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13 Abstract

14  The variety of the energy storage materials and technologies leads to the selection
15  difficulty. To evaluate the overall performance of energy storage technologies, this
16  study proposed sustainability efficiency and sustainability super-efficiency indices. The
17 proposed indices illustrate the integrated performance of energy storages in economic,
18  environmental, technological and social aspects. A measurement framework was
19  proposed based on data envelopment analysis models, the interval slacks-based
20 measurement of efficiency and super efficiency. In this study, the concept of virtual
21 DMUs is raised to solve the problem of instability of DEA due to insufficient DMUs

22  analysed in the model. A case study is used to illustrate the proposed method and the
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result has been analysed and validated. The Li-Ion battery is recognized as the most
sustainable energy storage technologies among the four alternatives. This framework
provides a feasible solution for prioritization of energy storage technologies while the

number of alternatives is limited.

Keywords: Energy Storage; Sustainability; Sustainability Efficiency; Eco-efficiency;

Data Envelopment Analysis; Uncertainty

1 Introduction

The development of modern power generation and power supply methods has spawned
many new problems. Wind energy, solar energy, tidal energy, and other uncontrollable
renewable energy power generation methods cause many waste wind and waste light to
be generated. Various power generation methods cause the problem of instability of
grid-connected current and voltage, and the power consumption time of the user has
peak periods and other issues. These problems can be solved by installing electric
energy storage devices. Therefore, the development of energy storage technology has

become an important research direction of modern electric power.

Sustainability is an integrated and multi-dimensional concept. With the raising
awareness of sustainability, the environmental, economic, technological and social

aspects of energy storages have been assessed and analysed in recent studies. For
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example, Sternbeg and Bardow [ 1] examined the environmental sustainability of energy
storage systems. Weber et al. [2] conducted the life cycle assessment for the Vanadium
Redox Flow Battery. Davies et al. [3] evaluated the economic and technological aspect
of battery energy storage for grid applications. Thomas et al. [4]discussed social
acceptability of energy storage. However, the analysis in single aspect is insufficient to
reflect the overall performance of energy storage. Therefore, the sustainability needs to
be evaluated by considering multiple aspects of energy storages simultaneously. For
instance, Yan ef al. [5] evaluated energy storage in techno-economic and social aspects.
Guo et al. [6] applied life cycle sustainability assessment to pumped hydro energy
storage technology. Vo et al. [7] assess the environmental, economic and social

sustainability of large-scale storage technologies.

Since the various energy storages have their own advantages and disadvantages, it is
difficult for decision makers to choose the most suitable one. To solve this problem,
comparative assessments are required. Many researchers have made the attempts.
Because of their respective advantages, some scholars have proposed methods using
MCDM to rank energy storage technologies. For example, Ren developed a method
based on subjective judgment and can be used for uncertain intervals [8]. All studies
corresponding to the selection of energy technologies based on sustainability are

presented in Table 1.
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Table 1. Literatures related to prioritization of energy storages

Topic Indices Ranking method  Ref. Year
Energy storage Technical, economic, Hybrid [9] 2020
technologies environmental and social trapezoidal
selection neutrosophic

fuzzy MAIRCA*
Hydrogen energy Technical, and economic Fuzzy AHP* and [10] 2020
storage weighted fuzzy
technologies axiomatic design
selection
Energy storage Technical, economic, Delphi, hesitant [11] 2020
technologies environmental, and social fuzzy AHP and
selection VIKOR*
Energy storage Economic Bayesian BWM*, [12] 2020
plans selection entropy weighting

method and grey

cumulative

prospect theory
Electricity storage =~ Technological, and Fuzzy TOPSIS* [13] 2020

technologies

selection

economic




Energy storage
systems
investigation
Energy storage
technologies
selection
Battery energy
storage systems

ranking

Battery energy
storage systems
selection
Electricity storage
technologies
selection
Electricity storage
technologies

selection

Technical, economic,

environmental and social

Technical, economic, and

environmental

Technical, economic,
environmental,

performance and social

Technical, economic, and

environmental

Technological, economic,
performance, and
environmental
Technological, economic,

and social

Hesitant fuzzy [14]
AHP and hesitant

fuzzy TOPSIS
Intuitionistic [15]
fuzzy

MULTIMOORA*
Fuzzy Delphi [16]
method, BWM

and fuzzy-

cumulative

prospect theory
Augmented [17]
epsilon-constraint
method

Non-linear fuzzy  [8]
prioritization and
IMADA*

AHP [18]

2019

2019

2019

2019

2018

2016
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83

Electricity storage = Technical, economic, AHP and fuzzy [19] 2015

technologies environmental and social TOPSIS

selection

Electricity storage =~ Managemental, economic,  Checklist [20] 1999
technologies and technical

selection

* MAIRCA= Multi-Attributive Ideal-Real Comparative Analysis

* AHP=Analytical Hierarchy Process

* VIKOR=VIsekriterijumska Optimizcija I Kompromisno Resenje

* BWM=Best Worst Method

* TOPSIS=Technique for Order of Preference by Similarity to Ideal Solution

* MULTIMOORA= Multi-Objective Optimization on the basis of Ratio Analysis

* IMADA=Interval Multi-Attribute Decision Analysis

Among these studies, the values in multiple indices are integrated in each MCDM
methods as a final score to prioritize the energy storage technologies. If the
sustainability performance is integrated in the form of efficiency, the index is more
instructive. The index eco-efficiency was then raised and widely used in sustainability
evaluation [21-23] The eco-efficiency was also applied in the analysis for energy
storage [24]. However, the economic benefit and environmental impact are the only two
aspects considered in the eco-efficiency. To better illustrate sustainability, we propose

a sustainability efficiency by considering environmental, economic, technological and
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social aspects.

