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Abstract: Motor vehicles have been identified as a growing contributor to air pollution, such that
analyzing the traffic policies on energy and environment systems (EES) has become a main concern
for governments. This study developed a dual robust stochastic fuzzy optimization - energy and
environmental systems (DRSFO-EES) model for sustainable planning EES, while considering the
traffic sector through integrating two-stage stochastic programming, robust two-stage stochastic
optimization, fuzzy possibilistic programming, and robust fuzzy possibilistic programming
methods into a framework, which can be used to effectively tackle fuzzy and stochastic
uncertainties as well as their combinations, capture the associated risks from fuzzy and stochastic
uncertainties, and thoroughly analyze the trade-offs between system costs and reliability. The
proposed model can: (i) generate robust optimized solutions for energy allocation, coking
processing, oil refining, heat processing, electricity generation, electricity power expansion,
electricity importation, energy production, as well as emission mitigation under multiple
uncertainties; (i) explore the impacts of different vehicle policies on vehicular emission mitigation;
(iii) identify the study of regional atmospheric pollution contributions of different energy activities.
The proposed DRSFO-EES model was applied to the EES of the Beijing-Tianjin-Hebei (BTH) region
in China. Results generated from the proposed model disclose that: (i) limitation of the number of
light-duty passenger vehicles and heavy-duty trucks can effectively reduce vehicular emissions; (ii)
an electric cars’ policy is enhanced by increasing the ratio of its power generated from renewable
sources; and (iii) the air-pollutant emissions in the BTH region are expected to peak around 2030,
because the energy mix of the study region would be transformed from one dominated by coal to
one with a cleaner pattern. The DRSFO-EES model can not only provide scientific support for the
sustainable managing of EES by cost-effective ways, but also analyze the desired policies for
mitigating pollutant emissions impacts with a risk adverse attitude under multiple uncertainties.

Keywords: dual robust optimization; risk aversion; energy and environmental systems; vehicular
emissions; multiple uncertainties
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1. Introduction

1.1 Background

China has experienced severe environmental pollution in recent years, which pose a critical
threat to public health and sustainable development [1,2]. Energy-related activities are the dominant
sources of air pollution [3], with the amounts of carbon dioxide (CO:) and air pollutant emitted from
electricity generation plants accounting for approximately 40% and 30% of the total CO:2 and air
pollutant emissions, respectively [2,4]. Further, motor vehicles have been identified as growing
contributors to air pollution due to the rapid growth of transportation, accounting for approximately
20-67% of carbon monoxide (CO) emissions, 12-36% of oxynitride (NOx) emissions, and 12-39% of
hydrocarbon compound (HC) emissions [5,6]. The scale of emissions of most of China’s regions has
exceeded the capacity of self-purification and air-pollutants” diffusion from the atmosphere. There is
currently a severe conflict between increasing energy demand, excessive vehicle population, and
“high coal” energy mix on the one hand, and the imperative of mitigating air pollution on the other
hand [7]. To tackle the above-mentioned problems, several policies and measures have been
implemented with regard to the development of renewable energy resources: adjustment of the
energy structure; encouragement of the use of electric cars (EVs); improvement of energy
conversion efficiencies; and enhancement of vehicular emission standards. However, it remains
unclear how much pollution reduction can be achieved by these control measures and policies. This
situation has forced local managers to propose ambitious schemes for planning energy and
environment systems (EES), and to deeply analyze the impacts of different emission mitigation
policies and measures on these EES [8,9]. However, EES are complicated by many systemic
uncertainties regarding the relevant environmental, economic, energy, and social factors. For
instance, electricity demands are often shown as stochastic uncertainties that vary over time based
on extant policies and highly variable conditions [10]. Moreover, many economic data and energy
demands often exhibit ambiguity [11,12]. Failure to consider these uncertainties may result in less
robust decision support [8,13]. Therefore, EES planning as well as considering uncertainty
information are required to help confront such problems of EES, and to ensure sustainable economic
development and environmental protection [14,15].

1.2 Literature review

Numerous non-deterministic programming approaches have been used to handle uncertainties
in EES. Table 1 lists some previous studies on non-deterministic programming problems.

Table 1. Previous studies related to the subject

Non-deterministic programming Research area Considering traffic sector
Ref. No. TSP RTSO  FPP  RFPP  Energysystems Others Yes No
[5] v v v
[17] v v v
(18] v v v
[19] v v v
[20] v v v
[21] v v
[22] v v v v
[23] v v v
[24] v v v v
[25] v v v v
[26] v v v
[27] v v v v
[28] v v v v
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[29] v v v
[30] v v v
[31] v v v
[32] v v v v

Note: TSP, two-stage stochastic programming; RTSO. robust two-stage stochastic optimization; FPP, fuzzy
possibilistic programming; and RFPP, robust fuzzy possibilistic programming.

Among them, two-stage stochastic programming (TSP) has been widely used to tackle
uncertainties expressed as a probability distribution [3,16,17,18]. For instance, Gong et al. [16]
proposed a two-stage programming method to optimize electric power systems considering air
pollutant emissions and CO: mitigation. Mavromatidis et al. [19] developed a two-stage integer
linear program model to optimize distributed energy systems, enable cost-optimized design
decisions regarding technology selection and sizing before the determination of uncertain
parameters. Mohan et al. [20] presented a two-stage stochastic method for managing the energy
reserve of a microgrid system, with an emphasis on the different levels and sources of uncertainties.
However, the TSP is unable to regard the variability of stochastic recourse values because it is based
on the assumption that the manager adopts a risk-neutral attitude. Thus, TSP may become infeasible
when managers are risk-averse under the conditions of high variability [21].

The robust two-stage stochastic optimization (RTSO) method is an attractive method for
tackling the above shortcomings of TSP. It is specifically used to penalize the costs of the
second-stage that are greater than the expected values and capture the associated risk of stochastic
uncertainties [22,23,24]. In the last few decades, the RTSO method has been extensively employed in
many research areas, such as supply chain systems, electric power systems, solid waste management,
and water resource allocation [3,23,25]. For example, Govindan and Cheng [26] developed a
stochastic robust programming method for improving retail supply chain planning through supply
chain coordination, risk reduction, vendor selection, and sustainability assessment. Xu et al. [24]
proposed a robust TSP method for tackling water resource allocation problems, enabling the
handling of uncertainties expressed as stochastic, and analysis of policy scenarios regarding
economic penalties for the violation of predefined policies.

However, in the real world, many economic parameters and energy demands often exhibit
ambiguities, which can be shown as fuzzy sets [27,28]. Fuzzy possibilistic programming (FPP)
theory can effectively address the fuzzy uncertainties of goals and constraints [29]. For instance,
Vahdani et al. [30] employed an FPP method for closed-loop recycling collection networks, in which
some uncertainty information (e.g., distance, capacity, demand, costs, as well as returned products
quantity) were tackled by FPP. Lu et al. [31] proposed an interval FPP method for managing China’s
energy systems with CO2 emissions constraints, which could address the uncertainties presented in
terms of fuzzy-boundary intervals in both the objective and constraints.

However, an FPP algorithm is unable to ensure the minimization of objective function under all
conditions because minimizing of the expected objective value is used as the objective function. This
can result in significant deviations of the optimized decision schemes, even in the event of system
optimization failure. Robust fuzzy possibilistic programming (RFPP) was developed by Pishvaee et
al. [32] to overcome the drawbacks of FPP methods and involves the extension of robust
optimization from stochastic algorithms to fuzzy algorithms. RFPP considers three sections in
objective function: i) the minimization of the weight sum of the expected objective values; ii) the
difference between two possible extreme objective values; and iii) the penalty for constraint violation
as the objective function [27,33]. It has, however, been limitedly applied to EES planning.

Generally, although previous research works can effectively deal with EES issues under
multiple uncertainties, several gaps still need to be remedied. Firstly, few of the previous studies
considered the traffic sector, which has been identified as a growing contributor to air pollution.
Currently, a series of traffic policies have been adopted to alleviate the air pollution caused by motor
vehicles. However, it remains unclear how much pollution reduction can be achieved by these
control measures and policies. Secondly, most of these studies are incapable of considering the
system risks from the stochastic and fuzzy uncertainties during the optimization process, which may
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lead to significant deviations in the optimized decision schemes, even in the event of system
optimization failure. Thirdly, the RFPP method is commonly used to plan water resource allocation,
and solid management, and is scarcely applied to plan EES systems.

1.3 Objective

The objective of this study was the development of a dual robust stochastic fuzzy optimization -
energy and environmental systems (DRSFO-EES) model for planning EES while considering the
traffic sector. This study is the first attempt at planning an EES while considering the traffic sector by
integrating TSP, FPP, RTSO, and RFPP into a single framework. The proposed model can effectively
tackle stochastic and fuzzy uncertainties as well as their combinations, capture associated risks from
fuzzy and stochastic uncertainties, and thoroughly analyze trade-offs between system costs and
reliability. The proposed DRSFO-EES model was applied to the Beijing-Tianjin-Hebei (BTH) region
in China, which experiences severe smog and haze associated with high concentrations of air
pollutants. The following is a detailed enumeration of the capabilities of the proposed model: (i)
exploration of the impacts of different vehicle policies (such as regarding EVs usage, EV’s power
source, and vehicular emission standards) on vehicular emission mitigation via scenario analysis; (ii)
generation of robust optimized solutions for energy allocation, coking processing, oil refining, heat
processing, electricity generation, electricity power expansion, electricity importation, energy
production, as well as emission mitigation under multiple uncertainties; (iii) identification of the
study regional atmospheric pollution contributions of different energy activities such as coke
processing, heat processing, oil refining, electricity generation, and motor vehicle operation.

