electricity sector will have to decide which storage tech-
nologies to opt for and to what extent, carefully considering all their economic, social, environmen-
tal, and technological implications, both positive and negative. It is precisely in this task that the
model and findings from this study can be of significant help to society, facilitating well-informed
decisions that align with integral sustainability. In other words, relying on a single criterion to
make decisions (typically focused on minimizing costs) can lead to adverse outcomes, such as
the current global environmental and climate crises. Therefore, models like the one presented in
this study are essential for guiding decision-makers in avoiding past mistakes and making more
balanced, sustainable choices.

The remainder of this article is structured as follows. Section 2 introduces the general method-

ology, along with the MIVES—Monte Carlo method and detailed descriptions of the indicators
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and alternatives being examined. The results of the comparative sustainability assessment are pre-
sented and discussed in Section 3, in addition to a sensitivity analysis exploring changes in the
weights of sustainability indicators, as well as an evaluation of indicator impacts using tornado
diagrams. Finally, Section 4 provides concluding remarks and proposes suggestions for future

research endeavors.

2. Methodology

The general methodology followed in this study to assess and compare the sustainability per-
formance of various grid-scale energy storage technologies is outlined in Fig. 2. The first step
involved conducting an extensive literature review with a fourfold purpose: 1) identifying the main
gaps in current knowledge, ii) drawing up a comprehensive list of potential sustainability indica-
tors, iii) collecting data to feed the model, and iv) selecting the technologies to be assessed. After
that, the model was defined according to the MIVES—Monte Carlo method. A requirement tree
was developed with various levels of disaggregation, establishing specific input values for each
indicator across all alternatives. Value functions and weights were determined, and distribution
functions were used where applicable. The Delphi technique was used to assist in the process of
defining the model’s parameters. It is noteworthy that the model’s input values for the different
alternatives represent a partial result of this study, as there are no sources in the scientific litera-
ture providing data for all the sustainability indicators addressed herein. This is the main reason
why the model inputs are included in Section 3. The same applies to the parameters (weights and
value functions) used to configure the model. In the third phase, the model was executed through
a Monte Carlo simulation process until convergence was reached, resulting in a comprehensive
set of total and partial sustainability indices for each technology. From these values, a statistical
analysis was performed, and the corresponding cumulative probability curves and frequency his-
tograms were generated. Finally, a sensitivity analysis was performed to evaluate the impact of
different model parameters. Additional details about the procedure followed are provided in the
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1. Literature review on grid energy storage E
technologies and sustainability assessment

« ldentification of gaps in current knowledge

» Comprehensive compilation of sustainability
indicators

+ Collection of potential model input values

+ Selection of technologies for assessment

!

. &
2. Model setup using MIVES—Monte Carlo *o

» Requirement tree construction

+ Definition of model input values (literature
review, Delphi analysis, and linear correlations)

+ Definition of value functions

» Establishment of tree weights (Delphi analysis) )

!

3. MIVES-Monte Carlo model simulation E

+ Execution of Monte Carlo simulation
« Statistical analysis of the results for total and
partial sustainability indices
+ Cumulative probability curves and frequency
histograms
!

4. Sensitivity analysis lﬂ |L'I

 Evaluation of alternative weight sets
« Testing of alternative value functions
+ Impact analysis using tornado diagrams

Figure 2: Methodological flowchart for the sustainability assessment of several grid energy storage technologies using
the MIVES—Monte Carlo approach.

2.1. MIVES—Monte Carlo method

MIVES, an acronym in Spanish for Modelo Integrado de Valor para una Evaluacion Sostenible
(translated as Integrated Value Model for Sustainability Assessment), is a multi-criteria decision-
support method, initially conceived for sustainability assessment. MIVES models are structured as
requirement trees, with sustainability indicators branching on the right side and a sustainability in-
dex located on the left side as the key variable to be assessed. Partial indices for the environmental,
social, economic, and technical dimensions of sustainability are typically evaluated as well. The

requirement tree can include multiple intermediate levels to effectively represent the complexity of
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the problem and simplify the assignment of weights. Nevertheless, requirement trees are generally
organized into three levels: requirements, criteria, and indicators.

MIVES makes it possible to use qualitative and quantitative indicators. To perform calcula-
tions with these indicators, MIVES relies on value functions to transform them into a dimension-
less unit, usually called satisfaction index or satisfaction level, which takes values between 0 and
1, the worst and best possible results, respectively. MIVES also incorporates a set of methods
to establish the relative weights of the different indicators, criteria, and requirements. The as-
sessment is made by means of a weighted summation for the whole tree. Finally, combined with
non-deterministic techniques, MIVES allows accounting for the uncertainty that may affect the
different model parameters specific to each problem. In this study, the Monte Carlo simulation
has been combined with MIVES, resulting in the MIVES—Monte Carlo technique. Further infor-
mation on the MIVES—Monte Carlo method can be found in the scientific literature [41]. Fig. 3
presents a flowchart outlining the main steps of the MIVES and MIVES—Monte Carlo methods.

In the field of sustainability assessment, MIVES has been applied to structural systems [42—
47], urban infrastructures [48], buildings and building subsystems [49-52], urban planning and
development [53], and power plants, in all cases obtaining valuable results [54-56]. In particular,
Aguado et al. [42] introduced a MIVES model for assessing the sustainability of concrete struc-
tures. This model has been part of the Spanish Structural Code EHE-08 and aims to optimize the
consumption of raw materials, extend their useful life, and promote the use of materials obtained
through energy-efficient and low-polluting processes when designing a concrete structure. Pons
et al. [43] developed a MIVES model to estimate the sustainability index of concrete pile foun-
dations. It was applied to a case study in which the authors compared reinforced concrete, steel
fiber-reinforced concrete, and polymeric fiber-reinforced concrete piles. According to the results,
the inclusion of alternative materials serves to enhance the contribution to sustainable develop-
ment. A MIVES model for assessing the sustainability of structural systems was also presented

by de la Fuente et al. [44]. In this case, the authors focused on concrete slabs. They compared
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Figure 3: Flowchart of the MIVES and MIVES-Monte Carlo methods.
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reinforced concrete and steel fiber-reinforced concrete alternatives for an office building located
in Guipuizcoa, Spain. Josa et al. [45] addressed the case of girders and trusses. The authors com-
pared different materials and structure types for a sport center in Catalonia, Spain. They concluded
that timber and concrete trusses, despite being used much less in practice, are more sustainable
than steel trusses. The environmental dimension of timber structures was studied by Cuadrado
et al. [46]. The authors considered three different case studies in which they have changed the
type and origin of the timber products for the same structure. The authors demonstrated that the
origin of the timber, and whether or not it is certified, can significantly affect the environmental
performance of a structure. The same model was later applied to a more complex case study (a
real residential building) [47], leading to similar conclusions. MIVES was also valuable for ur-
ban infrastructures. In particular, Casanovas-Rubio et al. [48] proposed a model for evaluating
the sustainability of narrow trenches for service pipes. They analyzed the same application with
four different trenches: standard solution, standard solution with recycling, standard solution with
a controlled low-strength material replacing compacted soil, and a new alternative called eco-
trench. Significant differences in terms of sustainability were found by the authors among these
four options. Buildings have also been a field of application for MIVES. For example, San-José
Lombera and Cuadrado [49] addressed the environmental dimension of an industrial building for
graphic design and printing activities through a MIVES model made up of indicators belonging
to the following thematic areas: location, consumption of energy and water, materials, waste, and
construction and deconstruction processes. They compared conventional practices with the most
environmentally friendly processes, obtaining a difference close to 60% in the overall index. Sub-
sequently, the sustainability of industrial buildings was extended to include social and economic
indicators [50]. MIVES was also applied to school centers. This is the case of the study carried
out by Pons and Aguado [51]. They compared prefabricated and non-prefabricated technologies
through a MIVES model consisting of 17 indicators. Prefabricated concrete and prefabricated steel

turned out to be the most sustainable options. MIVES can also be applied to building subsystems.
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For example, Casanovas-Rubio and Armengou [52] created a model for water heating systems. Its
validity was tested by comparing 12 options for a dressing room with capacity for 100 people in
Barcelona, Spain. MIVES was also used to facilitate decision-making in urban planning. In fact,
Herranz-Pascual et al. [53] proposed a model with 50 indicators for evaluating the sustainability
of municipal action plans. As for the energy sector, Cartelle Barros et al. [54] developed a MIVES
model made up of 27 indicators to compare the contribution to sustainability of renewable and
non-renewable power plants. From the results, it is clear that renewables are usually more sus-
tainable, with the exception of biomass power plants. The economic dimension of the main power
generation technologies was subsequently analyzed in depth by the same authors [55]. In this case,
two probabilistic models were employed, one of them based on the MIVES—Monte Carlo method.
This study showed that some renewables could compete with non-renewables in terms of cost.
MIVES—Monte Carlo was also successfully used to compare the environmental behavior of power
plants. Specifically, Cartelle Barros et al. [56] presented a probabilistic model that incorporates 15
environmental impact indicators with cradle-to-grave life cycles and global geographical scopes.
It was used to compare 11 technologies, with wind and hydro standing out as the best-performing
alternatives.

Despite having already been used in the broader context of the energy sector, this work rep-
resents the first application of MIVES to energy storage. The complex nature of energy storage
systems, which involve social, economic, environmental, and technical impacts, makes MIVES
especially relevant for assessing their sustainability. MIVES enables the adimensionalization and
integration of a wide range of indicators measured in different units and with varying degrees of
importance. The value functions in MIVES do not necessarily maintain proportionality during
adimensionalization (e.g., doubling the input value does not always correspond to a doubling of
satisfaction for increasing indicators, nor does halving it always correspond to double satisfaction
for decreasing indicators). This flexibility makes MIVES especially effective for integrating di-

verse indicators in the sustainability assessment of energy storage systems. One key advantage of
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MIVES is that it is not affected by the rank reversal issue when additional alternatives are incor-
porated into the assessment. As the development of new energy storage technologies continues
and more data become available, it is highly desirable that the sustainability ranking of previously
assessed technologies is not affected each time a new technology is included. Another important
aspect is that MIVES can be easily combined with Monte Carlo simulations to account for the
inherent variability and uncertainty of energy storage technologies, particularly those with a lower

TRL.

2.2. Requirement tree and sustainability indicators

As illustrated schematically in Fig. 4, the MCDM method proposed in this paper involves us-
ing a requirement tree with three levels: requirements, criteria, and indicators. At the first level,
requirements are classified into four categories: economic, environmental, social, and technical.
This classification has been adopted in similar studies that examine the sustainability performance
of energy storage technologies [36]. However, other studies often omit certain aspects, particularly
social criteria, due to the inherent complexity of their quantitative assessment [35, 37]. The inter-
mediate levels include the criteria, which aid in breaking down the requirement tree and facilitate
the conceptualization and calculation processes of the model. At the third level are the indicators,
which define the specific properties to be assessed. A structured overview of all the indicators

considered in this study, organized by category, is presented in the following subsections.

