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H I G H L I G H T S

• Developed a novel model integrates optimisation, IO model, and copula function.
• Analysed the whole system's economic and carbon emission impacts of energy storage.
• Investigated the impact of grid-level energy storage in different power systems.
• The Copula function was adopted to deal with uncertainty in sector disaggregation.
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A B S T R A C T

Energy storage is important in future power systems. However, the role of grid-scale energy storage in the power
system and in the whole socio-economic system is unclear. A copula-based whole system model is developed to
explore the economic and environmental effects of grid-scale energy storage, thus supporting the decision-
making at micro and macro levels. A power system optimisation model is linked with an input-output model,
and the copula function is embedded in the model to reflect the multiple and interactive uncertainties from
electricity demand, emission constraints, and sector disaggregation. We conducted case studies on China and the
UK in 2025 considering different storage technologies (Pumped hydro, Battery, Flywheels storage) to show the
differences related with power systems and economic structures. We find that increasing energy storage capacity
leads to increase in renewable generation capacity (solar generation in China and wind generation in the UK).
Thus, it can reduce their total economy-wide carbon emissions. Uncertainty in sector disaggregation will have a
large impact on carbon emissions in some extreme cases, especially in those sectors closely linked to the power
sector and with high emission intensity.

1. Introduction

The CO2 emissions from the power sector account for around 48 % of
China's total CO2 emissions and 16 % of the UK's emissions [1,2].
Decarbonisation of power system is therefore essential for meeting net-
zero carbon objectives but is increasingly challenging as future elec-
tricity demand increases [3]. To achieve this, cleaner power generation
will be required by gradually shifting from relying mainly on traditional
fossil fuels to relying more on renewable energy sources such as wind
and solar power. Electricity is central to many parts of life in modern
societies. The decarbonisation of power system will inevitably affect
other sectors as well, such as the heating, transport, and industrial

sectors. Therefore, a whole system perspective is needed to investigate
the impacts of decarbonisation of power systems. Due to energy storage
playing a vital role in managing the intermittency of renewable energy
generation, the whole system's economic and environmental impacts of
energy storage incorporated into power systems with renewable energy
generation need to be studied.

There is a high demand for energy storage in future power systems
[4]. Among the current mainstreaming energy storage technologies,
pumped hydro storage (PHS) is the most widely used storage technology
globally, and battery energy storage (BES) is the most scalable and for
which the market has seen strong growth in recent years, especially in
China [5]. Other storage technologies account for a relatively small
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share of current energy storage systems, where flywheel energy storage
(FES) may play a major role in frequency regulation as a very short-term
storage type [6]. Hydrogen is considered an emerging technology with
potential for the seasonal energy storage of variable renewable energy
(VRE) [7]. Different types of energy storage thus need to be considered
in power systems.

1.1. Literature review

In terms of grid-level energy storage, much emphasis of existing
papers are placed on studying the optimal capacity of different types of
energy storage incorporated in power systems with renewable power
generation. Cárdenas et al. used an iterative method to explore how
much energy storage capacity would be required as the penetration of
renewables increases, but only compressed air energy storage (CAES)
was considered [8]. Based on this, they investigated how to combine
different energy storage technologies to minimise the total cost of
electricity in a 100 % renewable-based grid [9]. Ziegler et al. explored
the optimal combination of wind and solar power with storage to meet
various electricity demands for four states of the US based on a self-
developed optimisation model [10]. Li et al. developed an electricity
system optimisation model to explore how to combine energy storage
and renewable energy generation to achieve the UK electricity system's
decarbonisation [11]. Cebulla et al. used an energy system model to
analyse the required storage capacity for energy scenarios in Europe
with high penetration of renewables [12].

Energy storage affects the operation of power systems, thus leading
to changes in the whole system's economic and environmental perfor-
mance. Studies on the economic impact of energy storage mainly focus
on the impact on power system costs [13–16], and studies on the envi-
ronmental impact focus mainly on the impact on power systems' carbon
emissions [13,17–23]. Some of these studies revealed that the carbon
emissions impact of energy storage on power systems is uncertain and
can be positive, neutral, or negative [17–19]. There are some research
explored the environmental and economic effects of the deployment
strategies of energy storage. Peng et al. designed three battery deploy-
ment strategies to evaluate the effects on carbon emissions and system
costs of China's provincial power sector [13]. Beuse et al. investigated
the impact of different application scenarios of energy storage systems
on carbon emissions of power systems in seven European countries [21].
McKenna et al. used an estimated marginal emission factor to analyse
the impact of different energy storage operating scenarios on carbon
emissions of power systems with high penetration of wind power [20].
Similarly, Pimm et al. calculated the regional marginal emissions factors
of the UK's power system in 2019 to explore the carbon emissions im-
pacts of storage operations [22]. Tang et al. studied the carbon emission
reduction benefits of three energy storage strategies for twenty-eight
European countries in 2019 by considering embodied emissions from
cross-grid electricity transfer [23].

An integrated model that links bottom-up and top-down models has
been widely used to evaluate the economy-wide impact. Siala et al.
linked the outputs of the power system optimisation model to an
extended Multi-Regional Input-Output (MRIO) model for evaluating the
environmental and socio-economic impacts derived from the new power
system [24]. Rocco et al. integrated an IO model and the OSeMOSYS
model to analyse the economic and environmental impacts under the
future energy generation mix [25]. Taliotis et al. constructed a model
that integrates an optimisation model and IO model to assess the eco-
nomic impact of policy pathways for energy transition in Cyprus [26].

In summary, many studies have focused on the alignment of
renewable energy with optimal energy storage capacity, however, the
reverse question has not yet been addressed (how to match the opera-
tional dynamics of energy storage systems with the optimal renewable
generation and capacity mix). Moreover, existing studies have only
analysed the economic and environmental effects of energy storage
across the electricity system (i.e., direct effects). The whole system's

economic and environmental effects (including direct and indirect ef-
fects) of energy storage have not been explored. In most cases, the use of
an integrated model including the IO model requires sector aggregation
and disaggregation of IO tables as appropriate. In conducting sector
disaggregation, different disaggregation coefficients adopted may lead
to different results. However, most present studies didn't take into ac-
count this uncertainty.