2. Methodology

The robust two-stage stochastic optimization (RTSO) method brings risk aversion into
stochastic programming methods, and finds robust schemes for system management [33,34]. The
RTSO method can deal with the stochastic uncertainties of real-world management problems,
analyze the policy scenarios associated with economic penalties when the predefined policies of the
first-stage are violated, capture the variability of the second-stage costs that are greater than the
expected values, and evaluate trade-offs between system economy and risk [23,24]. An RTSO
method is formulated as follows:

Minf =C, X +Y p,D.Y,+p>.p,V

h=l h=l (1-1)

subject to
AX<B, reM; M=12,.,m, (1-2)
AX+AY, 2w, ieM;i= 12, ..,my; h=12, ..., s (1-3)
x;20,x,€X; j=1,2,.,n (1-4)
Yyu20,y,€Y; j=1L2, .., nsh=12,..,v (1-5)

V =D.Y,-Y p,D.Y, +26, h =12, . s
= (1-6)

v 20, €V j=12, .. ny; h=12, ..,s (1-7)

where, X and Y, denote the decision variables of the first-stage and the second-stage,

H
respectively; p, are occurrence probability of scenario h, Y p, =1; C represent coefficients of X
h=1

and D, are coefficients of Y, ; w/ are random variables with probability levels p,; A4 is the

4

fixed coefficient of X; 4,  are coefficients of Y, . B, represent the boundary vectors of the
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right-hand side of constraints. ¢, denote slack variables used for achieving looser constraints. p:

denotes a goal programming weight of stochastic uncertainties; the managers can regulate the
variability of the stochastic recourse cost through adjusting the p; level [24,35]. When p;=0, the RTSO
model becomes a conventional TSP, which indicates that the managers adopt risk-neutral attitudes
and the variability of the stochastic uncertain recourse costs is not considered. However, when p1 =
1, the managers adopt risk- aversive attitudes and the variability of the second-stage cost is
considered. V' denotes the deviation of an expected value from the given scenario’s cost [3].
Besides, constraints (1-6) and (1-7) can define the positive variability of the recourse costs.

However, RTSO is inefficient in addressing the uncertainties expressed by fuzzy sets. Thus, fuzzy
possibilistic programming (FPP) is joined to RTSO as a hybrid robust stochastic-fuzzy optimization
(RSFO) model as follows:

Minf =C, X +>.p, DY, +p Y. p, V
h=1

k=l (2-1)
subject to
Cr{B|AX<B)>a, reM;M=12,.,m, (2-2)
AX+AY, 2w, ieM;i= 12, .., my; h=12, .. (2-3)
ijO,xjeX;jzl, 2, .., n (2_4)
Yuz0,y,€Y; j=1L2, .., n5h=12,..,v (2-5)

V =D.Y, -ip,,DTth +20,, h =12, .. ,s
=l (2-6)
v 20, €V j=12, ... ny; h=12, ..,s 27)
where Cr{-} represents the credibility measure of a fuzzy event in {s}; éT] and ﬁrz are cost

coefficients expressed as a triangular fuzzy number; B,(B,',B,B,’) is the boundary vectors of the
right-hand side of constraints, which expresses as triangular fuzzy sets with its membership
functions y([?,,) . a denotes the predetermined confidence-level. Cr{B |4X < l?r} > a denotes the

credibility of satisfying 4,.X <B, is higher than or equal to confidence-level a. According to

reference [29], the detailed solution procedures of model (2) can be summarized as: firstly,
transforming objective function (2-1) into its expected value form; secondly, converting constraints
(2-2) into their crisp equivalents. A series of solutions can be obtained under difference
confidence-levels [25].

However, an FPP algorithm cannot ensure the minimization of objective function under all
conditions because the expected objective value is used as the objective function. This may result in
significant deviations of the optimized decision solutions, even in the event of system optimization
failure. Robust fuzzy possibilistic programming (RFPP) was developed by Pishvaee et al. [32] to
overcome the above-mentioned drawbacks of FPP methods. Additionally, the RFPP method is
scarcely applied to EES systems, which are commonly used to plan water resource allocation, and
solid management [25,27].

Therefore, this study developed a dual robust stochastic fuzzy optimization (DRSFO) method
through integrating TSP, RTSP, FPP, and RFPP methods in a single framework, which can be used
to effectively tackle fuzzy and stochastic uncertainties as well as their combinations, capture the
associated risks from fuzzy and stochastic uncertainties, as well as thoroughly analyze the
trade-offs between system costs and reliability. In detail, it is formulated as follows:
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Minf = f+Ae(fru = )+ o (f = frun) + 9o [B* (@)~ B]
=0.25«(Cy +2+C; +Cp o X + 4,+[C; —0.25(C} +2:C; +C; )X
+ 4,2[025(Cp +2+C7 +C3) = C 1 X
+025(DL +2:D% + D} )Y p,+,
h=1
+ 4o[D;, —0.25«(Dy, +2D; +D;, )].Z 2,
h=1
+7,°[0.25(Dy, + 2-D§2 + D;z )- Dy, ]-Z 2,

h=1

+pe) P, V+py[B*(@)-B']

h=l (3-1)
subject to:

Cr{B|AX<B\>a, reM;M=12,.,m (3-2)
AX+AY, 2wy, ieM;i= 12, ..,m;h=12, .., (3-3)
x,20,x,€X; j=1,2, .., n (3-4)
Yuz0,y,€Y; j=1L2, .., nsh=12,..,v (3-5)
v =D,Y, —iphDrzY +260,, h =12, ...s

=1 (3-6)
V20, €V;j=12, .. ,ny; h=12, ..,s (3-7)

where f denotes the expected value of objective function (2-1); f... and f,. are the maximum
value and minimum value of objective function (2-1); B*(a) is the maximum values of all potential

values, i.e, B*(a)=sup{B|B=p"'(a)}, u' is the inverse of f¢. The first section in the objective

function (i.e.,, f')is used to denote the system cost, while minimizing the weight sum among the

expected objective values; the second section [i.e., Ae (f,, —f) + A (f —f.) ] represents the

differences between two extreme possible values, which can enhance the robustness of optimization
solutions, where A, and A, represent their respective weight coefficients; and the last section (i.e.,

2, [B*(@)-B']) denotes the difference between the extreme values of fuzzy uncertainty

information, which can control the feasibility robustness of the generated solution. p2 is a goal
programming weight for fuzzy uncertainties [25]. The evaluation of the trade-offs between system
cost and risk can be obtained under different coefficients 4,, 4,, p1, p2, and a. The constraint (3-2)

can be tackled by a conventional FPP algorithm.
3. Applications

3.1 Statement of problem

The BTH region is regarded as China’s economic, political, cultural, and technological
innovation center, representing the most dynamic urban cluster in the country, including 11
prefecture-level cities of Hebei Province, as well as two megacities (Beijing and Tianjin) [36,37]. The
region has experienced rapid economic development, with a high annual growth rate of 6.64% for
gross domestic product (GDP) over the last five years [1,2,3]. The BTH region’s energy demands
have dramatically increased along with its rapid urbanization, industrialization, and economic
development. According to the National Bureau of Statistics of the People’s Republic of China, the
region’s electricity demand reached 50.92 million kWh in 2016, representing an increase of 13.31%
compared with five years earlier. The domestic energy structure is heavily dependent on coal
resources, with coal-based power accounting for 85.04% of the region’s electricity power
generation, while renewable energy contributes only 8%.
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Fossil fuels in general are the major contributor to air pollution. For example, approximately
50%, 70%, 90%, and 65% of the total CO2 emissions, nitrogen oxide (NOx), sulfur dioxide (50z), and
particulate matter (PM) are contributed by coal resources [4,38]. In addition, the BTH region is one
of the high-traffic regions of China, with a vehicle population of 20.67 million in 2016, representing
an increase of 63% from 2011. Motor vehicles are recognized as a major contributor of regulated
pollutants such as CO, NO:, HC, and PM. Based on several references, vehicular emissions
contributed approximately 20-67% of CO emission, 12-36% of NOx emission, and 12-39% of HC
emissions [5].

The BTH region experiences severe air pollution due to increasing energy consumption and
vehicle population, as well as a “high coal” energy mix characteristic. Cities in the region generally
occupy more than half of the top-ten spots for the most polluted cities in China [39]. The scale of
emissions in the BTH region has exceeded the capacity of self-purification and air-pollutants’
diffusion from the atmosphere [25,33]. This situation has forced local managers to propose
ambitious schemes for planning the EES of the BTH region.

To tackle the above-mentioned problems, several policies and measures have been
implemented with regard to the development of renewable energy resources: adjustment of the
energy structure; encouragement of the use of EVs; improvement of energy conversion efficiencies;
and enhancement of vehicular emission standards. For example, several strategies have been
proposed for reducing vehicular emissions, such as the deployment of EVs and the implementation
of the China VI vehicular emission standard. However, it remains unclear how much pollution
reduction can be achieved by these control measures and policies. As noted earlier, this paper
proposed the DRSFO-EES model for the assessment of the impacts of different emission mitigation
policies and measures on EES; development of robust optimization solutions for EES planning;
determination of the regional atmospheric pollution contributions of different energy sectors such
as energy processing, electricity generation, and vehicular traffic.

