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Abstract: In response to the challenges of global warming and the development of A low-carbon
economy, the integrated electricity and natural gas energy system (IEGES) is known as an important
structure for future energy supply; thus, its planning and design must take low-carbon and envi-
ronmental protection factors into account. Regarding carbon emissions as an optimization criterion,
this paper built life-cycle carbon emission models of IEGES components. Then, taking the capacities
of the energy resources, storage and conversion units of IEGES as the optimization variables, a
multi-objective optimization configuration model was established considering the annual investment
operation cost and the life-cycle carbon emissions. The multi-objective model was transformed into a
single-objective one by an ε-constraint approach and the polynomial fitting method was employed
to obtain the value of ε for obtaining uniformly distributed Pareto sets. Based on the fuzzy entropy
weight method and the fuzzy affiliation degree approach, the obtained Pareto sets were ranked and
the solution with the highest ranking value was selected as the optimal solution for the original
problem. Finally, the configuration schemes were analyzed from the perspectives of economy, carbon
emission and renewable energy utilization, and the effectiveness and rationality of the proposed
optimization method were verified through MATLAB simulation.

Keywords: integrated energy system; optimal configuration; life-cycle carbon emission; multi-objective
optimization; improved ε-constraint approach

1. Introduction

In recent years, with the growing prominence of environmental issues, realizing the
decarbonization of energy production and utilization has become an inevitable trend for
the sustainable development of human society [1]. To cope with the challenges of energy
supply and demand conflicts and global warming, building a carbon-neutral energy system
has become a consensus among countries around the world [2,3], and China has also put
forward the strategic goals of “double carbon” and “new power system” [4]. An integrated
energy system (IES) possesses the advantages of multiple energy complementarity and
cascading energy utilization [5], which can effectively improve the energy utilization
efficiency, promote the consumption of renewable energy power generation and reduce
the energy cost for users. Moreover, many IES demonstration projects have confirmed the
safety and reliability of IES and its potential for energy saving and emission reduction [6].

Currently, numerous studies on IES have been carried out in terms of the quantification
of multi-energy resources [7,8], planning and operation optimization [9–11] as well as the
comprehensive evaluation of energy systems [12]. Regarding the modeling of multi-energy
resources, the coupling model between the energy supply system and the oil and gas
production system is proposed in [13], and a reliability model of IES considering multi-
energy correlation is established in [14], which presents a novel analytical method to model
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the dependent multi-energy capacity outage states and their joint outage probabilities for
its reliability assessment. Moreover, a flexibility evaluation method considering the impact
of multi-energy coupling is proposed in [15], which provides support for making full use of
flexible resources and improving the operational economy. In terms of the planning of the
IES, an optimal expansion planning model for an integrated energy system consisting of a
power grid, a gas network and multiple energy hubs is proposed in [16], and the optimal
configuration model of multitype energy storage for IES considering the system reserve
value is built in [17], which can reduce the annual investment cost and operating cost
and improve the system reserve capacity. Moreover, the optimal planning methods of IES
with uncertainties are presented in [18,19], which consider the uncertainties of renewable
energy and electricity prices. For the operation optimization of the IES, many objectives
are utilized for IES optimization, such as the total operation cost, the revenue and the
carbon emissions. For example, the operation cost and revenue are considered in [20] to
achieve the optimal operation between different entities in the IES, and the operation cost
and carbon emissions are included in [21] for obtaining the optimal design method of an
integrated energy system under a low-carbon background. In addition to the operation
cost, the environment cost model is proposed in [22], which consists of the environmental
loss caused by the pollutants of energy generation and the resulting non-environmental
loss. The above literature provides valuable insights for further research on IES.

In the low-carbon transition context, the planning of IES should not only consider the
coupling of multiple energy resources, but also take the carbon emissions into consider-
ation. The existing studies are mainly divided into two parts: one idea is to take carbon
emissions as constraints of the IES planning model [23]; another idea is to incorporate
carbon emissions into the objective function [24–26]. Specifically, in [23], the carbon peak,
carbon neutrality and carbon quota constraints were introduced in the multi-stage planning
model of an IES. The carbon emission benefits and environmental costs are introduced into
the optimization objectives of the IES planning model in [26].

