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Abstract

The large-scale integration of volatile and intermittent renewables necessitates greater
flexibility in the power system. Improving this flexibility is key to achieving a high propor-
tion of renewable energy consumption. In this context, the scientific selection of energy
storage technology is of great significance for the construction of new power systems. From
the perspective of life cycle cost analysis, this paper conducts an economic evaluation of
four mainstream energy storage technologies: lithium iron phosphate battery, pumped
storage, compressed air energy storage, and hydrogen energy storage, and quantifies and
compares the life cycle cost of multiple energy storage technologies. On this basis, a three-
dimensional multi-energy storage comprehensive evaluation indicator system covering
economy, technology, and environment is constructed. The improved grade one method
and entropy weight method are used to determine the comprehensive performance, and
the fuzzy comprehensive evaluation method is used to carry out multi-attribute decision-
making on the multi-energy storage technology in the source, network, and load scenarios.
The results show that pumped storage and compressed air energy storage have signif-
icant economic advantages in long-term and large-scale application scenarios. With its
fast response ability and excellent economic and technical characteristics, the lithium iron
phosphate battery has the smallest score change rate (15.2%) in various scenarios, showing
high adaptability. However, hydrogen energy storage technology still lacks economic and
technological maturity, and breakthrough progress is still needed for its wide application
in various application scenarios in the future.

Keywords: multi-energy storage; life cycle cost; comprehensive evaluation indicator system;
ordinal relation-entropy weight method; multi-attribute decision making

1. Introduction

Amid the accelerating global energy transition and the large-scale integration of
renewable energy, modern power systems are increasingly challenged by heightened
variability, greater uncertainty, and limited flexibility in regulation [1,2]. Energy storage
technologies, as key enablers of system flexibility, play a crucial role across the generation,
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grid, and load sides of the energy system. They can mitigate renewable energy intermittency,
reduce curtailment of wind and solar power, participate in peak shaving and valley filling,
and enhance energy utilization efficiency—ultimately contributing to the overall flexibility
and stability of the power system [3]. However, the large-scale deployment of energy
storage is still constrained by high costs. Over its entire life cycle, an energy storage
system incurs various expenses, including capital investment, operation and maintenance
(O&M) costs, replacement costs, and electricity-related expenditures, all of which evolve
dynamically over time [4]. Therefore, accurately evaluating the economic performance
of energy storage systems is crucial for informed technology selection and promoting
widespread adoption.

At present, the economic evaluation methods of energy storage mainly include the
LCOS and the life cycle cost (LCC). LCOS measures the economy of energy storage by
calculating the unit power cost, which is simple to calculate, but it does not fully consider
the time value of electricity and the dynamic change in cost, so it is easy to underestimate
the long-term operating cost [5]. In contrast, the LCC method can comprehensively consider
factors such as equipment depreciation, operating efficiency, cycle life, and discount rate,
and can more comprehensively quantify the real cost of the energy storage system, which
has become an important tool for energy storage economic evaluation [6].

In the selection of energy storage technology, the traditional method often focuses
on a single indicator, which is difficult to fully reflect the comprehensive performance
of the energy storage system in economic, technical performance, and environmental
attributes [7]. Multi-attribute decision-making (MADM) has been widely used in energy
storage evaluation because it can balance multi-dimensional factors [8]. Studies have
shown that lithium iron phosphate batteries perform well with high energy density and
fast response capabilities in peak shaving and valley filling scenarios. In long-term energy
storage scenarios, pumped storage is more competitive due to its low cost and long life [9].

To further contextualize the gaps in current evaluation practices, it is worth noting that
several international studies have addressed similar challenges from diverse geographical
perspectives. For example, Denholm et al. examined the role of long-duration energy
storage technologies in improving grid flexibility under high-renewable penetration, high-
lighting economic trade-offs between lithium-ion, flow batteries, and pumped storage [10].
Schmidt et al. conducted a comprehensive comparison of LCOS and environmental metrics
for various storage technologies in European electricity markets, emphasizing regional cost
differentials and policy influences [11]. Hamed et al. analyzed the techno-economic feasi-
bility of battery energy storage systems under high solar irradiation and time-of-use tariffs,
proposing a hybrid approach to optimize system cost and performance [12]. While these
studies offer valuable insights, most of them still adopt simplified economic assumptions
and rarely integrate full life-cycle cost modeling with multi-criteria decision analysis in
a unified framework. Our work aims to bridge this gap by combining LCC and MADM
methods in a scenario-driven evaluation of storage technologies across the generation, grid,
and load sides.

In addition, the role of environmental factors in the selection of energy storage is
also increasingly prominent. For example, although the economy of the flow battery is
slightly inferior, its environmental performance advantages are more prominent in low-
carbon scenarios [13]. However, the existing research often does not fully incorporate
the life cycle cost in the selection of energy storage, resulting in a lack of accuracy and
comprehensiveness of the evaluation results.

Based on this, this study first uses the life cycle cost method to quantitatively evalu-
ate the economy of the four energy storage systems, and comprehensively considers the
impact of factors such as annual cycle times, operating efficiency, and discount rate on
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the cost of electricity, and conducts a comparative analysis. On this basis, the economic
parameters are incorporated into the multi-energy storage selection system, and the im-
proved G1-EWM weight method and fuzzy comprehensive evaluation method are used to
systematically analyze the differential performance of energy storage technology on the
source, network, and load sides in multi-application scenarios. The research results can
provide a theoretical basis for the scientific selection and configuration optimization of
energy storage technology.

Given the limitations of current energy storage evaluation approaches and the increas-
ing complexity of modern power systems, there is a pressing need for more comprehensive
and dynamic assessment frameworks that can accurately reflect the full life-cycle economic
performance and multi-dimensional attributes of energy storage technologies. Existing
studies often rely on simplified cost models such as the LCOS, which do not adequately
capture the temporal evolution of costs or the broader impacts of energy storage across
multiple application scenarios. Additionally, conventional technology selection methods
typically emphasize single economic indicators, overlooking important technical and envi-
ronmental dimensions that influence storage performance across generation, grid, and load
domains. To enable informed decision-making and support the large-scale deployment of
energy storage under complex and uncertain renewable energy conditions, a more robust
evaluation and selection methodology is required—one that integrates life-cycle cost anal-
ysis with multi-criteria decision-making techniques across diverse application scenarios.
The main contributions include the following:

(1) A life-cycle cost (LCC)-based evaluation framework is established to quantify the
economic performance of four representative energy storage technologies. This model
comprehensively incorporates factors such as annual cycle frequency, operational
efficiency, replacement costs, and discount rates, providing a more accurate and
dynamic reflection of storage economics over the system’s operational lifespan.

(2) A multi-attribute decision-making system is constructed that integrates economic
indicators derived from LCC analysis with technical and environmental performance
metrics. An improved G1-EWM method combined with a fuzzy comprehensive evalu-
ation (FCE) model is employed to ensure balanced consideration of multi-dimensional
performance attributes.

(3) A scenario-based comparative analysis is conducted to evaluate the suitability of
different energy storage technologies across the source, grid, and load sides in various
application contexts. This enables targeted recommendations for energy storage
deployment based on system needs and contextual constraints.