3.2 Schematic overview of this study

The proposed DRSFO-EES model was applied to EES planning for the BTH region. As shown in
Figure 1, the considered EES included several energy-related activities such as heat processing, coke
processing, oil refining, electricity conversion, EVs expansion, and energy import. The electricity
demands of the BTH region are supplied by local power plants and import from adjacent power
grids. The major local electricity conversion technologies include natural gas-based, coal-based,
wind and solar power. The vehicle population consists of heavy-duty passenger vehicles (HDVs),
light-duty passenger vehicles (LDVs), light duty trucks (LDTs), heavy duty trucks (HDTs), EVs, and
“others”. The DRSFO-EES model was used in this study to determine the air pollutants and
greenhouse gases (NOx, SO, PM, CO, HC, and CO2) emitted from the different energy
related-activities in the region. The EES considered a number of uncertainties (such as electricity
demand, and many economic parameters expressed as random variables and fuzzy sets) that would
affect the optimization scheme.
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Figure 1. Schematic overview of this study

3.3 Development of DRSFO-EES model

Minimizing the system cost is the objective of DRSFO-EES, which includes costs for coke
processing, heat processing, input for coal-based power, oil refining, input for natural gas-based
power, imported electricity, first-stage of electricity generation, second-stage of electricity
generation, electricity expansion, energy production, subsidy for solar power generation, subsidy
for wind power generation, EVs charging piles, EVs charging stations, pollutants treatment, and risk
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recourse for the stochastic and fuzzy uncertainties. The proposed DRSFO-EES can be solved by
Lingo 11.0 software. The schematic diagram of DRAOM-EWNS model is presented in Figure 2.

I Developing DRSFO method

Fuzzy possibilistic Robust fuzzy possibilist
programming programming

:

Two-stage stochastic

Stochastic robust
optimization

programming

! Proposing DRSFO-EES model

Objective

Minimized the system cost

The system cost include:

Cost for heat processing;

Cost for oil refining;

Cost for coke processing;

Cost for purchasing coal resource:

Cost for purchasing natural gas;

Cost for importing clectricity;

Operation cost for first-stage clectricity
generation;

Penalty cost second-stage electricity
generation amount;

Fixed and variable costs for electric capacity
expansion;

Generation costs for primary energy resource;
Subsidy for solar and wind power;

Costs for battery changing station;

Costs for pollutant reduction;

Costs for risk recourse of uncertainties.

—

Constraints for traffic sector;

Constraints for heat processing;
Constraints of oil refining;

Constraints of coke processing;
Constraints of electricity generation;
Constraints of energy production;
Constraints of air pollutants management;
The expected deviations for stochastic
uncertainties;

The expected deviations for fuzzy
uncertainties;

Non-negative constraints,

‘ Solve by Lingo 11

The proposed model can |

(1) Explore of the impacts of different vehicle policies on vehicular emission mitigation;

(i) Generate robust optimized solutions for energy allocation, coking processing, oil refining, heat processing,
electricity generation, electriclty power expansion, electricily importation, energy production, as well as emission
mitigation under multiple uncertainties;

(ii1) identify of the study regional atmospheric pollution contributions of different energy activities such as coke
processing, heat processing, oil relining, electricity generation, and motor vehicle operation.

Figure 2. The schematic diagram of dual robust stochastic fuzzy optimization - energy and
environmental systems (DRSFO-EES)

In the DRSFO-EES, t denotes the planning periods, period 1 (2020), period 2 (2025), and period
3 (2030); i denotes the primary energy production type, i =1 is coal, i = 2 is natural gas, and i = 3 is
crude oil; k denotes the electric conversion technology , k = 1 is coal-based power, k = 2 is natural
gas-based power, k = 3 is solar power, and k = 4 is wind power; h expresses the electricity
demand-level, i =1 (low demand level), & = 2 (medium demand level), h = 3 (high demand level),

32 p,=1; g are the vehicles types, g=11is HDVs, g=2is LDVs, g =3is TDTs, g=4is HDTs, and g =5is

others. The proposed DRSFO-EES is formulated as follows:
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Objective:
Minf = [+ 4 (frae = F)+ 4 (f = fri) +VF,
=h+h +hL+ L+ + 0+ )
+fs+f9 +flo _fll_flz"'flz +fl4
+ fis+ fis 4)

where f represents the system cost; f, denotes the heat processing cost; f, denotes oil
refining cost; f, denotes coke processing cost; f, denotes the cost of coal inputs for coal-based
power; f. denotes the cost of natural gas inputs for natural gas-based power; f, denotes
importing electricity cost; f, denotes the cost of first-stage electricity generation; f; denotes the
cost of second-stage electricity generation; f, denotes electricity expansion cost; f,, denotes the
energy production cost; f,, denotes the subsidy for solar power; f;, denotes the subsidy for wind
power; f,, denotes the cost of charging pile; £, denotes the cost of changing station; f,; denotes
air-pollutants removal cost; /.. denotes the risk recourse costs of stochastic and fuzzy uncertainties.
VF, represents the positive deviation between maximum values and worst value of fuzzy
parameters. 4, and 4, represent their respective weight coefficients, where it is assumed 1, and
4, arefixed (i.e., 4, = 4, =1).

(1) Cost of heat processing. This cost is used for heat processing, and it is calculated based on
the unit-price and amount of heat processing.
£, = _[0.25¢(HPP +2HPP +HPF") «HGA,

3
[
1
3
=1
3
=1

+ Jyw Y [HPE? ~0.25(HPE!+2+HPPHPF )}» HGA (4-1)
t
+ 2,23 [0.25+(HPP' +2+ HPP*+HPP") — HPP'1» HGA,

where HPP(HPP,',HPP,HPP,’) is the cost for unit of heat processing, which is expressed as a
triangular fuzzy number; HG4, is the heat processing amount.
(2) Cost for oil refining. This cost is calculated in terms of the unit-price and the amount of oil
refining.

fr =) [0.25(PVO, +2PVO+PVO,*) «OFOIL,

M-

M-

+ 2,03 [PVO,} —0.25(PVO, +2ePVO,*+PVO, YWOFOIL,

t=1

[0.25¢(PVO,'+2.PVO}+PVO,’) — PVO,'}s OFOIL,

M-

+ A,

(4-2)

where PVO, (PVO/!,PVO;,PV0O,’) is the cost for unit of oil refining; OFOIL, is the crude oil

consumption of oil refining. (3) Cost for coke processing. This cost is calculated in terms of the
unit-price and the amount of coke processing.
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N 3
fo =D [0.25(PWO, +24PWO +PWO,) «CKPA,
t=1

+ z PWO,” —0.25¢(PWO,' +2e PWO+PWO,*)] «CKPA4,

3
:
+ Y [0.25(PWO,'+2ePWO, +PWO,’) — PWO,'ls CKPA4,
= (4-3)
where PWO,(PWO,,PWO;,PW0,") is the cost for unit of coke processing; and CKP4, is the coke

processing amount.

(4) Cost for purchasing coal resources. This cost is used for purchasing coal resources, and it is
calculated based on the unit-price and the amount of coal resource.

3
z 0.25¢(NSC,'+2eNSC+NSC,*)] «ECOALM,
[NSC,* —0.25¢(NSC,'+2 NSC > +NSC*)]~ECOALM,

3

:

2,3 [0.254(NSC,'+2eNSC,*+NSC*) — NSC,']e ECOALM,

po (4-4)
where NSC,(NSC,',NSC?,NSC) is the price for unit of coal resource; and ECOALM, is the coal

consumption of coal-based power.
(5) Cost for purchasing natural gas resources. This cost is used for purchasing natural gas
resources, and it is calculated based on the unit-price and the amount of natural gas resource.

Mu

£ = Y [0.25(NSN,'+2«NSN 2 +NSN,*)] «ENGM,
t=1
3
+ A+ [NSN, —0.25¢(NSN,' +2eNSN,* +NSN, ) |-~ENGM,
t=1
3
+ A,2» [0.254(NSN,'+2NSN,*+NSN,’) — NSN,']+ ENGM,
t=1

(4-5)

where NSN (NSN', NSN*, NSN.*) is the price for unit of natural gas resource; and ENGM, is the

natural gas consumption of natural gas-based power.
(6) Cost for importing electricity. This cost is calculated in terms of the unit-price and the
amount of importing electricity.

3

=2

3

ZD»:

[0.25¢(NE, +2+NE+NE,) «ED,,

N

[NE ~0.25+(NE, +2+NE*+NE)ED, o

Mu T
Mu M-

+ Ao [0 25¢(NE,'+2eNE>+NE?) — NE,'|+ ED,

=

=1

where NE(NE,, NE’, NE) is the price for unit of imported electricity; ED,, is the amount of
imported electricity.

(7) Operation cost for first-stage electricity generation. The cost represents the operation cost of
first-stage electricity generation facilities (i.e., coal-based power, gas-based power, wind power and
solar power) during the planning periods. It is calculated in terms of the operation costs and the
amount of electricity generation for each of the electricity generation facilities. Furthermore, the
first-stage is given by W;; =W, +rr,«AW , where rr, denotes the decision variables, AW =W -, .
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- 3
[ =22 1025(PY, + 2PV, + PY,) o (W, + 11, »AW,,)
4
+4 D D [PV, =025(PV, +2ePV,> + PV, 1o (W, + 17, sAW,,)

4 3
4,0 D [025(PV,' +2PV, 2 + PV*) = PV,'To (W, +11,2AW,,)
k=1 1m0 (4-7)

where PV, (PV,', PV,’, PV,’) denotes the operation cost of different power conversion

technologies; W,* =W, +m,«AW, is the first-stage electricity generation amount, which is

determined by decision variables rr, (AW =Wy —W;;and rr, €[0, 1]).

(8) Penalty cost for second-stage electricity generation amounts (i.e., shortage electricity amount
of first-stage). It is calculated in terms of the penalty costs and the amount of second-stage electricity
generation by each electricity generation technology.

[0.25«(PR,' +2+PB,*+ PR, )lop,, Y,

3
Z kth
h=1

3

Z[PP 3 —-0. 250( ])k’l +2‘P1)/{,2+PP )] pth kth
h=1

3

[0.25+(PB,' +2:PR,*+ PR,’) = PR,'T p,*Y,,

=1 h=1 (4_8)
where PP, (PR, PP, PR,’) is the operating cost for the second-stage electricity generation

amount (v, ). Y, is the second-stage electricity generation amount.

(9) Fixed and variable costs for electric capacity expansion. These costs include the fixed and
variable electric capacity expansion costs of four electricity generation technologies in the planning
horizon.