1.2. Motivation and contributions

Few studies have compared the whole system's impacts of energy
storage in different national contexts, including different power systems
and different economic structures. China is a manufacturing power-
house and strongly relies on coal-fired power plants, whereas the UK is
dominated by services industries and has a high gas-fired power plant
capacity. Additionally, wind power dominates UK renewable energy
generation, and solar power generation in China has seen a fast increase
in recent years [27,28]. These distinct case studies offer valuable in-
sights that can be extended to other economies with similar power
systems and economic profiles. Specifically, in some economies with
power systems similar to China's, developing solar power is a good op-
tion; in some economies with power systems similar to the UK's,
developing wind power may be better. In industrially advanced coun-
tries similar to China, emission reduction strategies could focus on
sectors with high carbon intensity, such as the non-metal and con-
struction industries. Conversely, in economies with structures similar to
that of the UK, emission reduction efforts might be more effectively
directed toward electricity-intensive sectors, such as the steel industry.

To fill the above-mentioned gaps, a copula-based whole system
model is developed to evaluate the economic and carbon emissions ef-
fects at the economy-wide level of changes in grid-scale energy storage
for China and the UK in 2025. The contributions of this study are as
follows: First, answered the question of how to match their operation of
energy storage systems with the optimal renewable generation and ca-
pacity mix for two countries that have different power systems; Second,
the whole system's effect is considered to better reveal the economic and
carbon emissions impacts of energy storage; Third, the copula function is
embedded into the model to provide a new perspective to consider un-
certainties in disaggregating IO tables. Fourth, the model developed in
this study can also be used for other economies, which is a useful tool for
their policymakers in developing policies to decarbonise their power
systems.

The rest of this paper is organized as follows. Section 2 describes the
copula-based whole system model and presents the scenario setting and
data sources for two cases. Section 3 shows the results and discussion.
Section 4 summarises the conclusions, policy implications, and future
research direction.

2. Methodology

The copula-based whole system model is developed shown in Fig. 1.
The optimal installed capacity mix obtained from power system opti-
misation is used as input of the copula function and the optimal gen-
eration mix obtained from power system optimisation is used as the
input of IO model to generate the sectoral final demand after sector
disaggregation. Then shares of installed capacity at different confidence
levels (used as disaggregation coefficients) obtained from using the
copula function are used to generate IO tables at different confidence
levels. Finally, the IO model can be used to analyse the whole system's
economic and environmental impacts. The details of each part of this
model are described as follows. The data source of this model is
mentioned below. Other information, like the parameters of the power
optimisation model, can be found in Supplementary Material.
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2.1. Copula-based whole system model

2.1.1. Power system optimisation model
A linear power system optimisation model with hourly time resolu-

tion is developed to minimise the annual operation cost and capacity
expansion costs of power systems at the national level in 2025. This
model follows the following assumptions. 1) the total electricity demand
in the economy can be jointly met by various types of domestic gener-
ation technologies and storage technologies and there are no losses
related to transmission and distribution; 2) the electricity import from
other countries and export to other countries is not considered; 3) the
decommissioning of existing installed capacity is not considered due to
the model being only used for short-term planning; 4) new types and
small shares of installed capacity of power generation technologies and
energy storage technologies are also not considered. The objective
function can be expressed as eq. (1).

where.
t is the index describing a specific time interval;
i is the index describing a specific electricity generation technology;
s is the index describing a specific energy storage technology;
T is a set of 8760 h over a year, t ∈ T;
I is a set of generation technologies (VRE: wind and solar; other

technologies in the UK: hydro, coal, gas, bioenergy, nuclear; other
technologies in China: hydro, coal, gas, nuclear), i ∈ I;

S is a set of storage technologies (PHS, BES, and FES for the UK; PHS
and BES for China), s ∈ S;

copi is a parameter for the unit operating cost of generation technol-
ogy i, including fuel cost ($/MWh);

cops is a parameter for the unit operating cost of storage technology s
($/MWh);

cinvi is a parameter for the unit capital investment cost of generation
technology i ($/MW);

cenergys is a parameter for the unit energy-related capital investment

cost of storage technology s ($/MWh);
cpowers is a parameter for the unit power-related capital investment

cost of storage technology s ($/MW);
ηcharges and ηdischs are parameters for charging and discharging effi-

ciency of storage technology s, respectively;
Pexi is a parameter for the initial existing power capacity of genera-

tion technology i (MW);
Pexs is a parameter for the initial existing power capacity of storage

technology s (MW);
Eexs is a parameter for the initial existing energy capacity of storage

technology s (MWh);
Pi,t is a variable for power output of generation technology i at time t

(MW);
Pcharges,t and Pdischs,t are variables for charging and discharging power of

storage technology s at time t, respectively (MW);

Pinstali is a variable for the installed capacity of generation technology
i (MW);

Pinstals is a variable for the installed power capacity of storage tech-
nology s (MW);

Einstals is a variable for the installed energy capacity of storage tech-
nology s (MWh).

In eq. (1), The first term represents the operating costs of all gener-
ation technologies; the second term indicates the charging and dis-
charging costs of all energy storage technologies; the third term
represents the capacity expansion capital costs of all generation tech-
nologies. The last two terms represent capital costs of all storage tech-
nologies of energy installed capacity and power installed capacity
expansion, respectively. Different types of generation and storage
considered in our model are listed above. Note that the lithium-ion
battery is considered a representative battery storage technology
because more than 90 % of current battery energy storage systems use
lithium-ion battery technology which will continue to play an important

Fig. 1. The diagram of copula-based whole system model.

minC =
∑

t∈T

∑

i∈I
copi Pi,t +

∑

t∈T

∑

s∈S
cops
(
Pcharges,t ηcharges +Pdischs,t

/
ηdischs

)
+
∑

i∈I
cinvi
(
Pinstali − Pexi

)
+
∑

s∈S
cenergys

(
Einstals − Eexs

)
+
∑

s∈S
cpowers

(
Pinstals − Pexs

)
(1)
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role in the foreseeable future [5]. According to Mongird et al. [29] and
public data, the E/P ratio of BES, PHS, and FES is 2 h, 8 h, and 0.4 h,
respectively. The E/P ratio refers to the energy-to-power ratio, often
expressed in hours, which represents the rate of maximum storage in
MWh or kWh to the power rating in MW or kW.

The following constraints are required for the model. Eqs. (2)–(4)
represent the constraints of power output of each generation type. Eqs.
(2) and (3) are for non-VRE and VRE, respectively. The constraints of
energy storage capacity can be formulated by eqs. (5)–(12). The power
balance constraint is formulated by eq. (13). The carbon emissions limit
is formulated by eq. (14). Eq. (15) states that all variables are non-
negative.