2.2.1. Economic indicators
The economic indicators consist of five widely used metrics in energy storage systems. A

concise description of each one is provided below.

e Levelized cost of storage (LCOS). Ratio between total expenditure and amount of electrical
energy retrieved from the storage system during its lifetime [26, 57], expressed in $/kWh.
This parameter is similar to the well-known levelized cost of electricity (LCOE) used in

power generation systems, but modified for the case of electricity storage. The LCOS can
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REQUIREMENTS | CRITERIA INDICATORS
LEVEL 1 3 LEVEL 2 LEVEL 3

3 Cost of storage { Levelized cost of storage (LCOS) }
l [ Power capital cost }
; Short-term financing needs

| [ Capacity capital cost }
! Long-term financing needs { O&M cost }
1 Risk of obsolescence [ Lifetime }

Environmental

Fossil fuels depletion (FFD)

Particulate matter formation (PMF) }
Human toxicity (HT) }

[ Risk of accidents J
Social [ Population displacement }
[ Visual impact }
Technological maturity [ Technology readiness level (TRL) }
[ Round-trip efficiency }
Efficiency

{ Self-discharge rate (SDR) }
[ Discharge power rating J

Power and capacity
[ Capacity rating J
[ Energy density }

Space requirements
{ Geographical constraints }

S o

Figure 4: Multi-criteria decision-making (MCDM) framework for evaluating energy storage systems based on a
requirement tree integrating economic, environmental, social, and technical aspects.

432 be interpreted as the average $/kWh price at which energy output from the storage system
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would need to be sold to break even on total costs [28].

v A
CAPEX + Y=V

=1 Y
LCOS = L+ (1)
=N Wdischarge
=y

where A, denotes the annual cost of the storage system. A, is composed of the operation cost
(OPEX,), the reinvestments in storage system components (CAPEX,. ) at time ¢, as well as
the cost of electricity supply, which is determined by multiplying the unit price of electricity
(c.) with the annual electricity input (Wenqree) [S7]. At the end of the storage lifetime (r = N),
arecovery value (R;) is included. As the cost of electricity (c,) typically fluctuates over time,

an average value may be used.

A, = OPEX, + CAPEX,., + ¢, Weparge — R, (2)

Power capital cost (I'p). Ratio between capital expenditure (CAPEX) and electrical power
output [26], expressed in $/kW. This indicator assesses the challenges in securing the short-

term financing required for the energy storage system relative to its power rating.

_ CAPEX

Wd ischarge

3)

P

Capacity capital cost (I'¢). Ratio between capital expenditure (CAPEX) and electricity stor-
age capacity [26], expressed in $/kWh. This indicator evaluates the short-term financing

requirements of an energy storage system relative to its storage capacity.

_ CAPEX

Wdi scharge

4

C

O&M cost. Operating and maintenance costs (OPEX) associated with the energy storage

system, expressed in $/(kWh-yr). This indicator assesses the challenges of securing long-
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term financing by evaluating the ongoing costs required for operation and maintenance,
which can impact the overall financial viability of the investment.

e Lifetime (N). The operational lifespan of the energy storage system, expressed in years
(yr). Although a long service life is typically seen as beneficial, it can also lead to premature
obsolescence, especially in fields with rapid innovation and development, such as the energy
storage sector. In this context, a longer lifespan may hinder the timely adoption of newer,
more advanced, and sustainable technologies, with adverse effects on the profitability of
the investment, as replacing outdated systems becomes more challenging. For this reason,
unlike conventional evaluations, this indicator is negatively assessed. In other words, a

longer service life corresponds to a lower satisfaction.

2.2.2. Environmental indicators

The environmental indicators consist of four mid-point environmental impact categories. The
most widely available environmental indicator in grid energy storage systems is the global warm-
ing potential. However, three other indicators, for which data are available in the scientific lit-
erature, have also been considered. These environmental indicators have been sourced from life
cycle assessment studies with a “cradle-to-grave” scope, where the functional unit is one kWh of

electricity delivered back to the grid. Each indicator is described briefly below.

e Global warming potential (GWP). Measure of the consequences of the rise in the planet’s
temperature, caused by the greenhouse gas emissions associated with the energy storage
system, expressed in g CO,-eq./kWh.

e Particulate matter formation (PMF). Assessment of the production of particulate matter by
the energy storage system, expressed in g PM-eq./kWh.

e Fossil fuels depletion (FFD). Evaluation of the impact of the energy storage system on fossil
fuel resources, expressed in g oil-eq./kWh.

e Human toxicity (HT). Assessment of the potential harm to human health by the energy
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storage system, expressed in g 1,4-DB-eq./kWh.

2.2.3. Social indicators

Social indicators include the risk of accidents, population displacement, and visual impact.
These qualitative indicators have also been considered in earlier research works on the sustainabil-
ity assessment of energy systems [54]. However, it is important to note that previous studies are
specifically focused on evaluating the sustainability of power plants, rather than large-scale energy
storage technologies. Although these social indicators remain conceptually relevant for energy
storage, the input data and assessment methods for these indicators are not directly applicable in
this context. Unfortunately, quantitative values for social indicators related to energy storage tech-
nologies were unavailable for this study. As a result, these indicators were evaluated qualitatively.

A short description of each one follows.

e Risk of accidents. Qualitative evaluation of the likelihood and consequences of accidents
related to the energy storage system.

e Population displacement. Qualitative assessment of the impact on human populations due
to the installation or operation of the energy storage system. For instance, PHES facilities
may require the relocation of residents from communities that become submerged due to the
construction and operation of these energy storage systems.

e Visual impact. Qualitative evaluation of the aesthetic effects of the energy storage system

on its surroundings.

In addition to the aforementioned indicators, it would have been desirable to consider other
social parameters, such as social acceptance, employment generation, and employee satisfaction
[58-60], among others. However, for the energy storage technologies included in this study, not
only are quantitative data on these additional social indicators missing, but qualitative assessments
are also remarkably challenging, especially for less mature technologies. Consequently, these

parameters were not evaluated, although they should be incorporated into future versions of the
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model as soon as reliable data become available.

2.2.4. Technical indicators
Numerous technical indicators are documented in the scientific literature. However, only seven
have been selected for inclusion, as they have been identified as the most relevant for sustainability

assessment. A brief overview of each one is outlined below.

e Technology readiness level (TRL). An estimate for the maturity of the energy storage tech-
nology, reflecting its potential for short, medium, or long-term utilization. TRLs are based
on a scale from 1 to 9, with 9 being the most mature technology [61].

e Round-trip efficiency (7,;). Ratio between delivered and absorbed electricity, over a com-
plete charge/discharge cycle [26]. Typically, this efficiency is expressed on an AC-to-AC ba-
sis, incorporating any losses from AC-to-DC or DC-to-AC power conversions, if applicable
[5]. The round-trip efficiency of a storage system can be broken down into the efficiencies

of each stage of the cycle, as shown in Eq. (5).

’
Estorage Estorage Wdischarge _ Wdischarge

&)

Nrt = Ncharge Nstorage Ndischarge = , -
Wcharge E storage E storage Wcharge

where Nenarges Mstorage> ANd Naischarge coOrrespondingly denote the efficiencies of the charge,
storage, and discharge stages that make up the round-trip cycle [62]. W uuree and Wyischarge
represent the energy absorbed during charging and the energy delivered during discharging,
respectively. E,rq0. denotes the energy stored immediately after charging. The energy

remaining after a storage period from ¢, to 75, accounting for any losses during this interval,

’
storage

is designated as E and can be mathematically expressed as follows:

tf .
E:vtorage = Estorage - f Ey dr (6)

To
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e Self-discharge (E,;). The rate at which the storage system loses stored energy over time.

dE storage

fy =
d dt

(7)

storage

It should be noted that is usually a negative value, since Ej,, .z decreases over
time due to self-discharge. Accordingly, Eq. (7) incorporates a negative sign to ensure that
the self-discharge rate is expressed as a positive value. Self-discharge is often expressed
as a fraction or percentage of the energy initially accumulated after charging per unit time,
typically days in the context of grid energy storage systems. Thus, the self-discharge rate

(SDR) is defined as the ratio of E,; to E siorage> and its unit corresponds to those of the

reciprocal of time.

E sd

SDR = (8)

storage
Discharge power rating (Wp,,,). The maximum power output of the energy storage system,
expressed in MW.

Capacity rating (Wp,,x). The maximum capacity of the energy storage system, expressed in
MW.

Energy density (og). Ratio between the electricity released over a complete discharge and
the total storage volume [26], expressed in kWh/m?.

_ Wd ischarge

PE = ©)

Vstorage

Geographical constraints. Limitations imposed by the geographical location on the installa-
tion or operation of the energy storage system. For example, PHES facilities need substantial
space and water resources, while CAES systems require specific geological features, such

as salt caverns.
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2.2.5. Compilation of quantitative indicators

Table 2 compiles the typical values or ranges of all the quantitative indicators, including ref-
erences, along with their corresponding units of measurement. The only categorical indicators
included in Table 2 are TRL, which takes discrete values ranging from 1 to 9, and geographical
constraints, which is a binary parameter that only takes two values: yes and no. Both categorical
indicators are well-documented in the scientific literature for each of the grid storage technologies
included in the comparative sustainability assessment. By contrast, the social requirement and its
corresponding indicators are not featured in Table 2 due to the absence of reliable quantitative
values and references. Quantifying the social dimension of sustainability is challenging [54, 58].
Therefore, social indicators have been assessed qualitatively using categorical units, incorporating

expert input through the Delphi method.
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Table 2: Grid energy storage technologies and quantitative indicators considered for the comparative sustainability assessment. Not available data is as denoted as N/A.

Grid energy storage technology

Requirement  Indicator Unit
PHES CAES LAES NaSB VRFB HES
0.02-0.31 [63] 0.02-0.16 [63] 0.32-0.56 [67] 0.30-0.50 [57]
Levelized cost of storage (LCOS)  $/kWh 0.07-0.14 [64] 0.06-0.13 [64] 0.14-0.46 [66] 0.29-0.34 [67] 0'2070'%0 28] 0.45-0.59 [68]
0.06-0.11 [57] 0.23-0.28 [65] : - 0.44-0.54 [69]
900-2000 [11, 14, 70] 1000-3000 [1, 12, 32, 70] 600-1500 1900-6300 [70]
Power capital cost (') W 600-2000 [11, 12, 31, 70] 400-800 [11, 12, 31, 70] 100-2000 [31] 150-3000 [12] [12,31, 32,70, 72] 1900-10,000 [11]
P AP 500-1500 [71, 72] 400-1000 [14, 73] 700-3000 [26] 350-3000 [32] 175-1500 [12] 1000-3000 [28]
300-1000 [73, 74] 150-900 [14] 300-1500 [14] 2400-4700 [74]
Economic 5-100[1, 11, 12, 14, 31, 32, 2-50[11, 12, 31,70, 72] 260-530[11, 14, 32, 70] 300-500 [1, 12, 32, 70] 1501000 1-10 [70]
Capacity capital cost (I'c) $/kWh 70, 73,741 2-120[72], 1-200 [14] 240-640 [20], 400-800 [26] 250-500 [12] [12. 1431, 32, 70, 72] 45300 [28]
10-20 [71, 72] 4-250 [20], 2-250 [73] 100-300 [27] 100-600 [14] T T
2-10[67], ~ 3 [32] 2-5[67], 10-20 [28] 2-54 [67] 4-51[67], ~ 6.7 [28] 17-27 [28], 17-48 [67]
O&M cost $/0W-yr) 15-52 [28] 19-25 [32] 13:5-30 28] ~80[32] ~70[32] 8-24 28]
30-60 [11, 70, 73, 74] 5-15[11,70] 20-30 [70], ~ 30 [28]
Lifetime (N) yr 40-60 [6, 12, 20, 31, 32] 20-4012, g&gg[ﬁiﬂ 10-15 [1, 12, 32, 70] 5-101[1, 12, 31, 32] 5-30[11]
50 [28], 75 [23] >0 20-40[11, 14, 32,70, 73, 74] 20-25 [28] 5-20[74]
30-40 [20]
23.5-650 [76] 27.1-740 [76]
Global warming potential (GWP) g CO,-eq./kWh 58-530 [77] 292 [79], 380 [80] 30.2-203 [81] 3270?:843“7) gg} 522??2‘3; {gg 5032;1238 Bg}
145-179 [78] 161-272 [78]

