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Abstract: Extreme random events will interfere with the inversion analysis of energy and environment
systems (EES) and make the planning schemes unreliable. A Copula-based interval cost–benefit
stochastic programming (CICS) is proposed to deal with extreme random uncertainties. Taking Yulin
city as an example, there are nine constraint-violation scenarios and six coal-reduction scenarios are
designed. The results disclose that (i) both system cost and pollutant emission would decrease as the
industrial energy supply constraint-violation level increases; (ii) when the primary and secondary
energy output increases by 9% and 13%, respectively, and industrial coal supply decreases by 40%, the
coal-dependent index of the system would be the lowest, and the corresponding system profitability
could reach [29.3, 53.0] %; (iii) compared with the traditional chance-constrained programming,
Copula-based stochastic programming can reflect more uncertain information and achieve a higher
marginal net present value rate. Overall, the CICS-EES model offers a novel approach to gain insight
into the tradeoff between system reliability and profitability.

Keywords: extreme random uncertainty; energy and environment systems; coal-dependent; Copula;
cost–benefit; planning

1. Introduction

There are numerous extreme random events in coal-dependent cities, such as extremely
dependent on coal resources, extremely fragile ecological environment, and extremely
unreasonable industrial structure [1]. A city dominated by coal mining and machining
industries is defined as a coal-dependent city [2]. There are 63 coal-dependent cities defined
in China [3]. Long-term, being extremely dependent on coal resources inevitably leads
to enormous local energy wastage and pollutant emissions and a series of ecological and
environmental problems, which exacerbates the pressure for ecological restoration of the
already fragile ecological environment [4,5]. In the energy and environment systems
(EES) planning in such cities, neglecting or simplifying to cope with the extreme random
uncertainties would decrease the reliability of planning schemes and can even lead to
mistakes in decision making [6]. Therefore, it is indispensable to develop an EES planning
model for coal-dependent cities that can effectively deal with extreme random uncertainties
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and strike a balance among energy consumption, environmental protection, and economic
sustainable development.

Previously, plenty of studies have been conducted on EES management of coal-
dependent cities. The main directions include technological innovation, industrial transfor-
mation, regional policy formulation, and system economic analysis [7]. Technological inno-
vation mainly relies on new production technologies and management models; for exam-
ple, Zheng [8] proposed gasification-based polygonation technologies for coal-dependent
cities to reduce pollutant emissions while ensuring economic growth and applied them
in Zaozhuang City, China. Industrial transformation refers to the transformation from a
traditional industry to a modern one and intelligent and green direction. For example,
Roch [9] described the transformation of lignite mining in East German to reduce environ-
mental pollution, mainly sulfur dioxide and airborne particulates, and pointed out that the
development of a mining model is essential to coordinate ecological, social, and economic
developments in mining areas. Considering regional industrial symbiosis, Li [10] proposed
an industrial and regional symbiosis model and chose a coal-dependent city, Guiyang City,
for verification, realizing environmental and economic benefits. Regional policy formula-
tion refers to making suitable policy to promote steady and sound development of energy,
environment, and economy. Campbell [11] discussed the symptoms of resource curse in
Witbank City, a coal mining city in South Africa, and emphasized that leadership and
governance should be improved by the local government to balance the relationship among
local economic growth, social development, and ecological and environmental integrity.
System economic analysis help leaders or policymakers with suggestions or decisions by
focusing on whether the system can produce economic benefits. For instance, on the basis
of social–economic–natural system analysis, Tai [12] developed a vulnerability assessment
index system for coal mining cities and suggested that industrial structure adjustment
and scientific and technological innovation is the route coal mining cities must take to
achieve economic sustainability. The above research has explored the optimal management
of EES in coal-dependent cities and made some progress. Nevertheless, few studies have
paid attention to the impact of extreme random uncertainties of the energy system and
environment system itself in EES planning of coal-dependent cities.

Recently, research on inexact analysis methods for handling various uncertainties
in EES planning has substantially increased [13]. Generally, inexact methods based on
stochastic mathematical programming (SMP) have advantages in tackling random vari-
ables with various probabilistic uncertainties, including chance-constrained programming,
joint-probabilistic constrains programming, and multistage stochastic programming [14].
For example, Suo [15] proposed a multistage type-2 fuzzy interval stochastic programming
method for analyzing the effects of environmental requirements on the energy system of
Tianjin City. SMP can effectively reflect uncertainties expressed as probability distributions;
however, it has difficulty in EES planning under multi-energy production and supply be-
cause it ignores the correlations among random variables. In detail, EES contain two energy
subsystems, and each energy subsystem would lead to fluctuant effect on the other energy
subsystem and then create joint-shortage risk between primary and secondary energy
supply [16]. The “Copula” approach developed by Sklar can reveal the interaction be-
tween random variables, however, it is unable to tackle uncertainties relevant to stochastic
characteristics [17]. Some researchers proposed the Copula-based stochastic programming
(CSP) method through introducing the Copula technique into an SMP framework to deal
with uncertainties in random variables, which have different probability distributions
and previously unknown correlations. Zhang [18] proposed a Copula-based stochastic
fractional programming method. In real-word EES planning problems, some economic and
technical parameters are uncertain and cannot be ignored in the model, such as energy pro-
duction, energy consumption, energy prices, etc. These uncertainties are attributed to input
parameter measurement, which are often shown as volatility and suitably expressed as
interval numbers [19]. The inexact methods based on interval mathematical programming
can be introduced to deal with such uncertainties, such as interval linear programming
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(ILP). Kouaissah and Hocine [20] integrated ILP into a multi-objective decision-making
model, which is capable of ascertaining the optimal industrial renewable energy supply
portfolio. Other methods are also applied, such as Chance-constrained programming (CCP).
Chen [21] used CCP to deal with the uncertainty of energy–water-environment systems in
a coal-dependent region. Li [22] applied CCP to handle the uncertainties in the optimal
siting and sizing of a distributed generation system. Additionally, the above methods fail
to capture the effect of multiple uncertainties simultaneously on the system investment
and benefit [23]. These shortcomings can be surmounted by cost–benefit analysis (CBA),
which could evaluate present costs and benefits that can be achieved under the influence of
multiple uncertainties [24,25].

Therefore, the objective of this study is to develop a Copula-based interval cost–benefit
stochastic programming (CICS) method to deal with extreme random uncertainties and
support EES planning of coal-dependent cities. CICS incorporates CSP, ILP, and CBA
within a framework. The CICS method has superiority in dealing with uncertainties
presented as intervals and interactive random variables and evaluating the present value
of costs and benefits. The CICS method is first applied to planning EES of coal-dependent
cities during 2022–2036. A CICS-EES model is formulated and applied to Yulin City,
China, to demonstrate its practicability. Through contrastive analysis of a dependence
degree evaluation of economic growth on coal under nine constraint-violation scenarios
and six coal-reduction scenarios, the best EES management scheme with the lowest coal
dependence index is identified. The results support energy structure, industrial energy
supply, and pollutant emission strategy adjustment, while tackling tradeoffs between
system reliability and profitability.