Inspired by the existing research, this paper focuses on the low-carbon planning
problem of the integrated electricity and natural gas energy system (IEGES). Based on
the whole life-cycle analysis method, we model the carbon emissions of each component
throughout the construction, operation and recycle process of the IEGES. Meanwhile,
considering that the carbon emission right can be traded in the carbon market, a multi-
objective optimization model of IEGES is established with carbon trading cost, and the
improved ε-constraint method is employed to solve the multi-objective model. Finally,
the rationality of the proposed method is verified through MATLAB simulation from the
perspectives of the economy, carbon emissions and the utilization rate of renewable energy
(https://www.mathworks.com/products/matlab.html, accessed on 30 March 2024).

2. IEGES Modeling with Life-Cycle Carbon Emission
2.1. Structure of IEGES

Figure 1 is a schematic diagram of the IEGES, which contains the power supply and
the natural gas supply. Specifically, the electric power supply consists of a photovoltaic cell
(PV), a wind turbine (WT), a micro turbine (MT), electric storage (ES) and carbon capture
(CC), and the natural gas supply consists of gas storage (GS) and power to gas (P2G).
Correspondingly, both the electric load and the gas load are included.
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2.2. Power Models of IEGES
2.2.1. MT Model

MT can realize both the electric power supply and natural gas consumption, and its
gas–electricity conversion relationship is shown in Equation (1):

Pe
MT(t) = ηe

MTPg
MT(t)HNG/∆t (1)

where Pe
MT(t) is the electric power of MT at time t, ηe

MT is the power generation efficiency of
MT, Pg

MT(t) is the gas consumption of MT in m3/h and HNG is the calorific value of natural
gas in kWh/m3.

2.2.2. ES Model

In this study, the electricity battery is adopted as the ES system, and the state of charge
(SOC) of the ES system is defined as follows:

SOC(t+1) = SOC(t) +
τESPe

ES,c(t)ηES,c − (1 − τES)Pe
ES,d(t)/ηES,d

PES,N
(2)

where SOC(t) is the SOC of the ES system at the beginning of the t-th scheduling period.
τES is a binary variable, and Pe

ES,c(t) and Pe
ES,d(t) are the charging and discharging power

of the ES system. ηES,c and ηES,d are the charging and discharging efficiencies of the ES
system. PES,N is the rated capacity of the ES system.

2.2.3. GS Model

The GS system is assumed to be a constant-capacity gas storage tank, whose capacity
is directly related to the volume and pressure of the tank. Similarly, the state of gas storage
(SGS) is illustrated as follows:

SGS(t+1) = SGS(t) +
τGSvGS,c pGS,0ηGS,c − (1 − τGS)vGS,d pGS,0/ηGS,d

VGS pGS,N
(3)

where SGS(t) is the SGS of the GS system at the beginning of the t-th scheduling period.
τGS is a binary variable, vGS,c and vGS,d are the gas storing and releasing rates of the GS
system, and ηGS,c and ηGS,d are the corresponding efficiencies. VGS and pGS,N are the rated
capacity and pressure, and pGS,0 is the storing and releasing gas pressure.

2.2.4. P2G Model

P2G is a way to realize electricity–gas conversion, which can utilize abundant wind and
photovoltaic power to generate natural gas, thus reducing the abandonment of renewable
energy. The complete P2G process mainly includes two processes, i.e., hydridization (power
to hydrogen, P2H) and methanization (hydrogen to gas, H2G), and the corresponding
conversion relationship can be calculated by Equation (4):

Pg
P2G(t) = ηe

P2Hηe
H2G

Pe
P2G(t)∆t

HNG
(4)

where Pg
P2G(t) is the gas power of P2G at time t in m3/s, and Pe

P2G(t) is the electric power
consumed by P2G at time t. ηe

P2H and ηe
H2G are the conversion efficiencies of P2H and H2G.

2.2.5. CC Model

CC can capture the pollutants generated during the operation of the IES with abundant
wind and photovoltaic power, thus reducing the carbon emissions during the operation of
the IEGES.