Eco-efficiency was commonly measured and compared by Data Envelopment Analysis
(DEA) methods [25-27]. DEA is a widely used method used to empirically measure
productive efficiency of decision making units (DMUSs). There are several DEA
methods that could be used in different circumstances, such as CCR model [28] and
BCC model [29]. Due to the effectiveness of the models, the DEA models have been
widely applied in studies in different fields for efficiency calculation [30,31]. Then the
DEA models have been used as ranking methods especially for those problems with
multiple criteria [32]. Furthermore, the DEA models were adopted as the measurement
of some extensive concept of efficiency, such as eco-efficiency. For example, Fan et al.
[33] used BCC and CCR models to evaluate the eco-efficiency of industrial parks. In
the new sustainability index, the DEA model can also be adopted. However, in reality,
the uncertainty existing in the real cases when the indicators of sustainability were
measured. To solve those problems, some extended DEA methods need to be proposed

especially for the new sustainability indicator considering multiple aspects.

In a DEA model, the number of DMUSs need to be more than 3 times of total amount of
inputs and outputs and should be more than the number of inputs multiples the number
of outputs, because insufficient amount of DMUs will lead to instability of efficient
frontier and will further influence the result [34,35]. This requirement limits the

application scope of the DEA model. To solve this problem, virtual DMUs are raised
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and applied in DEA models. For example, Shetty and Pakkala [36] proposed the single
virtual inefficient DMU used in DEA. Ziari and Raissi [37] improved the DEA model
with the help of virtual DMUs. Since the number of energy storage technologies are
limited in case study, the virtual DMUSs can be used in the proposed model to enable it

being applied in comparison of small amount of DMUs.

As mentioned above, this article is aiming at filling following research gaps:

1) It lacks comparative sustainability analysis for energy storages providing
comparative sustainability results of energy storages in economic, environmental,
social and technological aspects.

2) An integrated sustainability index that can reflects the sustainability performance in
economic, environmental, social and technological aspects is lack for sustainability
analysis of energy storage technologies, which leads to difficulty in comparison of their
sustainability performance.

3) It lacks stable prioritization methods to rank small number of alternatives for an

index in production function while considering multiple criteria.

In order to fill the research gaps mentioned above, this paper adopts the improved DEA

model that can be used for interval numbers to analyse the effectiveness of each energy

storage alternatives and rank the sustainability of each energy storage alternatives.

Besides this section, section 2 introduces the definition of sustainability efficiency and
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sustainability super-efficiency; section 3 illustrates the detailed framework of
sustainability efficiency measurement based on interval SBM and interval Super-SBM;
a case with 4 energy storages technologies are studied in section 4; the results generated
from case study are analysed in section 5; this proposed framework is evaluated by
comparing with different traditional DEA methods and conducting sensitivity analysis

in section 6; the section 7 concludes this study and the results.

2 Sustainability Efficiency and Sustainability Super-Efficiency

In order to more comprehensively and accurately evaluate and compare the
sustainability of different energy storage solutions, the selection and unification of
evaluation indices is very important. In the years of development, sustainability
evaluation has expanded from only considering environmental factors to economic,
environmental, and social aspects [38]. Among them, many scholars use three-pillar
sustainability model, which includes environmental, economic and social aspects
[39,40]. In addition to the above three indicators, some scholars also use technological,

eco-technological, social-technological and other indicators [41].

In environmental aspect, the main consideration is the indicators related to human life.
For example: land occupation area, air pollution, water pollution, etc. Environmental
indicators are generally used as environmental indicators considered in original concept

of sustainability. From economic perspective, profit, cost and investment index are the
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major categories. Indicators, such as capital cost, operation cost and maintenance cost,
are usually used for cost measurement. Net profit, and productivity are frequently
adapted for profit evaluation. Investment index are important indicators for decision
makers to evaluate the value of investment. Therefore, some invest index, such as rate
of return, deterioration rate, and net present value, will be included in the sustainable
indices system as well. As for technological aspect, indicators related to the production
performance of energy storage can be adopted to measure the sustainability. For
example, lifespan, cycle life, technical maturity, scale, self-discharge rate, specific
energy, energy density, specific power, and power density can be used as technological
indicators. From social perspective, social acceptance and social benefit are commonly
used in the sustainability evaluation. Since the social acceptance and social benefit are
difficult to measure quantitatively, those indicators are usually expressed in linguistic

term.

Summarized from literatures, the sustainable indicators for energy storage selection can

be seen in Table 2.

Table 2. Sustainable indicators for energy storage selection

Aspect Indices Unit Reference
Technological Power kW [42—44]
Capacity kWh [42,45,46]

10



Economic

Energy conversion efficiency

Energy density

Lifetime

Specific energy

Life Cycles

Charging time

Discharging time

Energy ratio

Power density

Maturity

Self discharge rate

Scale

Response time

Charge rate

Reliability

Power rating

Operation temperature

Utility energy cost

Utility demand cost

Utility fixed cost

Net Present Value (NPV)

Operation cost

%

kWh/m?

years

Wh kg! cycle’!

times

kW/1

%/day

MW

%

MW
°C
$/kWh
$/kWh

$/kWh

$/kWh

[42,43,47,48]

[43,48-50]

[49-52]

[43,44,53]

[46,50,52,53]

[54-56]

[54,56,57]

[54]

[43,50,52,56]

[55,57,58]

[55,56,59]

[43]

[60,61]

[56,60]

[62]

[56,57]

[56]

[42]

[42]

[42]

[42]

[42,48,60]

11
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179

Maintenance cost $/kWh [42]

Net CAPEX $ [42]

Capital cost $/kWh [42,43,48,49]

Power installation cost $ [52]

Energy installation cost $ [52]

Investment cost $/kWh [50]

Total cost $/kWh [61,62]
Social Social acceptability \ [48]
Environmental CO, density \ [48]

Integrated environmental impact \ [48,55,56]

To illustrate the multiple aspects of sustainability performances in one index, some
integrated indices were raised. Among them, the concept of eco-efficiency, which can
display the integrated performance of environmental and economic impacts, is widely
used in sustainability evaluation. However, the sustainability includes not only the

economic benefit and environmental impact, but also technological and social aspects.