2. Case Study
2.1. Study Area

Yulin city (107◦28′–115◦15′ E, 36◦57′–39◦34′ N) is in the northernmost part of Shaanxi
Province in Northwest China. The modern industry in Yulin City takes Yuyang District
as its core, with the ecological industry chain composed of the east–west direction and
the energy and chemical industry chain composed of the north–south direction. The total
area of the city is 42,920 km2. Yulin City is abundant in mineral resources, mainly coal, oil,
and natural gas. As of 2022, Yulin City has jurisdiction over two municipal districts, nine
counties and one county-level city; the coalfield industrial bases are mainly distributed
in Yuyang, Shenmu, Fugu, Jingbian, Dingbian, Hengshan, the six counties. In 2020, the
raw coal production of Yulin City was 287 million tons, and charcoal as 16 million tons, of
which Shenmu and Fugu’s coal production was the largest, with 280 billion tons of coal
predicted reserves and 149 billion tons of coal proved reserves, accounting for one-fifth of
the country. Yulin City was defined as a coal-dependent city in 2013 [3]. The dependence
degree of economic growth on coal could be quantitatively evaluated through the coal
dependence index, as shown in Appendix A and Table A1. The coal dependence index
illustrates that since 2010, the dependence degree of economic growth on coal of Yulin City
appears to be rising, but conversely, the Chinese average coal dependence index shows a
downward trend, as shown in Figure A1 in Appendix A.

In view of the uneven spatial and temporary distribution of natural conditions, Yulin
City shows characteristics of being ecologically fragile. Due to the location in the transition
zone from the Mu Us Desert to the Loess Plateau, there are three major types of landforms
in Yulin City, including a wind-sand grass shoal area on the southern edge of the Mu Us
Desert, accounting for 36.70% of total area, a loess hilly gully area in the hinterland of
the Loess Plateau, accounting for 51.75%, and a beam-shaped low hill area accounting for
11.55% of total area. The overall soil composition is 49.5% yellow soil and 27.3% wind-sand
soil, and both have a loose structure and very low water-holding capacity. Yulin City
features semi-arid and arid climatic conditions. With a low average annual precipitation of
446.50 mm, while evaporation is 4–5 times the amount of precipitation, Yulin City is short of
water resources. The wind direction is mainly northwest wind and the average annual wind
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speed is 2.90 m/s, which is obviously higher than the Shaanxi province average of 1.60 m/s.
Because of the location in the transition zone between steppe and desert, natural vegetation
is sparse and low in coverage, and the biodiversity is also poor. The ecological environment
is easily affected by wind erosion, water erosion, and human activities. According to the
“National Ecological Fragile Area Protection Plan Outline (2008)”, Yulin City belongs to the
ecological fragile area of northern agriculture and animal husbandry [26].

Yulin City has been a national energy and chemical industry base in China since 1998.
It is important to note that the GDP of Yulin City extremely relies on coal-related industries.
For example, the GDP of the city reached RMB ¥ 413.63 billion in late 2019. Among them,
the GDP of the coal mining and machining industry reached RMB ¥ 231.30 billion with a
growth rate of 11.40%, occupying 55.90% of the city. Furthermore, it is worth mentioning
that the city’s energy chemical industry belt is distributed mainly in the wind-sand grass
shoal along the Great Wall. Therefore, large-scale industrial activities have caused massive
coal consumption and together with the unscientific land use have exacerbated the conflict
between economic development and the fragile ecological environment.

2.2. Statement of the Problem

In consideration of the above information, there are many extreme random events
that should be taken into account when developing energy and environment systems
(EES) management strategies. Extreme random events exist in real-word EES of Yulin City
including: (a) Economic development is extremely dependent on coal resources. Previous
studies ignored the impact of unknown correlations among multiple energy resources on
the economical property of the system when adjusting the energy structure; (b) Located
in an extremely fragile ecological environment area, Yulin City has low atmospheric envi-
ronmental capacity. However, because of good conditions for pollutant diffusion, there is
lower environment-monitoring data of the city, which affects the formulation of pollutant
emission strategies; and (c) The extremely unreasonable industrial structure causes the
sustainable development of the system to be restricted due to the non-renewable coal
resources. Therefore, developing an optimization model for finding the optimal scheme for
energy production and industrial energy supply with the consideration of environment
protection and economic development is highly desired.

2.3. Data Collection and Analysis

In this paper, data related to energy and industry were collected from government
official reports, literature surveys, expert consultations, and so on. In particular, the histor-
ical data of primary energy output and secondary energy output in the years 2005–2019
were used to determine marginal distribution functions and joint cumulative distribution
functions. Kolmogorov–Smirnov tests were used to evaluate whether assumed proba-
bility distributions were best fitted [27] and Pearson’s linear correlation tests were used
to determine whether random variables were mutually correlated [28]. The maximum
likelihood estimation method was used to estimate the parameters of Copula functions [29]
and root mean squared error (RMSE), Akaike information criterion (AIC) and Bayesian
information criterion (BIC) values were used to determine the best Copula function for
joint distribution simulation. Figure 1 shows joint probability density and joint cumulative
distribution under different Copula functions. Through comparing five bivariate Copula
functions, Clayton–Copula was selected as the best one with the minimum RMSE, AIC,
and BIC values (as shown in Table 1).
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Table 1. Values of parameters and evaluation metric for bivariate Copula functions.

Copula Functions Copula Function C(u, v; θ) Range of θ θ RMSE AIC BIC

Gaussian φρ

(
φ−1(u), φ−1(v)

)
(−1, 1) 0.9635 0.0932 −64.4294 −61.1512

t tθ,k

(
t−1
k (u), t−1

k (v)
)

(−1, 1) (k > 0) 0.9802 0.0846 −67.1541 −63.8760

Gumbel exp
(
−
(
(− ln u)θ + (− ln v)θ

)1/θ
)

[1, +∞) 6.3442 0.0893 −65.6564 −62.3783

Clayton
(
u−θ + v−θ − 1

)−1/θ (0, +∞) 16.3348 0.0821 −68.0028 −64.7247
Frank −1/θ ln

(
1 +

(
e−θu − 1

)(
e−θv − 1

)
/
(
e−θ − 1

))
(−∞, +∞)\{0} 29.0169 0.0828 −67.7593 −64.4811

3. Methodology and Modeling Formulation
3.1. Methodology

In energy and environment systems planning (EES) problems, extreme random un-
certainties can be present as interactive random variables, and EES have dynamic charac-
teristics. Thus, the decision scheme has to be developed under various probability levels.
According to ref [30], Copula-based stochastic programming (CSP) has the advantages of
reflecting uncertain interaction among random variables (existing in right-hand sides), par-
ticularly when the random variables have different probability distributions and previously
unknown correlations. Combined with [31], CSP can be explained as follows:

min f = ∑n
j=1 cjxj, (1)

Subject to
∑n

j=1 aijxj ≤ bpi
i , i = 1, 2, . . . , l, (2)

C(1 − p1, 1 − p2, . . . , 1 − pl) = 1 − p, (3)

∑n
j=1 aijxj ≤ bi, i = l + 1, l + 2, . . . , m, (4)

xj ≥ 0, j = 1, 2, . . . , n, (5)
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where f is linear objective function; xj are decision variables; cj and aij are parameters; bts
i

are random variables; 1 − p is prescribed joint probability level; C denotes determinate
Copula; pi are constraint violation levels of individual chance constraints; bpi

i = F−1
i (pi).

CSP has superiority in modeling joint distribution among random variables. Never-
theless, in the decision-making process, because of the influence of policy, economic, social,
market, and technical factors, as well as incompleteness and inaccuracy, obtained data may
have some errors. This can result in uncertainties in parameters, which fluctuate in a certain
interval range. Interval linear programming (ILP) can tackle uncertainties presented as
interval values. According to [32], ILP can be defined as follows:

min f± = C±X±, (6)

Subject to
A±X± ≤ B±, (7)

X± ≥ 0, (8)

where X± ∈ {Q±}n×l , A± ∈ {Q±}m×n, B± ∈ {Q±}m×l , C± ∈ {Q±}m×n; Q± are interval
numbers; X± are decision variables.