Environmental Particulate matter formation (PMF) g PM¢-eq./kWh 0.05-0.85 [76] 0.08-1.00 [76] N/A 0.08-0.85 [76] N/A 0.16-2.18 [76]
Fossil fuels depletion (FFD) g oil-eq./kWh 5.61-189 [76] 7.48-217 [76] N/A 9.97-187 [76] N/A 17.4-475 [76]
Human toxicity (HT) ¢ 1,4-DB-eq./kWh 15'7142;12 F } 24.9-475 [76] N/A 15.3-417 [76] 44-150 [82] 35.3-1030 [76]
Technology readiness level (TRL)  1-9 914, 27,70] 7-8[14,70], 9 [27] 5-6 [14, 66, 70], 7 [27] 914, 70] 914, 27,70] 4-5[70]

40-60 [20, 70], 40-70 [74] 40-60 [26], 45-60 [20] 30-50 [70]
75 8?)5[6875] [;é é(‘)‘ [;; ;(H 42-70 [73], 54-70 [75]  30-70 [83], 45-70 [27, 73] 75797%[_1920’ [3122 710‘3] 20-50[11]
Round-trip efficiency (1,,) %o - 45-70 [83], 40-75 [67, 84] 50-70 [23, 31] ’ 20-66 [74]
70-85 [6, 32], 65-87 [11] 75-85[32]  57_85[11], 60-85 [12, 14, 70]
7585 [32. 83]. 80 [28] 40-89 [11], 50-89 [31] 50-60 [14, 81] 70-85 [67. 84] » > 1%, 35-40 [84]
T 40-95[11]1  55-80[32, 75], 40-85 [11] ? 60-75 [67, 84] ~ 31 [28]
65-75 [32]
75-85[1, 32]
. ~20[12]
Self-discharge rate (SDR) %/day 0.005-0.02 [6, 11, 70] 0.003-0.03 [11, 70] ~0 [70] ~0.20 [70] ~0[11]
Technical 0.05-20 [70]
performance 5.300[11, 12, 31, 67,70] 10-100 [11, 18, 70] 0.05-8 [12. 67] <3[12,31]
. . SR 10-200 [32] . ’ ~12[67] 0.1-1000 [11, 70]
Discharge power rating MW 1-320 [20, 73] 0.05-50 [14, 70]
100-5000 10-320 [27] 20-100 [26] 0.05-34 [67] 0.05-7 [70] 0.1-50 [67]
[1’ 1 l, 12’ 20’ 31, 32’ 67, 70] 1-300 [20, 27, 73] 1-25 [14]
1000-3000 [67]
> 1000 [11, 70] >1000 [14]
Capacity rating MWh > ;88?8[5(;0 1[411 Z(Z)} 580-2860 [32, 74, 75] 10-1000 [11, 70] ?:ggg [[ZZ]] O(I)i(l)g [[12]] 100-1000 [11, 70]
T 640-2640 [27] 40-400 [26]
0.5-1.5 ~50[11, 14, 701, 55 [26]
[1, 11, 12, 14, 20, 31, 32, 2 6 ﬁ; ;41‘ ;;} 50-80 [27], 20-110 [26] 150-250 [12, 14, 32, 70] 1]06_;3()3[[371()]]
Energy density (og) kWh/m? 70, 73] PO 120-200 [20], 32-230 [85] o : 500-3000 [11, 32, 70, 74]
3-12 [11 70] 3-20[20] 150-240 [31] 16-60 [11, 14]
0.2-223] 0.5-20 [14, 23, 27, 73] 60-200 23], 50-200 [73] 10-60 [27]
0.5-2 [21, 74] ’ T 150-250 [21]
Geographical constraints Yes/No Yes [11, 14, 20, 26, 73, 83] Yes No No [11] No [11, 26] Yes [28], No [11, 83]

[11, 14, 20, 26, 27, 73, 83]

[11, 14, 20, 21, 26, 27, 73]
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2.3. Sustainability index and value functions

The sustainability index, denoted as S1, is the global performance metric used for the compar-
ative sustainability assessment. It is calculated as the weighted sum of value function outputs for

each indicator, as given by Eq. (10) [41, 54].

i=k
SI=)" aiBiyiV(P) (10)
i=1

where k refers to the number of indicators in the requirement tree; «;, 5;, and vy; represent the
weights assigned to the requirements, criteria, and indicators, respectively; and V(P;) denotes the
output of the value functions, which normalizes the units of measurement across indicators to a
scale from zero to one, where the extreme values correspond to the minimum and maximum levels
of satisfaction. The value functions also facilitate the incorporation of potential non-linearities
in the sustainability assessment through diverse function shapes, allowing for different levels of
exigency in meeting the sustainability requirements for each specific indicator [54]. Furthermore,
Eq. (10) can be applied to a subset of criteria and indicators belonging to a single requirement,
generating a partial sustainability index (economic, environmental, social, or technical).

The value functions for each continuous quantitative indicator are defined according to Eq.

(11).

ool (=)
—orlm (B2

where P; is the input value of the indicator i for the alternative under assessment. Furthermore,

V(P;) = (11)

P; min and P; 1. denote, respectively, the values of P; corresponding to the minimum and maximum
levels of satisfaction, i.e., O and 1. The terms a;, n;, and m; are shape parameters used to produce
concave, convex, S-shaped, or linear value functions.

Unlike continuous quantitative indicators, both qualitative and discrete quantitative indicators
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require stepped functions, where each step corresponds to a particular category or semantic label.
Each category is in turn associated with a satisfaction level ranging from O to 1 through qualitative
value functions. Therefore, the use of semantic labels does not necessarily limit the accuracy
or sensitivity in assessing and comparing the performance of different technologies for a given

indicator, since each of them is associated with a specific numerical value.

2.4. Assignment of weights

The next step in the MIVES—Monte Carlo methodology involves establishing the weights of
the requirements (@;), criteria (8;) and indicators (y;). Some authors assign equal importance to all
aspects of the evaluation [86]. However, this is not advisable, as it may lead to inaccurate assess-
ments [87]. All requirements contribute to both sustainable development and global sustainability,
and thus, excessively large differences among them should be avoided [54].

The Delphi method can be used to determine the weights, with the collaboration of experts in
defining indicators, the tree structure, as well as social indicators. The Delphi method operates
on the premise that predictions (or decisions) derived from a structured group of individuals are
more reliable compared to those from unstructured groups. In this approach, experts participate
in successive rounds of questionnaire-based surveys. Following each round, a facilitator presents
an anonymized synthesis of the experts’ predictions from the preceding round, along with the ra-
tionales behind their judgments. Thereafter, experts are prompted to review their initial responses
in light of the feedback received from other panel members. This iterative process is expected
to narrow the range of responses and facilitate the group’s convergence toward a certain answer.
Further information about the Delphi method can be found in the scientific literature [88-93].

The assignment of numerical values to the weights of requirements, criteria, and indicators can
be rather straightforward in some cases. Indeed, directly allocating weights to branches containing
up to four indicators typically presents no significant challenges [54]. However, in certain situa-
tions where the requirement tree is overly intricate or when discrepancies among experts occur, it

is recommended to adopt a more rigorous methodological approach, such as AHP [94]. Moreover,
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conducting a subsequent analysis and comparison process is encouraged to mitigate the inherent

subjectivity. As a result, adjustments to the corresponding weights can be made, if necessary.

3. Results and discussion

This section delves into the results of the sustainability assessment for the six different grid
energy storage technologies. It begins with an overview of model inputs, including the use of tri-
angular and uniform distributions, and addressing gaps in data through estimation and expert-based
semantic labeling. The requirement tree and weights used for the model are described thereafter,
followed by a presentation of the sustainability assessment results from Monte Carlo simulations,
including the sustainability indices and cumulative probability curves for the different technolo-
gies. Subsequently, the results from the comparative sustainability assessment are discussed and
contrasted with existing research to underscore the unique features of the model. Finally, a sensi-
tivity analysis is conducted to evaluate the impact of variations in the model inputs on the overall

results.

3.1. Model inputs

Table 3 presents the input values for the model, assessed individually for each alternative.
These values (or ranges of values) are considered as representative of the data previously reported
in Table 2 and are best understood in terms of orders of magnitude rather than precise numerical
figures. Modal values have also been incorporated into the model when available, enabling the
use of both triangular and uniform distributions. Although the results obtained using these two
distributions do not show substantial differences, triangular distributions are more representative
because modal values are considered in the calculation process [56].

Unfortunately, complete information on all energy storage systems is unavailable for certain
environmental impact indicators. Particularly, reliable data on indicators such as PMF, FFD, and

HT for LAES and VRFB systems are lacking, as evidenced in Table 2. To address this issue
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and ensure that all these environmental indicators are still considered in the model, the missing
ranges of values for LAES and VRFB systems have been estimated from the other grid energy
storage technologies using linear correlations. In this regard, it is noteworthy that very strong
linear correlations are observed between the maximum and minimum values of GWP and those of
the other three environmental indicators. In fact, the linear fittings yield very high goodness-of-fit
coefficients (R*> > 0.98).

Likewise, accurate and comprehensive quantitative information is not available regarding the
social indicators considered in this model. In order to address this limitation, these indicators
have been evaluated with semantic labels on a five-point categorical scale, ranging from very low
to very high. Following the Delphi method, a panel of ten experts in the field was convened to
anonymously assign semantic labels to each social indicator for each energy storage technology.

The most representative semantic labels of each indicator and technology are presented in Table 3.
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Table 3: Model input values of the different indicators for all the grid energy storage technologies considered in the comparative sustainability assessment. The numerical values shown
within brackets denote modal values.