In this study, a new integrated index called sustainability efficiency is proposed. The
sustainability efficiency integrates environmental impact, economic cost, social impact
and technological performance in an efficiency form as shown in Fig.1. The alternative
is more sustainable when it has better technology performance and less impacts on

environmental, economic and social aspects. Therefore, a sustainability efficiency is

12
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proposed to evaluate the sustainability by a production function. In this production
function, environmental impact, economic cost, and social impact are the inputs and the

technological performance is the output.

INPUTS OUTPUTS

CO2 emission

Land use .
= Environmental

Impact

‘Water pollution

Capital cost Power density

Efficiency

Technological __|

E .
[~ Economic Cost === DMUs — Performance

Maintenance cost Maturity
Social unacceptance

—  Social Impact ==

Operation COSt  mm—

Impact to human
health

Fig.1 Model for sustainability efficiency

Each category index, such as environmental impact and economic cost, is an integrated
value of multiple indices for this category index. For example, economic cost can be
evaluated by indices such as capital cost and operation cost. The selection of indices
for each category index can be screened according to the preference of decision makers

and actual conditions. In this study, the selection of indices should fulfil following rules:

(1) The indices selected should not be overlapped or redundant. For example,
maintenance cost is contained in operation cost, then the two indices cannot be
selected simultaneously in one analysis.

(2) All indices selected as the sub-indices for economic cost, environmental impact,
and social impact should be cost-type indices. The overall performance of the

13



198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

DMU will be better, if the value of a cost-type index is smaller. For example,
NPV is not a cost-type index, and the capital cost is suitable to be selected.

(3) All indices selected as the sub-indices for technological performance should be
benefit-type indices. The overall performance of the DMU will be better, if the
value of a benefit-type index is larger. For instance, the larger scale does not
certainly mean the more sustainable performance of the DMU, because the
energy storage technology with different scales is suitable for different

application scenarios. Therefore, the scale is not an appropriate index selected.

The sustainability efficiency can be solved by using DEA models. The DMUs are
efficient if their sustainability efficiency is 1. The DMUs are inefficient if
sustainability efficiency is less than 1. By sequencing DMUSs based on descending order,
the DMUs can be prioritized for their sustainability performance. However, there might
be more than one efficient DMUSs, it might lead to failure in prioritization. Therefore,
the sustainability super-efficiency, which is extended from super-efficiency, is proposed.
Super-efficiency measures are widely utilized in DEA applications, especially for
ranking the efficient DMUs. Similarly, the sustainability super-efficiency is proposed

to measure the potentials of DMUs whose sustainability efficiency is 1.

3 Sustainability Efficiency Measurement Framework

In this study, a framework to determine the sustainability efficiency is proposed. The

14
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framework contains three main steps, which are DMUs determination, inputs and
outputs determinations and sustainability efficiency determination as presented in Fig.2.
In the first step, energy storage technologies are selected as DMUs. In the second step,
the values of technological performance, environmental impact, economic cost and
social impact of DMUs are determined by collecting data and normalization. The data
of DMUs regarding to indices in environmental, economic, technological and social
aspects can be collected by literature reviews, field trips and simulations. The last step
is to determine the sustainability efficiency and sustainability super-efficiency by using
interval SBM and interval Super-SBM respectively. The detailed steps are presented as

below.
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I Select sufficient alternatives as decision-making
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Inputs and Outputs Determination
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|

2
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Determine the values of category indices as
inputs and outputs
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/ Sustainability Efficiency Determination
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sustainability super-efficiency among DMUs

1
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1

|
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I SBM)
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|

|

|

|

|

|

|
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Analyse and prioritize DMUs based on the
sustainability efficiency and sustainability super-
efficiency

231
232 Fig.2 Research framework

233

234  Assume that n decision-making units (DMUs) are studied by analysing k, indicators
235 under technological performance as outputs, k. indicators under economic cost as
236  inputs, k. indicators under environmental impact as inputs and k, indicators under
237  social impact as inputs.

238
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3.1 DMUs Determination

The alternatives analysed are the DMUs in the DEA models. To maintain the stability
of the DEA model, the number of DMUs should satisfy Eqs.(1)-(2) [34,35].

n=>3X (ke +ke+ ke + k) (1)

n=>ky X (ke + ke + k) (2)

The limited number of DMUs leads to the instability of the model. To obtain a more
accurate result, virtual DMUs are added to simulate sufficient number of DMUs with
different sustainability performance. Therefore, if the number of DMUs analysed
cannot satisfies the requirements, several virtual DMUs can be created to fulfil the
requirement. The data values of virtual DMUs regarding all the inputs and outputs are
determined by choosing random numbers within the scope of each input or output. The
details of determination of the values of virtual DMUs can be referred to Eqs.(3)-(6) in

session 3.2.