Therefore, techniques of CSP and ILP can be combined into a framework, leading to a
Copula-based interval stochastic programming (CISP) model as

min f± = ∑n
j=1 c±j x±j , (9)

Subject to
min f± = ∑n

j=1 c±j x±j , (10)

C(1 − p1, 1 − p2, . . . , 1 − pl) = 1 − p, (11)

∑n
j=1 a±ij x±j ≤ b±i , i = l + 1, l + 2, . . . , m, (12)

x±j ≥ 0, j = 1, 2, . . . , n. (13)

However, in real-word EES planning, CISP is incapable of evaluating the costs and
benefits of each scheme; it has difficulties in judging the relationship between investment
and benefit to measure the value of each scheme. Cost–benefit analysis (CBA) provides a
way to evaluate costs and benefits of various schemes so as to obtain the best scheme with
the most benefit and the least cost in investment decision based on certain principles [33].
Specifically, CBA could compute net benefit through the cost and benefit of various schemes,
as depicted as

N = B − ∑h
z=1 Cz, (14)

where N is net benefit, B is general benefit, which includes total investing cost, Cz are costs
of z type. CBA can evaluate the value of various schemes with the help of some indicators.
Among them, the cost–benefit ratio can assess the feasibility of each scheme, while the net
present value rate can evaluate profitability after implementation of a scheme. The value of
cost–benefit ratio and net present value rate can be defined as follows:

Ud =
∑e

g=1

(
Cdg

)
× (1 + r)−g

∑e
g=1

(
Bdg

)
× (1 + r)−g

, (15)

Wd =
∑e

g=1

(
Bdg − Cdg

)
× (1 + r)−g

Id
, (16)

where Ud are cost–benefit ratios of d scheme; Wd are net present value ratios of d scheme;
Cdg are total costs of d scheme in g year; Bdg are total benefits of d scheme in g year; r is ratio
of social discount, Id are original investment present values of d scheme.
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Consequently, to tackle uncertainties expressed as intervals and interactive random
variables, as well as evaluate the present value of costs and benefits to find the best
scheme, CSP, ILP, and CBA methods could be integrated in a framework. Then, Copula-
based interval cost–benefit stochastic programming (CICS) can be generated. The detailed
solution process of CICS can be defined as follows:

Step 1. Select optimal Copula function.
Step 2. Formulate CICS through integrating CSP, ILP, and CBA methods.
Step 3. On the basis of optimal Copula function, convert joint probability p into individual
probabilities p1, p2, p3, . . ., pl.
Step 4. Turn CICS into sub-models f+ and f−.

Step 5. Solve f + and f − to obtain decision variables x±jopt =
[

x−jopt, x+jopt

]
and costs

f±jopt =
[

f−jopt, f+jopt

]
.

Step 6. Calculate corresponding benefits b±jopt =
[

b−jopt, b+jopt

]
and net benefits

n±
jopt =

[
n−

jopt, n+
jopt

]
.

Step 7. Obtain cost–benefit ratios u±
d =

[
u−

d , u+
d
]

and net present value rates w±
d =

[
w−

d , w+
d
]

of d scheme.
Step 8. Stop.

3.2. CICS-EES Modeling Formulation

Based on the CICS method, a CICS-EES model is proposed for EES planning of Yulin
City, a typical coal-dependent city in China (as shown in Figure 2). Before the CICS-EES
model is formulated, three assumptions for the model should be explained: (1) primary
energy includes coal, oil, and natural gas, and secondary energy includes coke, coke
oven gas, electricity, and coal gangue; (2) primary energy output and secondary energy
output are random variables with previously unknown probability distributions, and a
joint cumulative distribution function is used for measuring their statistical dependence;
and (3) based on “Ambient air quality standards” (GB 3095-2012), 3 types of pollutants are
considered including SO2, NO2, and PM10. The planning horizon is 15 years (2022–2036),
which is divided into 3 stages, with each being 5 years. A list of nomenclature in the
CICS-EES model is presented in Appendix B.

(1) Objective function. The objective of the model is to minimize system costs involving
energy costs (C±

EP), energy transportation costs (C±
ET), industrial operational costs

(C±
IO), and pollutant treatment costs (C±

PT).

min f± = C±
EP + C±

ET + C±
IO + C±

PT , (17)

a. Energy costs. Energy costs refer to total energy purchase costs of the mining
business, energy machining business, and manufacturing business.

C±
EP = ∑3

p=1 ∑3
k=1 Cp±pk ×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 ∑3
k=1 Cs±sk ×

(
∑4

m=1 Sm±
smk + ∑2

o=1 Sm±
sok + ∑4

i=1 Pm±
sik

) , (18)

b. Energy transportation costs. Energy loss costs in transporting and utilization
are contained in energy transportation costs.

C±
ET = ∑3

p=1 ∑3
k=1

(
Pt±pk + Lp±pk × Cp±pk

)
×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 ∑3
k=1

(
St±sk + Ls±sk × Cs±sk

)
×

(
∑4

m=1 Sm±
smk + ∑2

o=1 Sm±
sok + ∑4

i=1 Sm±
sik

) , (19)
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c. Industrial operational costs. Maintenance and depreciation cost of equipment,
taxation cost, and workers’ wage are taken into account.

C±
IO =

3

∑
p=1

3

∑
k=1

Om±
pk × Mp±pk +

4

∑
s=1

3

∑
k=1

Os±sk × Sp±sk +
4

∑
i=1

3

∑
k=1

Ip±ik × Io±ik , (20)

d. Pollutant treatment costs. Pollutant treatment costs include pollutant treat-
ment facilities costs, pollutant treatment system operating costs, and pollutant
discharge costs.

C±
PT = ∑3

k=1 ∑2
o=1 Npok ×

(
Ie±ok + Ap±ok

)
+ ∑3

k=1 ∑4
i=1 Npik ×

(
Ie±ik + Ap±ik

)
+∑3

j=1 ∑3
k=1

 ∑3
p=1 Jc±pjk ×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 Jc±sjk ×
(

∑4
m=1 Sm±

smk + ∑2
o=1 Sm±

sok + ∑4
q=1 Sm±

sik

) × Jd±jk

+∑3
j=1 ∑3

k=1

 ∑3
p=1 Jc±pjk ×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 Jc±sjk ×
(

∑4
m=1 Sm±

smk + ∑2
o=1 Sm±

sok + ∑4
q=1 Sm±

sik

) × (1−Jtj)×Jej
Jvj

. (21)

(2) Corresponding benefits (B±) and net benefits (NB±) of each EAS planning scheme
can be calculated.

B± = Is±ik × Ip±ik , (22)

NB± = B± − f±. (23)

(3) Constraints include energy demand–supply balance, manufacturing business demand–
supply balance, mass balance, as well as environment requirement.

Pr
{
∑3

p=1 ∑3
k=1

(
∑4

m=1 Pm±
pmk + ∑2

t=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
≤ Om±

pk

}
≥ 1 − w1, (24)

Pr
{
∑4

s=1 ∑3
k=1

(
∑4

m=1 Sm±
smk + ∑2

t=1 Sm±
sok + ∑4

i=1 Sm±
sik

)
≤ Os±sk

}
≥ 1 − w2, (25)

C(1 − w1, 1 − w2) = 1 − W. (26)

a. Energy demand–supply balance constraints. These constraints can guarantee
that primary energy demand and secondary energy demand are met at a joint
probability level.

Pr
{
∑3

p=1 ∑3
k=1

(
∑4

m=1 Pm±
pmk + ∑2

t=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
≤ Om±

pk

}
≥ 1 − w1 (27)

Pr
{
∑4

s=1 ∑3
k=1

(
∑4

m=1 Sm±
smk + ∑2

t=1 Sm±
sok + ∑4

i=1 Sm±
sik

)
≤ Os±sk

}
≥ 1 − w2, (28)

b. Manufacturing business demand–supply balance constraints. These constraints can
guarantee that the product demands of the manufacturing business are satisfied.