Pi,t ≤ Pinstali *CFi for i ∈ {I, i = non VRE} (2)

Pi,t = Ai,tPinstali for i ∈ {I, i = VRE} (3)

Pex
i ≤ Pinstal

i ≤ Pmax
i ∀i (4)

Pcharge
s,t ≤ Pinstal

s ∀s (5)

Pdisch
s,t ≤ Pinstal

s ∀s (6)

Pex
s ≤ Pinstal

s ∀s (7)

Eex
s ≤ Einstal

s ∀s (8)

Einstal
s ≤ μs Pinstal

s ∀s (9)

Es,t = Es,t− 1 + Pcharge
s,t ηcharge

s − Pdisch
s,t

/
ηdisch

s ∀s, t (t ∕= 0) (10)

Es,t = Pcharge
s,t ηcharge

s − Pdisch
s,t

/
ηdisch

s ∀s, t (t = 0) (11)

Es,t ≤ Einstal
s ∀s (12)

∑

i∈I
Pi,t −

∑

s∈S

(
Pcharge

s,t − Pdisch
s,t

)
= Ad

t *Pload yr
(13)

∑

t∈T

∑

i∈I
EFi*Pi,t ≤ Q (14)

Pi,t,Pcharge
s,t ,Pdisch

s,t ,Pinstal
i ,Pinstal

s ,Einstal
s ,Es,t ≥ 0∀i, s, t (15)

where.
CFi is a parameter for the capacity factor of generation technology i;
Ai,t is a parameter for the hourly generation factor of solar or wind

power at time t;
Pmaxi is a parameter for the upper bound of the capacity of generation

technology i (MW);
μs is a parameter for E/P ratio of storage technology s;
Ad
t is a parameter for electricity load factor at time t;

Pload yr is a parameter for the peak load in yr year (MW);
EFi is a parameter for the emission factor of generation technology i

(t CO2/MWh);
Q is a parameter for the carbon emissions limit of the power sector (t

CO2);
Es,t is a variable for electricity stored by storage technology s at time t

(MWh).
The optimisation model is a linear programme solved using Gurobi

[30], with the output fed to the IO model.

2.1.2. Input-output model
The IO model developed by Leontief [31] is used to analyse the

economic and carbon emissions impacts. The economic effects after
power system optimisation can be indicated by the total output matrix

Xb, see eq. (16).

Xb = (I − Ab)
− 1Fb (16)

where I is the identity matrix; Ab is the matrix of direct input coefficients
of domestic products after power system optimisation; (I − Ab)

− 1 is the
Leontief inverse matrix; Fb represents the final demand matrix after
power system optimisation. Where

Ab =

(
AN ANe

AeN* Ae*

)

; Fb =

(
FN

Fe*

)

(17)

where the matrix Fe*represents the final demand of power subsectors
after power system optimisation; matrix FN represents the final demand
of common sectors, which is from the disaggregated 2025 IO tables. The
matrices AeN*and Ae* represent the direct consumption coefficients of
the power subsectors to the common sectors and the power subsectors to
themselves after power system optimisation, respectively; matrices AN

and ANe represent the unchanged direct consumption coefficients of the
common sectors to the common sectors and the common sectors to the
power subsectors; which can be also derived from the disaggregated
2025 IO tables.

The eq. (16) can be extended as eq. (18) to analyse the carbon
emissions effects after power system optimisation.

TE = e(I − Ab)
− 1 X̂b (18)

where TE is a row vector representing the total carbon emissions in 2025
by sector; e is a row vector with the elements representing the carbon
emissions per unit of total output of each sector, which can be calculated
by eq. (19); X̂b is a diagonal matrix of Xb. A detailed description of this
model can be found in Miller & Blair [32].

ei =

⎧
⎪⎨

⎪⎩

eoi , i = 1,…,N

CFi*
∑

t∈T
Pi,t , i = n,…, n+ k (19)

where ei is the elements in the row vector e, eoi is the carbon emissions
intensity of common sector i, which is assumed to be equal to the carbon
emissions per unit of total output of sector i in 2020 in China and in 2019
in the UK. For emission intensity of the power subsectors, it is equal to
multiplying the carbon factor of generation technology CFi by power
generation

∑
t∈TPi,t obtained after power system optimisation.

The direct and indirect emissions can be written by eqs. (20) and
(21).

DE = eX̂b (20)

IE = TE − DE = e(I − Ab)
− 1

(X̂b − F̂b) (21)

where DE and IE represent direct and indirect emissions matrix,
respectively; F̂b is a diagonal matrix of Fb. In this study, the sectoral
direct and indirect carbon emissions refer to emissions generated within
the sector and emissions generated by the sector as a result of the use of
products or services from other sectors, respectively, which constitute
the sectoral total carbon emissions.

2.1.3. Copula function
The copula function is a good tool to solve joint distribution prob-

lems between multiple correlated variables. It is widely used in financial
risk analysis and hydrological modelling. With reference to Fan et al.
[33], this study takes a step further from Lindner et al. [34] and uses it
for sectoral disaggregation of IO tables. Due to the uncertainty of sector
disaggregation, a Monte Carlo simulation is used to obtain 1000 simu-
lation values for the disaggregation coefficients based on the future
installed capacity mix under different scenarios in disaggregating the
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power sector. Then, the joint distribution can be expressed in eq. (22).

H(v1,…, vk) = C(F1(v1) ,…, Fk(vk) ) (22)

where Fk(vk) represents the marginal distribution for the kth variable vk,
which is obtained based on 1000 simulation values of the corresponding
disaggregation coefficients. C(x) is a copula function. According to the
inverse transformation of cumulative distribution functions, expressed
in eq. (23), the copula function can be rewritten as eq. (24).

vi = F− 1
i (ui) (i = 1,2,…, k) (23)

C(u1,…,uk ) = H
(
F− 1

1 (u1) ,…, F− 1
k (uk)

)
(24)

where F− 1
i is the inverse cumulative distribution function of the standard

normal distribution; H(x) is the joint cumulative distribution function of
the multivariate normal distribution.

Thus, the joint cumulative distribution function of these correlated
disaggregation coefficients can be obtained. A representative set of co-
efficients (the most likely value) is selected for updating the new in-
termediate matrix. Then IO tables at the most likely and original cases
are used to conduct IO simulation.