3.2 Inputs and Outputs Determination

The value of the j-th DMU with respect to the i-th indicator for technological

L

performance is presented as T;; = [ti I tl-lﬂ, fori=1,2,.., k. Similarly, the values of

the j-th DMU with respect to the i-th indicator for environmental impact, economic cost
1 — (oL LU _ (L U — [l QU
and social impact are presented as E;; = [ej}, €;5], Cj; = [¢jj, ¢ij], and S;; = [s75, 545

respectively (shown in Table 3).

17



261

262  Table 3. Hierarchical structure of indicators

Category Indicators

Environmental Impact Eij= [ele, eluj]

_ U
Ey; =[5, e5/]

— [l LU
Ex,j = lex,j ek,j]
E . _ (L U
conomic Cost Gy = [Clj' C1j]

_ U
Cyj = [c5j e5;]

_ 1 L LU
Ckcj - [Ckcj’ Ckcj]
. [l U
Social Impact Sy = [51j: Slj]

_ [l U
S2j = [82,S2j]
_ [l U
Skej = [Skgjr Skgj]
Technological Performance Ty = [tle, t{]]]

_ U
Ty = [t5;,t3]]

_tel LU
Ty,j = [t tie,j]

263
264  The data of DMUs analysed with regard to the indicators can be collected for literature,

265  report, simulation, field studies or investigation. In addition, the data of virtual DMUs
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should be determined by selecting random numbers within the range of those indicators.
To be specific, the value of the virtual DMU v, regarding the i,-th indicator under

the category environmental impact can be determined by Eq.(3).

e.L = e.U

— — min el
A, Vo rjr}eln elo] + a(max e; %151 e j) (3)

ioJ
where V is the set of virtual DMUs, and « is a random number and « € [0,1].
Similarly, the value of the virtual DMU v, regarding the iy-th indicator under the

category economic cost, social impact or technological performance can be determined

by Eqs.(4)-(6), respectively.

L U _

Cigvg = Cigry = r]rélnc S a(r}leavxc o r]rzzl‘;l clo]) 4)
L — U o —

Sivve = Sigve = r]rg‘ps it a(maxs inj rjr}eln 5101) 5)
L U L U L

tiy, =t , = mint; ; +a(maxt; ; —mint; ; 6
loVg LoVo ]GEV loJ (]$V loJ ]GEV lo]) ( )

where V is the set of virtual DMUs; « is a random number and « € [0,1].

In addition, as mentioned in the session 2, all indicators selected for economic cost,
environmental impact, and social impact should be cost-type, and all indicators selected
for technological performance should be benefit-type. If the i,-th indicator under the
category environmental impact, economic cost, social impact or technological
performance selected does not satisfy this requirement, the original value for all DMUs
regarding to this indicator [NlLoj, 101] [&F o) 101] [3F o) 101] or [tF o) 10]] should be

pre-treated by using Eqs.(7)-(10), respectively.

L ,UT_

[eio]-, el-oj] r}rleavx 9101 elo],r]neax elo] — elo]] forj=1.2,..,n (7)
L U &L .

[cioj, cl-oj] [maxc clo],r}rleax clo] l-oj],for] =12, ..,n (8)

]ev lO]
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300

301

L U ~L .

[sioj,sl-oj [r}rleavxsloj slo],r}leaxsloj =Syl forj=12,..,n 9)
L .

[tlo], lo]-] [r}rl&avx tlo] £V ],r}rleax tlo] l-oj],for] =12,..,n (10)

3.3 Sustainability Efficiency Determination

Step 1. Determine the sustainability efficiency. The sustainability efficiency can be
determined by using the interval SBM model [63]. Based on the definition of
sustainability efficiency, the variables are revised accordingly. The sustainability

efficiency [p]L-O, p]l-{)] of the j,-th DMU can be determined by Eqs.(11)-(12).

Zfel ﬁl +Zl 1. U +Zl 151?
1 "]0 ”0 ljo
: ke+kc+k
Min pf, =Tk an
0 Zkt i
i= 1t{“]
0
1+ o
Subject to
( n
L _ ) L + .
tifo - z tij/lj + tij0/1j0 —epfori=1.2,.. k;
J=1#jo
n
u _— L
€ijo = Z i+ el Ay + e for 1=1.2,.k,
J=1,%jo
n
Cil}o = Z Ci A +C1]OA +5C_l';f07" i=1,2, ...,kc
< J=1,#jo
n

sU = Z stidj + si A, +egu for i =12, ..., ks
J=1#jo
>0,forj=1.2,..,n
g =0,for i=12,..,k;
;=20,for i=12, ..,k
;=2 0,fori=12,..,k
\ g =20, for i=12,..,k

[

%)

The solution p}“o indicates the lower bound of the sustainability efficiency for the j,-

20



302 th DMU, when the equation is satisfied with the optimal solution.

ke fei ks Esi
Zl 1L +Zl 1 L i= 1SL,
1 UO UO tjo
. U _ Kotk +k
303 Min pj = ekt < G $
i
Zl 1tU
o
1+—kt

304  Subject to

tjo tjo

J=1#jo

ijo

305 X J=1#jo

n

J=1%#jo
A =0,forj=12,..,n
g =0,for i=12,..,k;
;=20,for i=12, ..k,
;=20 for i=12,..k.
\ ;=20 for i =12, ..k

( n

t! = z tL/1 +th A, — &L for i =12, ...
ek = Z UA +el A, +eq for i=12,..
ck = Z UA +cf Ajo +eci for i=1.2,...

sk = Z suAj + s Ay, + eg, for i =12, ...