∑4
i=1 ∑3

k=1 Ip±ik ≥ Oi±ik , (29)

c. Mass balance constraints. The constraints ensure the energy utilization effi-
ciency must be less than 1.

∑4
i=1 ∑3

k=1

Oi±ik
Ic±ik ×

(
∑3

p=1 Pm±
pik × Pcp + ∑4

s=1 Sm±
sik × Scs

) < 1, (30)
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d. Environment requirement constraints. The pollutant concentration should not
be higher than the pollutant concentration standard specified in the ambient air
quality standards.

∑4
i=1

1
πuσyσz

exp
(
− H2

2σ2
z

)
× Jr±jik ×

(
1 − Jtj

)
≤ Jsjk, (31)

e. Nonnegative constrains.

Pm±
pik, Sm±

sik, Ip±ik ≥ 0. (32)
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3.3. Scenarios Construction

In this study, given the extreme dependence of energy consumption on coal resources,
a number of scenarios (i.e., S1–S9 and S1′–S9′ of CSP; E1–E6 of coal reduction levels; T1–T9
of CCP) would be analyzed. Scenarios S1–S9 and S1′–S9′ of CSP are considered according
to Clayton–Copula. Table 2 provides selected values of joint cumulative distribution
HX,Y(x, y) = Pr(X ≤ x, Y ≤ y), conditional cumulative distribution HY|X(y|X ≤ x), and
marginal cumulative distributions FX(x) and GY(y), where X and Y are random variables
representing primary energy output and secondary energy output, respectively.

Table 2. Select values under scenarios S1–S9 of CSP.

Scenarios HX,Y(x, y) HY|X(y|X ≤ x ) FX(x) GY(y) (W, w1, w2)

S1 0.900 0.873 0.910 0.873 (0.100, 0.090, 0.127)
S2 0.900 0.881 0.930 0.881 (0.100, 0.070, 0.119)
S3 0.900 0.889 0.950 0.889 (0.100, 0.050, 0.112)
S4 0.900 0.894 0.970 0.894 (0.100, 0.030, 0.106)
S5 0.900 0.898 0.990 0.898 (0.100, 0.010, 0.102)
S6 0.950 0.930 0.960 0.930 (0.050, 0.040, 0.070)
S7 0.950 0.936 0.970 0.936 (0.050, 0.030, 0.064)
S8 0.950 0.941 0.980 0.941 (0.050, 0.020, 0.059)
S9 0.950 0.946 0.990 0.946 (0.050, 0.010, 0.054)

Thereafter, constraint-violation levels (W, w1, w2) can be obtained, where (1 − W) is
joint probability levels, and (1 − w1) and (1 − w2) are, respectively, individual probability
levels corresponding to X and Y. By calculation of CICS-EES model under scenarios S1–S9,
the scenario with the highest net present value ratio can be obtained. Then, six scenarios
E1–E6 of coal reduction levels would be considered, according to the “Comprehensive
work plan for energy conservation and emission reduction in ‘Thirteenth Five-Year Plan’
stage of Yulin City” [34].

Figure 3 illustrates the scenario tree of the study; scenarios E1–E6 of coal reduction
levels would be associated with the scenario S in order to generate the best decision
alternative. In addition, scenarios T1–T9 are designed based on CCP for comparison with
scenarios S1′–S9′ of CSP.
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4. Results and Discussion

A CICS-EES model was developed and applied to EES planning in Northwest China,
Yulin City, and then the best decision alternative was generated. By computing the model,
scenario S1 with the highest net present value rate was selected and associated with
coal reduction levels (i.e., E1–E6) for further analysis. The results showed that different
constraint-violation levels and coal reduction levels would generate different energy supply
schemes, which would lead to changes in pollutant emissions and system cost and benefit.
Through the dependence degree evaluation of economic growth on coal under various
schemes, the scheme with the lowest coal dependence index was provided for managers.

4.1. Uncertain Analysis

In this study, in order to reflect energy demand–supply risk, nine scenarios of joint
and individual constraint-violation levels of violating energy demand in Yulin City were
considered. Uncertainties related to different scenarios S1–S9 of CSP would result in
different industrial energy supplies (as shown in Figure 4) and changed pollutant emissions
(as shown in Figure 5).

Figure 5 shows pollutant emission under scenarios S1–S9 of CSP. From S1 to S9, the
emission of each pollutant increases under the same planning stage k. For each pollutant,
emissions also increase with the planning stage.
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And then, varied system costs and net benefits are generated. Specifically, it can be
obtained from Figure 6a,b that a higher joint constraint-violation level would lead to a lower
system cost and a higher net benefit. This is because joint constraint-violation (W) levels
indicate joint violation levels of not satisfying the energy output of whole EES, with a higher
W level (i.e., a lower energy output) corresponding to a decreased industrial energy supply,
which leads to a lower pollutant emission and system cost and then generates a higher net
benefit; however, the system would confront the higher risk of industrial energy supply
shortage. On the contrary, a lower W level (i.e., a higher energy output) corresponding
to an increase in industrial energy supply, thus leading to a higher pollutant emission
and system cost, would then generate a lower net benefit; but in this case, the system is
incapable of withstanding changes in environmental policies. The results indicate that
there is a tradeoff among industrial energy supply, pollutant emission, as well as system
costs and net benefits. Additionally, through comparing various scenarios at the same W
level, the results disclosed that the system cost shows a downward tendency, while net
benefits show an upward one, with increased individual constraint-violation (w1 and w2)
levels. The results of different w1 and w2 levels are not only effective for investigating the
interactions of primary energy output and secondary energy output, as well as their effect
on system cost and net benefit, but also in providing an approach for reaching equilibrium
among energy demand–supply, pollutant emission control, and system cost and net benefit.
In order to evaluate the feasibility and profitability that can be achieved of scenarios S1–S9,
the cost–benefit ratio and net present value ratio are calculated in Figure 6c,d.
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Figure 6c presents that the cost–benefit ratios are less than 100% of scenarios S1–S9,
which indicates that the S1–S9 are all economically feasible. Generally, a higher net present
value rate indicates a higher profitability of the scheme. It can be seen from Figure 6d that
scenario S1 has the highest net present value rate (i.e., [47.7, 67.7] %). Therefore, scenario
S1 was selected and associated with coal reduction levels (i.e., E1–E6) for generating the
best scheme.

4.2. Coal Dependence Analysis

As the coal reduction levels change, the industrial energy supply structures would
be different. Table 3 depicts industrial energy supply under scenarios E1–E6 of coal
reduction levels.

Table 3. Industrial energy supply under scenarios E1–E6 of coal reduction levels.