3
me’ 0.25¢ (Akr +2’An +Al:z )10,

1 h=1

H
.M“
Mw

4 3 3
A0 2 pael A, —0.25¢( A, 42447+ 4,0,
i=1 =1 h=1
Ay 1 2 3 1
+ﬂ’2°zzzprh'[0‘25°(‘4kr +204,°+ A4 ) = 4, 10,
i1 =1 h=l
4 3 3 1 , \
+Zzzpzh. [0.25¢(B,, +2¢B,°+ B, )]*Z,,
i1 =1 h=l
4 3 3 ,
+2’1.ZZZPZ’T. ’d 025.(31(1 +2.Bkl +Bkt )] kth
i=1 =1 h=1
4 3 3 1
+/12.Zzzprh'[0 25 (B +2'Bk1 +Bk1 )= B, 12,

e (4-9)
where 4,(4,',4,,4,) denote fixed-charge cost for different electric capacity expansion. @,,
are binary variables for identifying whether or not the capacity expansion needs to be undertaken
by power conversion technology k. B,(B,'.B,’.B,’) denote the variable cost of capacity expansion.
Z,, denotes the continuous variable of the capacity expansion amount.
(10) Generation costs for primary energy resources. This cost is calculated in terms of the

unit-price of primary energy (i.e., coal, natural gas, and crude oil) and the amount of primary
generation.

3 3
=" >0.25((EPP,' +2+EPP+EPP,’)» EPA,
i=l t=
3

3
+4,+> Y [EPP} —0.25+(EPP, +2-EPP,+EPPF,’)]» EPA, (4-10)
1
0

i=l 1=

1
3 3
+2,) > [0.25«(EPP, +2EPP,’+EPP,’) - EPP,' |+ EPA4,

it
i=l t=1
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where EPP(EPP),EPP},EPP) is the production cost per unit of energy resource; and EPA,

is the production amount.

(11) Subsidy for solar power. The government provides a subsidy for units of electricity
generated by solar power, and it is calculated in terms of the unit-subsidy of solar power and the
amount of electricity generation amount of solar power.

- 3
Jir = D [0.25«(SP'+2:SP> +SB’) «(W,,” + 173, +AWy,)

=1

+ Z:[SP,3 —0.25¢(SP' +2SP*+SP*)] o(W,,” + 11, sAW,,) 4-11)

3
=1
3

+ ) [0.25¢(SB'+2+SP*+SP’) — SP'Je (W, + 113,sAW,,)
t=1
where SP(SP',SP*,SP’) is the solar subsidy provided by government for unit of electricity

generated by solar power.

(12) Subsidy for wind power. The government provides a subsidy for units of electricity
generated by wind power, and it is calculated in terms of the unit-subsidy of wind power and the
amount of electricity generation amount of wind power.

3

i = 2 [0.25:(WR +2eWE +WE) (W, + 17, »AW,,)

t=1

3
+ S (WP —0.25:(WP'+ 2P+ WP)] «(W,,” + 17, sAW,,)
t=1
3
+ D [0.25«(WE'+2WE +WE’) = WE'le (W, + 17, AW,)
= (4-12)
where WE(WP',WP’,WP®) is the wind subsidy provided by government for unit of electricity

generated by wind power.

(13) Costs for battery charging piles. It is calculated in terms of the average charging pile
amount for unit of electric vehicle, the EVs population, as well as the investment cost per EV
charging pile.

3
fis =D EVA+REC,+FCD, (4-13)

t=1

where EV4, is the EVs population; REC, is the average charging pile amount for unit of
electric vehicle; FCD, is the investment cost per EV charging pile.

(14) Costs for battery changing station. It is calculated in terms of the average changing station
amount for unit of electric vehicle, the EVs population, as well as the investment cost per EV
changing station.

3
fra = EVAREV,«FVD, (4-14)

t=1

where REV, is the average changing station amount for unit of electric vehicles; FVD, is the

investment cost per EV changing station.
(15) Costs for pollutant reduction. These costs include reduction costs for three pollutants, i.e.,
SOz, NOx, and PM emissions.

];15 = jiSs + ]?ISN + J;lspM (4'15)

where f,, is the cost of desulfurization; SO2K, is the SOz emissions from coking processing;
SO2CE, is the SO: emissions from coal-based power; SO2NE, is the SO: emissions from natural

gas-based power; SO2H, is the SOz emissions from heating processing; 020, is the SOz emissions



Appl. Sci. 2019, 9, 928 14 of 40

from oil refining; TPS,(TPS,',TPS],TPS,’) is the desulfurization cost of per unit of SOzemission; 7, is
the desulfurization efficiency.

(15a) Costs for SO2 emissions reduction. The cost is calculated in terms of the total SO2
emissions, the desulfurization cost per unit of SO2emission, and the desulfurization efficiency.

~ 3
Sfiss = {Z(SOZKt +S8O2CE, + SO2NE,+SO2H, + SO20,)

t=1

«0.25¢ (TPS,'+TPS? + TPS; )o 1,}

3
+2,+{>(SO2K, + SO2CE, + SO2NE,+SO2H, + S020,)

t=1

J[TPS; — 0.25¢ (TPS,'+TPS? + TPS} )]s 1.}

3
+2,+{> (SO2K, + SO2CE, + SO2NE,+SO2H, + S020,)

=1

1 2 3 1
J[0.25+ (TPS+TPS> + TPS;’ )~ TPS,']e 1.} (4-16)

where f,, is the cost of desulfurization; SO2K, is the SOz emissions from coking processing;
SO2CE, is the SO: emissions from coal-based power; SO2NE, is the SOz emissions from natural
gas-based power; SO2H, is the SOz emissions from heating processing; SO20, is the SOz emissions
from oil refining; 7PS,(TPS,',TPS?,TPS;) is the desulfurization cost per unit of SOz emission; 7, is
the desulfurization efficiency.

(15b) Costs for NOx emissions reduction. The cost is calculated in terms of the total NOx
emissions, the desulfurization cost per unit of NOx emission, and the desulfurization efficiency.

- 3
fiey = D (NOXK, + NOXCE, + NOXNE,+NOXH, + NOXO,)

t=1

«0.25« (TPN,'+TPN? +TPN; )o 17,}

3
+2,+{> (NOXK, + NOXCE, + NOXNE,+NOXH, + NOXO,)

t=1

J[TPN} — 0.25¢ (TPN, +TPN? + TPN,’ )]+ 17, }

3
+2,+{) (NOXK, + NOXCE, + NOXNE,+NOXH, + NOXO,)

t=1

1 2 3 1
«[0.25¢ (TPN,'+TPN? + TPN )= TPN,'}+ 1.} (4-17)

where f,, is the cost of denitration; NOXK, is the NOx emissions from coking processing;
NOXCE, is the NOx emissions from coal-based power; NOXNE, is the NO: emissions from natural
gas-based power; NOXH, is the NOx emissions from heat processing; NOXO, is the NOx emissions
from oil refining; TPN,(TPN,,TPN}?,TPN.’) is the denitration cost per unit of NOx emission; 7, is the
denitration efficiency.

(15¢) Costs for PM emissions reduction. The cost is calculated in terms of the total PM
emissions, the desulfurization cost per unit of PM emission, and the desulfurization efficiency.

5 3
Frson = O_(PMK, + PMCE, + PMNE,+PMH, + PMO,)

t=1

«0.25¢ (TPPM'+TPPM,* + TPPM ) 1,,,}

3
+2,+0> (PMK, + PMCE, + PMNE,+PMH, + PMO,)

t=1

J[TPPM* — 0.25¢ (TPPM,+TPPM}? +TPPM,} )}o 17, }

3
+2,+{> (PMK, + PMCE, + PMNE,+PMH, + PMO,)

t=1

«[0.25¢ (TPPM ' +TPPM’ + TPPM, )~ TPPM,'l» 11,,,} (4-18)

where f,,, is the PM removal cost; PMK, is the PM emissions from coking processing;

PMCE, is the PM emissions from coal-based power; PMNE, is the PM emissions from natural
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gas-based power; PMH, is the PM emissions from heating processing; PMO, is the NOx emissions
from oil refining; TPPM,(TPPM,',TPPM,TPPM’) is the treatment cost per unit of PM emission; 7p,

is the PM removal efficiency.
(16) Costs for risk recourse of stochastic and fuzzy uncertainties.

I T H 3
Fo VTS =SS o +VCon 1 023 I,
t=1

i=l t=1 h=1

(4-19)

where 17S denotes the risk recourse cost for stochastic uncertainties; V7F denotes the risk
recourse cost of fuzzy uncertainties, with capturing the difference between the extreme values of
fuzzy parameters. The nonnegative factors p: and pz represent robust levels (its range from 0 to 1),
which can help managers make trade-offs between system economy and reliability.

Constraints:

The constraints of the proposed DRSFO-EES model include traffic sector, heat processing, coke
processing, oil refining, electricity generation, energy production, air-pollutants treatment, and risk
recourse cost for stochastic uncertainties and risk recourse for fuzzy uncertainties.

(1) Constraints for traffic sector.
This constraint represents that the optimized vehicles population must be not less than the
lower bounds of vehicle population. Cr{MAL, |MA, >MAL,}>a means the credibility of the

MA, >MAL, is higher than or equal to confidence-level a.

Cr{MAL,, |MA, > MAL,} > (5-1)
where M4, is the optimized solutions of vehicles population; MQILgt (MALg,‘, MALg,Z, Méng,3 ) is
the lower bounds of vehicle population, which is expressed as a triangular fuzzy number.
Constraints for vehicle-emissions, including CO, NOx, HC, and PM emissions. These
constraints represent that the vehicle-emissions are calculated in terms of the annual average
mileage, the proportion of electric vehicles and the emission factors of CO, NOx, HC and PM
emissions.