Grid energy storage technology

Requirement category Indicator Unit
PHES CAES LAES NaSB VRFB HES
Levelized cost of storage (LCOS) $/kWh 0.02-0.31 (0.10) 0.02-0.28 (0.10) 0.14-0.46 0.29-0.34 0.20-0.56 0.30-0.59 (0.40)
Power capital cost (I'p) $/kW 500-2000 400-1000 (700) 700-3000 (900) 150-3000 (1000) 175-1500 (750) 1000-10000 (3000)
Economic Capacity capital cost (I'c) $/kWh 5-430 (100) 1-270 (35) 100-800 (530) 100-600 (400) 150-1000 45-300
O&M cost $/(kW-yr) 2-52 (15) 2-25(10) 13.5-30 2-80 4-51 8-48 (17)
Lifetime (N) yr 30-60 (50) 20-60 (50) 20-40 (30) 10-15 5-25(10) 5-30 (20)
Global warming potential (GWP) g COyz-eq./kWh 23.5-650 27.1-740 (380) 30.2-203 37.9-640 21-433 50.6-1620
Environmental Particulate matter formation (PMF) g PMj¢-eq./kWh 0.05-0.85 0.08-1.00 0.08-0.30 ¢ 0.08-0.85 0.06-0.6 ¢ 0.16-2.18
Fossil fuels depletion (FFD) g oil-eq./kWh 5.61-189 7.48-217 8.57-59.22¢ 9.97-187 5.88-126.63 ¢ 17.4-475
Human toxicity (HT) g 1,4-DB-eq./kWh 15.7-418 (128) 24.9-475 13.57-122.73 ¢ 15.3-417 44-150 35.3-1030
Risk of accidents Categorical * VL H M L VL H
Social Population displacement Categorical ? M H VL VL VL M
Visual impact Categorical * VH L M M M L
Technology readiness level (TRL) 1-9 9 7-9 5-7 9 9 4-5
Round-trip efficiency (77,/) %o 65-85 (80) 40-75 (52) 40-70 (50) 70-90 60-85 (65) 20-50 (31)
Self-discharge rate (SDR) %/day 0.005-0.02 0.003-0.03 ~0 0.05-20 0.20 0.003
Technical performance  Discharge power rating MW 100-5000 (2000) 5-320 10-300 (100) 0.05-50 (20) 0.05-25 (5) 0.1-1000 (50)
Capacity rating MWh 500-8000 580-2860 10-1000 (400) 1-600 (125) 0.05-100 (10) 100-1000
Energy density (pf) kWh/m? 0.2-2 0.5-20 (6) 20-230 (110) 150-250 10-60 (20) 500-3000
Geographical constraints Categorical Yes Yes No No No Yes/No

2 VH = Very High, H = High, M = Medium, L = Low, VL = Very Low. b Yes/No.
¢ Estimated using a linear fitting between this indicator and global warming.
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The values in Table 3 reflect the current situation and are expected to remain applicable for
the next few years. However, it is important to note that some values may need to be updated and
revised over time. Energy storage technologies with low TRL values are the most uncertain and,
as such, are more likely to experience changes in the model input values (or distributions) for cer-
tain indicators. In these cases, it is reasonable to expect costs to decrease as technologies mature.
Following the same reasoning, lifetime is expected to increase for technologies with lower TRL
values, while remaining relatively stable for more mature ones. However, if the TRL is too low,
overly optimistic estimates could lead to the opposite effects. From an environmental perspective,
less mature technologies could see improvements for reasons similar to those outlined for costs,
especially in developed countries, where environmental regulations are becoming stricter. Like-
wise, the technical performance of less mature alternatives may also improve over time, except
for the indicator “geographical constraints”, which is very unlikely to change. Notably, the “risk
of accidents” is the only social indicator included in the model that could vary significantly in the
future. There are several reasons for this: increasingly stringent occupational safety regulations,
lessons learned from accidents as technologies spread across the globe, and an increase in the
TRL, among others. Notwithstanding the above, as long as up-to-date data are used, the model

should remain reliable.

3.2. Requirement tree, weights and value functions

Table 4 presents the requirement tree for the model, outlining the various requirements, criteria,
and indicators that guide the assessment process. The table is organized into four main requirement
categories, each with an associated weight («;), and further broken down into ten criteria with their
respective weights (5;). Additionally, the tree includes nineteen indicators, each assigned a specific
weight (y;). In accordance with the Delphi method, a panel of ten experts in the field was engaged
to assign numerical values to the weights of requirements («;), criteria (5;), and indicators (y;).

The average values for their respective weights are also reported in Table 4.
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Table 4: Requirement tree for the model.

a; Requirements Bi Criteria Vi Indicators

38.0% Cost of storage 100% Levelized cost of storage (LCOS)

46.5% Power capital cost

21.9% Short-term financing needs

25.6% Economic 53.5% Capacity capital cost
20.0% Long-term financing needs 100% O&M cost
20.1% Risk of obsolescence 100% Lifetime

29.9% Global warming potential (GWP)
23.1% Particulate matter formation (PMF)
22.8% Fossil fuels depletion (FFD)
24.2% Human toxicity (HT)
40.5% Risk of accidents

21.9% Social 100% Social 38.0% Population displacement
21.5% Visual impact

28.4% Environmental 100% Environmental

32.9% Technological maturity 100% Technology readiness level (TRL)

63.5% Round-trip efficiency
36.5% Self-discharge rate (SDR)

24.1%  Technical 43.0% Discharge power rating
20.4% Power and capacity

30.9% Efficiency

57.0% Capacity rating

55.0% Energy density

15.8% Space requirements - -
45.0% Geographical constraints

In Table 4, certain criteria, particularly those pertaining to the economic and technical re-
quirement categories, need clarification. The CAPEX criterion represents the short-term financing
needs and is assessed through two indicators: power capital cost and capacity capital cost. Con-
versely, the OPEX criterion addresses long-term financing needs. The lifetime indicator is associ-
ated with a risk of premature obsolescence criterion, where technologies with prolonged lifetimes
may incur penalties due to a higher probability of becoming obsolete over time. Regarding the
technical criteria, the efficiency criterion consists of both round-trip efficiency and self-discharge
rate. The size and suitability of each technology for grid energy storage in terms of the power
and capacity rating indicators are assessed through the power and capacity criterion. Finally, the

space requirements for each technology are evaluated through a criterion that includes the energy
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density of each technology and the geographical constraints.

A value function was established for each of the indicators under consideration in the com-
parative sustainability assessment. Table 5 illustrates the parameters used for quantitative value
functions. Additionally, Table 6 outlines the satisfaction levels associated with the semantic labels
used in the stepped qualitative value functions. All these value functions were developed with
varying shapes according to the insights gathered from the aforementioned panel of experts. This

variety of shapes reflects the different levels of exigency associated with each indicator.

Table 5: Parameters for the quantitative value functions.

Parameters Characteristics
Indicator Unit
Pinax Pimin @ m; n; Shape Trend

Levelized cost of storage (LCOS) $/kWh  0.02 05 425 0.5 0.23 S-shaped Decreasing
Power capital cost (I'p) $/kW 400 5000 4.8 0.5 2750 S-shaped Decreasing
Capacity capital cost (I'¢) $/kWh 1 500 48 05 275 S-shaped Decreasing
O&M cost $/(kW-yr) 2 50 2.7 035 20 S-shaped Decreasing
Lifetime (N) yr 20 60 24 08 24 S-shaped Decreasing
Global warming potential (GWP) g CO,-eq./kWh 20 700 26 02 400 Concave Decreasing
Particulate matter formation (PMF) gPMp-eq/kWh 0.05 095 235 0.16 0.54 Concave Decreasing
Fossil fuels depletion (FFD) g oil-eq./kWh 5 200 25 02 115 Concave Decreasing
Human toxicity (HT) g 1,4-DB-eq./kWh 15 400 27 03 250 Concave Decreasing
Round trip efficiency (17,1 % 100 0 3 05 50 S-shaped Increasing
Self-discharge rate (SDR) %/day 0 1 35 0.1 0.9 Concave Decreasing
Discharge power rating MW 500 0 25 01 80 S-shaped Increasing
Capacity rating MWh 1000 0 25 0.1 160 S-shaped Increasing
Energy density (o) kWh/m® 250 0 06 05 250 Convex Increasing

Table 6: Parameters for the qualitative value functions.

Indicator Semantic label — Satisfaction level # Trend
Risk of accidents VL->1,L—-08M—-05H—-02 VH—-0 Decreasing
Population displacement VL-1,L—-08M—-06H—-04,VH—-O0 Decreasing
Visual impact VL-1,L—-08M—05H—-0.25VH—-0 Decreasing
Technology readiness level (TRL) 14— 0,5—-0.1,6 -0.2,7—>0.5,8 - 0.8,9 - 1 Increasing
Geographical constraints No—1,Yes —0 Decreasing

2 VL = Very low, L = Low, M = Medium, H = High, VH = Very High

37



670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

3.3. Results from the sustainability assessment

The results of the MIVES—Monte Carlo simulation to assess the sustainability index (S7) of
each grid energy storage technology are presented in Table 7. These results were obtained using
the average weights provided in Table 4 and the value functions outlined in Tables 5 and 6. The
sustainability index is expressed as a percentage to enhance readability, although it is typically
mathematically defined on a scale from O to 1. Several parameters are compared across these tech-
nologies, starting with the rank, which indicates each technology’s relative standing based on the
statistical parameters reported in Table 7. The minimum and maximum values represent the lowest
and highest sustainability indices observed during the simulations, defining the range of possible
outcomes for each technology. The median value reflects the central tendency (50" percentile),
showing the point where half of the data points fall below and half above. The mode represents the
most frequently occurring SI value, while the mean indicates the average sustainability index. The
standard deviation provides insights into the variability of the results, with higher values suggest-
ing increased fluctuation, and in turn, greater uncertainty regarding the sustainability performance

of each technology.

Table 7: Summary of the MIVES—-Monte Carlo simulation results for the sustainability index (SI). Even though
sustainability indices typically range from O to 1, all values are expressed in percentage form to facilitate reading.

Energy storage Parameters

technology Rank Min. Median Max. b Range Mode Mean S. Dev. ¢
PHES 3rd 41.85% 60.04% 78.51% 36.66% 59.39% 60.14% 4.98%
CAES 5th 35.94% 51.86% 71.26% 35.32% 52.48% 52.02% 4.73%
LAES ond 49.24% 61.54% 77.19% 27.95% 60.14% 61.86% 4.39%
NaSB 4th 41.70% 54.46% 75.32% 33.61% 54.59% 54.46% 4.81%
VRFB 18 50.22% 62.81% 80.68% 30.46% 63.45% 63.02% 4.51%
HES eh 23.30% 33.57% 52.66% 29.35% 32.73% 33.96% 3.93%

2 Minimum, ® Maximum, ¢ Standard deviation.

Table 7 reveals that VRFB stands out as the most sustainable technology, ranking first with a
median sustainability index of 62.81% and a mean value of 63.02%, indicating strong consistency
in its performance. LAES and PHES follow closely behind, with median sustainability indices

of 61.54% and 60.04%, respectively, and mean values of 61.86% and 60.14%, reflecting minimal
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deviation between the central tendency and the average performance for these technologies. NaSB
and CAES follow at a significant distance, with median values of 54.46% and 51.86%, and cor-
responding mean values of 54.46% and 52.02%, showing slight variation but still maintaining a
relatively close alignment between the median and mean values. Finally, HES ranks last, with the
lowest median sustainability index of 33.57% and a mean value of 33.96%, indicating that it is the
least sustainable alternative among the technologies assessed.