The structure of this paper is as follows: Section 2 introduces characteristic parameters
of energy storage technology, Section 3 explains the method of life cycle cost, Section 4
presents the multi-energy storage technology selection, Section 5 provides a typical applica-
tion scenario analysis, and Section 6 provides the main conclusion.

2. Characteristic Parameters of Energy Storage Technology
in Power Systems

Figure 1 shows the selection and evaluation framework of multi-energy storage tech-
nology in typical scenarios such as the source side, grid side, and load side. Focusing on
the scientific selection in multiple scenarios, this paper selects four technologies: pumped
storage, lithium iron phosphate battery, compressed air energy storage, and hydrogen
energy storage; constructs a comprehensive evaluation system based on the three di-
mensions of economy, technical performance, and environmental impact; and sets up
11 secondary indicators.
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Figure 1. Multi-energy storage selection framework.

In the evaluation method, the improved G1 (grade one) method and EWM (entropy

weight method) are combined to weight the indicators, and the fuzzy comprehensive

evaluation method is used to quantify the adaptability scores of different technologies in

various scenarios, so as to provide a decision-making basis for energy storage configuration.
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The indicators of each dimension are as follows:

Economy (C1): This includes initial investment, operation and maintenance cost,
equipment replacement cost, and charging cost, reflecting the capital investment and
economic burden of the energy storage system in the whole life cycle.

Technical performance (C2): Covering charge and discharge efficiency, response time,
and power and capacity scale, reflecting system operation efficiency, adjustment
ability, and scale adaptability.

Environmental impact (C3): Including environmental friendliness and volumetric en-
ergy density, reflecting ecological impact and spatial utilization efficiency, respectively,
this is an important basis for measuring green and low-carbon attributes. Environmen-
tal friendliness is included as a subjective indicator because different types of energy
storage technologies have diverse environmental impacts across multiple dimensions,
including resource extraction, manufacturing processes, operational emissions, and
end-of-life disposal. A subjective indicator that comprehensively reflects environmen-
tal impact allows for a more holistic consideration of these factors. In contrast, relying
on a single quantifiable metric—such as CO, emissions per unit of energy or water
consumption—may introduce bias due to incomplete data or limited representative-
ness. This could lead to evaluation bias against certain technologies and compromise
the objectivity and fairness of the overall assessment results.

Among the secondary indicators, ‘current development stage” and ‘environmental

friendliness” are subjective indicators, and their weights are obtained based on expert

questionnaire survey statistics and artificial intelligence-assisted analysis. In addition, the

improved G1-EWM method is employed to conduct a comprehensive evaluation, allowing

for the derivation of corresponding weights in a manner that ensures the assessment is as
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fair and unbiased as possible. Other indicators are objective indicators, in which economic
indicators are quantitatively obtained through life cycle cost analysis; the technical indi-
cators and environmental indicators are mainly determined through extensive literature
research and technical parameter data collection to ensure the objectivity and scientificity
of the indicator evaluation process.

3. Life Cycle Cost Modeling
3.1. Life Cycle Cost Model of Energy Storage System

The life cycle cost (LCC) refers to the ratio of the total cost of the energy storage system
to the cumulative transmission power throughout the life cycle, and measures the economy
of the unit discharge power. The calculation process of the life cycle cost of electricity is
shown in Figure 2. The total cost mainly includes initial investment cost Cy,, operation
and maintenance cost Cogm, replacement cost Crepy, charging cost Cpel, and recovery cost
Cgol, which are mainly affected by the parameters such as charging and discharging base
price and charging and discharging efficiency.

| Initial investment cost

Operation and
maintenance cost Release capacity
Total

Total .
| Replacement cost | otal cost on-grid power {

= Annual cycle times
| Charging cost | H—/

| Recovery cost | Life cycle cost |

Figure 2. The calculation process of electricity costs in the whole life cycle.

The cumulative transmission capacity is affected by the release capacity of the energy
storage system and the number of cycles. As shown in Figure 2, the whole life cycle cost of
electricity can be calculated by the following formula [14]:

C—= Crny + CoaM + CRepl + Cpel + Cgol

B M)

where C represents the cost of electricity for the whole life cycle, and Ep represents the
total on-grid power.

Investment cost refers to the cost incurred in the construction of an energy storage sys-
tem, including design, equipment, software, engineering, procurement, and construction.
The initial investment cost is affected by market and industry changes, which are mainly
composed of unit capacity investment cost and unit power investment cost.

Cinv =Cp-Wp+Cg- Qg )

where Cp is the unit power investment cost, Wp is the power capacity, Cg is the investment
cost per unit capacity, and Qg is the energy storage capacity.

Operation and maintenance costs are the costs of the daily operation of the energy
storage system, including operation, maintenance, and labor costs, and it is necessary to
consider the discount rate, with the operation time as the conversion benchmark:

C i Cp—0&M * Wp + Clapor 3)
o&M =
= (147"

where Cp_ogm is the annual unit power maintenance cost, Ciapo, is the annual manual
operation cost, N represents the operation cycle of the energy storage system, and r is the
discount rate of the energy storage system.
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The replacement cost involves the replacement cost after the life of the energy storage
component expires. Usually, based on the unit power replacement cost, the cumulative
calculation is carried out in combination with the number of replacements in the system

operation cycle:
N, rep

C'Repl = 2

n=1

Cp—r-Wp

W ¥

where Cp_, is the unit power replacement cost, and Nyep represents the number
of replacements.

Charging cost refers to the cost of the energy storage system to obtain electricity from
the power grid or renewable energy, which is affected by electricity price and charging
amount. The charging cost will have a great impact on the revenue of the energy storage
system. The calculation formula is as follows:

N
Cel - Qk - DOD

C :2 - == 2 5

P S e (14 0)" ©

where C, is the cost of electricity charging, 6pop is the charge and discharge depth of
the energy storage system, and #gr is the charge and discharge efficiency of the energy
storage system.

The recovery cost refers to the expenses incurred at the end of the life cycle of the
energy storage system for processes such as dismantling and recycling. It is commonly
estimated using a scrap cost rate, which represents the proportion of the recovery cost to
the initial construction investment. In this study, the potential salvage value or secondary
utilization benefit is not considered.

FeoL * Cinv ©)

C p—
BT T N

where Fgoy, is the scrapping cost rate.

Cumulative transmission power refers to the total power transmitted to the outside
by the energy storage system during its service life. The effects of annual cycle times,
release capacity, self-discharge rate, cycle decay, and other factors should be considered in

the calculation.
N Npay - QE - Opop - (1 B GDeg)

Eo=), 1+7)"

n=1

)

where Npay is the number of annual cycles of the energy storage system, and peg is the
average annual cycle decay rate of the energy storage system.

3.2. LCC Analysis of Energy Storage System

With the continuous progress of energy storage technology, its application in the
power system is becoming more and more extensive. The life cycle cost of energy storage is
a key indicator to evaluate the economy of an energy storage system. This indicator is an
important basis for judging whether it can be applied on a large scale in the future.