T RCOgl\ g=1,3,4,5 — MA lg=1,3,4,5 oM le\ g=1,3,4,5 *TRCOE gllg=13,4,5

“ (5-2)
TRCO,, =(MA, — MA, *REV,)sMQ,,~TRCOE,, (5-3)
TRNOX o155 = MAyyi 3.4 5°MQ,0m1 34 s TRNOE 54 5 (5-4)
TRNOX,, = (MA,, — MA, *REV,)«MQ,, ~TRNOE,, 5:5)
TRHC oy 545 = MAyooy545°MQygmy 545 TRHC 545 (5-6)
TRHC,, = (MA, — MA, *REV,)«MQ, ~TRHC,, (5-7)
TRPM o345 = MAyoy 54 5°MQypm 345 TRPM 345 (5-8)
TRPM,, = (MA,, — MA, *REV,)MQ,, *TRPM, (5-9)

where TRCO,, is CO emissions from vehicle g in period t; MQ, is the annual average mileage;
REV, is the proportion of electric vehicles; TRCOE, the emission factor of CO; TRNOE, the
emission factor of NOx; TRHC,, the emission factor of HC; TRPM,, the emission factor of PM.

Constraints of the electricity demands of EVs. This constraint is calculated in terms of the

electricity consumption amounts per hundred kilometers of EVs and the amount of EVs.

EVEC, = MA, +REV,«MQ, +ECPEV, (5-10)
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where EVEC, is the electricity consumption amounts of EVs; ECPEV, is the electricity

consumption amounts per hundred kilometers of EVs.

(2) Constraints of heat processing. Constraint (6-1) depicts that the heat generation amounts must
not be less than the heat demands, and Cr{DMH, | HGA > DMH,}> ¢ means the credibility of the
HGA, > DMH, is higher than or equal to confidence-level a. Constraints (6-2) and (6-3) represent
the consumption amounts of natural gas and coal for heat processing.

Cr{DMH, | HGA, > DMH,} > & (6-1)
CFHGC, = CFH +HGA,+HCP, (6-2)
CFHGN, = CFH,*HGA,«HNP, (6-3)

where DMH,(DMH,,DMH?,DMH;’) is the heat demand; CFH, denotes the energy
consumption for the unit of kerosene processing. CFHGC, denotes the coal consumption of heat
processing; CFHGN, is the natural gas consumption of heat processing; HCP, denotes the ratio of
coal consumption of heat processing; HNP, denotes the ratio of natural gas consumption of heat
processing.
(3) Constraints of oil refining. The constraint depicts the input amounts of crude oil for oil refining.

OFOIL, = ZCY, «ZCYE, + ZQY,+ZQYE, + ZMY,«ZMYE,

+ZRLY, « ZRLYE, + ZSNY, « ZSNYE,

+ ZSJY, « ZSJYE, + ZLPG, « ZLPGE, + ZOT, 7-1)

where ZCY, is the diesel processing amount; ZCYE, denotes the crude oil consumption for
unit of diesel processing; Z0Y, is the processing amount of gasoline; ZQYE, denote the crude oil
consumption for unit of gasoline processing; ZMY, is the processing amount of kerosene; ZMYE,
denotes the crude oil consumption for unit of kerosene processing; ZRLY, is the fuel oil processing
amount; ZRLYE, is the crude consumption for unit of fuel oil processing; ZSNY, is the processing
amount for naphtha;, ZSNYE, denotes the crude oil consumption for unit of naphtha processing;
Z8JY, is the processing amount of asphaltic pyrobitumen; ZSJYE, denotes the crude oil
consumption for unit of asphaltic pyrobitumen processing; ZLPG, is the processing amount of LPG;
ZLPGE, denotes the crude consumption for unit of LPG processing; ZQI, denotes the crude oil

consumption of other oil products.

(4) Constraints of coke processing. Constraint (8-1) means that the amount of coke processing is not
less than the coke demands, and Cr{DMCJ, |CKP4, > DMCJ,} > a means the credibility of the
CKPA4, > DMCJ, is higher than or equal to confidence-level a. Constraint (8-2) depicts the coal

consumption amount for coke processing.
Cr{DMCJ, | CKPA4, > DMCJ,} > ax (8-1)
CFCJ, = CKPA,/CTCKE, (8-2)

where DMCJ,(DMCJ,,DMCJ?,DMCJ;’) is the coke demand expressed as a triangular fuzzy
number. CTCKE, denotes the coal consumption for unit of coke processing; CFCJ, is the coal

consumption of coke processing.

(5) Constraints of electricity generation.
Constraints for mass balance of coal and natural gas resources. These constraints are
established to calculate the consumption amounts of coal and natural gas for electricity
generation.

[(W,, +r5,sWC,,)+Y,, + EVEC,|«FE,, = ECOALM, (9-1)

(W, + 11, WC,, )+ Y, P FE,, = ENGM, 9-2)
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where FE, is the coal (i = 1) and natural gas (i = 2) consumption for a unit of electricity

generation.
Constraints of electricity demand and supply balance. Constraint (9-3) is established to ensure
the electricity demand be satisfied by domestic electricity generation and importation. And

4 3
Cr{D, | YD [(W, +rr WC,)+Y,, + EVEC |+ Ed, >D,} >« means the credibility of the

i=1 t=1

4 3
SN, +rm, WC,)+Y,, + EVEC,1+Ed, > D, is higher than or equal to confidence-level a. For constraint
i=1 =1

(9-4), the optimized amount of electricity generated in the first-stage is given by Wy, =Wy, +rr, «AW ,

where rr, denotes the decision variables, and rr, [0, 1].

3
> (W, +r,sWC,)+Y,, +EVEC,1+Ed, >D,}>a
=l (9-3)

CriD,|

4
i=1

0<rr, <1 (9-4)

where D, is the electricity demand under various electricity demand levels, which show the
characteristics of stochastic and fuzzy sets. rr, denotes the decision variable of first-stage electricity

generation.

Constraints for electricity capacities. These constraints mainly depict that the amount of
generated electricity must not exceed its existing and expanded capacities, which are established to
ensure that the available electricity-generation capacity is greater than the generated electricity.

4 2
Z(VVJ +r’;t * Ciz)+Yith +EVECt SZ[CE) '(Rcit +Zith)]
i=1 i=1

(9-5)
4
DRC,+Z,)2U,; Vi, h
=l (9-6)
4
D(RC,+Z,)<US,; Vi, h
=l (9-7)
4 4
ZYirh < ZCFn Ly,
i=1 i=1 (9_8)
0<Y, <(W, +rr, WC,); Vi, t h (9-9)
=1, if capacity expansion of is undertaken Vi, %,/
Ouw=y_, . . (9-10)
=0, ifotherwise

where CFj, is the operating hours of electricity conversion technology k; RC,, is the original

capacity; U, is the lower bound of load demands; US, is the upper bound of load demands.

(6) Constraints of energy production. The constraint is established to ensure the primary energy
production amount must be less than the lower bound and higher than the upper bound.

EPAL< EPA, < EPAU, (10-1)

where EPAU, is the upper bound of amount of primary energy production. EPAL, is the

lower bound of amount of primary energy production.

(7) Constraints for air-pollutants management.
SOz emissions. Constraints (11-1) to (11-6) represent the SOz emissions from energy activities
(i.e., coke processing, heat processing, electricity generation, and oil refining). Constraints (11-6)
are used for ensuring that the SOz-emissions are satisfied by the pollutant-emission permits.
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SO2K, = CFCJ,+CS, (11-1)
SO2CE, = ECOALM,+ CS, (11-2)
SO2NE, = NEGM,+CS, (11-3)
SO2H, = CFHGC,+CS, + CFHGN, +S, (11-4)
S020, = OFOIL,+0S, (11-5)
(SO2K,+SO2CE, +SO2NE, +SO2H,+5020,) « (1-7,) < TS, (11-6)

where CS, is the SOz emission factor of coal; NS, is the SOz emission factor of natural gas; OS,
is the SOz emission factor of crude oil; 7, is the desulfurization efficiency; 7S, is the upper bounds

of SOz emission.

NOx emissions. Constraints (11-7) to (11-11) represent the NOx emissions from energy
activities (i.e., coke processing, heat processing, electricity generation, and oil refining). Constraints
(11-12) are used for ensuring that the NOx-emissions are satisfied by the pollutant-emission
permits.

NOXK, = CFCJ,+CN,

(11-7)

NOXCE, = ECOALM,+ CN, (11-8)
NOXNE, = NEGM,»NN, (11-9)
NOXH, = CFHGC,+CN, + CFHGN, NN, (11-10)
NOXO, = OFOIL,+ON, (11-11)
(NOXK,+NOXCE, +NOXNE, +NOXH,+NOXO,) » (1-1,) < TN, (11-12)

where CN,is the NOx emission factor of coal; NN, is the NOx emission factor of natural gas;
ON, is the NOx emission factor of crude oil; 7y is the denitration efficiency; 7N, is the upper

bounds of NOx emission.

PM emissions. Constraints (11-13) to (11-17) represent the PM emissions from energy activities
(i.e., coke processing, heat processing, electricity generation, and oil refining). Constraints (11-18)
are used for ensuring that the PM-emissions are satisfied by the pollutant-emission permits.

PMK, = CFCJ,«CPM,

(11-13)
PMCE, = ECOALM,» CPM, (11-14)
PMNE, = NEGM,+NPM, (11-15)
PMH, = CFHGC,«CPM, + CFHGN,sNPM, (11-16)
PMO, = OFOIL,+OPM, (11-17)
(PMK,+PMCE,+PMNE,+PMH +PMO,) » (1-1,,,) < TPM, (11-18)

where CPM, is the PM emission factor of coal; NPM, is the PM emission factor of natural gas;
OPM, is the PM emission factor of crude oil; 7p), isthe PM removal efficiency; TPM, is the upper

bound of PM emission.
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CO2 emissions. Constraints (11-13) to (11-17) represent the CO»- emissions from energy
activities (i.e., coke processing, heat processing, electricity generation, and oil refining).