Fig. 5 illustrates the frequency histograms for the S/ of the different technologies. These his-
tograms visually represent the information included in Table 7, and are therefore worth interpreting
further. On the one hand, the width of the bars on the abscissa axis provides an idea of the range,
which serves as a measure of dispersion (once the outliers are discarded) and, therefore, of vari-
ability. Technologies with narrower ranges, such as LAES, HES, and VRFB, also exhibit lower
standard deviations, another metric for measuring the dispersion or variability of results. Con-
sequently, these technologies demonstrate a more predictable sustainability performance, with S/
values that are more tightly clustered around the mean. By contrast, PHES, CAES, and NaSB are
associated with higher uncertainty, with a wider distribution of SI values and higher standard de-
viations. However, it is important to note that the differences in variability among the technologies
are not significant enough to be clearly observed in the frequency histograms of Fig. 5, making
Table 7 indispensable. On the other hand, frequency histograms facilitate comparisons between
technologies, especially when two alternatives that are not very close in the ranking are pitted
against each other. Therefore, the further to the right the histogram is positioned, the better the
sustainability performance of the technology. For example, as shown in Fig. 5, the histogram for
HES is positioned between SI values slightly above 0.2 and those close to 0.5, with most of them
clustered between 0.3 and 0.4. The histograms for the other technologies are shifted to the right,
with the majority of their SI values above 0.4. This indicates that HES is the least sustainable tech-
nology. Similarly, from Fig. 5 it is also clear that the histogram for VRFB is positioned between S/

values close to 0.5 and 0.8, with most of the values concentrated above 0.6. It is therefore obvious
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that VRFB tends to outperform technologies such as CAES, for instance, which has an S/ range

between 0.4 and 0.7, with its most likely values slightly above 0.5. Other similar comparisons can

be drawn from Fig. 5. Nevertheless, such comparisons become more challenging when the tech-

nologies exhibit similar performance, as is the case with VRFB and LAES. In other words, Fig. 5

does not clearly reveal which technology is marginally superior in terms of sustainability, because

their frequency histograms are quite alike. In such cases, it is essential to refer to the numerical

results reported in Table 7.
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Figure 5: Frequency histograms for the sustainability index (S7) of each energy storage technology.

Frequency histograms can also help identify potential asymmetries in the data. However, no

significant asymmetries are apparent in the histograms included in Fig. 5. This observation is

72« consistent with the data presented in Table 7, since the mean and median values are always very

725

close to each other. Looking more closely, Table 7 shows that for five of the six technologies, the

40



726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

mean is slightly higher than the median, indicating a minor rightward (or positive) skew. How-
ever, given the negligible differences, it is reasonable to conclude that the distributions are nearly
symmetrical, as confirmed by Fig. 5.

Fig. 6 illustrates the cumulative probability curves for all the alternatives, facilitating the under-
standing of the numerical values reported in Table 7. Additionally, it helps to visualize the ranking
position of each technology in terms of sustainability performance. Each curve in Fig. 6 represents
the cumulative probability of achieving a particular value of the SI across the range of potential
outcomes. The steepness and position of the curves provide insights into the relative sustainability
of each technology. Technologies with curves positioned further to the right exhibit higher sus-
tainability indices, indicating stronger overall performance in sustainability metrics. Conversely,

curves positioned to the left reflect lower sustainability indices, suggesting weaker performance.
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Figure 6: Cumulative probability curves for the sustainability index (S7) of each energy storage technology.

As shown in Fig. 6, VFRB generally performs the best, as its curve is positioned furthest to the
right, resulting in higher sustainability indices across a wider range of probabilities. LAES and
PHES follow at a very close distance, suggesting that these technologies also perform well in terms

of sustainability, with their curves overlapping or near VFRB’s curve. CAES and NaSB show in-
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termediate sustainability performance, with their curves positioned further to the left toward the
middle of the chart, implying lower sustainability indices at comparable cumulative probabilities.
Notably, HES ranks the lowest, with its curve positioned the farthest to the left, indicating that it
consistently achieves lower sustainability indices compared to the other energy storage technolo-
gies.

A more detailed analysis of the results, focusing on each requirement separately, provides addi-
tional insights and allows justification of the position of each technology on the basis of the model
input values. Fig. 7 displays the cumulative probability curves for the economic, environmental,
social, and technical sustainability indices of each alternative.

From an economic point of view, CAES ranks as the top-performing alternative, having ob-
tained the highest modal, mean, minimum, maximum and median values for the economic index.
This outcome is reasonable, since CAES presents the most favorable distribution function for the
LCOS, closely resembling that of PHES, which ranks as the second-best option in the economic
dimension (see Table 3). In fact, the differences between these two technologies mostly lie in the
higher short- and long-term financing needs that PHES tends to have (Table 3). The remaining al-
ternatives lag considerably behind these top two options, generally showing higher LCOS values
and greater financing needs (Table 3). Although these alternatives have a lower risk of premature
obsolescence due to shorter service lives, this advantage does not offset their weaker performance
on other economic indicators. Nevertheless, it is noteworthy that some of these technologies, par-
ticularly LAES and HES, are not yet mature enough (TRL values ranging from 5 to 7 and from 4
to 5, respectively). Therefore, it is reasonable to expect that as these technologies advance, their
increased maturity, together with improvements in process efficiency and experience-driven cost
reductions, will drive down overall costs, potentially improving their economic performance over
time.

The most significant differences among the six large-scale energy storage technologies occur

at the environmental level, with a larger gap between the curves for the best and worst perform-
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Figure 7: Cumulative probability curves for the partial (economic, environmental, social, and technical) sustainability
indices (S7) of each energy storage technology.

ing options compared to other sustainability dimensions (see Fig. 7). LAES ranks highest in this
category, since the maximum values it adopts during simulation across the four environmental in-
dicators are considerably lower than those for other technologies, as is clear from Table 3. LAES
achieved the best results in terms of minimum, maximum, mean, and median environmental in-

dices, as well as the smallest range and standard deviation values, indicating less uncertainty in
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its environmental performance relative to other technologies. LAES demonstrates consistently
strong environmental results, ranging from acceptable (above 50%) to excellent, while other tech-
nologies show a much broader spectrum, ranging from very unsatisfactory to quite satisfactory
performances. VRFB ranks as the second-best alternative from an environmental perspective. Al-
though its minimum values are smaller than those of LAES for three of the four environmental
indicators, it is handicapped by the fact that it can also adopt considerably higher values (Table 3).
Nonetheless, under optimal conditions, its environmental performance can reach an index of over
90%. In contrast, HES ranks last, the same position as in the economic ranking. According to the
uniform distribution functions defined in Table 3, this technology currently has the greatest po-
tential to contribute to the four environmental impacts. Consequently, even in the most favorable
scenario, its environmental performance is far from the best possible outcomes. The underperfor-
mance of HES from an environmental perspective can be partly attributed to its lower round-trip
efficiency, resulting in greater energy losses and, consequently, a higher environmental impact per
unit of energy delivered back to the grid. The environmental performance of HES also depends
on the energy source used for its production, which introduces significant variability in indicators
such as GWP. However, it is important to note that HES is still at a relatively low TRL, which
means that there is considerable potential for improvements in both efficiency and environmental
performance over time.

Regarding the social dimension, the value that each technology adopts for each indicator dur-
ing simulation remains constant (Table 3). In other words, social indicators were not evaluated
probabilistically, resulting in no variability in the outcomes or rankings. VRFB achieved the high-
est social index (89.25%), followed by NaSB (81.15%). Both technologies are characterized by
having a low or very low risk of accidents. Similarly, both present the best possible input value
for the indicator of population displacement. The remaining technologies perform considerably
worse, with social indices varying from 40.5% (CAES) to 69% (LAES). CAES and HES are ar-

guably the only two technologies with unacceptably low social indices, both below 50%. Their
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inherent characteristics (high pressures, flammability, potential leakage, among others) contribute
to a higher risk of accidents (Table 3). PHES ranks as the fourth option, influenced by its very
high visual impact and a medium risk of negative population displacement, which may arise from
the need to flood valleys for water reservoirs.

From a technical perspective, PHES is the leading technology, as evidenced by its cumulative
probability curve being positioned to the right of the other curves (Fig. 7). Considering this result
alongside its second-place ranking in the economic dimension, it can be concluded that PHES is
the best option from a techno-economic perspective. Nevertheless, its environmental and social
performance prevents it from being deemed the most sustainable technology, although it is well
positioned in the overall ranking (Fig. 6). PHES is a mature technology and, consequently, the
variability in its technical performance is lower than in other alternatives, with a technical in-
dex between 73.82% and 83.36%. Its main drawbacks are low energy density and geographical
constraints (Table 3). Conversely, HES currently ranks as the least favorable option. Despite pre-
senting high energy density and negligible self-discharge rates, HES suffers from low TRL and
low round-trip efficiency. VRFB and NaSB are quite similar alternatives in terms of technical per-
formance, as indicated by the proximity of their cumulative probability curves in Fig. 7. CAES and
LAES show substantial variability in terms of technical performance, with indices ranging from
45.07% to 81.89% for CAES and from 32.42% to 75.28% for LAES. However, both technologies
are generally far behind PHES and NaSB. Table 8 summarizes the position that each technology
tends to occupy from economic, environmental, social, and technical points of view.

It is important to note that the results presented in this section not only provide an overview of
the different levels of sustainability that can be achieved by each energy storage technology. These
findings serve as support for decision-makers, since they allow them to know the probability of
each technology reaching a level of sustainability above or below a certain threshold. Furthermore,
this information is available individually for each sustainability dimension (economic, social, en-

vironmental, and technical), which allows decision-makers to select alternatives tailored to the
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Table 8: Expected ranking of the grid energy storage technologies in economic, environmental, social, and technical
dimensjons.

Energy storage Sustainability dimension

technology Economic Environmental Social Technical?
PHES 2nd 3 4th 1
CAES I 5t 6 3
LAES 31 I 3rd 5t
NaSB Sth 4th 2nd 2nd
VRFB 4th 2nd I 3
HES 6th 6th Sth 6th

2 VRFB and CAES share the third position, as in approximately 50% of the iterations, one
technology outperforms the other, and vice versa.

specific priorities of a given country or region. These priorities depend on the level of economic
development that each country has and are also subject to change over time. However, as with any
model based on multi-criteria methods, subjectivity can influence the results, and this study is no
exception. Therefore, to reduce the impact of subjectivity, it is advisable to adopt a probabilistic
approach and conduct a sensitivity analysis by varying the values of the parameters most affected
by subjectivity (further details are provided in Section 3.5).

In summary, no single technology excels across all four dimensions of sustainability. However,
some options have demonstrated a more balanced performance, while others exhibit remarkable
outcomes in certain dimensions but perform poorly in others. The first group includes VRFB,
LAES, and PHES, identified as the three most sustainable alternatives. Each of these technologies
ranks first in at least one sustainability dimension and never falls to the last position in any of them.
NaSB and CAES are one step below this top tier. NaSB achieves a commendable second position
in one dimension but does not rank last in any, which is reflected in its cumulative probability
curve being slightly to the left of the top three technologies (see Fig. 6). CAES, on the other hand,
ranks fourth, fifth, and sixth in the technical, environmental, and social dimensions, respectively,
and these positions do not offset its first-place standing in the economic dimension. HES ranks

last in three out of the four dimensions of sustainability, with its best performance being a fifth
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place in the social dimension. Nevertheless, it should be noted that, despite its lower sustainabil-
ity performance, HES has a particular advantage over other energy storage systems, which is the
versatility of hydrogen. Beyond grid energy storage, hydrogen has a wide range of applications.
Due to its higher energy density compared to other energy storage options (see Table 3), hydro-
gen can be used to power fuel cell vehicles. In industries, hydrogen is essential for ammonia and
methanol production, petroleum refining, and steel manufacturing. It also has significant potential
in residential heating through hydrogen boilers and blending with natural gas. Additionally, hy-
drogen is used in electronics, space exploration as a rocket fuel, and as a feedstock in chemical
synthesis. These diverse applications of hydrogen may have implications for the overall sustain-
ability of HES that are challenging to quantify, such as the development of associated businesses
and ancillary industries. On the other hand, it is important to remember that the results from the
sustainability assessment reflect the current state of grid energy storage technologies. Therefore,
as these technologies with lower TRL values advance, their sustainability performance is expected

to improve over time.