(12)

306  The solution p% indicates the upper bound of the sustainability efficiency for the j,-

307 th DMU, when the equation is satisfied with the optimal solution. If the upper bound of

308 the sustainability efficiency p]l{) = 1, the j,-th DMU is potential efficient DMU.

309  Step 2. Determine the sustainability super-efficiency. Due to the existence of more than

310 one efficient DMUs in most cases, the sustainability super-efficiency is added to the

311  model. The sustainability efficiency can be determined by using interval Super-SBM

312  model [63]. The sustainability super-efficiency for the j,-th DMU [TjLO ,

313  determined by Eqs.(13)-(14).

G4 eV sV
Zl 1, U +Zl 1. U +ZL 15U
314 Min 7} = o o o

ke+ke+ks

21

Y] can be

(13)



315  Subject to

( ke tL
——1f0r i=12, ..,k
i=1 Yo
n
el > Z ajef;, for i =12,..,k,
j=1:¢]0
n
&z Y ek for i=12,..k
J=1#jo
316 4 .
sV > Z ajsi, for i =1,2,..,ks
j=1:¢j0
g Zﬁego,for i=12..k,
e = el for i=12,...k.
§l-U2,8 l],,for i=12,..,ks
<tl< ﬁtu Jfor i=12,.. k;
Ai=0,forj=1.2,..,n
\ B>0
'é ~L
U Zlel L]L +Zl 1 le +Zl 1SL]
. _ lo lo tjo
317 Min 7)) = P (14)
318  Subject to
( ke tU
- =Lfori=12,..,k
i=1 UO
n
ek > z ajef;, for i =12,...k,
] 1';&]0
n
EiLZ Z l],forl—lz...,kc
j=1:¢]0
319 4 <
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The ranking of DMUs can be then determined by descending the value of the interval
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342

super-efficiency [r), Y] obtained from Eqs.(13)-(14) of efficient DMUs and interval
efficiency generated from interval SBM model of inefficient DMUs.

Step 3. Classify DMUs. According to Xu et al.[63], the DMU can be classified into
different categories based on the interval super-efficiency.

Class 1: Include all DMUs which are SBM super-efficient both in their best and worst
situation as shown in Eq.(15).

E** = {DMU;,j € Ny|tj = 1} (15)

Class 2: Consists of all DMUs which are efficient in their best situation, but inefficient
in their worst situation. The class was determined by Eq.(16).

E* ={DMU;,j € Ny|tj < land 7' =1} (16)

Class 3: Consists of all DMUs which are inefficient in their best situation. It goes
without saying that such DMUs are, also, inefficient in their worst situation. This class
can be determined by Eq.(17).

E~ ={DMU;,j € Ny| 1/ <1} (17)

Step 4. Rank the DMUs by descending order. The classification provides a
recommendation references to decision maker, but the classification could not offer a
strong sequence for all DMUs. Therefore, an order-relation-based interval comparison
process is adapted to rank the DMUs based on super-efficiency generated from the

interval super-SBM model. To compare two interval numbers a = [a!,a%*] and b =

al+a® bl+pt

[b!, b*], Sengupta and Pal [64] assume that — < . Then the acceptability index
of a < b can be determined by Eq.(18).

_ (bl+p")-(a'+a™)
Ala<b) = ("5 (@—a) (18)
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If A(a < b) =0,then a < b is determined as unacceptable, and the ranking of a and
bis a = b;if 0 < A(a < b) < 1, then the acceptability index of a < b is A(a < b);
and if A(a < b) = 1, then it is certain that a < b.

In this method, the ranking of DMU, could be determined by descending the number
of positive A(DMUj < DMUO), where j = 1,2,...,n and j # 0.Therefore, the DMUs
can be ranked based on the score obtained by Eqs.(13)-(14). The ranking of DMU,,
could be determined by descending the number of positive A(DM Ui < DM UO), where
j € N, and j # 0, based on the same interval comparison equations as shown above.
If the interval S-SBM has no feasible solution, the DMUs can be ranked by

sustainability efficiency generated from interval SBM model directly.

4 Case Study

A case is studied for sustainability efficiency analysis. Four typical energy storage
technologies, including pumped hydroelectric storage (PHS), compressed-air energy
storage (CAES), lead acid battery (Pb-Acid) and lithium-ion battery (Li-Ion) are

discussed in the case study.

The PHS is a large-scale energy storage technology based on the transformation
between the potential energy of water and the electricity power. The PHS owns the
advantages including large capacity, mature technology, and high efficiency [65,66].

However, the requirement for building a PHS is high, as a PHS requires special
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386

condition for the location and land occupation [67,68]. The CAES system is built to
storage energy by compressing air in a closed space. The great advantages of CAES
include fast response speed, high energy density, high power density, low operation cost
and low self-discharge rate [69,70]. However, two important factors limit the
development of CAES. One is that the location selection of CAES is restricted by the
geographical condition, and the other is that the capital cost is high [71,72]. Pb-Acid
battery is mature battery technology with long invention period and large market. It is
attractive to the market because of its low cost, low energy-to-weight ratio, a low
energy-to-volume ratio, and a relatively large power-to-weight ratio [73,74]. But the
raw material of the battery have potential negative impacts on the environment [74].
Li-Ion battery is another popular battery traded in the market. The advantages of the Li-
Ion include long lifespan, light weight, high voltage, high energy density, low self-

discharge rate and low cost [75,76]. But it is also limited by some safety concerns [77].