Vg
CC(t) = Kηe

CCPe
CC(t)∆t (5)
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where Vg
CC(t) is the carbon capture of the CC unit at time t. Pe

CC(t) is the power consumption
of the CC unit at time t and ηe

CC is the efficiency of CC unit. K is the given constant; in this
paper, the value of K is taken as 6.016 kg/kWh.

2.3. Life-Cycle Carbon Emission Analysis of IEGES

To achieve the low-carbon optimal configuration of an IEGES, the carbon emission
should be incorporated into the planning process of the IEGES. From the life-cycle planning
perspective, the carbon emissions of the IEGES not only depend on the carbon emissions
of the operation level, but are also related to the carbon emissions during the installation,
construction and recycling processes of each type of equipment. In this regard, the existing
operation-level-based method of quantifying the carbon emission of the IEGES is no longer
applicable. For example, there is almost no carbon emission during the operation of WT
and PV units, but carbon emissions will be generated during the installation, construction
and recycling process. Similarly, the production and recycling procedure of the ES system
would generate significant carbon emissions. Thus, it is necessary to integrate the life-
cycle carbon emissions into the optimal configuration of the IEGES. Moreover, from the
economics perspective, in this study, the IEGES is considered to participate in carbon
market trading to determine the purchasing or selling of carbon emissions based on the
actual carbon emissions of the IEGES and the allocated carbon emissions, thereby realizing
the economic operation of the system.

2.4. Carbon Emission Models of IEGES

Focusing on each component of the IEGES, the carbon emissions are divided into
two aspects, i.e., the direct carbon emissions and the indirect carbon emissions. Therefore,
the life-cycle carbon emission models of each component are established as follows.

2.4.1. Carbon Emission Models of MT and P2G

Vi = Vi,d + Vi,ind = eiEi + ei,eqEi, i ∈ {MT, P2G} (6)

where Vi,d and Vi,ind are the equivalent annual values of direct and indirect carbon emis-
sions for the whole life cycle of the component i, respectively; Ei is the annual electricity
generation of component i (annual electricity consumption for P2G); and ei is the carbon
emission factor of component i in kg/kWh. Note that in this study, the indirect carbon
emission Vi,ind mainly includes the carbon emissions of component i in the processes of
installation, construction and recycling, which are related to the equipment installation
conditions, recycling methods, etc., and there is no accurate quantification method yet. And
this paper adopts the equivalent carbon emission coefficients ei,eq to quantify the carbon
emissions generated in the processes of installation, construction and recycling.

2.4.2. Carbon Emission Models of WT and PV

Vi = Vi,d + Vi,ind = ei,eqEi, i ∈ {WT, PV} (7)

For WT and PV, there is approximately no carbon emission during their operation
process, so the direct carbon emission is assumed to be zero. Considering the indirect
carbon emissions of WT and PV in the processes of installation, construction and recycling,
the equivalent carbon emission coefficients eWT,eq and ePV,eq are taken to be 0.078 kg/kWh
and 0.094 kg/kWh, respectively.

2.4.3. Carbon Emission Models of ES and GS

Vi = Vi,d + Vi,ind = ei,eqEi, i ∈ {ES, GS} (8)

For ES, similar to WT and PV, although it has almost no carbon emission during
operation (i.e., Vi,d is zero), there is notable carbon emission in the installation, construction
and recycling processes, and the value of the equivalent carbon emission coefficient ei,eq
is related to the type of ES, which is taken to be 0.09 kg/kWh in this paper. As a physical
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energy storage method, GS is different from battery storage, and its indirect carbon emission
is significantly lower than that of ES, which is taken to be 0.03 kg/kWh.

2.4.4. Carbon Emission Model of Electricity Purchase

Vgrid = Vgrid,d + Vgrid,ind = egridEgrid (9)

Due to the current situation of the power supply structure in China, this paper assumes
that the purchased power from the upstream power grid is thermal power. Note that the
installation, construction and recycling processes of thermal power units are beyond the
scope of the IEGES (i.e., Vgrid,ind is zero). egrid is the carbon emission coefficient of the
power purchases from the upstream power grid, which is taken to be 0.89 kg/kWh. Egrid is
the annual purchased power of the IEGES.