In this study, a fixed discount rate of 8% was selected based on widely used values
in energy economic assessments for utility-scale energy storage projects in China. To
evaluate the robustness of this assumption, a sensitivity analysis was conducted within the
5-10% range. Results indicate that while the discount rate affects the absolute value of
life cycle cost, it has a limited impact on the relative ranking of storage technologies, thus
supporting the validity of the comparative findings.

The calculation of the LCC of electricity involves the following factors: initial invest-
ment cost, operation and maintenance cost, replacement cost, charging cost, and recovery
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cost. Technical parameters such as energy storage efficiency and discharge depth also
have a significant impact on the cost of electricity. In this paper, the relevant parameters
using Table 1.

Table 1. Calculate the relevant parameters of each energy storage system.

Lithium Iron Compressed Air Hydrogen Ener;
Parameter Phosphate Battery Pumped Storage Ener};y Storage ¥ Sforage 8y Data Source
Qe/MW-h 10 1000 300 800 Setting value
Wp /MW 10 200 60 200 Setting value
Cg 4 Cp/ten thousand CNY 1500 125,000 43,000 96,000 Ref. [15]
Cp_o&Mm/[CNY/(kW-year)] 55 39 14.5 60 Ref. [16]
Clabor/[CNY /(kW-year)] 0 144 14.4 20 Ref. [16]
Cp_:/(CNY/KW) 850 560 1000 1200 Ref. [17]
/% 0.08 0.08 0.08 0.08 Ref. [18]
nrr/ % 0.9 0.8 0.6 0.45 Refs. [19,20]
Opop/ % 0.8 1.0 1.0 1.0 Ref. [21]
Opeg /(% / year) 0.011 0.004 0.005 0.007 Ref. [22]
N /year 20 55 30 20 Ref. [23]
Npay /times 396 396 396 396 Setting value
Py[CNY/(kW-h)] 0.288 0.288 0.288 0.288 Ref. [24]

The energy storage technology has its own characteristics in terms of cost composition
and economy. For example, Figure 3a shows that in the lithium iron phosphate battery
energy storage, the initial investment and charging cost account for about 74%. Limited by
the battery life and replacement frequency, the maintenance expenditure is high, and the
overall cost of electricity is high. It is more suitable for short-term frequency modulation,
peak shaving, valley filling, and other flexible scenarios.

Charging cost Initial investment cost
995.3 (29.5%) 1,500 (44.5%)

Initial investment cost
125,000 (39.5%)

Maintenance cost
13,156.3 (4.2%)
Replacement cost
2,918.5 (0.9%)

Maintenance cost
SR () Charging cost
(a) 175,614.2 (55.5%) (1)

Initial investment cost Initial investment cost
43,000 (38.7%) 96,000 (35.9%)

Replacement cos

337.6 (10%)

Maintenance cost Maintenance cost
1,952.1 (1.8%) 11,951.1 (4.5%)
] Replacement cost ) Replacement cost
Chargmg cost 1,89 1.5 (| _7%) Chargmg cost 7,727'4 (2.9%}
64,196.4 (57.8%) (c) 151,444.5 (56.7%) (d)

Figure 3. Total cost distribution of energy storage system: (a) Lithium iron phosphate battery energy
storage, (b) pumped storage, (c) compressed air energy storage, and (d) hydrogen energy storage.

As shown in Figure 3b, with a service life of more than 30 years and extremely low
operation and maintenance costs, pumped storage has a significant economic advantage
under low electricity price charging conditions, which accounts for more than 90% of the
electricity cost. It is the first choice for long-period and large-scale energy storage.

Compressed air energy storage is also dominated by charging costs, accounting for
nearly 60% as depicted in Figure 3c. It has a long equipment life and low maintenance
costs. The cost of electricity is close to pumped storage in situations such as abandoning
wind and abandoning light. It has the advantages of a short construction period and small
investment intensity, and is suitable for wide deployment.
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In contrast, hydrogen energy storage currently has the highest cost per kilowatt hour,
and the proportion of charging and initial investment is relatively large. Limited by the
maturity of key technologies, the economy is not prominent as demonstrated in Figure 3d.
But it has considerable potential in future scenarios such as seasonal and long-term energy
storage, and has good development prospects.

3.3. Analysis of the Influence of the LCC Parameters of the Energy Storage System

Taking the lithium iron phosphate battery energy storage system as an example, the
changes of the life cycle energy storage cost under different annual cycle times, different
operating efficiency, and different charging costs are analyzed in detail [25].

Figure 4a—c show the variation trend of the cost of electricity with the number of
annual cycles, charging and discharging efficiency, and charging base price, respectively.
Figure 4a shows that the increase in the number of annual cycles can significantly reduce
the cost of electricity per degree, but the decline slows down when the number of cycles is
high. Figure 4b shows that the improvement of charge and discharge efficiency can slightly
reduce the cost of electricity, but the impact is limited. Figure 4c shows that the cost of
electricity is linearly positively correlated with the charging base price, and reducing the
price can effectively reduce the cost of electricity.

20 _,1'20 :I.S

=18} =18t =14}

B = 213}

2lor %16} 2!

S14f = =127

3 S 114} &

= 12p = |

810- 81.12_ 81.0-

’_]08- L L L L L L A]]O ._]09-
200 300 400 500 600 700 75 80 85 90 95 0.1 02 03 04 05 06
The number of annual cycles  Charging and discharging efficiency Charging base price

(a) (b) (¢c)

Figure 4. The trend of life cycle electricity cost changing with single parameter of system.

Figure 5 shows the annual cycle number and charge-discharge efficiency, the annual
cycle number and charging base price, and the influence of charge-discharge efficiency
and charging base price on the cost of electricity. The results show that the sensitivity of
electricity cost to each parameter is ranked as follows: annual cycle number > charging base
price > charging and discharging efficiency. This shows that optimizing the economy of
energy storage should first increase the number of annual cycles, then reduce the charging
price, and finally consider improving the charging and discharging efficiency, so as to
maximize cost-effectiveness.

3.4. Comprehensive Comparison and Analysis

The following results are obtained by calculating the basic data of each energy storage
in the above content:

As shown in Table 2, in the comparison of the life cycle cost of the energy storage
system, different energy storage technologies show significant differences in different
situations. When the charging price is included, the cost of lithium iron phosphate battery
energy storage and hydrogen energy storage is the highest, which is 1.135 CNY/kWh and
1.157 CNY/kWh, respectively, which is mainly affected by the high initial investment and
the rising operation cost of electricity price. In contrast, pumped storage (0.667 CNY/kWh)
and compressed air energy storage (0.853 CNY/kWh) have lower costs, show stronger
economy with long life and low unit capacity investment, and are suitable for electricity
price-sensitive large-scale energy storage scenarios.
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Figure 5. Sensitivity analysis plots of the life cycle energy storage cost of multi-element energy storage
with the change in two parameters of the system: (a—c) lithium iron phosphate battery energy storage,
(d—f) pumped storage, (g—i) compressed air energy storage, and (j—1) hydrogen energy storage.

Table 2. Electricity cost of each energy storage in different scenarios.