To evaluate the energy storage technologies, indicator system is built based on the
requirements mentioned in the session 2 (see Table 4). The indicators, including
efficiency, self-discharge rate, energy density and power density are evaluated for the
category technological performance. As for economic cost, the indicators including
capital cost, fixed cost, variable cost and replacement cost are considered. Under the
category of environmental impact, there are indicators of ecosystems, resources, and
global warming. As for the social impact, the indicators include reliability, safety and

human health.

25



387

388  Table 4. Indicators for sustainability analysis

Category Indicator Type Unit
Technological Energy conversion
Benefit type %
performance efficiency
Self discharge rate  Cost type %

Energy density Benefit type kWh/kg

Power density Benefit type kW/kg
Economic cost Capital cost Cost type €/kW
Fixed cost Cost type €/kW
Variable cost Cost type €/kW
Replacement cost ~ Cost type €/kW
Environmental Ecosystems Cost type species.yr
impact Resources Cost type $
kg CO2-
Global warming Cost type
eq.
Social impact Reliability Benefit type \
Safety Benefit type \
Human health Cost type DALY

389
390  Among all the indicators mentioned above, indicators for technological performance

391 are set as outputs, and all the other indicators are set as inputs as presented in Fig.3.
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399
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402

403

Based on the nature of the indicators, the cost-type indicators include capital cost, fixed

cost, variable cost, replacement cost, ecosystems, resources, global warming, human

health and self-discharge rate. Meanwhile, the reliability, safety, efficiency, energy

Capital cost
Fixed cost
Variable cost

Repl cost

Ecosystems
Resources

Global warming

Reliability

Safety e

Human health

INPUTS

density and power density are benefit-type indicators.

— Economic Cost

—

> Environmental )

Impact

Social Impact =P

DMUs

Fig.3 Inputs and outputs of DMUs

Table 5. Values of inputs and outputs

collected based on literatures as presented in Table 5.

OUTPUTS

Technological __|
Performance

Energy conversion efficiency
Self discharge rate
Energy density

Power density

The values of PHS, CAES, Pb-Acid and Li-lon regarding to the 14 indicators are

PHS CAES Pb-Acid Li-Ion Ref.
Energy conversion

[65,87] [40,89] [63,90] [70,100] [78]
efficiency
Self-discharge rate 0 0 [0.033,1.1] [0.033,0.33] [78]
Energy density [0.5,1.5] [0.4,20] [25,90] [94,500] [78]
Power density [0.00761,0.117]  [0.04,10] [10,400] [56.8,800] [78]
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404

405

406

407

408

409

410

411

412

413

Capital cost

Fixed cost

Variable cost

Replacement cost

Ecosystems

Resources

Global warming

Reliability

Safety

Human health

51.3422

6.1246

400.1564

0.0000034

35

740

0.002

62.7644

5.1926

598.5464

0.00012

1100

19000

56.3143

4.5269

114.3304

235.338

0.00032

750

31000

0.16

110.0533

9.1869

88.9236

220.2343

0.00014

180

1900

0.032

In this case study, 60 virtual DMUs are added to make the model more stable. The

random number is generated by using ‘rand()’ function in Microsoft Excel based on

Mersenne Twister Generator [81]. The inputs and outputs data of the virtual DMUs are

presented in Appendix Table 1. As shown in the Fig.3, the reliability, safety and self-

discharge rate do not satisfy the requirements for data types of inputs and outputs.

Therefore, the inputs and outputs data for this case study should be revised as Table 6

determined by Eq.(7)-(10).

Table 6. Revised inputs and outputs for the model

PHS

CAES

Pb-Acid

Li-Ion

T,  [6587]

[40,89]

[63,90]

[70,100]
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414

415

416

417

418

419

420

421

1.1 1.1
[0.5,1.5] [0.4,20]
[0.00761,0.117]  [0.04,10]
51.3422 62.7644
6.1246 5.1926
400.1564 598.5464
0 0
0.0000034 0.00012
35 1100
740 19000

0 0

0 [0,1]
0.002 0.098

[0, 1.067]

[25,90]

[10,400]

56.3143

4.5269

114.3304

235.338

0.00032

750

31000

0.16

[1.067,0.77]

[94,500]

[56.8,800]

110.0533

9.1869

88.9236

220.2343

0.00014

180

1900

0.032

The values of the four energy storage technologies regarding to the 14 indicators are

then evaluated by interval SBM model to calculate the sustainability efficiency based

on Eqs.(11)-(12). Taking PHS as an example, the sustainability efficiency can be

determined by Eqs.(19)-(20).

Min pl =

Subject to

3 Feiva Eci g3 Esi
Zi:leU +Zi=1 U+Zi=1SU

1 i1 i1 i1

10

+

4 &ti

i=1.L

1+$
4
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( 64

th = Z t04; + thiy — el for i = 1,234
=2
64
el = Z efid; + el A + e, for i =123
j=2
64
ch = z clidi + chdy + e, for i =1,2,3,4
1 j=2
64
sh = Z sidj +siqd + eg, for i =123
=2
A =0, forj=12,..,64
g =0,for i=1.234
€, =20,for i =123
:=0,for i=1234

\ 5 =20,for i =123
oo - £o;
213=1e_?+2?=1%+213=15%
. 1 11 11 11
Min p{ = 1 (20)
St
14—
4
Subject to
[ 64
tY = Z thd; + thAy — el for i = 1,234
j=2
64
el-Ll = Z el-l}l]- + el-Llll + &g, for i =1,2,3
Jj=2
64
ch = z cid + chd +eq, for i = 1,234
. j=2
64

sh = Z siAj + shdy + g5, for i =123
j=2
A =0,forj=1.2,..,64
g =0,for i=1.23/4
€, =20,for i =123
:=0,for i=1234
\ 5 =20,for i =123

Therefore, solutions for Eqs.(19)-(20) are the lower boundary and the upper boundary
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of the sustainability efficiency. Similarly, the sustainability efficiency for CAES, Pb-

Acid and Li-Ion can be determined, and the results are presented in Table 7.