CO2K, = CFCJ,«CCO2, (11-19)
CO2CE, = ECOALM,+ CCO2, (11-20)
CO2NE, = NEGM,«NCO2, (11-21)
CO2H, = CFHGC,+CCO2, + CFHGN,+NCO2, (11-22)
C020, = OFOIL,«0CO2, (11-23)

where CCO2, is the CO:2 emission factor of coal; NCO2, is the CO2 emission factor of natural

gas; 0CO2, is the CO2 emission factor of crude oil.

(8) The expected deviations for stochastic uncertainties. These constraints are used for capturing
the risk from stochastic uncertainties.

H
Vi = PBy Vit = D pPRy Yy + 20,5 Vit (12-1)
h=1

"
VCin = (4itQimn + BieZipn) — szh (4 Qion + BieZion) + 26,5 Vist,h
= (12-2)

+

Vi 20, VCiy20; (12-3)

where 6, >0 are slack variables that can achieve looser constraints; Vi and Vj;, are the

weighted values of the expected deviations from stochastic uncertainties.

(9) The expected deviations for fuzzy uncertainties. These constraints are used for capturing the
risk from fuzzy uncertainties.

VF, =(DMCJ R (@) - DMCJ,Y) + (DMH R (o)) - DMH,)
5 3
+ > (MALR (@)= MaL, )y + Y 1Dy (@)~ DT Vet
g=1 h=1 (13-1)

VE, >0 (13-2)
where pr, represents the positive deviation between maximum values and worst value of
fuzzy parameters of right-side of constraints. DMCJ (), DMH,R(a), MALtR (), and DthR () are

the maximum values of all potential values, i.e., DMCJ/* (o) =sup{B|B= ' (o)}, lLfl is the inverse of

i . DMCJ\a), DMH,\(ar), MAL(@), and D,'(a) represent the possible worst values of fuzzy
numbers DMCIIt(a), DMH,(a), M/ZILt(a),and f)th(a),respectively.

(10) Non-negative constraints. This constraint assures that only positive variables are considered in
the solutions, eliminating infeasibility while calculating the solution.

MA,,,EPA,, HGA,, CFHGC,, CFHGN,, OFOIL,,
CKPA,,ECOALM,,ENGM,,Ed,, ,rr,,EVEC,, (14-1)
)]ith ’Qith ’Zith 2 0

3.4 Data acquirement
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The data sources of the DRSFO-EES are related references, government reports, and statistical
yearbooks. The data regarding the vehicle population of the BTH region in particular was obtained
from reference [38]. The annual average vehicle kilometers travelled (VKT) data were obtained
from related reference [40,41,42]. Table 2 details the vehicular emission factors of China-V and
China-VI [40,41,43-48]. Table 3 gives the electricity demands and representative technical data
[1,23,49-52]. The electricity demands were expressed as stochastic uncertain with three probability
levels (20%, 60%, and 20% corresponding to low, medium, and high levels of electricity demand,
respectively). The residual capacities and operation times of the different electricity generation
technologies were obtained from [48]. The CO: and air-pollutant emission factors were acquired
from related references and Intergovernmental Panel on Climate Change (IPCC) reports [2,3,53,54].

Table 2. Vehicular emission factors with different emissions standards (mg/km e unit).

coO NOx HC PM
HDV China-V 300 4610 35 100
China-VI 300 4610 35 100
LDV China-V 1400 60 230 5
China-VI 700 35 115 5
LDT China-V 5800 60 1200 5
China-VI 2900 35 600 5
HDT China-V 200 3530 35 100
China-VI 200 3530 35 100
China-V 2750 150 855 20
Other
China-VI 2750 150 855 20

Table 3. Electricity demand and technological data.

Period
Period 1 Period 2 Period 3
Electricity demand (10° kWh)
Low demand level [517.71, 537.71,557.71] ~ [553.82, 573.82, 593.82] [594.67, 614.67, 634.67]
Medium demand level [547.25, 567.25, 587.25]  [595.73, 615.73, 635.73]  [636.18, 656.18, 676.18]
High demand level [559.07, 579.07, 599.07]  [646.05, 666.05, 686.05] [686.87, 706.87, 726.87]
Electricity generation target (10° kWh)
Coal-fired power [221.07, 279.81] [213.27, 268.01] 208.93, 269.50]
Gas-fired power [58.41, 63.41] [76.91, 80.91] [91.88, 95.88]
Wind [40.19, 49.55] [45.79, 56.48] [51.01, 61.94]
Solar power [1.20, 1.70] [3.20, 3.60] [5.99, 6.22]
Energy consumption amounts per unit of electricity production
Coal (ton of SCE/ 10° kWh) 30.50 30.50 30.50
Natural gas (m®/ 10°kWh) 142.80 142.80 142.80
Coal consumption amounts per unit of coke processing (ton of SCE / ton)
1.35 1.35 1.35
Energy consumption amounts for unit of heat processing (ton of SCE/ 10° kJ)
36.00 36.00 36.00

4. Results analysis



Appl. Sci. 2019, 9, 928 21 of 40

4.1 Analysis of vehicular emissions of BTH region

Several policies on vehicular emission mitigation, such as the development of EVs, EV power
sources and vehicular emission standards, have been proposed by the government of China. In this
study, five scenarios labeled S1-S5 were designed to analyze the potentials of different emission
mitigation strategies and policies for reducing vehicular emissions (NOx, HC, CO, and PM) in the
BTH region. Table 4 gives the parameter settings of the different scenarios. Following is a
description of each scenario:

S1: Without consideration of EVs, and with the local governments implementing the China V

vehicular emission standard.

§2: With consideration of EVs, which account for 1.5% of the LDVs population. EV power

sources are 100% based on coal-based power, and the China V vehicular emission standard is

implemented.

$3: With consideration of EVs, which account for 1.5% of the LDVs population. EV power

sources are based 50% on coal-based and 50% on renewable power. It is assumed that

coal-based power is local coal-based power, and renewable power included wind, solar power
and imported electricity. The China V vehicular emission standard is implemented.

S4: With consideration of EVs, which account for 1.5% of the LDVs population and with power

sources based 100% on renewable energy. The China V vehicular emission standard is

implemented.

§5: With consideration of EVs, which account for 1.5% of the LDVs population and with power

sources based 100% on renewable energy. The China VI vehicular emission standard (gasoline

standard) is implemented.

Table 4. Parameter settings of scenarios.

Vehicular emissions  The proportion of Power sources for EVs

standards EVs
S1 China V 0% —
S2 China V 1.50% 100% coal-fired power based
3 China V 1.50% 50% coal-fired power based, 50% renewable
energy based
54 China V 1.50% 100% renewable energy based
S5 China VI 1.50% 100% renewable energy based

4.1.1 Contributions of different vehicle categories to vehicular emissions

Numerous results were obtained by the DRSFO-EES model, and the situation of @ =0.5, p=0.2,
and scenario S2 is used here as an example to illustrate the optimized solutions for the EES. The
rapid development of traffic systems has led to large amounts of vehicular emissions such as CO,
HC, NOxy, and PM. Figure 3 presents the contributions of the different vehicle categories to vehicular
emissions in the BTH region over the planning periods. As indicated in Figures 3a-d, due to the
sharp growth of LDVs, the total CO, NOx, HC, and PM emissions are expected to increase by 23.28%,
17.07%, 17.19%, and 22.22% over the planning periods, respectively. The results indicated that LDVs
are the major contributors of CO and HC emissions, to which they contribute 65.46-73.72% and
60.15-69.15%, respectively, over the planning horizon. It is therefore necessary for local
governments to limit the number of LDVs through appropriate measures and policies such as
improvement of the public transit system and encouragement of the use of EVs.

Further, HDTs are the major contributor of NOx and PM, to which they are expected to
contribute 67.07-63.08% and 58.58%-54.98%, respectively, between 2020 and 2030. Limiting the
development of HDTs would therefore be effective for reducing vehicular NO» and PM emissions.
The results also indicated that the traffic sector is set to be one of the major emitters for NOx in the
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BTH region. For example, the NO: emission from vehicles will account for 58.65%, 60.13%, and
61.90% of the total NOx emission (the total NOx emission includes contributions from oil refining,
coke processing, heat processing, natural gas-based power, and coal-based power) in 2020, 2025, and
2030, respectively.
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4.1.2 Analysis of the impact of traffic policies on vehicle pollutants

Figure 4 shows the vehicular emissions for different scenarios and can be used to analyze the
pollutant emission mitigation potential of different vehicle policies. As per the results,
implementation of the stringent China VI emission standard is effective for mitigating vehicular
emissions, especially CO and HC emissions. The standard is specifically projected to afford CO, HC,
NO:s, and PM emission reductions of 49.08%, 49.00%, 4.88%, and 0.00%, respectively, in 2020. As also
indicated in Figure 4, the adoption of an EVs policy could reduce CO, NOx, HC, and PM emissions
from vehicles by 25.01x103, 1.07x103, 4.11x10%, and 0.08x10% ton, respectively, by 2020. However,
approximately 2.6x107, 3.2x10°, and 3.7x10?kWh of electricity would have to be added by 2020, 2025,
and 2030, respectively, to meet the power requirements of EVs. This implies the emission of
additional air pollutants (502, NOx, PM, and CO2) through the increased electricity generation.
Further analysis is thus required to explore the comprehensive impact of the adoption of EVs on
pollutant emissions.