3.4. Comparison with prior research

In this section, the results of this study are compared with those of related studies in the existing
literature. However, it should be noted that such comparisons have inherent limitations, since
the MIVES method offers distinct advantages over other MCDM approaches, and no previous
model has considered as many indicators as the one developed in this study. Nonetheless, partial
comparisons remain meaningful for drawing conclusions. Table 9 provides an overview of the key
similarities and discrepancies between the results of this study and previous research, along with
insights into the main reasons behind such differences.

Ren and Ren [35] developed a model for assessing the sustainability of five energy storage
technologies, two of which, PHES and CAES, are also included in this study. They considered
a base case and eleven alternative scenarios with modified weights for the indicators. In eight of

the twelve scenarios (including the base case), PHES turned out to be a better alternative than
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Table 9: Key similarities and differences between the results of this study and prior research.

Source Common Coincident results Differences Main reasons for the dif-
technologies ferences

[35] PHES and PHES tends to outperform CAES has obtained better ~Absence of social indica-
CAES CAES. results. tors.
[36] PHES, HES, e PHES and VRFB tend e PHES outperforms  Excessive differences
NaSB and to be more sustainable VREB. among the weights of the
VRFB than NaSB. e HES ranks first. sustainability dimensions.
e Prioritizing the eco-
nomic dimension
harms HES and favors
PHES.
e Prioritizing the social
dimension boosts
VRFB and hinders
PHES and HES.

[37] PHES and PHES tends to outperform CAES is closer to PHES. Absence of social indica-

CAES CAES. tors.
[38] PHES Not applicable. Not applicable. Not applicable.
[39] PHES, CAES PHES and CAES have ob- e CAES outperforms e Inadequate classi-
and HES tained better results than PHES. fication of  certain
HES. e CAES, PHES and HES indicators.
are in close proxim- e Useofascaleof1to5
ity, according to the in- to assess the indicators.
dex used to generate the e Input values estab-
ranking. lished by only three
experts.

e Ranking based on a rel-
ative index.

CAES, which is consistent with the results obtained in this work. However, the difference in terms
of sustainability performance between PHES and CAES is larger in the MIVES model. This is
partly due to the consideration of the social dimension of sustainability, where PHES obtained a
satisfaction index of 63.30% compared to 40.50% for CAES, the worst alternative from a social
perspective. PHES also outperformed CAES in environmental and technical aspects (see Section
3.3 and Fig. 7). If Ren and Ren [35] had included social indicators in their model, PHES would
most likely have outperformed CAES in some of the four scenarios in which CAES ranked higher.

Acar et al. [36] proposed a 14-indicator model for assessing the sustainability performance

of various energy storage systems considering economic, social, environmental, and technical as-

48



876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

pects. In particular, they compared PHES, conventional batteries, high-temperature batteries, flow
batteries, and HES. NaSB can be classified as a high-temperature battery, while VRFB is a flow
battery. Therefore, they evaluated four of the six alternatives examined in this study. HES was
ranked as the most sustainable alternative, followed by PHES, flow batteries (VRFB), conven-
tional batteries, and high-temperature batteries (NaSB), in descending order of sustainability. The
results obtained from the MIVES model differ significantly from those of Acar et al. [36], but
there are several factors that can explain these discrepancies. One of the main reasons is that the
weights introduced in their study do not align with the definitions of sustainable development or the
broader concepts of integral and global sustainability. Although slight differences in the weights of
sustainability dimensions are acceptable, large disparities contradict the core principles of sustain-
ability. In their study, the technical requirement is almost 4 times more important than the social
one and almost 2.5 times more relevant than the economic one. Similarly, the weight defined for
the environmental dimension is almost 2.8 times higher than that of the social requirement. Con-
sequently, the weights proposed by Acar et al. [36] do not adequately represent the balance among
the diverse aspects of sustainability, and thus, the alternative identified as the best in their model is
not necessarily the most sustainable. On the other hand, Acar et al. [36] assessed all indicators for
the energy storage systems using semantic labels, each associated with a triangular fuzzy number.
Semantic terms are helpful for indicators that cannot be evaluated numerically, or for those that
could theoretically be assessed numerically, but for which reliable data are unavailable. However,
many of the indicators they considered could have been assessed numerically. Thus, the use of
semantic labels is a potential source of inaccuracies. In addition, they included air pollutants such
as CO,, N,O, CHy, and fluorinated gases within the environmental dimension. However, a more
appropriate approach would have been to consider environmental impact categories (e.g., global
warming potential, particulate matter formation, or human toxicity, among others), since a single
pollutant can contribute to various environmental impacts. Despite the differences in findings be-

tween Acar et al. [36] and this study, there are notable similarities. For instance, they concluded

49



902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

that increasing the weight of the economic requirement reduces the sustainability performance
of HES while enhancing that of PHES, which agrees with the results obtained using the MIVES
model. Similarly, prioritizing the social requirement improves the performance of flow batteries
(VRFB), while PHES and HES decline in the ranking. This aligns with the findings of the MIVES
model, which identifies VRFB as the top alternative from a social perspective, with a satisfaction
index of 0.89, while PHES and HES fall to the 4" and 5™ positions in the ranking, respectively.

Vo et al. [37] also developed a multi-criteria model for assessing the sustainability of energy
storage technologies, specifically considering P2G, PHES, and CAES. The focus here is on com-
paring PHES and CAES, which are also part of this study. They concluded that PHES contributes
more to sustainability than CAES, a finding that aligns with the results of this study, where PHES
shows higher minimum, maximum, and mean values for the sustainability index than CAES, as
previously evidenced in Table 7. Despite this coincidence, it is worth noting that the model pro-
posed by Vo et al. [37] presents several limitations, which may result in misleading conclusions
when applied to other energy storage technologies. On the one hand, their model only quantita-
tively addresses one environmental impact, CO,-eq. emissions, while the remaining environmental
impacts are combined into a single indicator evaluated using semantic labels. On the other hand,
a major weakness of their model is the complete absence of social indicators. A model designed
to assess sustainability cannot ignore social aspects, even if they are challenging to quantify. At
the very least, an evaluation similar to the one performed using the MIVES model should be con-
ducted. Incorporating social indicators into the model developed by Vo et al. [37] would likely
increase the difference between PHES and CAES in terms of sustainability performance.

Guo et al. [38] presented a multi-criteria model to assess the sustainability of conventional
and underground PHES. As no distinction is made between these two technologies in this work,
a direct comparison with their results is not possible. Nevertheless, it is worth clarifying some
aspects about the model proposed by Guo et al. [38]. It consists of 16 indicators belonging to

the economic, social, and environmental dimensions of sustainability. Technical aspects were
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overlooked, probably due to the fact that both options (conventional and underground PHES)
perform similarly from a technical standpoint. Consequently, the model developed by Guo et
al. [38] needs to be completed with technical indicators to be applicable to other alternatives.
Otherwise, it may lead to biased results.

Finally, the last model presented in Table 9 corresponds to the one proposed by Albawab
et al. [39]. It consists of 17 indicators and was used to compare the following seven energy
storage technologies: lead-acid batteries, Li-ion batteries, supercapacitors, HES, CAES, PHES and
thermal energy storage. However, the scope of the discussion is limited to HES, CAES, and PHES,
as these are the technologies shared by both studies. Their results indicate that CAES is the most
sustainable option, followed by PHES and HES, all of which exhibit similar performances. In fact,
CAES achieved a degree of utility of 0.990 (with 1 being the highest possible value), while PHES
and HES scored 0.910 and 0.881, respectively. It is important to clarify that the degree of utility
used by Albawab et al. [39] to rank the technologies is a relative indicator, which is calculated by
dividing the result of each option by that of the best-performing one. Consequently, this indicator
does not represent the actual level of sustainability of each technology, as one alternative will
always have a degree of utility equal to 1, regardless of its contribution to sustainable development.
Furthermore, if additional technologies are included in the comparison, the alternative with the
degree of utility equal to 1 may change, affecting the degrees of utility of the other options. This
issue is avoided with the MIVES method, which, in fact, reveals greater differences in the results
among these three technologies. For example, PHES obtained an average SI of 0.601, whereas
the corresponding SI values for CAES and HES were 0.520 and 0.340, respectively. There is a
methodological reason to justify this difference. In the MIVES method, the best possible outcome
for an indicator (satisfaction equal to 1) does not necessarily correspond to the input value of one
of the alternatives. In other words, for a given indicator, none of the alternatives may achieve
the optimal value. Therefore, the sustainability indices generated by MIVES are usually lower

than those from other methods, as MIVES indicates the actual distance between the sustainability
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performance of each alternative and the theoretically maximum possible value of sustainability.
On the other hand, according to the model presented in this paper, PHES is generally a better
option than CAES. In fact, PHES consistently surpasses CAES from a social point of view and
usually leads in technical and environmental aspects as well. Only in economic terms does CAES
outperform PHES. The model proposed by Albawab et al. [39] presents certain limitations that
may explain why CAES obtained a higher contribution to sustainability than PHES. First, they
used a scale from 1 (worst possible value) to 5 (best possible value) to evaluate the indicators. The
corresponding values for the alternatives were established by three experts. Using these scales,
instead of real numerical values with their measurement units (for example, $/kWh, MWh, g
CO,-eq./kWh, among others), can lead to distortions in the results, as was also discussed for
the semantic labels used by Acar et al. [36]. In addition, some of the indicators considered by
Albawab et al. [39] were not included in the right dimension of sustainability. For instance, the
indicators belonging to the “resource” criterion may be categorized as environmental indicators.
Similarly, the indicator “current installed capacity”, classified within the social dimension, does
not necessarily correlate with positive social outcomes and may, in fact, produce negative effects.
Therefore, this indicator should have been disregarded in the model of Albawab et al. [39], as it
may lead to biased conclusions. Another possible miscategorization is the “growth rate” indicator,
also included in the social dimension. These misclassifications explain why, according to Albawab
etal. [39], CAES is more sustainable than PHES, being able to compete not only economically (see
Table 3), but also in other dimensions of sustainability. In addition, the environmental assessment
is limited to CO, and greenhouse gases. All this suggests that the results of Albawab et al. [39]

can be further improved and expanded upon, as has been attempted in this work.

3.5. Sensitivity analysis
This section presents a comprehensive sensitivity analysis that evaluates various components
of the MIVES—Monte Carlo model. It includes assessments of changes in indicator weights, tree

weights, and value functions, as well as an evaluation of indicator impacts using tornado diagrams.
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3.5.1. Sensitivity to changes in average indicator weights

First of all, the model’s sensitivity to variations in its indicators is examined, considering the
average weights resulting from the Delphi analysis. As shown in Table 10, the average weights
of the four requirement categories are of comparable magnitude, falling within the 20-30% range.
Among the criteria, environmental impacts hold the highest weight at 28.4%, followed by social
impacts at 21.9%. The remaining criteria exhibit varying weights ranging from 9.7% for the cost
of storage to 3.8% for space requirements, while the indicators fluctuate between 9.7% for the

LCOS and 1.7% for geographical constraints.