2.2. Scenario design

In this study, we consider the impacts of three factors—electricity
demand, carbon emissions constraints, and energy storage capacity.
Peak load is chosen as an indicator of the electricity demand. Specif-
ically, three peak loads (Base, Low, and High-Demand), two carbon
emissions constraints (Loose, Strict), and three sets of storage capacity
(No energy storage, Optimal level, Capacity doubles based on optimal
level) (Table 1).

It is noted that the hourly load in our model is obtained by multi-
plying the peak load level set in scenarios by the hourly load factor. The
peak loads of China and the UK in 2022 are 1,290,000 MW and 46,000
MW, respectively [35,36]. Thus, the values of peak load under three

scenarios are shown in Table 1. The growth rate of 5.5 % and 1.5 % is
estimated based on the average economic growth rate forecast referred
to by the World Bank [37]. The change rate of 5 % in electricity demand
is a random estimate based on the reality. As China announced carbon
peak by 2030 and the UK announced net-zero emissions for the energy
system by 2035, two scenarios (CP30/NZE35) are set accordingly, with
more ambitious carbon emission targets (CP25/NZE30) are set. The
carbon emissions of China under two scenarios are from Shu et al. [38],
the values of carbon emissions under these two scenarios in the UK are
calculated based on the UK's power sector's carbon emissions in 2022
(around 54 million tonnes) [2]. The decline rates of emissions under two
scenarios in the UK are derived by summing up the average annual rate
of decline in total carbon emissions. We then combine these three factors
to set up eighteen scenarios (Table 2).

2.3. Data source and processing

The UK and China IO tables are from the Office for National Statistics
(ONS) and the National Bureau of Statistics of China (NBSC), respec-
tively. The 2020 CO2 emissions inventory of China is from China
Emission Accounts and Datasets (CEADs) and the 2019 carbon emissions
intensities inventory of the UK is from ONS. For the optimisation model,
the hourly generation factors of solar, wind, and hourly electricity load
data are from Tong et al. [39]. Hourly load factors are obtained from
hourly load divided by peak load. Other data, like costs and installed
capacity of different generation and storage types, can be found in
Tables S1 and S2 in Supplementary Material.

In processing the IO tables, the 105 sectors of the UK IO table in 2019
are first aggregated into 20 sectors to fit our research focus, considering
those with higher contributions to GDP, energy consumption, and CO2
emissions. The classification of China's IO table in 2020, with 42 sectors,
remains unchanged since it is highly aggregated. It is assumed that the
structure of production and final demand remain unchanged in the short
term. 2025 is the simulation year selected for our study, thus the final
demand by sector in 2025 can be forecasted by eq. (25), which can be
calculated by multiplying the total final demand Fʹ in 2025 by the
structure of final demand in the original IO tables f.

Fʹ = f*Fʹ = f*(1 + g)*F (25)

where Fʹ represents the matrix of final demand by sector in the 2025 IO
tables, F is the total final demand derived from the original IO tables, g is
the change rate of total final demand, which is the same as the change
rate of GDP due to the relationship between GDP and the total final
demand in IO tables. The change rate is based on the International
Monetary Fund forecast report on future economic development [40].

Table 1
The explanation of different levels of each factor.

Description Peak load in 2025
(MW)

China

Base: an average annual growth of 5.5 % based on
2022 level

1,500,000

Low-demand (LD): 5 % lower than the Base
scenario 1,425,000

High-demand (HD): 5 % higher than the Base
scenario 1,575,000

UK

Base: an average annual growth of 1.5 % based on
2022 level

48,000

Low-demand (LD): 5 % lower than the Base
scenario

45,600

High-demand (HD): 5 higher than the Base
scenario 50,400

Description
Carbon constraints in
2025 (Mt)

China Carbon peak by 2030 (CP30) 4700
Carbon peak by 2025 (CP25) 4100

UK

Net-zero emissions (NZE) by 2035 (NZE35): a
decline of 24.1 % by 2025 from 2022 level

41

NZE by 2030 (NZE30): a decline of 37.5 % by
2025 from 2022 level 34

Description
Storage capacity in
2025 (MW)

China

Opt: storage capacity obtained from results of
optimisation model See Table S3
ES2: capacity doubles based on optimal level
ES0: no storage capacity available

UK

Opt: storage capacity obtained from results of
optimisation model
ES2: capacity doubles based on optimal level See Table S4
ES0: no storage capacity available

Table 2
Scenarios of electricity demand, carbon constraint and storage capacity in 2025.

Scenarios Energy storage Electricity demand Carbon constraints

S1 Opt Base CP30 (or NZE35)
S2 Opt LD CP30 (or NZE35)
S3 Opt HD CP30 (or NZE35)
S4 Opt Base CP25 (or NZE30)
S5 Opt LD CP25 (or NZE30)
S6 Opt HD CP25 (or NZE30)
S7 ES2 Base CP30 (or NZE35)
S8 ES2 LD CP30 (or NZE35)
S9 ES2 HD CP30 (or NZE35)
S10 ES2 Base CP25 (or NZE30)
S11 ES2 LD CP25 (or NZE30)
S12 ES2 HD CP25 (or NZE30)
S13 ES0 Base CP30 (or NZE35)
S14 ES0 LD CP30 (or NZE35)
S15 ES0 HD CP30 (or NZE35)
S16 ES0 Base CP25 (or NZE30)
S17 ES0 LD CP25 (or NZE30)
S18 ES0 HD CP25 (or NZE30)
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According to the balance relationship of IO tables, the total output by
sector, intermediate demand, primary input and total input in the 2025
IO tables can be obtained.

On the basis of the IO tables in 2025, the power sector in both China
and the UK is disaggregated, which follows the approach of Lindner
et al. [34]. The IO table is originally composed of N + 1 sectors (N
common sectors and 1 power sector), and it has N common sectors and k
power subsectors after disaggregation. The intermediate input matrix is
divided into four parts: the intermediate input matrix of unchanged
common sectors; the matrix of input of common sectors to new sectors;
the matrix of input of new sectors to common sectors; and the matrix of
input of new sectors to new sectors. The matrices of final demand, pri-
mary input; as well as total input and output are divided into two parts.

In this study, the transmission and distribution (T&D) of electricity is
first split from the power sector in 2025 China IO table according to the
proportion of revenues in 2020 of China's three major grid operators in
the total output of electricity sector in 2020. The new power sector
excluding the T&D sector is then disaggregated into nine subsectors for
China based on the shares of installed capacity by technology (six power
generation sectors: hydroelectricity, coal-fired generation, gas-fired
generation, nuclear power, wind power, solar power; and two storage
sectors: pumped hydro, battery; and the other sector). Finally, the other
sector combined with the T&D sector to form a new sector (i.e., the
Other sector).