The sources of electricity for EVs generally include coal-based power and renewable energy. In
this study, it is assumed that electricity from coal-based power was locally generated and renewable
power means solar, wind power and imported electricity. Based on different power sources of EVs,
there would be different impacts on the environment. Figure 5 shows the additional CO2 and air
pollutant (PM, SO:, and NO:) emissions that result from the additional electricity generation
required by the adoption of EVs. As can be seen, an EVs policy promises to effectively mitigate CO
and HC emissions in all the scenarios. However, it increases SO2 and CO:2 emissions. Moreover, no
reduction in NOx and PM emissions would be achieved by the EVs policy if the power required by
the EVs were entirely generated by coal-based power. Actually, in such a case, the total NOx
emission would increase by 0.72x10° ton by 2020, 0.87x10° ton by 2025, and 1.32x10° ton by 2030.
Conversely, if the power for EVs was generated 50% by coal-based and 50% from renewable sources,
as in scenario S3, the EVs policy would reduce NOx emission by 0.17x10% ton by 2020, 0.21x10° ton by
2025, and 0.24x10° ton by 2030. If the EVs power was entirely generated from renewable sources, as
in scenario $4, the policy would remarkably reduce NOx emission by 1.07x10° ton by 2020, 1.29x10°
ton by 2025, and 1.49x10% by 2030. These results indicate that the vehicle-emissions could be reduced
directly; but through the extra electricity generated from local region, leading to additional
air-pollutants. Thus, an EVs policy should be enhanced by increasing the ratio of the needed power
generated from renewable sources.
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Figure 5. Additional emissions caused by electric vehicles under different scenarios.
4.2 Optimized robust solutions for enerqy and environment systems

4.2.1 Optimized schemes of energy allocation

Figure 6 shows the optimized energy consumption of energy processing (heat processing, coke
processing, and oil refining) and electricity generation (natural gas-based power and coal-based
power) between period 1 and period 3. The use of natural gas is expected to substantially increase
toward achieving a sustainably developed society. For example, the natural gas inputs to heat
processing and natural gas-based power generation are projected to respectively increase by 47.16%
(from 3.15 x 10° m? in 2020 to 4.63 x 10° m?in 2030) and 53.86% (from peak m 9.51 x 10° m? to 14.63 x
10° m3) between 2020 and 2030. Crude oil input to oil refining, coal input to coke processing, and coal
input to heating processing are expected gradually increase by 10.88%, 10.95%, and 3.86%,
respectively, in periods 1, 2 and 3. Conversely, the coal consumption of coal-based power generation
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is expected to decrease by 2.69% between 2020 and 2030, specifically from 79.83 x 10¢ ton to 77.68 x
10¢ ton between period 1 and period 3. An appropriate energy mix can thus be effectively used to
reduce coal consumption, and hence mitigate pollutant emissions.
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Figure 6. Optimized solutions of energy input amounts for energy processing and electricity
generation between 2020 and 2030. CFO represents crude oil input to oil refining; CFH represents
coal input to heat processing; NFH represents natural gas input to heat processing; CFC represents
coal input to coke processing; CFF represents coal input to coal-fired power; NFC represents natural
gas input to coal-fired power.

4.2.2 Optimized schemes of electricity supply

Figure 7a shows the optimized electricity generation scheme between 2020 and 2030. The major
electricity power conversion technologies in the BTH region include gas-based, coal-based, wind,
and solar power. Optimized electricity generation is defined by the following equation:

OEG,, .., = Wi + Yiyop » Where kaopt and Yy, arethe amounts of electricity generated in the first

and second stages. Coal-based power is expected to play the dominant role, contributing what
would be 259.06 x 10° kWh, 265.41 x 10° kWh, and 250.97 x 10° kWh in periods 1, 2 and 3 (h = 3),
respectively. With the implementation of a series of energy mix policies for pollutant emission
mitigation, such as the “Paris Agreement” and “Chinese Action Plan of Air Pollution Prevention and
Control”, the ratio of coal-based power generation would decrease from 68.79% in 2020 to 55.48% in
2030. The utilization of natural gas-based and renewable energy would rapidly develop from 2020 to
2030. Natural gas-based power, wind power, solar power and generation are projected to increase
by 53.86%, 87.96%, and 266.34% over the planning horizon, contributing 22.65%, 20.44%, and 1.44%,
respectively to the total power generation by 2030.

Further, the amount of locally generated electricity is insufficient for the needs of the BTH
region, with approximately 36% of the consumed electricity imported from other regions. Figure 7b
describes imported electricity under different electricity demand levels between 2020 and 2030.
Imported electricity is expected to increase from 202.47 x 10° to 254.47 x 10° kWh over the planning
horizon under a high electricity demand level. This indicates that imported electricity is expected to
play an increasingly important role from period 1 to period 3, especially at a high demand level.
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Figure 7. Optimized solutions for electricity supply of the Beijing-Tianjin-Hebei (BTH) region
between 2020 and 2030.

4.2.3 Optimized schemes of energy processing

Figure 8 shows the amounts of processed secondary energy (i.e., coke, heat, diesel, gasoline,
fuel oil, liquefied petroleum gas, kerosene, naphtha, and tar) during periods 1 to 3. With the rapid
development of society over the entire considered time, the energy processing amounts for heat,
gasoline, coke, kerosene, naphtha, fuel oil, tar, and liquefied petroleum gas (LPG) are expected to
respectively increase by 10.37%, 29.98%, 10.59%, 19.97%, 1.11%, 7.48%, 6.90%, and 8.84%, between
2020 and 2030.
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Figure 8. Optimized solutions for energy processing between 2020 and 2030.

4.2 4 Pollutant emissions from energy activities

Figure 9 shows the CO: and air pollutant (NOx, SOz, and PM) emissions from natural gas-based
power generation, coal-based power generation, heat processing, coke processing, and oil refining)
over the planning horizon. As can be observed, COz, NOx, SOz, and PM emissions are expected to
gradually increase by 9.37%, 5.25%, 4.43%, and, 3.59%, respectively, between 2020 and 2030. The
air-pollutants emissions would approach their peak values around 2030. For example, the SO
emission would increase by 4.14% between 2020 and 2025, and by 0.27% between 2025 and 2030,
indicative of peaking around 2030. Coal-based power generation would be the major contributor of
NO», SO2, and PM emissions, respectively accounting for 36.66-33.90%, 41.89-39.03%, and 47.33—
44.46% of these emissions between 2020 and 2030, with the specific contributions progressively
decreasing. Coke processing would contribute 30.86-32.53%, 35.26%-37.46%, and 39.84%—42.67% of
NOx, SOz, and PM emissions, respectively.

As indicated in Figure 9d, oil refining, coal-based power generation, and coke processing
would be the major sources of CO:2 emissions between 2020 and 2030 in BTH region, accounting for
33.83-34.30%, 28.08-24.99%, and 23.64-23.98%, respectively. In conclusion, coal-based power
generation and coke processing would be the major enablers of SOz, NOx, and PM emissions
reduction, while oil refining, coal-based power generation, and coke processing would be the major
contributors of COz emission.
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Figure 9. Pollutants and CO2 emissions from energy activities between 2020 and 2030.

4.2.5 Analysis of system cost

The system costs are composed of 16 main components, namely, the costs of heat processing,
coke processing, oil refining, coal input to coal-based power generation, natural gas input to natural
gas-based power generation, imported electricity, first-stage of electricity generation, second-stage
of electricity generation, electricity expansion, subsidy for solar power generation, subsidy for wind
power generation, energy production, EVs charging piles, EVs charging stations, pollutants
treatment, and risk recourse for the stochastic and fuzzy uncertainties. As shown in Figure 10, the
costs of electricity generation, imported electricity, energy production, and coal input for coal-based
power generation account for 30.51%, 16.90%, 16.67%, and 11.98% of the total system costs,
respectively. Solar and wind power would be subsidized by the local government because their
current price and technology limitations make them uncompetitive in the market. Government
subsidies for wind and solar power would be RMB ¥ 40.99 x 10°, and RMB ¥ 6.52 x 10°, respectively.
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Figure 10. System cost over the planning periods.
5. Discussion

5.1 Analysis of stochastic uncertainties

In EES in the real-world, many parameters are expressed as random distribution (i.e., electricity
demand, electricity generation, and electricity expansion). In this study, the TSP method was used to
tackle the stochastic uncertainties. The decision variables of the electricity generation were divided
into two subsets, namely, kaopt and Yy, which are respectively the amounts of electricity
generated in the first-stage (which must be predetermined) and the second-stage (obtained after the
determination of the random variables) [55]. Generally, shortages may occur if the electricity
demand-levels are continuously high, and the second-stage electricity generation amount Yy
would be undertaken to avoid insufficient electricity supply.

In the TSP method, the final optimized electricity generation schemes were equal to W; + Y, .
In detail, the optimized amount of electricity generated in the first-stage is given by
Wit =Wy, +rrsAW , where rr, denotes the decision variables, AW =W} -W,;, and rn, [0, 1]. Take
period 1 for example, 4, = 055, 4, =1, 4, = 100, and 4,,, = 1.00, indicating that the
optimized electricity generation amounts for coal-based power, natural gas-based power, solar
power and wind power are supposed to be (221.08 + 0.52 x 58.74) x 109, (58.41 + 1.00 x5.00) x 10° kWh,
(1.78 + 1.00 x 0.50) x 10° kWh, and (49.54 + 1.00 x 9.36) x 10° kWh, respectively. Generally, the
variation of 7, represents diverse policies of electricity generation under stochastic electricity

demands. When r, =0, the cost would be relatively low, although a higher penalty may have to be
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paid when the generated electricity does not meet the demand. On the contrary, when r;, =1, the

cost would be higher, but accompanied by a lower risk of violating the target, and hence of incurring
a lower penalty.