LCC Under Different Scenarios Lithium Iron Pumped Storage Compressed Air Hydrogen Energy
[CNY/(KW-h)] Phosphate Battery P 8 Energy Storage Storage
Consider the charging price 1.135 0.667 0.853 1.157
Do not consider the charging price ? 0.80 0.297 0.360 0.501
Conmdermg the char.gmg price, do 0.910 0471 0.655 0.909
not consider the discount rate
The charging price is not considered 0573 0.098 0.158 0.248

and the discount rate is 0

: Use of abandoned wind and abandoned light charging.

When charging with zero-cost electricity (such as abandoning wind and solar), the
cost per kWh decreases significantly. Pumped storage and compressed air energy storage
are reduced to 0.297 CNY/kWh and 0.360 CNY /kWh, respectively, which are much lower
than lithium iron phosphate battery energy storage (0.80 CNY/kWh) and hydrogen energy
storage (0.501 CNY/kWh). It has more cost advantages in new energy consumption and

grid peak shaving scenarios.
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When the charging price is included but the discount rate is zero, the cost of electricity
consumption decreases as a whole, reflecting the significant impact of financing cost on
the economy of energy storage. At this time, pumped storage (0.471 CNY/kWh) and com-
pressed air energy storage (0.655 CNY/kWh) still have obvious advantages, while lithium
iron phosphate battery energy storage (0.910 CNY/kWh) and hydrogen energy storage
(0.909 CNY/kWh) cost close to, but still significantly more than, the former two. Large-scale
energy storage is more economically competitive in a low financing cost environment and
is suitable for long-term operation projects.

Under the idealized situation (zero electric charging price + zero discount rate), the
cost of electricity is reduced to the lowest, and the pumped storage and compressed air
energy storage are only 0.098 CNY/kWh and 0.158 CNY /kWHh, respectively, far lower than
the lithium iron phosphate battery energy storage (0.573 CNY/kWh) and hydrogen energy
storage (0.248 CNY/kWh), further highlighting the significant advantages of large-scale
energy storage under the conditions of long life and low financing cost.

On the whole, pumped storage and compressed air energy storage have the lowest
cost and the strongest economy, which are suitable for long-period and large-scale energy
storage, especially in the scenario of abandoning wind and light. Lithium iron phosphate
battery has a high energy storage cost, but its response speed is fast, which is suitable
for short-period frequency modulation and peak shaving. Hydrogen energy storage has
the highest cost, but it has certain potential competitiveness in the field of long-term
energy storage.

The assumption of zero charging cost in the ‘abandoned wind and solar’ scenario is
based on the fact that curtailed renewable energy typically has no market value and can
be accessed at no marginal cost. This setting is widely adopted to assess the upper bound
of economic benefit for storage systems under high-renewable curtailment conditions.
However, as illustrated in Figure 4c, introducing partial charging costs due to grid mix or
access fees will linearly increase the LCC. Despite this, the relative performance ranking
and trends across storage technologies remain stable.

4. Multi-Energy Storage Technology Selection
4.1. Improved G1-EWM Comprehensive Weighting Method

The methods for determining the indicator weight are usually divided into subjective,
objective, and comprehensive weighting methods [26]. The subjective weighting method
relies on expert experience for weight distribution, and the common methods are the G1
method and the analytic hierarchy process. The objective weighting method is based on
the method of data statistics to calculate the weight. The common methods are the entropy
weight method and the coefficient of variation method. The comprehensive weighting
method combines the subjective and objective weighting methods and uses the results to
correct each other.

Multi-energy storage technology has multi-dimensional attribute characteristics, and
its performance varies greatly in different application scenarios. Relying solely on subjective
empowerment will have subjective preferences, while purely using objective empowerment
may ignore industry experience [27]. The comprehensive weighting method can compre-
hensively consider expert opinions and data-driven results to achieve a more scientific and
reasonable weight distribution.

Therefore, this study chooses the comprehensive weighting method, in which the
subjective weighting method chooses the G1 method, which can be improved by using the
triangular fuzzy number, and the objective selection method chooses the entropy weight
method. Finally, the fuzzy comprehensive evaluation method is used to quantify the factors
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that are difficult to be quantitatively analyzed in the economic and technical characteristics
of energy storage, so as to obtain comprehensive evaluation results.

4.1.1. Improved G1 Method

The G1 method is a method to determine the weight by the importance ratio of
adjacent indicators [28]. However, this method requires specific values for the weight ratio
of adjacent indicators, and expert experience judgment often has certain ambiguity. If the
experts’ evaluations of the importance of adjacent indicators are not uniform, it is difficult
to obtain consistent results. Therefore, this study adopts the G1 method improved by the
fuzzy Delphi method [29]. The conservative and optimistic evaluation parameter bounds
provided by both experts and the Deepseek model are presented in Appendix B. Based on
these bounds, the following procedure is applied: First, the maximum and minimum values
of the conservative estimates, as well as those of the optimistic estimates, are compared,
and the geometric mean values for both conservative and optimistic intervals are calculated.
Second, the maximum value of the conservative estimate is compared with the minimum
value of the optimistic estimate. If there is no numerical overlap between the two intervals
and the expert evaluations are deemed sufficiently consistent, a consistency importance
coefficient can be calculated, which is then used to derive the indicator weight. In addition,
the maximum values of both the conservative and optimistic estimates are compared. If
there is an overlap, the consistency importance coefficient can be computed; otherwise, it is
necessary to re-consult the experts to revise the evaluation parameter bounds for the given
indicator. Once the consistency importance coefficient is determined, the final indicator
weight can be calculated using the improved G1 method. The detailed calculation steps are
as follows:

(1) Determine the ranking of the indicators.

It is assumed that there are n evaluation indicators at a certain level in a comprehen-
sive indicator evaluation system, respectively. The priority between different evaluation
indicators is judged by experts. If the importance degree is greater than usual, the order
relationship is ¢; > ¢;.

(2) Constructing triangular fuzzy numbers.

Experts need to give a conservative value L’ and an optimistic value U’, for the weight

ratio of adjacent indicators; that is, experts believe that the weight ratio of one indicator to

another indicator fluctuates between [L?, U']. Thus, the triangular number ambiguity of the
weight coefficient can be constructed:

A7 = Linin' L;‘naXI Lée) (8)
A = (Ul Uk, U )
Li .. =min(Li, L, ..., L)

Li. = max(Li, L, ..., Lt) 9)
Loe = {/Li-Ly... LL

ui . =min(U,U,..., Ul
Uhax = max(Uj, Uy, ..., U}) (10)

Up, = {/ui-uj...u;

where k is the number of experts participating in the evaluation, L; and U are the conser-
vative and optimistic estimates of the ratio of adjacent weights by the kth expert,
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L} i, and Li,, are the minimum and maximum values of conservative estimates, U/,
and Up,ax are the minimum and maximum values of the optimistic estimation, Lg, and L,

are the geometric means of the conservative and optimistic estimates.
(3) Fuzzy judgment of the weight ratio of adjacent indicators.