Table 10: Results of the sensitivity analysis considering the average weights resulting from the Delphi analysis.

Criteria a;B; Indicators a; Bivi
Cost of storage 9.7% Levelized cost of storage (LCOS) 9.7%
Short-term financing needs  5.6% Power.capltal. cost 2.6%

Capacity capital cost 3.0%
Long-term financing needs  5.1% O&M cost 5.1%
Risk of obsolescence 5.2% Lifetime 5.2%

Global warming potential (GWP) 8.5%
Particulate matter formation (PMF) 6.6%

Environmental 28.4% Fossil fuels depletion (FFD) 6.5%
Human toxicity (HT) 6.9%

Risk of accidents 8.9%

Social 21.9% Population displacement 8.3%
Visual impact 4.7%

Technological maturity 7.9% Technology readiness level (TRL) 7.9%
. Round-trip efficiency 4.7%
Efficiency 7:4% Self-discharge rate (SDR) 2.7%
. Discharge power rating 2.1%

Power and capacity 4.9% Capacity rating 2 3%
. Energy density 2.1%

Space requirements 3-8% Geographical constraints 1.7%

Table 10 reveals that the levelized cost of storage (LCOS) is the most important indicator, ac-
counting for 9.7% of the total weight. Following closely are the risk of accidents at 8.9%, global
warming potential at 8.5%, social impacts due to population displacement at 8.3%, and technology

readiness level (TRL) at 7.9%. Next, there is a group of indicators with a more limited influence
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on the model’s results, with weights between 6.9% and 4.7%. In descending order of importance
these indicators are: human toxicity, particulate matter formation, fossil fuels depletion, lifetime,
O&M cost, round-trip efficiency, and visual impact. Finally, the indicators for which the model is
less sensitive, with weights equal to or less than 3%, are in descending order of significance: ca-
pacity capital cost, capacity rating, self-discharge rate, power capital cost, discharge power rating,
energy density, and geographical constraints. However, targeted actions can affect multiple indi-
cators simultaneously. For instance, increasing capital expenditure (related to short-term financing
needs) could reduce both O&M costs (related to long-term financing needs) and LCOS. Accord-
ing to Table 10, the model’s sensitivity to such an action is 9.2% (9.7% — 2.6% — 3.0% + 5.1%).
Larger sensitivity changes can be achieved through other strategies. One such approach involves
implementing a value engineering program aimed at reducing investment and O&M costs, thereby
decreasing the LCOS. The model’s sensitivity to this action 1s 20.4% (9.7% +2.6% +3.0% +5.1%).
This amount could increase to 21.9% (8.5% + 6.6% + 6.9%) if an environmental life cycle assess-
ment (LCA) is conducted, improving emission outcomes. Finally, a more in-depth environmental
LCA could increase the sensitivity to 28.4% (8.5% + 6.6% + 6.5% + 6.9%). All these findings are

based on the average weights from the opinions of the ten experts consulted in the Delphi analysis.

3.5.2. Sensitivity to changes in indicator values based on tree weights

The second component of this sensitivity analysis involves evaluating the diverse opinions of
experts in determining the weights assigned to each requirement (¢;), criterion (5;) and indicator
(). Table 11 presents the rankings derived from the individual weights assigned by the ten experts
consulted in the Delphi analysis [88-93]. Similarly, Fig. 8 includes the cumulative probability
curves for the sustainability index (S7) of each energy storage technology according to the eight
weight sets presented in Table 11. All participating experts meet the requirements set out by
Hallowell and Gambatese [95] for a rigorous application of the Delphi method.

In the first iteration of the Delphi method, the ten experts were thoroughly briefed on the

meaning and scope of the requirements, criteria and indicators of the tree. Following this, they
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Table 11: SI rankings using the different weight sets of the ten experts according to the Delphi method.
Experts People = PHES CAES LAES NaSB VRFB HES

#1,#2,#3 3 I 5t 2n 4% 3 6"
#4 1 1 st 4th 3rd Sth 2nd 6th

#5 1 3 rd 4th 1 st Sth 2nd 6th

#6 1 4th 5th 2nd 3rd 1 st 6th

#7 1 2nd 4th 1 st Sth 3rd 6th

#8 1 3rd Sth 1 st 4th 2nd 6th

#9 1 3 rd 4th 1 st 5 th 2nd 6th

#10 1 3rd 5th 1 st 4th 2nd 6th
Average rank 3rd 5 It 4t 2nd 6

anonymously provided their proposed weights. While the suggestions were largely consistent for
some aspects of the requirement tree, notable discrepancies appeared in others. In some instances,
these discrepancies can be significant. Nevertheless, the weight sets of most experts led to similar
conclusions.

Subjectivity in assigning weights is a potential issue, but it can be managed through multiple
rounds of the Delphi method, conducted anonymously. This approach makes it possible to explore
the reasons behind differing opinions. The weighting proposals and the rationale used by various
experts can thus be shared, with the ultimate aim of reaching a consensus. However, it is also
recognized that differing perspectives can persist, and consensus is not guaranteed. For example,
experts might assign different weights to the environmental, social, and economic dimensions of
sustainability, and such differences may sometimes be irreconcilable. Nevertheless, if consensus
is not reached, it remains valuable to consider multiple sets of weights derived by experts and to
analyze the resulting differences, rather than relying on a single set of weights, or making decisions
based on a single indicator.

In this case, it became clear during the second iteration that achieving a consensus among all
the experts was unlikely. Consequently, the model was built using the average weights from the

ten experts. Additionally, simulations were conducted for each individual set of weights, and the
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Figure 8: Cumulative probability curves for the sustainability index (SI) of each energy storage technology according
to the different weight sets.
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results were compared as part of this sensitivity analysis.
As shown in Table 11, despite some significant discrepancies in weights assigned by experts,
the vast majority of the resulting rankings align closely with the average ranking. These rankings

have consistently been established based on the following principles:

e When comparing two options, if their cumulative probability curves do not intersect, the
option with the curve further to the right is preferred.

e If the two curves do intersect, the alternative that performs better in a larger number of
scenarios is considered the better choice.

e If the two curves intersect around the 50% cumulative probability mark, the option capable
of achieving higher sustainability indices is favored.

e When multiple intersections occur, a combination of the latter two criteria is applied.

It is important to note that although the ranking changes when using alternative sets of weights,
the overall conclusions in terms of sustainability are essentially the same as those presented in
Section 3.3 using average weights. In other words, VRFB, LAES, and PHES remain as the three
most sustainable options, although they swap their positions depending on the weight set used.
There is only one exception, that is, PHES ranks fourth according to the weights defined by Expert
#6. One step below the top three technologies are NaSB and CAES, occupying fourth and fifth
positions, in line with the results presented in Section 3.3. There is only one instance where
NaSB performs better, reaching third place. Finally, HES is always at the bottom of the ranking,
which agrees with the results presented and discussed in Section 3.3. It is therefore possible to
conclude that the model provides robust and reliable outcomes, as well as a classification with
three clear groups: (i) top-performing technologies (VRFB, LAES, and PHES), (ii) technologies
with acceptable performance (NaSB and CAES), and (iii) technology with substantial scope for

improvement (HES), regardless of the weight set applied.

57



1059

1060

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070

1071

3.5.3. Sensitivity to changes in value functions

Reaching consensus on value functions can be even more challenging than agreeing on weights.
However, changes in value functions typically have minimal impact on the outcomes of the model.
For convenience, a subset of five experts was consulted in this case. These experts agreed to use
the value functions with parameters specified in Tables 5 and 6.

In order to analyze the model’s sensitivity to changes in value functions, the shapes of both con-
tinuous and step functions were adjusted to exhibit a linear trend. The average weights provided
by the ten experts were used in this analysis. The results of the MIVES—Monte Carlo simulation

with linear value functions are illustrated in Fig. 9.
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Figure 9: Cumulative probability curves for the sustainability index (S7) of each energy storage technology considering
linear value functions and using average weights.

Fig. 9 reveals that only two changes in the SI ranking occur. Specifically, the top two al-
ternatives exchange their positions, although their cumulative probability curves are very close.
Therefore, it is reasonable to expect that minor changes could have resulted in the observed shift

in ranking.
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3.5.4. Sensitivity to changes in indicators: tornado diagrams

CAES

indicators with the highest influence on the SI and are presented collectively in Fig. 10.

In the fourth part of the sensitivity analysis, the base model with average weights was used to
evaluate the impact of changes in the indicators on the outcomes of the model. The total sustain-
ability index (SI) was calculated using the modal values for triangular distributions and the median
values for homogeneous and discrete distributions. Each indicator’s value was then varied indi-
vidually from the minimum to the maximum of its distribution range. Finally, tornado diagrams

were generated for each of the six energy storage technologies. These diagrams include the six
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Figure 10: Tornado diagrams of the impact of changes in the indicators on the sustainability index (SI) for each energy

storage technology.

1080
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The tornado diagrams in Fig. 10 reveal that the variations in the S/ are comparable in magnitude
to those observed in the analysis of Section 3.5.1, with no changes exceeding 9%. However, as

previously noted, simultaneous changes to multiple indicators can lead to much larger variations,
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potentially reaching up to 25%.

Some readers might conclude that a probabilistic model is unnecessary if the sensitivity of the
model to individual changes in indicator values does not exceed 9%. However, a closer examina-
tion of the range and standard deviation of the distribution functions for the sustainability indices
reveals substantial variability. This variability becomes evident when looking at the cumulative
probability curves. As uncertainty is significant, a probabilistic model is essential to account for

the full spectrum of potential scenarios and provide insights into all the possible outcomes.

4. Conclusions, limitations, policy implications and future developments

The MIVES—Monte Carlo method has proven to be an effective approach for assessing the sus-
tainability of large-scale energy storage systems. Unlike traditional approaches, this method makes
it possible to incorporate both qualitative and quantitative indicators, consider non-linearities in
the assessment, and integrate the analytic hierarchy process (AHP). By using requirement trees
and value functions, a comprehensive evaluation of economic, environmental, social, and techni-
cal aspects is facilitated, providing a holistic view of sustainability. Indeed, for a comprehensive
comparative sustainability assessment of the energy storage systems, it is essential to consider a
broad range of indicators. The different sustainability dimensions must be balanced, as technolo-
gies that perform well in one area may underperform in others. Moreover, focusing solely on
economic or technical aspects may lead to an incomplete and potentially misleading understand-
ing of a technology’s overall sustainability. The holistic approach followed in this work provides
more accurate and reliable comparisons of the different energy storage technologies, thus sup-
porting decision-making processes in the field of energy storage sustainability. Additionally, the
method’s flexibility in considering uncertainty through Monte Carlo simulation further enhances
its robustness, making it more suitable for sustainability assessment in this context compared to
other existing methodologies.