Scenarios Planning
Stage

Energy Type
Coal Dependence

IndexCoal
(PJ)

Oil
(PJ)

Natural Gas
(PJ)

Coke
(PJ)

Coke Oven
Gas (PJ)

Electricity
(PJ)

Coal Gangue
(PJ)

E1

k = 1

[2564.2, 3247.1] [5.1, 6.9] [118.4, 139.5] [305.6, 325.6] [11.6, 22.2] [353.2, 415.6] [4.0, 8.6] 1.00
E2 [2310.1, 2925.3] [304.0, 380.3] [106.7, 125.7] [290.6, 309.7] [11.0, 21.2] [335.9, 395.2] [3.8, 8.1] [1.07, 1.11]
E3 [2053.4, 2600.3] [639.9, 796.5] [94.8, 111.7] [260.0, 277.1] [9.9, 18.9] [300.5, 353.6] [3.4, 7.3] [0.84, 0.93]
E4 [1796.7, 2275.2] [975.9, 1212.7] [83.0, 97.8] [229.4, 244.5] [8.7, 16.7] [265.2, 312.0] [3.0, 6.4] [0.77, 0.90]
E5 [1540.0, 1950.2] [1311.8, 1628.9] [71.1, 83.8] [198.8, 211.9] [7.6, 14.5] [229.8, 270.4] [2.6, 5.6] [0.69, 0.86]
E6 [1283.4, 1625.2] [1647.8, 2045.1] [59.3, 69.8] [168.2, 179.3] [6.4, 12.2] [194.5, 228.8] [2.2, 4.7] [0.62, 0.83]

E1

k = 2

[4770.0, 5026.5] [8.4, 9.1] [118.1, 120.6] [436.2, 441.8] [14.5, 22.2] [561.9, 575.9] [8.3, 10.1] 1.00
E2 [4297.3, 4528.3] [593.9, 623.1] [106.4, 108.7] [393.0, 398.0] [13.1, 20.0] [506.3, 518.8] [7.5, 9.1] [0.92, 0.96]
E3 [3819.8, 4025.2] [1185.2, 1243.3] [94.6, 96.6] [349.3, 353.8] [11.6, 17.8] [450.0, 461.2] [6.7, 8.1] [0.86, 0.92]
E4 [3342.3, 3522.0] [1776.6, 1863.5] [82.8, 84.5] [305.6, 309.5] [10.2, 15.6] [393.8, 403.5] [5.8, 7.1] [0.79, 0.89]
E5 [2864.9, 3018.9] [2368.0, 2483.7] [70.9, 72.4] [262.0, 265.3] [8.7, 13.3] [337.5, 345.9] [5.0, 6.1] [0.71, 0.86]
E6 [2387.4, 2515.7] [2758.0, 2904.9] [59.1, 60.4] [410.9, 411.8] [7.3, 11.1] [281.3, 288.2] [13.4, 13.9] [0.25, 0.43]

E1

k = 3

[6785.1, 6864.9] [12.2, 12.6] [120.5, 122] [573.6, 575.1] [24.1, 31.0] [768.2, 770.5] [14.6, 16.3] 1.00
E2 [6112.7, 6184.6] [833.1, 842.8] [108.6, 109.9] [516.8, 518.1] [21.7, 27.9] [692.0, 694.2] [13.2, 14.7] [0.93, 0.96]
E3 [5433.5, 5497.4] [1662.4, 1681.5] [96.5, 97.7] [459.3, 460.6] [19.3, 24.8] [615.1, 617.1] [11.7, 13.1] [0.85, 0.92]
E4 [4754.3, 4810.2] [2491.7, 2520.2] [84.5, 85.5] [401.9, 403.0] [16.9, 21.7] [538.2, 539.9] [10.2, 11.4] [0.78, 0.89]
E5 [4075.2, 4123.1] [3004.3, 3042.6] [72.4, 73.2] [652.9, 653.8] [14.5, 18.6] [461.4, 462.8] [17.9, 18.5] [0.34, 0.49]
E6 [3396.0, 3435.9] [3004.3, 3051.9] [60.3, 61.0] [1425.6, 1426.4] [12.0, 15.5] [384.5, 385.7] [17.9, 18.4] [0.32, 0.50]

The results illustrate that industrial secondary energy support would display a down-
ward trend while the coal reduction levels rise. The reason is that coke and coke oven
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gas are derived from deep processing of coal resources and coal gangue is a by-product
of the coal mining process and coal washing process. A higher level of coal reduction
corresponds to a lower level of coal mining and supply, and a lack of raw materials will lead
to a reduction in coke, coke oven gas, and coal gangue output, which result in a decrease in
industrial energy supply. Additionally, coal resources play a dominant role in the electricity
production of EES in Yulin City, accounting for more than 90%. Therefore, industrial elec-
tricity supply would show a downward trend as coal reduction levels increase. Moreover,
the increase in coal reduction levels would lead to an increase in industrial oil supply and
a decrease in natural gas supply. This phenomenon is due to the higher exploitation and
transportation cost of natural gas than that of oil. In each industrial energy supply scheme,
the scheduling order depends on system cost, which is the scheme where a low energy
supply cost is preferred. Figure 7 illustrates pollutant emissions (SO2, NO2 and PM10) of
EES under different coal reduction levels. Generally, due to higher pollutant discharge
and lower price, coal utilization is the leading source of pollutant emission for EES. The
range of pollutant emissions decreases from stage 1 to 3, which is because the lower-bound
energy supply growth rate is higher than the upper-bound with the increasing industrial
energy demand.
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Figure 8 provides the cost–benefit analysis under scenarios E1–E6 of coal reduction
levels, which illustrates that a higher coal reduction level would lead to a lower cost–benefit
ratio and a higher net present value ratio. The industrial structure of Yulin City is dominated
by coal and related industries, which results in an extreme reliance on coal consumption
for economic development. In order to quantitatively evaluate the dependence degree
of economic growth on coal under different scenarios, the coal dependence index can be
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calculated (as shown in Appendix C). The values of parameters for the coal dependence
index are listed in Table A2. In the schemes E1–E6 under the scenario of a coal reduction
level, the coal dependence index shows complete dependence in the scheme of E1. In
the schemes of E2, E3, E4, E5, and E6, they are [0.96, 0.97], [0.84, 0.85], [0.76, 0.78], [0.16,
0.17], and [0.27, 0.29], respectively. In the comparison of upper and lower-bound, the
coal reduction level scheme E5 (that is, the reduction level of coal is 40%), when the coal
dependency index is [0.16, 0.17], can achieve the lowest coal dependence index.
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Therefore, by trading off system profitability and coal dependence index, scenario
S1–E5 would be selected as the best decision alternative. Under S1–E5, decision mak-
ers are required to increase primary energy output by 9%, secondary energy output by
13%, and reduce industrial coal supply by 40%. In this case, the system cost would be
RMB ¥ [9.27, 12.24] × 1012, net benefit would be RMB ¥ [2.71, 6.49] × 1012, corresponding
cost–benefit ratio would be [65.4, 77.4] %, net present value rate would be [29.3, 53.0] %,
and the coal dependence index would be [0.16, 0.17].

4.3. Comparative Analysis

To further illustrate the superiority of the CSP method for EES management, the
study is turned into a chance-constrained programming (CCP) for comparison. A chance-
constrained interval cost–benefit programming (CICC) (as shown in Appendix D) is for-
mulated for planning EES, which leads to a CICC-EES model generated (as shown in
Appendix E). Through solving the CICS-EES model under scenarios S1′–S9′ of the CSP and
CICC-EES model under scenarios T1–T9 of CCP, the cost–benefit analysis can be obtained,
as shown in Table 4.

Under all scenarios, the system costs from CICS-EES would range from RMB ¥ 9.11 × 1012

to RMB ¥ 13.14 × 1012; correspondingly, the net present value rate would be from 31.51% to
42.54%. Meanwhile, the system costs would be from RMB ¥ 9.14 × 1012 to RMB ¥ 13.23 × 1012

and the net present value rate would be from 31.06% to 41.54% from CICC-EES.
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Table 4. Cost–benefit analysis under scenarios S1′–S9′ of CSP and T1–T9 of CCP.