Since the weight ratio of adjacent indicators is no longer a single determined value,
but an interval or relative range, it is necessary to make a fuzzy comprehensive judgment
on the obtained triangular fuzzy numbers to further obtain a more robust weight ratio. The
judgment method is as follows:

(1) When Li ,, < U;nin, it means that the judgment interval does not overlap numer-

ically and the expert evaluation results are consistent; then the consistency importance

coefficient D; is as follows: ‘ ‘
L, + U,
D; =% 5 & (11)

(2) When L, > U

! ins there may be overlap or conflict between the conservative
interval and the optimistic interval. Therefore, it is necessary to calculate the gray range
value G,i( and the intermediate range value Mfc to determine whether the expert evaluation
is effective: ' ' ‘
G = Lmax ~ Unyin (12)
M}i = urlnax - L(de
If GliC < ML, there is an overlapping interval between the judgments of the experts,
and the consistency importance coefficient can be calculated:
D; = L;ax : u;%g * u%““ ' Ll?e (13)
Liax + uée - L;ge - u;nin

If Gi < M, the judgment differences between experts are too large, and it is necessary
to re-consult expert opinions for renegotiation or eliminate abnormal results.

(4) Calculating Indicator Weight w;:

1
Wi = i i
1—1—‘ 11D;

=2

(14)

4.1.2. Comprehensive Empowerment Method

According to the entropy weight method, the objective indicator weight can be deter-
mined, and the specific steps of the entropy weight method are referred to [30]. Based on
the indicator weight obtained by the G1 method and the EWM, the comprehensive weight
can be calculated:

wj= (15)

where w]?’ is the weight obtained by the objective weighting method, a)jf is the weight
obtained by the subjective weighting method, and w; is the weight obtained by the compre-
hensive weighting method.

The net weight value of the secondary indicator is as follows:

w? = w]l -w]2 (16)
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where wjz is the net weight of the secondary indicator, w} is the weight of the first-level
indicator, and w]z is the weight of the secondary indicator.

4.2. Fuzzy Comprehensive Evaluation Method

The fuzzy comprehensive evaluation method is based on fuzzy mathematics, applying
the principle of fuzzy relation synthesis, quantifying some factors with unclear boundaries
and difficulty in quantification, and starting from the membership levels of multiple factors
to comprehensively evaluate the evaluated objects. This method constructs an evaluation
matrix based on a factor set and a judgment set, which is then combined with indicator
weights to calculate the final indicator scores. The factor set is established according to
the indicators defined within the comprehensive evaluation framework. The judgment
set is derived from the Comprehensive Value and Policy Study of Energy Storage under
China’s Dual-Carbon Goals, which summarizes generalized evaluation criteria based
on a comparative analysis of the current development status of various energy storage
technologies. The specific judgment standards can be found in Appendix A [31]. The main
process is as follows:

(1) It is assumed that there are n factors in the evaluation object, which are expressed
as f1, fa, ... fu. Experts need to grade the performance of the evaluation object according to
various factors, so it is necessary to construct a factor set and a judgment set as the basis of
fuzzy comprehensive evaluation:

U= (fifo--fn) (17)

V= (01102/ 03,04, U5) (18)

where U is the factor set, V is the judgment set, which can be obtained from Schedule 1,
and v is the comment level.

(2) The evaluation indicator of each factor will be evaluated according to V, and the
membership degree will be obtained. The evaluation matrix R can be obtained by judging
all factors:

a aip ... 1y
an an» R L
R=1| . S (19)
Am1 Am2 .- Omn
where (an ap ... aln) is the membership vector of one of the factors.

(3) According to the weight coefficient obtained by the comprehensive weighting
method and the evaluation matrix of the fuzzy rating, the evaluation results can be obtained:

ain 412 ... A1
an any . ary

B=ROw= ] . . . ®<w1 wy ... wn) (20)
Am1l 4m2  --- OGmn

where © is a composition operator, which can be replaced according to the information of
R, and B is the evaluation result.

5. Typical Application Scenario Analysis

In this study, the performance of multi-energy storage is analyzed in three typical
scenarios of source, network, and load, which are the EES for renewables scenario, the
power frequency regulation scenario, and the price arbitrage scenario. The source side
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is represented by the EES for the renewables scenario, the grid side takes the frequency
regulation scenario as a typical application scenario, and the load side takes the price arbi-
trage scenario as a typical application scenario. The economic parameters of multi-energy
storage can be obtained from Section 3.4 and the technical parameters and environmental
parameters refer to the current development status [32,33]. Table 3 presents the basic
parameters of objective indicators in the characteristics of multi-energy storage technology.
Table 4 presents the basic parameters of subjective indicators.

Table 3. Objective indicators.

. . Lithium Iron Compressed Air Hydrogen Energy
Selection Indicator Pumped Storage Phosphate Battery Energy Storage Storage
Initial investment cost/(CNY/kWh) 0.2633 0.5047 0.3305 0.4157
Average annual operation and
maintenance cost/(CNY/kWh) 0.0277 0.1817 0.0150 0.0518
Equipment replacement
cost/(CNY /kWh) 0.0061 0.1136 0.0145 0.0335
Charging cost/(CNY/kWh) 0.3700 0.3349 0.4934 0.6558
Efficiency /% 90 80 60 45
Response time 5 min 10 ms 5 min 10 min
Power scale/ MW 100-5000 100 5-300 10
Capacity scale/(MWh) 500-8000 200 600-3000 50
Volume energy density/(Wh/L) 2 500 6 3000
Table 4. Subjective indicators.
. . Lithium Iron Compressed Air Hydrogen Energy
Selection Indicator Pumped Storage Phosphate Battery Energy Storage Storage
Current stage of development 4 3.3 3.2 2.8
Environmental friendliness 3.8 3.0 3.6 3.3

5.1. Indicator Weight of Different Application Scenarios

Figure 6 is the first-level indicator weight determined in different application scenarios.
The weights of the primary indicators were jointly determined through expert judgment and
artificial intelligence-assisted evaluation. Specifically, both experts and the Deepseek system
independently provided a plausible fluctuation range for each indicator’s weight, based on
which corresponding triangular fuzzy numbers were constructed. These fuzzy numbers
were then compared, and a unified triangular fuzzy number was derived that encompassed
both expert opinions and Al-derived assessments, thereby integrating human expertise
with machine intelligence. Based on this fusion approach, scenario-specific triangular
fuzzy numbers for each indicator were established (as detailed in Appendix B). Finally, the
subjective weighting method was applied to compute the final weights of the indicators.

It can be seen that due to the different demand for energy storage in different scenarios,
there is a big difference in the weight between the indicators. In the scenario of EES for the
renewables scenario and price arbitrage scenario, the weight of the economic indicator (C1)
is far more than that of other indicators, because the two application scenarios are sensitive
to return on investment and cost control. In the power frequency regulation scenario, the
technical indicator weight (C2) is the highest (0.536), which is due to the high requirements
of the energy storage technology performance in this scenario. The environmental indicator
(C3) has a low weight in all three scenarios, indicating that environmental factors are still
not the dominant factor in decision-making in current practical applications.
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EES for Economic 0.536
renewables )
scenario Technical 0.249
Environmental 0.147
Economic 0.245
Frequency
regulation Technical 0.536
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Environmental 0.145
. Economic 0.513
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Figure 6. Comparison of first-level indicator weights in different scenarios.