2.4.5. Carbon Emission Model of CC

VCC = VCC,d + VCC,ind − Vcap = eCCECC + eCC,eqECC − ecapECC (10)

where VCC,d, VCC,ind and Vcap are the direct carbon emission, indirect carbon emission and
carbon capture of the whole life cycle of the CC, respectively, and eCC, eCC,eq and ecap are
the direct carbon emission coefficient, equivalent carbon emission coefficient and carbon
capture coefficient of the CC, respectively.

3. Low-Carbon Optimal Configuration Model of IEGES
3.1. Objective Function

In this paper, the capacities of power resources units (i.e., WT, PV), energy storage
units (i.e., ES, GS) and energy conversion units (i.e., MT, P2G and CC) in the IEGES are
taken as the decision variables, and the life-cycle carbon emissions of each equipment are
considered to establish a multi-objective optimization model considering minimizing the
annual investment operating cost f1 and minimizing the life-cycle carbon emission f2 of
the IEGES. The optimization objective function is shown as follows:min f1 = Cini + Cope

min f2 = ∑
i∈Γ

Vi
(11)

where Cini and Cope are the annual investment cost and operation cost of the IEGES,
respectively. The former mainly takes into account the equivalent annualized investment
cost, the installation and maintenance cost, and the residual value, and the latter mainly
includes the electricity purchase cost, the gas purchase cost and the carbon trading cost. Vi
is the annual carbon emission of type i defined by Equations (6)–(10), and Γ is the set of the
carbon emission types.

Cini = CRF ∑
i∈Γ1

(NiCi + Cmain,i − Crem,i)

CRF = r(1+r)Nage

(1+r)Nage−1

(12)

where Nage is the total life cycle of the IEGES. Ni, Ci, Cmain,i and Crem,i are the number of
installed i components, the unit investment cost, the annual installation and maintenance
cost of component i and t the residual value of component i. Γ1 is the set of installed
components in IEGES, including MT, P2G, WT, PV, ES, GS and CC. CRF is the capital
recovery factor. r is the discount rate.

Cope = Cpur,e + Cpur,g + Cemis (13)

Cpur,e = αpur,eEpur,e (14)

Cpur,g = αpur,gGpur,e (15)
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where Cpur,e, Cpur,g and Cemis are the electricity purchase cost, the natural gas purchase
cost and the carbon trading cost, respectively. αpur,e and Epur,e are the electricity purchase
price and the annual purchased electricity of the IEGES from the upstream power grid,
respectively. αpur,g and Epur,g are the gas purchase price and the annual purchased gas of
the IEGES, respectively.

To realize the green and low-carbon planning goal of the IEGES without harming the
enthusiasm of investors, this paper assumes that the carbon emission right of the IEGES
can be traded in the carbon market. According to the free carbon emission allowance Vfree
allocated by the regulator, if the actual carbon emission Vreal of the IEGES is greater than
Vfree, the IEGES operator needs to buy the corresponding carbon emission right from the
carbon market, and, conversely, the IEGES operator can sell the excess carbon emission
right in the carbon market. Therefore, the carbon trading cost of the IEGES can be calculated
as follows:

Cemis = αcarb(Vreal − Vfree) (16)

Vreal = ∑
i∈Γ

eiEi (17)

Vfree = δ∑
i∈Γ

Ei (18)

where αcarb is the carbon trading price, which is affected by the carbon market scales, the
carbon trading mechanism, new technology applications, etc. δ is the carbon emission
allocation per unit electricity, which is usually assigned by the government and is influenced
by the carbon emission level and the corresponding carbon reduction potential. In this
study, for simplicity, we assume αcarb and δ are the given parameters.

3.2. Constraints

The constraints of the IEGES optimal configuration model mainly include the installed
capacity constraints of the equipment, the power balance constraints, the power output con-
straints, the energy storage constraints and the renewable energy penetration constraints,
which can be shown as follows.

3.2.1. Installation Capacity Constraints

0 ≤ Ni ≤ Ni,max (19)

where Ni and Ni,max are the optimized number of i components and the corresponding
upper limit, respectively.