Then, the values of the four energy storage technologies regarding to the 14 indicators
presented in the Table 6 can be used to determine the sustainability super-efficiency
based on Eqs.(13)-(14). Taking PHS as an example, the sustainability super-efficiency

can be determined by Eqs.(21)-(22).

U

e S;
—+ + -+

I. 1eU Zl 1CU Zl 1SU

Min 7} = —0——4 1)

Subject to

4

Z =1, for i=1234

111
64

~U E L :_

é; = a]-ei]-,for i=12, ..,k
j=2
64

q-zz U,fOTl 1,2,.., k.
Jj=2
X 64

s > Zoc]-sfj,for i=12 ..,k
j=2
e’ = pel,for i=123
”l > Bcl, for i =1,2,3,4
> fsY,, for i =123
0 s tl-L < Bth,for i =1,2,3,4
A =0,forj=1.2,..,64
\ g >0
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L cL ~L
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i1

éiLZZ e, for i=123

=2
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=2
) 64
§fzz sij, for i =123
=2

ek > Befy, for i =1,2,3
&k = Bch, for i =123,4
§F > Bsh,, for i=1,23

0 <t/ <pth,for i=12734
A =0, forj=1.2,..,64
\ B>0

The lower boundary and the upper boundary of the sustainability super-efficiency for
PHS can be then determined by solving equations above respectively. Similarly, the
sustainability super-efficiency can be determined by Eqs.(13)-(14) and the results are
presented in Table 7. Based on Eqs.(15)-(17), PHS, CAES, Pb-Acid and Li-Ion can be
classified as “E++”, “E++”, “E+” and “E++”, respectively. It’s obvious that energy
storage technologies cannot be ranked based on the classification. The ranking method
presented in Eq.(18) is applied to determine the rank of energy storage technologies

based on their sustainability efficiency and sustainability super-efficiency.

Table 7 Sustainability efficiency and sustainability super-efficiency of energy storage

technologies
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454

455

456

457

458

459

460

461

462

463

464

465

466

467

Sustainability
Sustainability Super-Efficiency

Efficiency

DMU Score Rank Score Class Rank
PHS [1,1] Ist [1.885,1.916] E++ 2nd
CAES [1,1] Ist [1,1.024] E++ 3rd
Pb-

[0.010,1] 4th [0.010,1.236] E+ 4th
Acid
Li-Ion [1,1] Ist [1.454,2.776] E++  1st

5 Result and Discussion
In this section, the sustainability efficiency measurement and ranking results are

illustrated and analysed.

5.1 Result illustration

According to Table 7, PHS, CAES and Li-lon are efficient DMUs because their
sustainability efficiencies are equal to 1, which means they are in the frontier of the
DEA model. The Pb-Acid battery is the only DMU that is inefficient in this case study.
Based on the sustainability efficiency, PHS, CAES and Li-Ion can be recognized as the
sustainability-efficient options, while Pb-Acid is the sustainability-inefficient option.
The three sustainability-efficient options are more recommended to be applied in

different scenarios as energy storage options, comparing with Pb-Acid.
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However, if energy storage options need to be prioritized to select the most sustainable
option, the sustainability efficiency is not a criterion to sufficiently prioritize the energy
storage technologies. Comparing with the sustainability super-efficiencies of energy
storage technologies, the sustainability efficiencies of different energy storage
technologies are almost indifferent. Therefore, the sustainability super-efficiency can

be regarded as the criterion to prioritize the four energy storage technologies.

The result of sustainability super-efficiency illustrates that Li-Ion battery is the most
sustainability-efficient option among all the options. The PHS ranks the second, and the
CAES is the third sustainable one. As same as illustrated by the sustainability efficiency,

the Pb-Acid battery is the less sustainability-efficient one.

According to Table 5, Li-lon battery performs better than the other energy storage
options in efficiency, energy density, power density and variable cost. Its technological
performance is obviously the best one. The economic cost, environmental impact and
social impact of Li-lon battery are higher than some of other options, but Li-lon battery
are not the worst one in economic, environment and social aspects. Overall speaking,
the Li-Icon battery can be the best among four energy storage in sustainability.
Comparing the PHS and CAES, the PHS is more sustainable than the CAES in most
criteria. Those advantageous criteria are efficiency, capital cost, variable cost,

ecosystems, resources, global warming, and human health. The Pb-Acid battery is

34



490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

obvious the less sustainable one, because the Pb-Acid battery is worst in several
indicators, such as self-discharge rate, replacement cost, ecosystems, global warming,
reliability, safety and human health. Therefore, the rank based on the sustainability

super-efficiency is feasible.

5.2 Evaluation for sustainability efficiency and sustainability super-efficiency

The ranking results of sustainability efficiency and sustainability super-efficiency are
quite different. Because all alternatives have the potential to be the most sustainable
one, the ranking of the energy storages are based on the minimum values of
sustainability efficiency. However, the worst performance cannot be regarded as the
only consideration in the sustainability analysis. Therefore, in this case study, the result
of sustainability super-efficiency is more preferred, as it considered the advanced

potential of each energy storage technology in sustainability aspect.

As shown in Table 7, more than one energy storages are classified as “E++”, which
makes them indifferent. Therefore, the comparison between interval numbers added to
the methodology for ranking is significant to prioritize the alternatives. Therefore, the
interval Super-SBM is more suitable method to be used as the method for sustainability

super-efficiency.