Scenarios W w1 w2
System Cost
(1012 RMB ¥)

System Benefit
(1012 RMB ¥)

Net Benefit
(1012 RMB ¥)

Cost Benefit
Ratio (%)

Net Present
Value Rate (%)

S1′ 0.400 0.390 0.421 [9.11, 12.27] [11.98, 18.73] [2.87, 6.46] [65.51, 76.04] [31.51, 52.65]
S2′ 0.350 0.340 0.373 [9.21, 12.32] [11.98, 18.73] [2.77, 6.41] [65.79, 76.90] [30.04, 52.00]
S3′ 0.300 0.290 0.325 [9.32, 12.38] [11.98, 18.73] [2.66, 6.34] [66.13, 77.77] [28.59, 51.22]
S4′ 0.250 0.240 0.276 [9.43, 12.44] [11.98, 18.73] [2.55, 6.29] [66.41, 78.71] [27.06, 50.59]
S5′ 0.200 0.190 0.228 [9.48, 12.50] [11.98, 18.73] [2.50, 6.23] [66.73, 79.15] [26.34, 49.85]
S6′ 0.150 0.140 0.179 [9.54, 12.58] [11.98, 18.73] [2.44, 6.14] [67.20, 79.64] [25.57, 48.81]
S7′ 0.100 0.090 0.127 [9.62, 12.68] [11.98, 18.73] [2.36, 6.05] [67.71, 80.30] [24.53, 47.70]
S8′ 0.050 0.040 0.070 [9.74, 12.83] [11.98, 18.73] [2.24, 5.90] [68.50, 81.32] [22.96, 45.98]
S9′ 0.010 0.001 0.011 [10.01, 13.14] [11.98, 18.73] [1.98, 5.59] [70.16, 83.50] [19.75, 42.54]

T1 0.400 0.400 0.400 [9.14, 12.29] [11.98, 18.73] [2.84, 6.44] [65.60, 76.30] [31.06, 52.43]
T2 0.350 0.350 0.350 [9.25, 12.34] [11.98, 18.73] [2.73, 6.39] [65.89, 77.22] [29.50, 51.78]
T3 0.300 0.300 0.300 [9.36, 12.40] [11.98, 18.73] [2.62, 6.33] [66.21, 78.14] [27.97, 51.04]
T4 0.250 0.250 0.250 [9.45, 12.46] [11.98, 18.73] [2.54, 6.27] [66.51, 78.83] [26.86, 50.35]
T5 0.200 0.200 0.200 [9.50, 12.53] [11.98, 18.73] [2.48, 6.20] [66.91, 79.28] [26.14, 49.45]
T6 0.150 0.150 0.150 [9.56, 12.61] [11.98, 18.73] [2.42, 6.11] [67.36, 79.82] [25.29, 48.46]
T7 0.100 0.100 0.100 [9.65, 12.71] [11.98, 18.73] [2.33, 6.02] [67.87, 80.54] [24.17, 47.34]
T8 0.050 0.050 0.050 [9.78, 12.86] [11.98, 18.73] [2.21, 5.87] [68.66, 81.58] [22.58, 45.65]
T9 0.010 0.010 0.010 [10.08, 13.23] [11.98, 18.73] [1.90, 5.50] [70.65, 84.12] [18.88, 41.54]

Compared to CICC-EES, CICS-EES leads to lower system costs corresponding to
higher net present value rates. This is because the objective of CICC-EES is to minimize
system costs without considering the influence of joint constraint-violation of primary
energy output and secondary energy output on the industrial energy supply structure of
EES. Additionally, CICC-EES could merely tackle uncertainties represented as chances
or probabilities, which neglect the correlations among random variables. In this case,
it would cause a loss of uncertain information and a decrease in model reliability. The
results reveal that the CICS-EES model incorporating the CSP method possesses a higher
performance in uncertainty reflection, which is more economical for managers to plan EES
in coal-dependent cities.

5. Conclusions

In this paper, a Copula-based interval cost–benefit stochastic programming (CICS) is
proposed to handle extreme random uncertainties and support energy and EES planning
of coal-dependent cities. The method proposed can reflect uncertainties shown as intervals
or interactive random variables, as well as evaluate present costs and benefits. Then, the
CICS-EES model is applied in planning EES of a typical coal-dependent city of China,
Yulin City, during 2022–2036. Solutions of multiple scenarios under different constraint-
violation levels and coal-reduction levels have been examined in the CICS-EES model.
Some major findings can be summarized as follows: (i) with the increase in industrial
energy supply constraint-violation level, system cost and pollutant emission would show
a downward trend; (ii) by trading off system profitability and coal dependence index,
scenario S1–E5 with the lowest coal dependence index was identified as the best decision
alternative, in which decision makers are required to increase primary energy output by
9%, augment secondary energy output by 13%, and decrease industrial coal supply by 40%;
corresponding to this, the system profitability could reach [29.3, 53.0] %; and (iii) compared
with the CCP and CSP methods, CSP can address more inherent uncertainties and achieve a
higher marginal net present value rate (i.e., [0.45, 1.00] %). Summarily, the results illustrate
that the CICS-EES model can deal with inherent extreme random uncertainties, gain insight
into the tradeoff between system reliability and profitability, and obtain overall satisfactory
EES planning schemes. results also display that the developed model shows flexibility,
which is able to be extended to EES planning of other similar coal-dependent cities for
optimizing energy structures, improving industrial energy supply efficiency, reducing
pollutant emissions, and enhancing system profitability.
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Appendix A. Coal Dependence Index

The coal dependence index is an indicator that quantitatively evaluates the dependence
degree of economic growth on coal. It can be defined as follows:

Ic = ∑n
i=0 Ci · Wi, (A1)

where Ic are coal dependence indexes; Ci are individual evaluation indexes of i type; Wi are
weights of i type individual evaluation index. Among them, individual evaluation index Ci
is calculated as follows:

Ci = Cdi/Cbi, (A2)

where Cdi are i type individual evaluation indexes of d scheme; Cbi are reference values of i
type individual evaluation indexes. Significantly, the coal dependence index would deviate
from the actual situation when the individual evaluation index and the reference value are
quite different. Therefore, the unreasonable influence can be amended as follows:

Ci =


Ci,
1.5,
−1.5,

Ci < 1.5
Ci ≥ 1.5
Ci ≤ −1.5

, (A3)

In this study, 2010 was selected as the reference value of individual evaluation index.
Table A1 presents the values of parameters for the coal dependence index of Yulin City and
the Chinese average.

Table A1. Values of parameters for coal dependence index in Yulin City and China.

Individual Evaluation Index Unit Weight
Reference Value

Yulin City China

The proportion of industrial coal supply in energy supply % 30 0.88 0.68
Contribution rate of industrial coal supply to energy supply growth % 30 0.98 0.92
Coal consumption coefficient per unit GDP t/109 RMB ¥ 40 17,240.07 0.60



Sustainability 2024, 16, 745 18 of 22Sustainability 2024, 16, x FOR PEER REVIEW 19 of 24 
 

 
Figure A1. Coal dependence index of Yulin City and Chinese average since 2010. 

Table A1. Values of parameters for coal dependence index in Yulin City and China. 

Individual Evaluation Index Unit Weight 
Reference Value 

Yulin City China 
The proportion of industrial coal supply in energy supply % 30 0.88 0.68 
Contribution rate of industrial coal supply to energy supply growth % 30 0.98 0.92 
Coal consumption coefficient per unit GDP t/109 RMB ¥ 40 17,240.07 0.60 

Appendix B. List of Abbreviations and Symbols 
Appendix B1. Abbreviations 

CCP Chance-constrained programming 
CICC Chance-constrained interval cost–benefit programming 
CICS Copula-based interval cost–benefit stochastic programming 
CBA Cost–benefit analysis 
CSP Copula-based stochastic programming 
EES Energy and environment systems 
ILP Interval linear programming 
SMP Stochastic mathematical programming 

Appendix B2. Symbols 

i  

type of manufacturing business, i = 1 means chemical materials and manufacturing 
business, i = 2 means non-metallic mineral products business, i = 3 means ferrous 
metal smelting and machining business, i = 4 means non-ferrous metal smelting 
and machining business. 

j  pollutant type, j = 1 means SO2, j = 2 means NO2, j = 3 means PM10. 

k  
planning stage, k = 1 means 2021–2025, k = 2 means 2026–2030, k = 3 means 2031–
2035. 

m  
mining business type, m = 1 means coal mining and washing business, m = 2 means 
oil and gas business, m = 3 means metal mining business, m = 4 means non-metallic 
mining business. 

o  
energy machining business type, o = 1 means petroleum machining, coking, busi-
ness, o = 2 means electricity and heat production-supply business. 

p  primary energy type, p = 1 means coal, p = 2 means oil, p = 3 means natural gas. 

s  
secondary energy type, s = 1 means coke, s = 2 means coke oven gas, s = 3 means 
electricity, s = 4 means coal gangue. 