Figure 7 shows the secondary indicator weights determined by the subjective weight-
ing method, the objective weighting method, and the comprehensive weighting method
under different application scenarios of multi-energy storage technology.

Figure 7a shows the results obtained by the subjective weighting method. It can be
seen that the weights of individual indicators are significantly higher in each scenario.
For example, in the EES for the renewables scenario, the initial investment cost weight
under the economic indicator is as high as 0.53, which is much higher than the other
three indicators (0.053, 0.099, and 0.021, respectively); in the power frequency regulation
scenario of the power system, the weight of the charging response time under the technical
indicator is 0.424, and the weight of the other indicators is less than 0.2. The environmental
indicators also show great differences in the three scenarios, reflecting that the subjective
weighting method may be affected by expert judgment preferences, resulting in excessive
weight differences.

Figure 7b is the result of the objective weighting method. The indicator weights in
each scenario are consistent and are calculated based on the economic and technical data of
energy storage technology. However, this method fails to reflect the differences in industry
experience and actual demand.

The comprehensive weighting method combines two methods to correct the indicator
weight. For example, in the two scenarios of EES for the renewables scenario and price
arbitrage scenario, the charge-discharge efficiency (C21) weights determined by the subjec-
tive weighting method are 0.431 and 0.188, respectively. The weights determined by the
objective weighting method are 0.108, but the comprehensive weights are 0.273 and 0.288;
in the power frequency regulation scenario, the charge and discharge response time (C22)
weight determined by the subjective weight method is 0.424, the objective weight is 0.12,
and the comprehensive weight is 0.293.

Based on the weight of each indicator obtained by the comprehensive weight method,
the net weight of the secondary indicator can be obtained as shown in Figure 7d. The
initial investment cost (C11) has the largest net weight in EES for the renewables scenario
(0.227). In the power frequency regulation scenario, the net weights of charge-discharge
efficiency (C21) and response speed (C22) account for a large proportion, which are
0.219 and 0.157, respectively. In the price arbitrage scenario, the charging cost (C14)
ranks first with a weight of 0.227.
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Figure 7. Comparison of indicator weights of subjective, objective, and comprehensive weighting
methods in different application scenarios: (a) subjective weight weighting method determines
the weight of the secondary indicators, (b) objective weighting method to determine the weight
of secondary indicators, (c) comprehensive weighting method determines the weight of the sec-
ondary indicators, and (d) comprehensive weighting method determines the net weight of the
secondary indicators.

5.2. Comprehensive Evaluation of Multi-Energy Storage in Different Application Scenarios

According to the weight and the membership degree of multiple energy storage
technologies, the comprehensive score of each energy storage technology can be determined.
Figure 8 shows the performance of multi-energy storage in different application scenarios.

The EES for the renewables scenario focuses on the economic indicators of energy
storage. Pumped storage benefits from lower initial investment costs and has the highest
score. The technical indicator score of the lithium iron phosphate battery (28.8) is the
highest. However, its economic indicator is 50.2% lower than that of pumped storage.
The economic indicator of compressed air energy storage is 40.11% higher than that of the
lithium iron phosphate battery, but its technical indicator score is 46.1% lower than that of
the lithium iron phosphate battery.

In the power frequency regulation scenario, the lithium iron phosphate battery benefits
from the highest technical performance score (75.88). The fast response time makes its
technical indicator score 48.98, accounting for 64.55% of its total score. The high-volume
energy density of lithium iron phosphate batteries makes their environmental indicator
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much higher than that of pumped storage and compressed air storage. The difference
between the environmental indicators and economic indicators of pumped storage and
compressed air energy storage is small, and the technical indicators of compressed air
energy storage are 34.45% higher than those of pumped storage.
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Figure 8. Multi-energy storage performance under different scenarios: (a) Lithium iron phosphate
battery energy storage, (b) pumped storage, (c) compressed air energy storage, and (d) hydrogen
energy storage.

In the price arbitrage scenario, the lithium iron phosphate battery has the highest
score (68.34), followed by pumped storage. The performance of pumped storage is ex-
cellent in cost comparison, but the technical indicators and environmental indicators are
relatively poor.

The lower efficiency and response time of hydrogen energy storage in the three
scenarios lead to the lowest technical indicator scores. The lithium iron phosphate battery
has a high total score and a small fluctuation range in the three scenarios (the maximum
change rate is 15.2%), reflecting good multi-scenario applicability and broad application
prospects. The total score of pumped storage is the highest (79.36) under the new energy-
independent energy storage, which is suitable for large-scale long-term energy storage, but
the adaptability is slightly lower in the frequency modulation and price arbitrage scenarios,
and the score decreases significantly (the change rate reaches 21.9%). The maximum
fractional change rate of compressed air energy storage is 29.7%, which is also suitable for
long-term and stable output scenarios. However, it performs poorly in scenarios with high
flexibility requirements, and can be used as a substitute energy storage technology after
pumped storage. The promotion of hydrogen energy storage requires technological and
economic breakthroughs.

The multiple energy storage ranking of the new energy distribution energy storage
scenario is (1) pumped storage, (2) lithium iron phosphate battery, (3) compressed air
energy storage, and (4) hydrogen energy storage. The power system frequency modulation
scene multiple energy storage ranking is (1) lithium iron phosphate battery, (2) pumped
storage, (3) compressed air energy storage, and (4) hydrogen energy storage. The price
arbitrage scenario multiple energy storage ranking is (1) lithium iron phosphate battery,
(2) pumped storage, (3) compressed air energy storage, and (4) hydrogen energy storage.
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6. Conclusions

This study analyzes the economic and technical performance of the four energy storage
technologies in the whole life cycle, and makes a comprehensive evaluation based on the
obtained economic parameters. The main conclusions are as follows:

The full life cycle costs of lithium iron phosphate battery energy storage, pumped stor-
age, compressed air energy storage, and hydrogen energy storage are 1.135 CNY/(kW-h),
0.667 CNY/(kW-h), 0.853 CNY/(kW-h), and 1.157 CNY/(kW-h), respectively. The sensitiv-
ity of the cost of each energy storage degree to the number of annual cycles, the base price
of charging, and the efficiency of charging and discharging is as follows: the number of
annual cycles > the base price of charging > the efficiency of charging and discharging.

In the scenario of new energy sources independently equipped with energy storage
systems, pumped storage exhibits the most outstanding overall performance. Lithium iron
phosphate batteries and compressed air energy storage are expected to serve as alternative
storage options following pumped storage in this context. In contrast, in the scenarios of
power system frequency regulation and price arbitrage scenarios, lithium iron phosphate
batteries emerge as the optimal choice due to their excellent technical characteristics. In
the power frequency regulation scenario and price arbitrage scenario, the lithium iron
phosphate battery becomes the best choice because of its excellent technical performance.

The lithium iron phosphate battery has the strongest adaptability to multiple scenarios
and has broad application prospects. The adaptability of pumped storage and compressed
air energy storage to different application scenarios is similar, but pumped storage performs
better. The application of hydrogen energy storage still needs to achieve breakthroughs
in economy and technology. Despite the current high costs and infrastructure challenges
associated with hydrogen energy storage technologies, they hold significant long-term
potential for deep decarbonization in hard-to-electrify sectors. On the technological front,
it is essential to improve the efficiency and reduce the cost of electrolyzers, as well as to
develop efficient, safe, and scalable hydrogen storage and transportation technologies. On
the policy side, implementing carbon pricing mechanisms to internalize environmental
externalities and providing subsidies or financial incentives to support hydrogen projects
are crucial measures to accelerate deployment.