The T&D sector in the UK's 2025 IO table is not split due to a lack of
data support. Similarly, the power sector is directly disaggregated into
eleven subsectors for the UK (seven power generation sectors: hydro-
electricity, coal-fired generation, gas-fired generation, bioenergy, nu-
clear power, wind power, solar power; and three storage sectors:
pumped hydro, battery, flywheels; and the other sector). The difference
between the UK and China is due to the differences in their power sys-
tems and storage systems, with the UK having a non-negligible share of

bioenergy power generation and flywheel storage. Other generation and
storage technologies with a relatively small share of installed capacity,
such as CAES, are not considered separately for both China and the UK.

In order to correspond to the sector classification of disaggregated
2025 IO tables (50 sectors for China; 30 sectors for the UK), which can be
found in Tables S5 and S6, the carbon emissions intensities by sector are
adjusted.

3. Results and discussion

3.1. Optimal generation installed capacity

Fig. 2 shows the optimal installed capacity (in 2025) of each gen-
eration type compared to the existing capacity (in 2022) in China and
the UK. The optimal capacity of power generation and energy storage
under S1-S6 can be obtained by running the optimisation model;
doubling the storage capacity on these respective basis gives the optimal
generation capacity under S7-S12, and the optimal generation capacity
under S13-S18 is obtained when the storage capacity is zero (shown in
Tables S3 and S4). Figs. S1-S6 and Tables S1-S6 can be found in Sup-
plementary Material.

In general, renewable energy capacity is expanded more when
storage capacity is abundant, China tends to expand solar power gen-
eration, while the UK tends to expand wind power generation; when
storage capacity is insufficient, renewable energy capacity is expanded
less, and other types of energy are needed to meet the electricity de-
mand. The capacity expansion of solar power generation increases in
China while wind power generation expands in the UK as electricity
demand increases and carbon constraints become stricter. The order of
capacity expansion is mainly related to the investment cost and average
capacity factor. In China, gas-fired generation is the first to expand ca-
pacity due to it having the lowest investment cost, and solar power

Fig. 2. The difference in optimal planning installed capacity of each generation type in China and the UK in 2025 under each scenario compared to existing capacity
in 2022.
Note: The installed capacity of those generation types that will not be expanded remains at the 2022 levels since power plant decommissioning is not considered in
our model.
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generation is expanded due to its lower investment cost compared to
other clean energy power generation. In the UK, the investment cost of
wind power generation is lower than solar power generation considering
the capacity factor, thus it is expanded. Other generation types, like
coal-fired generation in China and gas-fired generation in the UK, are
required to be expanded if the current generation capacity is insufficient
to meet peak loads, as shown in S15. However, they cannot expand
freely due to carbon emission constraints. Wind power generation in
China and bioenergy power generation in the UK can be complementary
generation types and thus are expanded in the context of high electricity
demand and the absence of energy storage, as shown in S18.

3.2. Optimal generation mix

The optimal generation mix of the power systems in China and the
UK under each scenario is shown in Fig. 3. In China, coal-fired genera-
tion dominates power generation across all scenarios, accounting for
more than 40 % of the total power generation. The share of solar power
generation ranges from around 11 % when electricity demand is low and
the carbon constraint is loose, to 26 % when demand is high and carbon
constraint is strict. In the UK, gas-fired generation is the dominant type
of power generation. As carbon constraints become stricter and elec-
tricity demand higher, this leads to a decline in gas-fired generation
share from 44 % to 33 %, with it largely replaced by wind power gen-
eration, whose share rose from 15 % to 30 %. The shares of other gen-
eration types do not vary much in comparison to scenarios with no
energy storage, where the shares of wind power generation in China and

bioenergy power generation in the UK under S18 reach 12 % and 26 %,
respectively. Additionally, the shares of coal-fired generation in the UK
across all scenarios are almost zero, which coincides with the UK's target
to phase out coal-fired power generation by 2025 [41].

In many cases, the expanded capacity will only be used to generate
electricity during the peak load periods. To understand the utilisation
efficiency of different power generation under each scenario, we
compare the ratios obtained by using the annual electricity generation
shares of each generation type divided by their corresponding capacity
shares, which are shown in Fig. 4.

The utilisation rate of solar power generation in China increases as
electricity demand increases and carbon constraints become tighter.
This indicates that although solar power generation operates at the
maximum available power, the share of annual electricity generation
changes more than the share of capacity of solar power generation. With
no energy storage, coal-fired power generation in China is utilised less
on average due to the expansion of coal-fired power generation only to
meet peak loads. In the UK, wind and gas-fired power generation uti-
lisation rates are mainly influenced by carbon emission constraints. The
stricter the carbon constraints, the higher the utilisation rate of wind
generation but the lower the utilisation rate of gas-fired generation. This
is because when carbon constraints are stricter, electricity generation
from coal-fired generation will be reduced and replaced by wind gen-
eration. Also, the ratio of nuclear generation is highest in both China and
the UK across all scenarios, which indicates that nuclear power gener-
ation is the most consistently utilised of these types of power generation
to meet base load. In China, the utilisation efficiencies of gas and coal-

Fig. 3. The optimal generation mix in China and the UK in 2025 under each scenario.
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fired generation are relatively high, while the utilisation efficiencies of
bioenergy and wind power generation are high in the UK.

Compared to scenarios with doubling storage capacity and without
storage, the total power system costs are lower under the optimal stor-
age capacity cases, with the minimised cost when with low electricity
demand and loose carbon constraint, i.e., S2 (Opt, LD, CP30/NZE35).
The impact of increased energy storage capacity on system costs in the
UK is greater than the impact of reduced capacity, while the opposite is
true in China (Fig. S5). This is because the UK's electricity supply has
more capacity than China's relative to their respective electricity de-
mand, and energy storage has a greater role to play in balancing China's
electricity supply and demand.