According to the comparative sustainability assessment, there is no energy storage technol-
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ogy with an outstanding performance in all dimensions of sustainability. Nevertheless, the model
results suggest that it is possible to clearly distinguish among several groups of technologies ac-
cording to their most likely contribution to sustainable development. At the first level are vanadium
redox flow batteries (VRFB), liquid air energy storage (LAES), and pumped hydroelectric storage
(PHES). These technologies consistently occupy the top three positions irrespective of the weight
set used (although exchanging positions within them), with only one exception. PHES stands out
as the best alternative from a techno-economic standpoint (i.e., the most cost-effective technol-
ogy), ranking second in economic and first in technical aspects when average weights are applied.
LAES achieves the best results from an environmental perspective, while VRFB ranks as the best
option from a social point of view. By contrast, hydrogen energy storage (HES), also called power-
to-hydrogen-to-power (P2H2P), is identified as the least sustainable option, largely due to its lower
technological maturity and higher associated costs. HES consistently ranks last in all partial as-
sessments, with only one exception: it takes fifth place in the social dimension. Positioned at an
intermediate level in terms of contribution to sustainable development are sodium-sulfur batter-
ies (NaSB) and compressed air energy storage (CAES), with NaSB showing lower sustainability
due to economic and technical aspects, and CAES being penalized by social and environmental
concerns. Regarding the results from the sensitivity analysis, the following conclusions have been

drawn:

e Reaching an agreement on the weights to be assigned to the different elements of the re-
quirement tree is not always possible. Nevertheless, if these weights are defined according
to the concepts of sustainable development and integral sustainability, significant differences
in technology rankings are unlikely. In fact, using the weight sets applied in this study, the
same conclusion was consistently reached, with only one minor exception. As a result,
the technologies were categorized into three groups: the most sustainable (VRFB, LAES,
and PHES), those with acceptable performance (NaSB and CAES), and those with room
for improvement (HES). The exception involved only a slight shift, with PHES and NaSB
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swapping places.

e Modifying value functions to adopt linear geometry exerts little influence on the rankings.
Only the two best alternatives exchange their positions, both remaining very close to each
other in terms of sustainability performance.

e The indicators with the greatest impact on the SI were found to be GWP and HT, both of
which belong to the environmental dimension. These indicators rank among the top six
that most influence S7 across all energy storage technologies. Following closely are OPEX
(economic), PMF (environmental), and FFD (environmental), which also rank among the

top six indicators that most influence S/ for five of the six energy storage technologies.

4.1. Limitations

The model faces several limitations that affect the scope and interpretation of results. A re-
markable constraint is the unavailability of more reliable data for some indicators, particularly in
the environmental and social dimensions.

For two environmental indicators, namely particulate matter formation (PMF) and fossil fuel
depletion (FFD) in technologies such as LAES and VRFB, the absence of complete data required
the use of estimations based on linear correlations with other technologies. Despite the very high
goodness-of-fit coefficients (R?> > 0.98), this introduces a certain degree of uncertainty into the
results, which may not fully represent the specific environmental impacts of these technologies. On
the other hand, incorporating additional environmental impact categories, such as those typically
used in life cycle assessment methodologies, would also be beneficial to enhance the model’s
accuracy. Unfortunately, the necessary data for these impact categories was not available.

Similarly, limitations arise in the treatment of social indicators. Due to the challenges in ob-
taining consistent quantitative data for social impacts, such as population displacement, accident
risks, and visual impact, the evaluation relies on expert judgment through the Delphi method.
Even though this method helps in filling data gaps, it introduces subjectivity into the assessment,

potentially affecting the robustness and accuracy of the social sustainability results. Additionally,
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the model lacks a social indicator to measure employment generation. This is mainly due to the
absence of quantitative data, as well as the difficulty in making qualitative estimations because of
the inherent uncertainty of some technologies.

Moreover, the model overlooks certain technical aspects relevant to real-time grid stability,
such as rotational inertia and its role in buffering frequency fluctuations. Technologies like PHES,
CAES, and LAES, which typically use synchronous electrical machines, can act as spinning re-
serves and deliver valuable inertial support to the grid, contributing to voltage regulation and help-
ing stabilize frequency during disturbances [96, 97]. Similarly, HES systems, depending on their
configuration, can also play a role in maintaining grid frequency and voltage within acceptable
limits [97]. In addition to supporting grid stability, some of these technologies can be deployed
in black start operations to restore power after a complete grid shutdown. Despite the growing
importance of these ancillary services in power systems with increasing penetration of variable
renewable energy sources, they were not included in the current set of sustainability indicators and
should be considered in future assessments.

Another limitation concerns the subjective nature of the sustainability criteria weighting. Al-
though based on expert input and established methodologies, the weighting of sustainability crite-
ria also remains inherently subjective. Small changes in these weights can slightly alter the ranking
of technologies. Therefore, the results should be interpreted with caution, keeping in mind the spe-
cific priorities and context of stakeholders. Nevertheless, major changes in the overall conclusions
are unlikely, as demonstrated by the sensitivity analysis in Section 3.5. From a methodological
standpoint, the model’s current version does not include correlations among indicators, since the
input data (Table 3) did not provide enough evidence to support establishing such correlations,
even through approximate Spearman’s correlation coeflicients.

In addition, the model does not account for future technological advancements or changes in
the regulatory and economic conditions that may significantly alter the sustainability profiles of the

storage technologies over time. For instance, technologies like HES, which currently rank lower
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in sustainability, might improve in the future as innovations reduce costs and increase efficiency, a
factor that the current model cannot predict.

Beyond the model’s design, a final limitation to consider is the exclusion of certain cutting-
edge grid energy storage technologies that could also play a key role in energy transition. This
is due to the absence of reliable input data for each indicator of the model for such technologies.
However, the model’s adaptable design makes it possible to include additional technologies in

future assessments, once comprehensive data become available.

4.2. Policy implications

The growing demand for a global energy transition toward a low-carbon economy is driving
the need for large-scale adoption of renewable energy sources. This shift requires prioritizing
cost-effective electricity generation technologies with low life-cycle environmental and social im-
pacts, such as wind and solar photovoltaic. However, the variability and unpredictability of these
renewable technologies pose significant challenges to grid stability and security. Large-scale en-
ergy storage systems are therefore essential to facilitate higher renewable energy penetration and
avoid the curtailment of excess generation. In this context, energy storage technologies must be
carefully selected and deployed to make this energy transition possible. The decisions made will
shape the future of the energy sector, impacting not only technical performance but also the broader
economic, social, and environmental sustainability of power systems. The comprehensive sustain-
ability assessment model proposed in this research includes a structured approach to evaluating
energy storage technologies and provides valuable insights for policy-makers, allowing them to
consider not only the technical and economic feasibility of storage options, but also their environ-
mental and social impacts. Based on these findings, some practical policy measures to encourage
the adoption of energy storage systems that demonstrate superior environmental and social sus-
tainability outcomes may include offering performance-based government subsidies, facilitating
access to state-backed credit lines with more favorable terms than those of private bank loans, or

providing tax advantages. Moreover, dedicated funding mechanisms, such as targeted grants or
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low-interest loans, could be established to support the research, development, and commercializa-
tion of less mature yet promising energy storage technologies, thereby fostering a more diverse
energy storage landscape. Lastly, incentives for grid operators could be introduced to modernize
infrastructure, promoting the development of smart grids that manage renewable energy variability
and stabilize the grid, ensuring system flexibility and resilience.

In light of these findings, it is evident that large-scale energy storage systems are critical for
integrating the growing installed capacity of variable renewable energy sources and ensuring grid
stability. The insights presented in this study offer actionable guidance in formulating energy
storage policies that address sustainability across economic, environmental, social, and technical
dimensions. This approach is essential for making informed energy policy decisions and driving

the balanced energy transition needed to meet global sustainability development goals.

4.3. Future developments

Future developments in this research could focus on expanding the scope of energy storage
technologies, allowing for a more comprehensive evaluation of emerging technologies that were
not included in the current comparative sustainability assessment. By increasing the number of
environmental and social indicators (provided that reliable and complete data for these indicators
can be obtained) and by establishing correlations between all the indicators that have been evalu-
ated probabilistically, the robustness of the model would be improved. These steps would lead to a
clearer understanding of the interactions between the different sustainability criteria. Another in-
teresting direction for future work could involve using alternative methodologies beyond MIVES,
as well as those commonly used in previous studies. With a wide range of MCDM methods avail-
able, exploring different approaches could further refine the decision-making process and provide
insights into the trade-offs involved in selecting energy storage technologies. Furthermore, the
insights gained from this study could be applied to address challenges in generation expansion
planning (GEP). This is particularly relevant to scenarios with high penetration of variable renew-

able energy sources, such as wind and solar power, which are not dispatchable due to their fluctu-
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ating nature. As intermittent renewables become more cost-competitive than conventional energy

sources, it is essential to factor in the impacts of the storage systems these renewables require.

This approach would ensure more accurate and equitable comparisons between conventional and

variable renewable energy options.

Nomenclature 1265
Symbols 1266
a Shape parameter for curve type (con- .
vex, concave, linear, or S-shaped)
1268
A Annual cost [$/yr]
1269
Ceo Unit cost of electricity [$/kWh]
1270
E Energy [J]
1271
E’ Energy remaining after a storage period
[J ] 1272
E Energy rate [W] 1273
i Rate of interest 1274
k Number of indicators 1275
m Shape parameter for the ordinate atizze
point n
1277
n Shape parameter for the abscissa at the
inflection point 1278
N Lifetime [yr] 1279
P Value of any indicator 1280
SI Sustainability index 1281
R Residual or recovery value [$/yr] 1282
4 Time [yr] 1283
Vv Normalized value of an indicator 1284
w Work [J ] 1285
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W Power [W]

Greek letters

a Weight of requirement
B Weight of criterion

Yy Weight of indicator

r Capital cost

n Efficiency

ol Density

Subscripts

0 Initial condition

f Final condition

i i-th element of a sequence, set, or array
C Capacity

E Energy

P Power

re Reinvestment

rt Round trip

sd Self discharge
Abbreviations

AHP Analytic Hierarchy Process

ARAS Additive Ratio Assessment



1286

1287

1288

1289

1290

1291

1292

1293

1294

1295

1296

1297

1298

1299

1300

1301

1302

1303

1323

1324

1325

1326

1327

1328

1329

CAES Compressed Air Energy Storage 1304 NaSB Sodium-Sulfur Battery

CAPEX Capital Expenditure 1305 O&M Operation and Maintenance
EU  European Union 1306 OPEX Operation and Maintenance Expendi-
1307 ture

FES Flywheel Energy Storage
10s P2G  Power to Gas
FFD Fossil Fuels Depletion
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HES Hydrogen Energy Storage
132 PMF  Particulate Matter Formation
HT  Human Toxicity
1313 PTES Pumped Thermal Energy Storage
LAES Liquid Air Energy Storage
1314 SDR  Self-Discharge Rate
LCA Life Cycle Assessment
1315 SWARA Stepwise Weight Assessment Ratio

LCOE Levelized Cost of Electricity 1316 Analysis
LCOS Levelized Cost of Storage 1317 TOPSIS Technique for Order of Preference
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MADA Multi-Attribute Decision Analysis

) ) 139 TRL Technology Readiness Level
MAVT Multi-Attribute Value Theory

el .. . 120 UK United Kingdom
MCDM Multi-Criteria Decision-Making
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