Figure A1. Coal dependence index of Yulin City and Chinese average since 2010.

Appendix B. List of Abbreviations and Symbols

Appendix B.1. Abbreviations
CCP Chance-constrained programming
CICC Chance-constrained interval cost–benefit programming
CICS Copula-based interval cost–benefit stochastic programming
CBA Cost–benefit analysis
CSP Copula-based stochastic programming
EES Energy and environment systems
ILP Interval linear programming
SMP Stochastic mathematical programming

Appendix B.2. Symbols

i
type of manufacturing business, i = 1 means chemical materials and manufacturing business, i = 2
means non-metallic mineral products business, i = 3 means ferrous metal smelting and machining
business, i = 4 means non-ferrous metal smelting and machining business.

j pollutant type, j = 1 means SO2, j = 2 means NO2, j = 3 means PM10.
k planning stage, k = 1 means 2021–2025, k = 2 means 2026–2030, k = 3 means 2031–2035.

m
mining business type, m = 1 means coal mining and washing business, m = 2 means oil and gas
business, m = 3 means metal mining business, m = 4 means non-metallic mining business.

o
energy machining business type, o = 1 means petroleum machining, coking, business, o = 2 means
electricity and heat production-supply business.

p primary energy type, p = 1 means coal, p = 2 means oil, p = 3 means natural gas.

s
secondary energy type, s = 1 means coke, s = 2 means coke oven gas, s = 3 means electricity, s = 4
means coal gangue.

Ap±ik disbursements of pollutant treatment in manufacturing business i in stage k.
Ap±ok disbursements of pollutant treatment in energy machining business o in stage k.
Cp±pk unit prices for primary energy p in stage k.
Cs±sk unit prices for secondary energy s in stage k.
f± expected disbursements of system.
H average effective stack height.
Ic±ik energy consumption factors of unit output on manufacturing business i in stage k.
Ie±ik investment disbursements of pollutant handling equipment on manufacturing business i in stage k.

Ie±ok
investment disbursements of pollutant handling equipment of energy machining business o in
stage k.

Io±ik operation disbursements of producing unit product of manufacturing business i in stage k.
Ip±ik product outputs of manufacturing business i in stage k.
Is±ik market prices of manufacturing business i in stage k.
Jc±pjk emission factors from primary energy p to pollutant j in stage k.
Jc±sjk emission factors from secondary energy s to pollutant j in stage k.
Jd±jk disposal disbursements on unit pollutant j in stage k
Jej efficiency disbursements on pollutant discharge of pollutant j.
Jr±jik pollutant emission rates of pollutant j of manufacturing business i in stage k.
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Js±jk pollutant concentration standards of pollutant j in stage k.
Jtj treatment efficiencies of pollutant j.
Jvj efficiency equivalent values of pollutant j.
Lp±pk loss disbursements of primary energy p in stage k.
Ls±sk loss disbursements of secondary energy s in stage k.
Mp±pk mining disbursements of unit primary energy p in stage k.
Np±ik the amount of businesses exceeding scale of manufacturing business i in stage k.
Np±ok the amount of businesses exceeding scale of energy machining business o in stage k.
Oi±ik product demands of manufacturing business i in stage k.
Om±

pk general exportations of primary energy p in stage k.
Os±sk general exportations of secondary energy s in stage k.
Pc±p conversion factors from primary energy p towards standard coal.
Pm±

pik supply quantity, primary energy p on manufacturing business i in stage k.
Pm±

pmk supply quantity, primary energy p on mining business m in stage k.
Pm±

pok supply quantity, primary energy p on energy machining business o in stage k.
Pt±pk transmission disbursements on primary energy p in stage k.
Sc±s conversion factors from secondary energy s towards standard coal.
Sm±

sik supply quantity on secondary energy s of manufacturing business I in stage k.
Sm±

smk supply quantity on secondary energy s of mining business m in stage k.
Sm±

sok supply quantity on secondary energy s of energy machining business o in stage k.
Sp±sk machining disbursements on unit mass secondary energy s in stage k.
St±sk transmission disburse on secondary energy s in stage k.
u wind velocity.
W prescribed joint constraint-violations.
w1 individual constraint-violations corresponding to primary energy output.
w2 individual constraint-violations corresponding to secondary energy output.
σy plume standard deviations in direction y.
σz plume standard deviations in direction z.

Appendix C. Values of Parameters for Coal Dependence Index

In this study, scenario E1 of coal reduction level was selected as the reference value
of individual evaluation index. Table A2 shows the values of parameters for coal depen-
dence index.

Table A2. Interval values of parameters for coal dependence index.

Individual Evaluation Index Unit Weight Reference Value

The proportion of industrial coal supply in energy supply % 30 [0.80, 0.81]
Contribution rate of industrial coal supply to energy supply growth % 30 [0.25, 0.60]
Coal consumption coefficient per unit net benefit generated kg/RMB ¥ 40 [3872.70, 4068.10]

Appendix D. Chance-Constrained Interval Cost–Benefit Programming (CICC)

Chance-constrained programming (CCP) is widely used to deal with uncertainties
in parameters, which can be represented as chances or probabilities [35]. CCP can be
expressed as follows:

min f = ∑n
j=1 cjxj, (A4)

Subject to
Pr

{
∑n

j=1 aijxj ≤ bts
i

}
≥ 1 − pi, i = 1, 2, . . . , l, (A5)

∑n
j=1 aijxj ≤ bi, i = l + 1, l + 2, . . . , m, (A6)

xj ≥ 0, j = 1, 2, . . . , n, (A7)

where f is objective function; xj are decision variables; aij, bi, and cj are parameters; bts
i are

random variables; pi are constraint-violation levels. Then, the constraint can be converted
into an equivalent constraint [31]:
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∑n
j=1 aijxj ≤ bpi

i , i = 1, 2, . . . , l, (A8)

where bpi
i = F−1

i (pi), given the cumulative distribution function of bts
i .

A chance-constrained interval programming (CICP) method, which integrates CCP
and ILP can be proposed as follows:

min f± = ∑n
j=1 c±j x±j , (A9)

Subject to

∑n
j=1 a±ij x±j ≤ b±pi

i , i = 1, 2, . . . , l, (A10)

∑n
j=1 a±ij x±j ≤ b±i , i = l + 1, l + 2, . . . , m, (A11)

x±j ≥ 0, j = 1, 2, . . . , n, (A12)

Then, a chance-constrained interval cost–benefit programming (CICC) method through
incorporating techniques of CICP and CBA with a framework to handle uncertainties ex-
pressed as random variables and intervals, as well as cost–benefit analysis.

Appendix E. CICC-EES Modeling Formulation

Through integrating the CICC method into the EES system, a CICC-EES model is
formulated as follows:

(1) Objective function.
min f± = C±

EP + C±
ET + C±

IO + C±
PT , (A13)

a. Energy costs.

C±
EP = ∑3

p=1 ∑3
k=1 Cp±pk ×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 ∑3
k=1 Cs±sk ×

(
∑4

m=1 Sm±
smk + ∑2

o=1 Sm±
sok + ∑4

i=1 Pm±
sik

) , (A14)

b. Energy transportation costs.