3.3. Hourly operation of the power systems

The energy storage system must be charged when electricity demand
is low to store excess electricity and then discharged when demand is
high. Hourly charge and discharge by different storage types under
different scenarios in China and the UK are shown in Figs. S1 and S2;
hourly operation of different power generation technologies across all
scenarios in China and the UK are shown in Figs. S3 and S4. With base

electricity demand and a loose carbon constraint in China, increasing
storage capacity leads to a shift in the use of storage (from PHS to BES)
due to the higher efficiency of BES. To better show the results, we chose
one month's results for comparison. Fig. 5 shows the results under S1
(Opt, Base, CP30) and S7 (ES2, Base, CP30), it can be seen that BES is
more frequently used when there is more storage capacity. Compared to
S1, S7 has slightly less solar power generation capacity but more BES
capacity. To discharge the same amount of electricity, PHS requires
more excess electricity for charging because of its lower efficiency
compared to BES, which increases the total costs. Thus, BES is used more
to store electricity under S7.

With high demand and a loose carbon constraint, increasing storage
capacity leads to a shift from different energy storage types working
separately to working together in China because of a reduction in coal-
fired generation capacity, and results in a shift in the use of storage
(mainly from PHS to BES) in the UK since BES has a higher efficiency. In
Fig. 6, compared to S3 (Opt, HD, CP30) in China, BES is used more
frequently under S9 (ES2, HD, CP30) because more BES capacity and
less coal-fired generation capacity can be used under S9. Also, BES can
be used separately under S3 while working together with PHS to be
charged under S9 at some time in the second half-year because it is not

Fig. 4. Utilisation of different generation types in China and the UK under each scenario.

Fig. 5. Hourly charge (negative) and discharge (positive) of energy storage and power generation under S1 and S7 in China.
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enough to meet the residual electricity demand by using BES alone due
to less coal-fired generation capacity under S9. In the UK, due to the
higher efficiency of BES, it is used less under S3 (Opt, HD, NZE35)
compared to S9 (ES2, HD, NZE35) at some time in summer because
using BES to store excess electricity can reduce the use of electricity
generation from gas-fired generation, thus can reduce the total costs.
Additionally, since coal-fired generation has a higher carbon intensity, it
will be used in the UK only when gas-fired generation cannot meet the
residual electricity demand at peak load times, although it has a lower
operation cost.

With base electricity demand and a strict carbon constraint,
increasing storage capacity leads to a shift from working together to
working separately on different energy storage types in both China and
the UK. In Fig. 7, under S4 (Opt, Base, CP25/NZE30) and S10 (ES2, Base,

CP25/NZE30), since electricity generation in China from coal-fired
generation in the first half-year is reduced and solar power generation
is expanded, energy storage needs to be used more in the first half-year.
Also, energy storage capacity is less under S4 compared to S10, thus BES
and PHS need to complement each other to store excess electricity and
meet the remaining electricity demand under S4, while they can be used
separately at some time under S10 to meet these two objectives. Simi-
larly, PHS, BES, and FES need to discharge together to meet the residual
electricity demand and charge together to store the excess power from
wind and gas-fired generation under S4 in the UK.

3.4. Economy-wide effects

The total economic output is not affected by the change in storage

Fig. 6. Hourly charge (negative) and discharge (positive) of energy storage and power generation under S3 and S9 in China and the UK.
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capacity but is only related to electricity demand. An increase in elec-
tricity demand will lead to an increase in the power sector's final de-
mand, which will increase the total economic output (Fig. S5). Fig. 8
compares the total carbon emissions of China and the UK under different
energy storage capacity scenarios. For both China and the UK, the total
carbon emissions decrease when energy storage capacity doubles but
increase when there is no storage compared to those scenarios with
optimal storage capacity. This suggests that increasing energy storage
has a positive effect on the whole system's carbon emissions reduction.

Moreover, changes in storage capacity will lead to indirect emissions
changes in all sectors but only lead to changes in direct carbon emissions
of coal and gas-fired generation sectors for China and the UK. This is
because only the emission intensities of coal- and gas-fired are changed
after optimising the power system, which is based on the assumption
that in the optimisation model, the carbon factors for each power

generation and energy storage type except for coal- and gas-fired elec-
tricity generation are zero. Generally speaking, bioenergy power is
considered carbon neutral, and other types of power generation and
storage do not directly emit CO2. The direct emissions of coal- and gas-
fired generation can be obtained by multiplying the annual electricity
generation by their corresponding carbon factors.

In Fig. 8, we can see that the total carbon emissions difference of
“HD-CP30/NZE35” is greater than others, which means the difference
between different energy storage capacity scenarios with high electricity
demand and low carbon constraints is greater. Thus, S3 (Opt, HD, CP30/
NZE35), S9 (ES2, HD, CP30/NZE35), and S15 (ES0, HD, CP30/NZE35),
which belongs to the type of “HD-CP30/NZE35”, are chosen to compare
sectoral emissions distribution. The sector classification of China and the
UK IO tables is shown in Tables S5 and S6.

Fig. 7. Hourly charge (negative) and discharge (positive) of energy storage and power generation under S4 and S10 in China and the UK
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3.4.1. Effects on the power subsectors
The difference in direct and indirect emissions of the power sub-

sectors in China and the UK under the three scenarios is shown in
Table 3. When storage capacity doubles, the annual electricity genera-
tion from coal-fired power decreases while from gas-fired power

increases, thus leading to direct emissions of coal-fired generation
(Sec43 in China or Sec21 in the UK) decreasing, and direct emissions of
gas-fired generation (Sec44 in China or Sec22 in the UK) increasing;
when there is no storage, the opposite is true. Since the three scenarios
are bound by the same carbon emissions constraint, there is no change in
the sum of direct emissions of the two sectors.

The indirect emissions of power subsectors are affected by the ca-
pacity share of each generation and storage type, the share of annual
electricity generation of each generation type and the total annual
discharge power of each storage type, and the emission intensity of coal-
and gas-fired generation. In China, the main factor that affects the in-
direct emissions of power generation subsectors is the capacity and
annual electricity generation of coal-fired generation, and they are
greater under S3 (Opt, HD, CP30) than those under S9 (ES2, HD, CP30)
but less than those under S15 (ES0, HD, CP30). This is the reason that the
indirect emissions of all power generation sectors decrease under S9
while increasing under S15 compared to S3.