3.2.2. Power Balance Constraints

(1) Electrical power balance constraints:

∑
i

Pe
i (t)− Pe

P2G(t)− Pe
CC(t) + Pe

grid(t) = Pe
load(t) (20)

where Pe
i (t) is the electric power output of component i at time t, where i refers to WT,

PV, MT and ES. Pe
grid(t) is the purchased power from the upstream grid at time t, and

Pe
load(t) is the electric load at time t of the IEGES. Pe

P2G(t) and Pe
CC(t) are the electric

power outputs of P2G and CC, respectively.
(2) Gas balance constraints:

Pg
pur(t) + Pg

P2G(t) + Pg
GS(t) = Pg

load(t) (21)

where Pg
pur(t), Pg

P2G(t) and Pg
GS(t) are the purchased gas from the gas station, and the

gas output of P2G and GS at time t, respectively. Pg
load(t) is the gas demand at time t.
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3.2.3. Power Output Constraints{
Pe

i,min ≤ Pe
i (t) ≤ Pe

i,max
Pg

i,min ≤ Pg
i (t) ≤ Pg

i,max
(22)

where Pe
i,max, Pe

i,min and Pg
i,max, Pg

i,min are the upper and lower limits of the permissible
electric power outputs and gas outputs, respectively.

3.2.4. Power Ramping Constraints{
−λdown,e

i,max ∆t ≤ Pe
i (t)− Pe

i (t − 1) ≤ λ
up,e
i,max∆t

−λ
down,g
i,max ∆t ≤ Pg

i (t)− Pg
i (t − 1) ≤ λ

up,g
i,max∆t

(23)

where λ
up,e
i,max and λdown,e

i,max are the upward and downward ramping rates of the electric

power of component i, respectively, and λ
up,g
i,max and λ

down,g
i,max are the upward and downward

ramping rates of the gas power of component i, respectively.

3.2.5. Energy Storage Constraints

(1) ES-related constraints: 
0 ≤ Pe

ES,c(t) ≤ Pe,max
ES,c

0 ≤ Pe
ES,d(t) ≤ Pe,max

ES,d
SOCmin ≤ SOC(t) ≤ SOCmax

(24)

where Pe,max
ES,c and Pe,max

ES,d are the maximum charging and discharging power of the ES
system, and SOCmax and SOCmin are the upper and lower limits of the correspond-
ing SOC.

(2) GS-related constraints: 
0 ≤ Pg

GS,c(t) ≤ Pg,max
GS,c

0 ≤ Pg
GS,d(t) ≤ Pg,max

GS,d
SGSmin ≤ SGS(t) ≤ SGSmax

(25)

where Pg,max
GS,c and Pg,max

GS,d are the maximum gas storing and releasing power of the GS
system, and SGSmax and SGSmin are the upper and lower limits of the correspond-
ing SGS.

3.2.6. Renewable Energy Penetration Constraints

θ =

∑
i∈{WT,PV}

Ei

Ee
load

≥ θref (26)

where Ei is the full-year electricity generation of renewable energy i, and i is taken as WT
and PV. Ee

load is the full-year electricity load of IEGES, and θref is the given requirement.

4. Multi-Objective Model Solution
4.1. Scenario Generation Method Based on K-Means Clustering

In view of the long-term uncertainty of the renewable power outputs and the electric
load, the K-means method is adopted in this study to reduce the computational complexity
of the problem. Specifically, the K-means method is employed for clustering the wind
power, solar power and electricity load, thus obtaining the typical scenario sets SWT, SPV

and SL, and the corresponding probability sets pWT, pPV and pL, in which SL =
{

Se
L, Sg

L

}
.

Assuming that the above three are independent of each other, the typical scenario S and the
corresponding probability ps can be calculated as follows:

S = SWT × SPV × SL (27)
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ps = pWT,i × pPV,j × pL,l (28)

where pWT,i ∈ pWT, pPV,i ∈ pPV and pL,l ∈ pL. Then, the original multi-objective optimiza-
tion problem defined by Equation (11) can be transformed as follows:

min f1 = Cini +E(Cope)

min f2 = E
(

∑
i∈Γ

Vi

)
E(Cope) =

S
∑
s

ps(Cs
pur,e + Cs

pur,g + Cs
emis)

E( ∑
i∈Γ

Vi) =
S
∑
s

∑
i∈Γ

psVs
i

(29)

where E(·) indicates the calculation of the mathematical expectation.