C±
ET = ∑3

p=1 ∑3
k=1

(
Pt±pk + Lp±pk × Cp±pk

)
×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 ∑3
k=1

(
St±sk + Ls±sk × Cs±sk

)
×

(
∑4

m=1 Sm±
smk + ∑2

o=1 Sm±
sok + ∑4

i=1 Sm±
sik

) , (A15)

c. Industrial operational costs.

C±
IO = ∑3

p=1 ∑3
k=1 Om±

pk × Mp±pk + ∑4
s=1 ∑3

k=1 Os±sk × Sp±sk + ∑4
i=1 ∑3

k=1 Ip±ik × Io±ik , (A16)

d. Pollutant treatment costs.

C±
PT = ∑3

k=1 ∑2
o=1 Npok ×

(
Ie±ok + Ap±ok

)
+ ∑3

k=1 ∑4
i=1 Npik ×

(
Ie±ik + Ap±ik

)
+∑3

j=1 ∑3
k=1

 ∑3
p=1 Jc±pjk ×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 Jc±sjk ×
(

∑4
m=1 Sm±

smk + ∑2
o=1 Sm±

sok + ∑4
q=1 Sm±

sik

) × Jd±jk

+∑3
j=1 ∑3

k=1

 ∑3
p=1 Jc±pjk ×

(
∑4

m=1 Pm±
pmk + ∑2

o=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
+∑4

s=1 Jc±sjk ×
(

∑4
m=1 Sm±

smk + ∑2
o=1 Sm±

sok + ∑4
q=1 Sm±

sik

) × (1−Jtj)×Jej
Jvj

, (A17)

(2) Corresponding benefits (B±) and net benefits (NB±) of each EAS planning scheme.

B± = Is±ik × Ip±ik , (A18)

NB± = B± − f±, (A19)

(3) Constraints.
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a. Energy demand–supply balance constraints.

Pr
{
∑3

p=1 ∑3
k=1

(
∑4

m=1 Pm±
pmk + ∑2

t=1 Pm±
pok + ∑4

i=1 Pm±
pik

)
≤ Om±

pk

}
≥ 1 − w1 (A20)

Pr
{
∑4

s=1 ∑3
k=1

(
∑4

m=1 Sm±
smk + ∑2

t=1 Sm±
sok + ∑4

i=1 Sm±
sik

)
≤ Os±sk

}
≥ 1 − w2, (A21)

b. Manufacturing business demand–supply balance constraints.

∑4
i=1 ∑3

k=1 Ip±ik ≥ Oi±ik , (A22)

c. Mass balance constraints.

∑4
i=1 ∑3

k=1

Oi±ik
Ic±ik ×

(
∑3

p=1 Pm±
pik × Pcp + ∑4

s=1 Sm±
sik × Scs

) < 1, (A23)

d. Environment requirement constraints.

∑4
i=1

1
πuσyσz

exp
(
− H2

2σ2
z

)
× Jr±jik ×

(
1 − Jtj

)
≤ Jsjk, (A24)

e. Nonnegative constraints.

Pm±
pik, Sm±

sik, Ip±ik ≥ 0 (A25)
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25. Barić, D.; Grabušić, S.; Jakara, M.; Emanović, M. Reviewing the Cost–Benefit Analysis and Multi-Criteria Decision-Making
Methods for Evaluating the Effectiveness of Lithium-Ion Batteries in Electric Vehicles. Sustainability 2024, 16, 233. [CrossRef]

26. Ministry of Ecology and Environment of the People’s Republic of China. Outline of the National Protection Plan for Ecologically
Fragile Areas [EB/OL]. (2008-09-27). Available online: https://www.gov.cn/govweb/gzdt/att/att/site1/20081009/00123f37b4
1e0a57e2e601.pdf (accessed on 28 December 2023).

27. Otsu, T.; Taniguchi, G. Kolmogorov-Smirnov type test for generated variables. Econ. Lett. 2020, 195, 109401. [CrossRef]
28. Baak, M.; Koopman, R.; Snoek, H.; Klous, S. A new correlation coefficient between categorical, ordinal and interval variables with

Pearson characteristics. Comput. Stat. Data Anal. 2020, 152, 107043. [CrossRef]
29. Wang, D.; Fan, Q.; Ma, Y. An interactive maximum likelihood estimation method for multivariable Hammerstein systems. J.

Franklin Inst. 2020, 357, 12986–13005. [CrossRef]
30. Yu, L.; Li, Y.P.; Huang, G.H.; Fan, Y.R.; Yin, S. Planning regional-scale electric power systems under uncertainty: A case study of

Jing-Jin-Ji region, China. Appl. Energy 2018, 212, 834–849. [CrossRef]
31. Chen, F.; Huang, G.H.; Fan, Y.R.; Wang, S. A copula-based chance-constrained waste management planning method: An

application to the city of Regina, Saskatchewan, Canada. J. Air Waste Manag. Assoc. 2017, 66, 307–328. [CrossRef]
32. Huang, G.H.; Baetz, B.W.; Patry, G.G. Grey integer programming: An application to waste management planning under

uncertainty. Eur. J. Oper. Res. 1995, 83, 594–620. [CrossRef]
33. Cabrales, S.; Valencia, C.; Ramírez, C.; Ramírez, A.; Herrera, J.; Cadena, A. Stochastic cost-benefit analysis to assess new

infrastructure to improve the reliability of the natural gas supply. Energy 2022, 246, 123421. [CrossRef]
34. The People’s Government of Yulin City. Comprehensive Work Plan for Energy Conservation and Emission Reduction in

“Thirteenth Five-Year Plan” Stage of Yulin City 2018. Available online: http://www.yl.gov.cn/P/C/34072.htm (accessed on 1
November 2020).

35. Yu, L.; Li, Y.P.; Huang, G.H.; Shan, B.G. A hybrid fuzzy-stochastic technique for planning peak electricity management under
multiple uncertainties. Eng. Appl. Artif. Intel. 2017, 62, 252–264. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.energy.2020.117063
https://doi.org/10.1016/j.jclepro.2021.126037
https://doi.org/10.1016/j.jclepro.2020.123725
https://doi.org/10.1016/j.cie.2020.106448
https://doi.org/10.3390/en13010208
https://doi.org/10.1016/j.energy.2022.123226
https://doi.org/10.1016/j.gloei.2021.11.009
https://doi.org/10.3390/su152115448
https://doi.org/10.3390/su16010233
https://www.gov.cn/govweb/gzdt/att/att/site1/20081009/00123f37b41e0a57e2e601.pdf
https://www.gov.cn/govweb/gzdt/att/att/site1/20081009/00123f37b41e0a57e2e601.pdf
https://doi.org/10.1016/j.econlet.2020.109401
https://doi.org/10.1016/j.csda.2020.107043
https://doi.org/10.1016/j.jfranklin.2020.09.005
https://doi.org/10.1016/j.apenergy.2017.12.089
https://doi.org/10.1080/10962247.2015.1135837
https://doi.org/10.1016/0377-2217(94)00093-R
https://doi.org/10.1016/j.energy.2022.123421
http://www.yl.gov.cn/P/C/34072.htm
https://doi.org/10.1016/j.engappai.2017.04.014

	Introduction 
	Case Study 
	Study Area 
	Statement of the Problem 
	Data Collection and Analysis 

	Methodology and Modeling Formulation 
	Methodology 
	CICS-EES Modeling Formulation 
	Scenarios Construction 

	Results and Discussion 
	Uncertain Analysis 
	Coal Dependence Analysis 
	Comparative Analysis 

	Conclusions 
	Appendix A
	Appendix B
	Abbreviations 
	Symbols 

	Appendix C
	Appendix D
	Appendix E
	References