In the UK, the indirect emissions of Sec23 (bioenergy power gener-
ation) increase significantly (15.65 %, 680 thousand tonnes) under S15
(ES0, HD, NZE35) compared to S3 (Opt, HD, NZE35) due to the positive
effects of the increased shares of gas-fired generation capacity and
annual electricity generation of bioenergy power generation on its in-
direct emissions. Although there is no difference in gas-fired generation
capacity between S3 and S9 (ES2, HD, NZE35), the capacity share of gas-
fired generation is reduced due to more storage capacity under S9. Thus,
compared to S3, indirect emissions of Sec22 (gas-fired generation)
decrease under S9. The changes in indirect emissions of other power
generation sectors are mainly determined by the effect of changes in the
share of gas-fired generation capacity. Moreover, the change in indirect
emissions of Sec25 (wind power generation) is determined by changes in
the capacity share of gas-fired generation and the annual electricity
generation share of wind power generation. When storage capacity
doubles, they are decreased, leading to a decrease in indirect emissions
of Sec25; when there is no storage, the capacity share of gas-fired gen-
eration increases but the share of annual electricity generation of wind
power generation decreases, resulting in indirect emissions of Sec25
decrease since the latter has a greater effect on indirect emissions than
the former.

3.4.2. Effects on other sectors
The changes in other sectors' carbon emissions in China and the UK

between these three scenarios are shown in Fig. 9. It mainly depends on
the changes in capacity shares of coal-fired generation in China and gas-
fired generation in the UK. As energy storage capacity doubles, the ca-
pacity shares of coal-fired generation in China and gas-fired generation
in the UK decrease, leading to a decline in indirect emissions of other
sectors. Although the carbon emission intensity of China's coal-fired
generation and the UK's gas-fired generation sectors increases due to

Fig. 8. The difference in total carbon emissions in China and the UK under no storage and doubling storage capacity compared to the optimal storage capacity
scenarios with the same electricity demand and carbon constraints

Table 3
The difference in sectoral carbon emissions of power subsectors in China and the
UK between S3, S9, and S15 (unit: Mt).

Sec
code

Difference between S9 and S3 Difference between S15 and S3

Direct
emissions

Indirect
emissions

Direct
emissions

Indirect
emissions

China

Sec42 0.00 (0.00
%)

− 0.49
(− 0.35 %)

0.00 (0.00
%)

0.11 (0.08 %)

Sec43
− 0.07
(− 0.00 %)

− 27.85
(− 5.82 %)

0.14 (0.00
%)

28.82 (6.02
%)

Sec44
0.07 (0.02
%)

− 0.25
(− 0.38 %)

− 0.14
(− 0.03 %)

0.08 (0.12 %)

Sec45 0.00 (0.00
%)

− 0.10
(− 0.40 %)

0.00 (0.00
%)

0.03 (0.14 %)

Sec46
0.00 (0.00
%)

− 0.48
(− 0.34 %)

0.00 (0.00
%) 0.10 (0.07 %)

Sec47
0.00 (0.00
%)

− 0.47
(− 0.14 %)

0.00 (0.00
%) 0.18 (0.05 %)

Sec48
0.00 (0.00
%)

16.13
(99.62 %)

0.00 (0.00
%)

− 16.19
(− 100.00 %)

Sec49 0.00 (0.00
%)

6.54
(100.45 %)

0.00 (0.00
%)

− 6.51
(− 100.00 %)

Sec50
0.00 (0.00
%)

− 6.34
(− 0.58 %)

0.00 (0.00
%) 6.01 (0.55 %)

UK

Sec20
0.00 (0.00
%)

− 0.04
(− 5.44 %)

0.00 (0.00
%) 0.03 (4.75 %)

Sec21 − 0.03
(− 58.34 %)

− 0.13
(− 6.59 %)

0.01 (16.92
%)

0.11 (5.45 %)

Sec22 0.03 (0.07
%)

− 0.87
(− 5.41 %)

− 0.01
(− 0.02 %)

1.87 (11.59
%)

Sec23
0.00 (0.00
%)

− 0.20
(− 4.72 %)

0.00 (0.00
%)

0.68 (15.65
%)

Sec24
0.00 (0.00
%)

− 0.15
(− 4.27 %)

0.00 (0.00
%) 0.14 (4.00 %)

Sec25 0.00 (0.00
%)

− 0.52
(− 5.63 %)

0.00 (0.00
%)

− 0.33
(− 3.58 %)

Sec26 0.00 (0.00
%)

− 0.06
(− 6.15 %)

0.00 (0.00
%)

0.05 (5.19 %)

Sec27
0.00 (0.00
%)

0.87 (85.94
%)

0.00 (0.00
%)

− 1.01
(− 100.00 %)

Sec28
0.00 (0.00
%)

0.67 (86.77
%)

0.00 (0.00
%)

− 0.77
(− 100.00 %)

Sec29 0.00 (0.00
%)

0.13 (86.91
%)

0.00 (0.00
%)

− 0.15
(− 100.00 %)

Sec30 0.00 (0.00
%)

− 0.07
(− 6.55 %)

0.00
(0.00%)

0.06 (5.44 %)

Note: The figures in the bracket represent the proportions of change in direct/
indirect emissions of the corresponding sectors.
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the decrease in their respective total economic output when storage
capacity doubles, it is not enough to offset the reduction effect on in-
direct emissions of their reduced capacity shares. The opposite is true
when there is no storage.

In China, Sec12 (manufacture of chemical products), Sec13 (manu-
facture of non-metallic mineral products), Sec14 (smelting and pro-
cessing of metals), and Sec26 (construction) are sectors that are most
affected. Sec3 (manufacturing) and Sec4 (gas supply and distribution)
experience relatively large changes in emissions among other sectors in
the UK. The main sectors for UK manufacturing emissions are the
coking, fertiliser, cement, and iron and steel production industries,
which have relatively high emissions intensity. Among these sectors,
relatively high emissions intensity and high demand for electricity lead
to greater changes in their indirect emissions.