The results of this study are based on the proposed evaluation framework, method-
ology, and specific application scenarios. The relatively limited score variation observed
for lithium iron phosphate (LFP) batteries across different scenarios may be attributed
to the structural characteristics of the evaluation framework and the selected focus on
specific attributes of storage technologies. Furthermore, as the study employs represen-
tative storage technologies and typical scenarios, differences in their applicability and
technical characteristics may introduce certain limitations to the generalizability of the
results. If the evaluation framework or indicator system is modified in future research, the
improved G1-EWM method proposed in this study can still be effectively applied to derive
comprehensive scores for various storage technologies across different scenarios, thereby
maintaining the method’s generalizability and extensibility.
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Nomenclature
Symbols
C Cost E Scrapping cost rate
F On-grid electricity G Gray range value
k The number of experts participating in the evaluation L Conservative estimates of the ratio
M Intermediate range value N Operation cycle
Q Energy storage capacity u Factor set
Vv Judgment set W Installed capacity
r Discount rate (0 Weight
o Energy storage equipment parameters n Charge and discharge efficiency
O Composition operator
Subscripts and superscripts
0 Objective weighting method s subjective weighting method
DOD Charge and discharge depth Deg Annual cycle decay rate
E Unit capacity el Electric charging price
ge Geometric mean Inv Initial investment
j Comprehensive weighting method O&M Operation and maintenance
p Unit power P-r Unit power replacement
Pay Annual cycle times Repl Replacement
pel Charging Eol Recovery
Abbreviations
FCE Fuzzy comprehensive evaluation LCC Life cycle cost
MADM Multi-attribute decision-making O&M Operation and maintenance
G1-EWM  Ordinal relation-entropy weight method Gl Grade one

EWM Entropy weight method
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Appendix A
Membership Score Very Good Better General Poor Very Poor
Indicators (100) (80) (60) (40) (0)
Initial investment cost <0.3 0.3-0.45 0.45-0.55 0.55-0.65 >0.65
L Average annual operation and <0.02 0.02-0.05 0.05-0.12 0.12-0.18 >0.2
Economic indicators maintenance cost
Equipment replacement cost <0.01 0.01-0.02 0.02-0.05 0.05-0.1 >0.1
Charging cost <0.35 0.35-0.45 0.45-0.55 0.55-0.65 >0.65
Charge and discharge efficiency >90% 80-90% 60-80% 40-60% < 40%
Charge and discharge response time ms 1s 5s 60s >60s
TR Power scale/MW >100 50-100 10-50 1-10 <1
Technical indicators )
Capacity scale/MWh >500 100-500 10-100 1-10 <1
e . L. technology research Early stage of technology
Current stage of development Large-scale development Early commercialization Demonstration application and development R&D
Environmental Environmental friendliness Excellent Good Medium difference Very poor
indicators Volume energy density >500 Wh/L 350 Wh/L 200 Wh/L 50 Wh/L <10 Wh/L
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Appendix B
Scenarios (Optimistic Value, Conservative Value)

C2:C1 ((25,18) (22,16) (24,19) (19,14) (2.0,15) (2.6,20) (18,1.3) (2.3,1.7) (2.1,15) (27,21)

C1:C3 | (20,1.5) (1.8,1.3) (22,16) (1511) (1.7,1.2) (2518) (14,1.0) (1.9,14) (1.612) (23,1.7)

sy Cl4:C12| (2.8,1.6) (25,17) (3,15) (2.2,14) (19,13) (26,16) (2.0,1.5) (24,17) (18,14) (2.1,15)

E Cl2:C11| (2.1,1.6) (19,14) (24,1.7) (1.7,1.3) (2.0,15) (18,14) (2.3,1.6) (22,15) (16,1.3) (1.7,14)

E C11:C13] (19,15) (1.7,13) (2.0,1.6) (1.6,1.3) (1.8,14) (1513) (2.1,1.6) (1.7,14) (16,1.3) (1.8,14)

es ;.L C22:C21| (2.8,1.6) (2517) (3.0,1.5) (2.2,14) (19,13) (26,1.6) (2.0,1.5) (24,17) (18,14) (2.1,15)

2 2 C21:C23] (21,1.6) (19,14) (24,1.7) (1.7,1.3) (2.0,15) (1.8,14) (2.3,16) (22,1.5) (1.6,1.3) (1.7,1.4)

§ S C23:C24](19,15) (1.7,13) (2,16) (16,1.3) (1.8,14) (1513) (2.1,16) (1.7,14) (1.6,1.3) (1.8,1.4)

2 C24:C25((1.7,1.3) (1.5,1.3) (19,14) (16,1.3) (2.0,1.5) (1.8,14) (1.7,13) (14,1.3) (1.6,1.3) (15,1.3)

cr% C32:C31\(28,1.6) (25,17) (3.0,1.5) (22,14) (19,13) (26,16) (1.7,13) (24,1.7) (1.8,14) (2.1,1.5)