5.2 Analysis of fuzzy uncertainties

In the real world, energy price and energy demands often exhibit vagueness and ambiguity
because of the subjectivity of human judgment [25]. According to FPP theory, the minimum,
medium, and maximum values of these parameters are sufficient for expressing a triangular fuzzy
parameter. And the proposed DRSFO-EES model can be used to effectively address the uncertainties
expressed as triangular fuzzy parameter of the objectives and constraints. For FPP, the confidence
level a is an indication of the manager’s violation risk attitude towards imprecise information
[56,57]. In the present application of the DRSFO-EES model, four confidence levels (a = 0.5, 0.6, 0.8,
and 0.9) were used to examine the impacts of different confidence levels on the EES. Generally, a
higher confidence level implies a higher likelihood of satisfying the fuzzy confidence constraints,
resulting in less uncertainty about the imprecise constraints. For instance, a confidence level of 0.8
indicates that the credibility of the constraint (e.g., Cr{MAL,|MA, > MAL,}>«a) is greater than or

[, >
equal to 0.8. However, a higher confidence level increases the system costs. Contrarily, a lower
confidence level implies a more aggressive attitude of the decision maker regarding the expected
total system costs, and increases the uncertainty of the fuzzy constraints, resulting in a higher risk of
violating the energy demand. Table 5 gives the optimized solution under different confidence levels
a during the planning periods. As can be seen, a higher o increases the coefficients of the right-side
constraints, further necessitating electricity import and increasing pollutant emission and the system
costs. Vehicle ownership, heat processing, and coke processing also increase with a, all accompanied

by pollutant emissions.

Table 5. (a) Optimized solutions under different o levels in 2020.

a=0.5 a=0.6 a=0.8 a=0.9
Traffic system and its relative pollutants
Vehicle ownership (109) 2211 22.34 22.80 23.03
CO emissions (10° ton) 2534.02 2561.58 2616.70 2644.26
NOx emissions (10° ton) 679.66 685.44 696.98 702.75
HC emissions (10 ton) 452.69 457.67 467.62 472.59
PM emissions (10° ton) 22.09 22.28 22.67 22.86
Heat processing (102 kJ )
707.31 708.31 710.31 711.31
Coke processing (106 ton)
69.61 70.11 71.11 71.61
Import electricity amounts (10° kWh, h=1)
161.10 163.10 167.10 169.10
Air pollutants and CO: from energy processing and electricity generation (10° ton)
SO:z emissions 667.86 669.95 674.12 676.20
NOx emissions 476.67 479.17 484.17 486.67
PM emissions 83.92 84.18 84.69 84.95
CO: emissions 560593.92 564482.45  572259.52  576148.05

Table 5. (b) Optimized solutions under different a levels in 2025.
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a=05 a=0.6 a=0.8 a=09
Traffic system and its relative pollutants
Vehicle ownership (109) 26.16 26.39 26.84 27.07
CO emissions (10° ton) 2886.63 2914.19 2969.31 2996.87
NOx emissions (103 ton) 754996.10 760.77 772.31 778.09
HC emissions (103 ton) 510.96 515.93 525.88 530.86
PM emissions (103 ton) 24.75 24.94 25.33 25.52
Heat processing (102 kJ )
748.38 749.38 751.38 752.38
Coke processing (10¢ ton )
73.84 74.34 75.34 75.84
Import electricity amounts (10° kWh, h=1)
164.89 166.89 170.89 172.89
Air pollutants and CO: from energy processing and electricity generation (103 ton)
SO:2 emissions 689.20 691.28 695.45 697.53
NOx emissions 497.49 499.95 504.85 507.30
PM emissions 87.16 87.41 87.93 88.18
CO2 emissions 594920.14  598809.23 60658742  610476.51

Table 5. (c) Optimized solutions under different « levels in 2030.

a=0.5 a=0.6 a=0.8 a=09
Traffic system and its relative pollutants
Vehicle ownership (10°) 29.69 29.92 30.38 30.61
CO emissions (10° ton) 3127.77 3155.33 321045 3238.01
NOx emissions (10° ton) 819.79 825.56 837.11 842.88
HC emissions (103 ton) 547.42 552.40 562.35 567.32
PM emissions (103 ton) 27.01 27.21 27.59 27.78
Heat processing (10 kJ )
780.64 781.64 783.64 784.64
Coke processing (10¢ ton )
77.24 77.74 78.74 79.24
Import electricity amounts (10° kWh, h=1)
194.72 195.44 196.88 197.60
Air pollutants and CO: from energy processing and electricity generation (103 ton)
SO:z emissions 688.19 690.27 694.44 696.52
NOx emissions 501.10 503.75 509.05 511.70
PM emissions 86.79 87.05 87.56 87.81
CO: emissions 612669.67  617113.59  626001.42  630445.34

5.3 Risk analysis

A robust optimization method can be effectively used to determine the associated risk from
stochastic and fuzzy uncertainties. In this study, two risk recourse actions were adopted to make
the model robust, which were used to capture the risks from stochastic and fuzzy uncertainties,
respectively. Figure 11 presents the weighted values of the expected deviations from the stochastic
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uncertainties ( V7S = p'ZZZ P Viy +VCyj 1) and fuzzy uncertainties ( VTF = P’ZVFt ) under
i=1 t=1 h=1 t=1
different robustness levels of 0.2, 0.6, 0.8, and 1.0, respectively. ¢ is a goal programming weight,
through varying the o level, the decision makers can then control the variability of the recourse cost.
Generally, a lower g corresponds to a lower weight value of the expected deviations and system
costs, indicating an aggressive attitude of the manager regarding the system costs. However, this
might be associated with a higher risk level because of the expected deviations from the
uncertainties. On the contrary, a plan with a higher p would better resist a deviation from the
uncertainties of the EES. A decision with a higher robust level would thus correspond to a lower
risk of system failure and higher system reliability. As results, the weighted values of the expected
deviations from the stochastic and fuzzy uncertainties increased with increasing robustness level o.
For instance, VTS would be RMB 5.17 x 10° when 0=0.2, RMB 15.54 x 10° when ¢ = 0.6, RMB 20.71
x 10° when o = 0.8, and 25.89 x 10° when @ = 1. This analysis demonstrates the trade-offs between
system costs and reliability. The results enable the manager to plan with a reasonable consideration
of both system costs and reliability.

(a) Weighted values of the expected devations
from stochastic uncertainteis (RMB 10° Yuan)

p=0.2
30
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(b) Weighted values of the expected deviations
from fuzzy uncertainties (RMB 10° Yuan)

p=0.2
7

p=0.8

Figure 11. Weighted values of the expected deviations under different robust levels.

6. Conclusion

In this study, a DRSFO-EES model was developed for planning an EES while considering the

traffic sector, which integrates the TSP, FPP, RTSO, and RFPP methods in a single framework for the
effective handling of EES uncertainties expressed as fuzzy sets and stochastic uncertainties as well as

their combinations, capturing of the associated risks from the stochastic and fuzzy uncertainties, and

analyzing the trade-offs between system costs and reliability. Four confidence levels (o = 0.5, a = 0.6,
a=0.8, and a =0.9) and four robust levels (p=0.2, p= 0.6, p= 0.8, and p=1.0) were used for examining
the impacts of uncertainties on the objective function, constraints and optimized solutions of the
DRSFO-EES model.

The proposed model was applied to the EES of the BTH region in China. Following is a

summary of the findings and the identified policy implications:

1)

2)

Limiting the numbers of LDVs and HDTs could effectively reduce vehicular emissions. LDVs
are expected to be the major contributors of CO and HC emissions, and HDTs are expected to
be the major contributors of NOx and PM emissions.

A EVs policy would be enhanced by increasing the ratio of power generated for EVs from
renewable sources. The emission reduction effect of an EVs policy would thus be limited,
especially with regard to NOx and PM emissions, if the EVs power source was entirely
coal-based.

Optimizing the energy mix and developing the renewable energy can effectively reduce
air-pollutant and CO2 emissions. Air-pollutant amounts of NOx, SOz, and PM emissions in the
BTH region are expected to peak around 2030, because the energy mix of the study region
would be transformed from one dominated by coal to one with a cleaner pattern, with
vigorous development of the utilization of natural gas and renewable energy.

Enhancement of the energy utilization efficiencies of coal-based power generation, oil refining,
and coke processing would effectively reduce CO:2 and air-pollutant emissions. Coal-based
power generation and coke processing are expected to be the major contributors of
air-pollutant missions, while oil refining, coal-based power generation and coke processing
would be the chief sources of CO2 emissions.
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Although the DRSFO method was the first attempt for planning an EES while considering the
traffic sector of the BTH region, results indicated that DRSFO-EES could: (i) explore the impacts of
different vehicle policies (i.e., EVs deployment, EVs power source for EVs, and vehicular emission
standards) on vehicular emissions; (ii) generate robust optimized solutions for energy allocation, oil
refining, coking processing, heat processing, electricity generation and expansion, electricity
importation, as well as emission mitigation under multiple uncertainties; (iii) identify the
atmospheric pollution contributions of different energy activities such as coke processing, electricity
generation, heat processing, oil refining, and motor vehicle operation. The proposed model could
help to balance the contradiction between increasing energy demands and an increasing vehicle
population, “high coal” energy systems, and the pressures of emission mitigation. Moreover, the
proposed model could be applied at both city and regional scales, which would support
policymakers adjusting current energy and environmental strategies in sustainable and robust ways.

However, the DRSFO-EES also has potential limitations and extensions should be addressed in
future study. Firstly, the developed model, based on historical data of annual electricity demand to
predict future electricity demands, does not consider the specific parameters such as hourly or
seasonal electricity load curves, which may result in significant deviations from the optimized
decision schemes, even in the event of electricity shortage. Thus, further study is required for
considering the hourly and seasonal electricity load curves; secondly, the TSP, FPP, RTSO, and RFPP
methods were combined into a single framework to formulate the DRSFO-EES model, leading to
relatively high computational requirements. As a result, simplifying the calculation procedure could
be required in the further study work; thirdly, the DRSFO-EES model mainly focused on economic
objectives, whilst scarcely considering the trade-off between economic and environmental
objectives. Therefore, further study should make improvements in the handling of multi-objective
problems and better balance the tension between energy and environmental systems.
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