3.5. Discussion

In current power systems, the installed capacities of BES, and PHS in
China are around 13 GW and 45.8 GW, respectively [5]; the capacities of

BES, PHS, and FES in the UK are around 2.1 GW, 2.7 GW, and 0.4 GW,
respectively [28,42,43]. In the optimal storage capacity scenarios, the
results of this paper suggest that by 2025, energy storage capacity in
China does not need to be expanded in most cases, except in the case
with high demand and strict carbon constraint (S6). Under this scenario,
the solar power generation capacity in 2025 (1205 GW) is four times the
capacity installed in 2022 (393 GW) [27], and the capacity of BES and
PHS will be expanded to about 18 GW and 58 GW (Table S3). In the UK,
storage capacity will not be expanded; the capacity of wind power
generation will remain at the 2022 level (12 GW) [28] when, with base
electricity demand and loose carbon constraint, and will be expanded to
27 GW when demand is high and carbon constraint is strict (Table S4).
Energy storage, especially BES, will see a rapid increase in installed
capacity in the near future with the increasing installed capacity of
renewable energy generation. The cost of BES will show a declining
trend [44]. BES in the UK is expected to reach 18 GW of installed ca-
pacity by 2035, far higher than the potential of 10 GW of installed ca-
pacity of PHS [45]. By 2025, China is expected to reach 30 GW of
installed BES capacity and 62 GW of PHS capacity [46,47]. Since the

Fig. 9. The difference in sectoral carbon emissions of other sectors in China and the UK between S3, S9, and S15.
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reality of the power system is difficult to represent completely through
modelling and we have only modelled the power systems in the short
term (the decommissioning and lifetime of power plants and energy
storage systems are not considered), the results may have some devia-
tion from the reality and other future planning. The uncertainty of
electricity demand and sector disaggregation on carbon emissions are
discussed as follows. The results of total emissions with different carbon
constraints can be seen in Fig. S6.

3.5.1. Uncertainty analysis: electricity demand
Fig. 10 shows the comparison of total direct and indirect carbon

emissions in China and the UK under different electricity demand sce-
narios. It can be seen that increasing demand reduces the whole system's
carbon emissions, except for S18 of the UK (ES0, HD, NZE30). This is
because increasing electricity demand makes a cleaner power system,
leading to indirect emissions decreasing significantly, though direct
emissions increase a small amount. The impact of electricity demand on
total carbon emissions is greater in China than in the UK due to China
having a higher carbon intensity of power generation. The proportion of
changes in indirect emissions to changes in total emissions is signifi-
cantly higher in China than it is in the UK, which indicates that emis-
sions from the supply chain in China are more affected by electricity
demand.

The changes in electricity demand lead to changes in power system
optimisation results. In China, carbon emissions are mainly from coal-
fired generation, and decreasing electricity demand leads to less solar
power capacity expansion, resulting in increased shares of coal-fired
capacity and generation, thus leading to an increase in total indirect
emissions. In the UK, gas-fired generation is the largest carbon emitter,
and the shares of its capacity and annual electricity generation increase
due to less wind power capacity as electricity demand decreases, thus

resulting in changes in total indirect emissions, which is opposite to
changes in demand. The only exception occurs in the UK under S18.
Under this scenario, the differences in the shares of annual electricity
generation and capacity of gas-fired generation are less compared to S16
(ES0, Base, NZE30), and the effect on total indirect emissions of gas-fired
generation will be offset by other factors that would lead to an increase
in indirect emissions, like an increase in annual electricity generation
share of bioenergy power generation. Thus, this leads to a slight increase
in total indirect emissions under S18 compared to S16.

3.5.2. Uncertainty analysis: sector disaggregation
The difference in the whole system's carbon emissions (same as total

indirect carbon emissions because of no difference in total direct emis-
sions) between the original and most likely cases in China and the UK
under eighteen scenarios are shown in Fig. 11. In general, sector
disaggregation uncertainty leads to the greatest difference in total
emissions in S5 (with optimal storage capacity, low demand, and strict
carbon constraint) in China; while in the UK, the largest total emissions
difference is in S8 (with storage capacity doubled, low demand, and
loose carbon constraint). Although the difference in total emissions
between the original and most likely cases for both China and the UK is
not significant (less than 0.1 %), it will become significant in some
extreme cases. Specifically, when there is great uncertainty in the
disaggregation of coal-fired and gas-fired power generation sectors, the
difference in total carbon emissions becomes larger. Moreover, carbon
emissions of those sectors that are more closely linked to the power
sector and with high emission intensity (as mentioned above) are more
affected by sector disaggregation uncertainty than the other sectors. In
some extreme cases, the uncertainties in disaggregation coefficients for
China's coal-fired generation and the UK's gas-fired generation sectors
could arrive at 2.8 % and 1.4 % respectively, which results in the

Fig. 10. The difference in carbon emissions in China and the UK under high and low demand compared to base demand scenarios with the same storage capacity and
carbon constraints.
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differences in total carbon emissions of 1263 Mt (3.54 %) and 21 Mt
(3.70 %). The total emissions difference in the UK is slightly greater than
in China indicating the UK is more vulnerable to uncertainty in disag-
gregation of the power sector.

4. Conclusions

Our results indicate that increasing energy storage capacity can in-
crease renewable generation capacity, thus leading to reduction in total
economy-wide carbon emissions for both China and the UK. The impact
of changes in energy storage capacity on power subsectors' carbon
emissions is mainly associated with their respective installed capacity
and annual generation shares. From the sector perspective, carbon
emissions of Sec12 (manufacture of chemical products), Sec13 (manu-
facture of non-metallic mineral products), Sec14 (smelting and pro-
cessing of metals), and Sec26 (construction) in China and Sec3
(manufacturing) and Sec4 (gas supply and distribution) in the UK that
are closely linked to the power sector and have high emissions intensity
are more likely to be affected. The dynamic operation of energy storage
mainly affects solar power generation in China, while in the UK it mainly
affects wind power generation. In some extreme cases, uncertainty in
sector disaggregation will have a large impact on carbon emissions,
especially in those sectors closely linked to the power sector and with
high emission intensity.

Some recommendations can be put forward for the consideration of
policymakers based on the results. First, governments should prioritise
investment in and deployment of energy storage technologies, as
increasing storage capacity can enhance renewable generation capacity
and significantly reduce economy-wide carbon emissions. Second, pol-
icy measures should be tailored to optimise the renewable energy mix; in
China, greater emphasis should be placed on supporting solar power,
whereas in the UK, wind energy should be the focus. Third, targeted
decarbonisation strategies should be developed for sectors closely linked

to the power industry and characterised by high emission intensities.
Fourth, inter-sectoral coordination and planning should be strengthened
to ensure that the decarbonisation of the power sector drives emissions
reductions in other high-emission sectors.

There are some limitations to this study. First, the decommissioning
and lifetime of power generation and energy storage systems are not
considered in the optimisation model since only a short-term planning
(2025 as the simulation year) is conducted. Second, the model simplifies
energy storage by not considering the integration of short-, medium-,
and long-term storage deployment and integration of the deployment
strategy of these types of storage. Third, uncertainties of parameters, like
generation and storage costs and VRE generation availability are not
considered. These limitations will be addressed in future studies.
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