5.3 Sensitivity Analysis
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512

513  To evaluate the robustness of the modelling result with virtual DMUs, more cases with
514  different number of virtual DMUs are studied. The details of each run of case study are
515  presented as below.

516

517  Table 8. Dataset in different scenarios

No. of Virtual DMUs

40
No. of 60Virtual
Virtual 20 Virtual DMUs
runs DMUs
DMUs
Appendix Appendix
Dl Appendix Table 21
Table 1 Table 11
Appendix Appendix
D2 Appendix Table 22
Table 2 Table 12
Appendix Appendix
D3 Appendix Table 23
Table 3 Table 13
Appendix Appendix
D4 Appendix Table 24
Table 4 Table 14
Appendix Appendix
D5 Appendix Table 25
Table 5 Table 15
Appendix Appendix
D6 Appendix Table 26
Table 6 Table 16
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519

520

521

522

523

524

525

Appendix  Appendix
D7 Appendix Table 27
Table 7 Table 17

Appendix Appendix
D8 Appendix Table 28
Table 8 Table 18

Appendix Appendix
D9 Appendix Table 29
Table 9 Table 19

Appendix Appendix
D10 Appendix Table 30
Table 10 Table 20

The results of each run of evaluation are presented in Figs.4-6. Fig. 4 refers to
sustainability super-efficiencies for energy storage technologies in each run (D1-D10)
by using 60 virtual DMUs. Fig. 5 refers to sustainability super-efficiencies for energy
storage technologies in each run (D1-D10) by using 40 virtual DMUs. Fig. 6 refers to
sustainability super-efficiencies for energy storage technologies in each run (D1-D10)

by using 20 virtual DMUs.
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Fig.6 Sustainability super-efficiencies for energy storage technologies by using 20

virtual DMUs

According to Figs.4-6, the more virtual DMUs used in the modelling, the scores for
each DMU in different run are more consistent. It indicates that the more virtual DMUs
adopted in the model, the more stable the result of the sustainability super-efficiency is.
As presented in Fig.4, the sustainability super-efficiency of each energy storage
alternative is relatively consistent and stable. Therefore, the requirements presented in

Eqs.(1)-(2) are sufficient to determine the number of virtual DMUs used in the model.
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The rank for all the runs is the same. It’s proven that the DEA model with virtual DMUs

1s feasible and the result is robust.

5.4 Comparison with other MCDM methods

To illustrate the differences between proposed prioritization model and the classical

MCDM models, the interval TOPSIS [82] and the interval VIKOR [83] are chosen to

prioritize the same case. The weights of indicators are determined by using classical

weighting method AHP [84]. The calculation processes of two evaluation methods are

presented in Appendix Part II and the results are presented in Table 9.

Table 9. Rank of energy storage technologies determined by different methods

Sustainability AHP + AHP +
Sustainability
Super- Interval Interval
Efficiency
Efficiency TOPSIS VIKOR
PHS Ist 2nd 2nd 2nd
CAES Ist 3rd 3rd 3rd
Pb-Acid 4th 4th 4th 4th
Li-Ion Ist Ist Ist Ist

It’s shown that the ranking results of two MCDM methods and sustainability super-

efficiency are consistent, which means the result of the ranking of sustainability super-
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efficiency is feasible and reliable. Comparing the proposal method with traditional DEA
models and classical MCDM models in following aspects, the proposed method
performs better in following aspects.

1)  The MCDM models used for solving prioritization problem usually contain a
step to determine the weights of criteria. In proposed method, a DEA model is used for
ranking alternatives which does not require weights of criteria.

2)  The traditional DEA model requires more DMUs to make the model stable. In
a multi-criteria prioritization problem, data for multiple criteria are difficult to collect.
In this case, the virtual DMUs helps to make the model stable and save the time for
researchers to collect more data for DMUs which are not considered in the case study.
Therefore, the proposed method is an option to reduce the ranking process, while can
reduce the inaccuracy caused by the subjective judgement adopted in the determination
process of weights of indicators. In this case, the prioritization framework based on
sustainability super-efficiency concept and interval S-SBM model is less time-

consuming and can provide a more objective ranking result.

6 Conclusions

In this study, the sustainability efficiency and the sustainability super-efficiency were
proposed as two integrated indices for sustainability evaluation. The interval slacks-
based measurement of efficiency and super-efficiency were revised to measure the

sustainability efficiency and super-efficiency. A case for sustainability evaluation and
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prioritization of energy technologies were then studied by using the proposed method.
The results of the case study were analysed, and the proposed method was compared
with other DEA methods. The results illustrate that the sustainability efficiency and
sustainability super-efficiency can display overall sustainability performance in all
environmental, economic, technological and social aspect. In addition, comparing to
other DEA methods, the revised interval Super-SBM provide a more accurate result
while considering the uncertainty existing in data.

This framework provides a feasible solution for prioritization of energy storage
technologies while the number of alternatives is limited. The sustainability efficiency
and sustainability super-efficiency are integrated indices to reflect the sustainability
performance of energy storage technologies. It’s also a good reference for battery
engineers to consider as the one of selection criteria for battery selection. In addition,
this study can also provide a reference for policy makers. The Li-lon battery is
recognized as the most sustainable energy storage technologies among the four
alternatives. However, the installed capacity of Li-lon battery as the large-scale energy
storage facility is not more than that of other energy storage technologies in China. The
research and development of Li-Ion battery should be encouraged, and application of

this battery can be further discovered.
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