=

g C2:C1 ((3.0,25) (2.8,22) (29,24) (3.1,26) (27,23) (322.8) (3,27) (29,25) (28,24) (3.1,26)
3 - C1:C3 | (22,18) (21,1.7) (23,19) (20,1.6) (19,15) (22,18 (21,17) (2.0,16) (2.2,1.8) (21,1.7)
ﬁ ® Cl4:C12] (3.2,25) (3.0,2.3) (3.4,26) (3527) (31,24) (36,28) (33,26) (32,25 (34,27) (3.326)
g E C12:C11| (22,1.8) (21,17) (23,19) (2.0,16) (19,15 (22,18) (21,17) (20,16) (22,18) (21,17)
=) = C11:C13] (19,1.5) (1.8,14) (2.0,16) (1.7,13) (19,15 (21,17) (1.8 14) (1.7,13) (20,1.6) (1.815)
% C22:C21| (3.2,25) (3.0,2.3) (3.4,26) (35 27) (3 1, 2 4) (3.6,28) (33,26) (32,25 (34,27) (3.3,26)
E_, C21:C23| (22,1.8) (21,1.7) (23,19) (2.0,16) (19,15) (22,18) (21,17) (20,16) (22,18) (21,17)
g C23:C24] (2.0,1.6) (19,15) (22,17) (1.8,14) (2.0,16) (2.3,18) (19,15) (1.8, 14) (22,1.7) (19,15)
> C24:C25| (1.8,14) (1.7,1.3) (2.0,15) (1.6,1.2) (1.8, 14) (21,16) (1.7,13) (1.6,12) (2.0,1.5) (1.7,1.3)
C32:C31\(2.3,1.8) (22,17) (25,19) (21,16) (2.0,15) (24,18) (22,17) (21,16) (23,1.8) (2.2,17)
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Scenarios (Optimistic Value, Conservative Value)
Cl:C2 ((28,16) (2517) (3.0,15) (22,14) (19,13) (26,16) (20,1.5) (24,17) (1.814) (21,15)
C2:C3 | (19,14) (1.7,13) (22,16) (1513) (20,1.5) (1.814) (16,1.3) (21,15) (1.7,1.3) (19,14)
t Cl4:C12| (28,1.6) (2517) (3.0,1.5) (22,14) (19,13) (26,1.6) (2.0,15) (24,1.7) (1.8,14) (2.1,1.5)
E Cl2:C11| (2.1,1.6) (19,14) (24,1.7) (1.7,1.3) (20,15) (18,14) (2.3,1.6) (2.2,15) (16,1.3) (1.7,14)
E C11:C13]| (19,15) (1.7,13) (2.0,1.6) (1.6,1.3) (1.8,14) (1513) (2.1,1.6) (1.7,14) (16,1.3) (1.8,14)
;_’ C21:C22| (2.2,1.6) (25,17) (28,15) (19,14) (21,13) (2416) (1.7,1.3) (2.0,15) (1.8,14) (2.3,1.6)
o 2 C22:C25| (19,14) (1.7,13) (21,16) (1.6,1.3) (2.0,15) (1.8,14) (1.513) (22,16) (1.7,1.3) (1.9,14)
=} 8 C25:C23| (1.8,14) (1.6,13) (20,1.5) (1.51.3) (19,14) (1.7,1.3) (2.1,1.6) (14,13) (16,1.3) (1.8,14)
% C23:C24|(1.7,1.3) (15,13) (19,14) (1.6,1.3) (1.8,14) (14,1.3) (2.0,1.5) (1513) (1.7,1.3) (1.6,14)
5'-' C32:C31\(28,1.6) (25,17) (3.0,1.5) (22,14) (19,13) (26,16) (1.7,13) (24,1.7) (1.8,14) (2.1,1.5)
Gf Cl:C2 ((32,25) (3.0,23) (34,26) (3527) (31,24) (3.6,28) (33,26) (3.2,25) (34,27) (33,2.6)
§ g C2:C3 | (221.8) (2.1,1.7) (23,19) (2.0,16) (19,15) (22,18) (21,1.7) (2.0,1.6) (2.2,1.8) (21,1.7)
= ® Cl4:C12] (3.3,2.6) (3.1,24) (3527) (32,25) (3.6,28) (37,29) (3.2,25) (33,26) (3.528) (34,27)
© ?:D C12:C11| (24,19) (23,1.8) (25,20) (22,17) (21,16) (24,19) (23,18) (22,17) (24,19) (23,1.8)
* C11:C13] (2.0,1.5) (1.9,14) (22,16) (1.8,1.3) (2.0,1.5) (23,1.7) (1.9,14) (1.8,13) (22,16) (1.915)
g C21:C22](33,26) (3.1,24) (3527) (32,25) (3.6,28) (37,29) (3.2,25) (33,26) (3.528) (34,27)
g C22:C25| (24,19) (2.3,1.8) (25,20) (22,17) (21,16) (24,19) (23,18) (22,17) (24,19) (23,1.8)
g C25:C23| (21,1.7) (2.0,16) (2.3,1.8) (19,15) (1.8,14) (22,1.7) (2.0,16) (19,15) (22,17) (2.1,1.6)
> C23:C24|(19,15) (1.8,14) (20,16) (1.7,1.3) (19,15) (21,1.7) (1.8,14) (1.7,1.3) (2.0,16) (1.81.5)
C32:C31\(24,19) (23,1.8) (2.6,20) (22,17) (21,16) (2519) (23,18) (22,17) (2419) (23,18)
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Scenarios (Optimistic Value, Conservative Value)

Cl:C2 ((28,16) (2517) (3.0,15) (22,14) (19,13) (26,16) (20,1.5) (24,17) (1.814) (21,15)
C2:C3 | (19,14) (1.7,13) (22,16) (1513) (20,1.5) (1.814) (16,1.3) (21,15) (1.7,1.3) (19,14)
t C11:C13] (3.2,1.6) (28,1.7) (35,15) (2514) (2.0,1.3) (3.0,1.6) (22,15) (38,17) (26,14) (2915)
E C13:C12] (21,1.6) (1.9,14) (2517) (1.7,1.3) (2.3,1.5) (18,14) (2.0,16) (24,1.7) (1.6,13) (1.9,14)
E Cl2:C14] (19,15) (1.7,13) (22,16) (1.513) (2.0,1.5) (18,14) (1.6,13) (21,1.6) (1.7,13) (1.8,14)
ezt 2 C21:C22] (28,1.6) (2515) (3.0,1.7) (22,14) (2.6,16) (24,15) (27,17) (23,14) (29,16) (2.1,1.3)
7 é C22:C24| (2.2,15) (1.8,14) (2517) (2.0,16) (1.7,13) (23,1.5) (1.9,14) (24,16) (21,1.5) (1.7,1.3)
g 8 C24:C23](18,14) (20,15) (1.7,13) (19,14) (1.613) (22,15) (1.814) (1.7,13) (21,16) (1513)
§ C23:C25((1.7,1.3) (1.513) (19,14) (16,1.3) (2.0,1.5) (18,14) (1.7,13) (14,1.3) (1.6,13) (15,1.3)
% C31:C32\(28,16) (2.2,1.5) (3.0,17) (251.6) (19,14) (24,15 (17,13) (2.617) (2.0,14) (1.81.3)
% Cl:C2 ((1.8,14) (19,1.5) (20,16) (1.7,1.3) (1.8,14) (19,15 (1.8,14) (1.7,1.3) (19,15) (1.8,14)
@ - C2:C3 | (2.0,16) (21,1.7) (22,1.8) (19,1.5) (20,1.6) (2.0,16) (2.2,1.8) (21,17) (2.0,16) (1.9,1.5)
% ® C11:C13] (29,21) (28,20) (3.0,22) (29,21) (3.0,22) (28,20) (29,21) (3.0,22) (29,21) (3.0,22)
2 E C13:C12| (24,1.8) (23,17) (2519) (24,1.8) (2519) (23,1.7) (24,1.8) (2519) (24,18) (2519)
* C12:Cl14| (21,16) (2.0,15) (22,1.7) (21,1.6) (22,1.7) (20,1.5) (21,1.6) (22,17) (21,16) (2.2,17)
g C21:C22](29,21) (28,20) (3.0,22) (29,21) (3.0,22) (28,20) (2921) (3.0,22) (29,21) (3.0,22)
ET C22:C24|(23,1.7) (22,16) (24,1.8) (23,1.7) (24,18) (22,16) (23,1.7) (24,18) (23,1.7) (24,18)
=3 C24:C23| (24,1.8) (23,17) (2519) (24,1.8) (2519) (23,1.7) (24,1.8) (2519) (24,18) (2519)
> C23:C25| (21,1.6) (2.0,15) (22,1.7) (21,16) (22,17) (20,1.5) (21,1.6) (22,17) (21,16) (22,17)
C31:C32\(24,1.7) (2.3,16) (2518) (24,17) (2518) (23,1.6) (24,17) (2518) (24,17) (2518)
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