4.2. Multi-Objective Model Transformation with Improved ε-Constraint

For simplicity, Equation (29) can be expressed in a generalized manner as shown
in Equation (30). Then, taking objective f1 as the reference objective, the objective f2 is
regarded as a constraint; thus, Equation (30) can be transformed through the ε-constraint
method as shown in Equation (31).{

min F = { f1(x), f2(x)}
s.t. x ∈ Ω

(30)
min F = f1(x)
s.t. f2(x) ≤ ε

x ∈ Ω

(31)

where x is the decision vector, Ω is the feasible domain of the decision vector x and ε is a
given parameter. For each Pareto solution x* of the multi-objective optimization problem
defined by Equation (30), there exists a parameter ε such that x* is the optimal solution
of Equation (31). Therefore, the set of Pareto solutions of the original multi-objective
optimization problem can be obtained by choosing different values of ε.

For the ε-constraint method, the key lies in the selection of the parameter ε, which
may lead to the infeasibility of Equation (31) if the value is too small, and result in the
deterioration of objective f 2 if it is too large. Moreover, it is also necessary to consider the
uniformity of the distribution of the obtained Pareto solution set to avoid the distribution of
the obtained solutions being too concentrated. In this paper, the polynomial-fitting-based
method is used to improve the original ε-constraint method to improve the uniformity
problem of the Pareto frontier solutions. The specific solution process is as follows:

• The fixed-step method is used to select ε and obtain the corresponding objective sets
f1 and f2.

• Taking the obtained objective f2 as the set of independent variables and f1 as the set of
dependent variables, then the polynomial fitting method is adopted to obtain f ∗1 .

f ∗1 = g( f2)= a0 + a1 f2 + a2 f 2
2 + · · ·+ an f n

2 (32)

• Solving the optimal problem defined by Equation (33) to obtain the final ε.
min ∆D =

dL+dR+
Np−1

∑
j=1

|dj−dave|
dL+dR+(Np−1)dave

s.t. f1,min ≤ f ∗1,i ≤ f1,max

f2,min ≤ f ∗2,i ≤ f2,max

(33)



Processes 2024, 12, 845 9 of 16

where ∆D denotes the uniformity index of the Pareto frontier, dj is the Euclidean
distance between two neighboring points in set (f 2*, f 1*), dave is the average value and
Np is the number of point pairs in set (f 2*, f 1*). dL and dD are the Euclidean distances
between the left and right endpoints of the obtained point set and the corresponding
left and right ideal points, respectively. f1,max, f1,min and f2,max, f2,min are the upper
and lower limits of the objectives f 1 and f 2, respectively.

4.3. Optimal Pareto Solution Based on Fuzzy Entropy Weight Method and Fuzzy Affiliation Degree

For the obtained Pareto solution set of the multi-objective optimization problem, the
fuzzy entropy weight method and fuzzy affiliation degree method are adopted to rank the
obtained Pareto solutions, and the solution with the maximum ranking value is selected as
the final optimal solution. The specific solution steps are shown as follows:

• Take the vector of preferences for different objective functions, ωP = (ω1
P, ω2

P, . . .,
ωn

P), which satisfies ω1
P + ω2

P + . . . + ωn
P = 1, where n is the number of objective

functions, and n = 2 in this paper.
• Construct the decision matrix Dm×n, and m is the number of Pareto solutions. di,j is the

value of the i-th Pareto solution at the j-th objective function: i = 1,2,. . .,m; j = 1,2,. . .,n.
• The dominance matrix Mm×n is constructed and normalized to obtain Gm×n.

mi,j =
min

i
bi,j

bi,j
(34)

gi,j =
bi,j

∑
i

bi,j
(35)

• Calculate the entropy weight ωH = (ω1
H, ω2

H, . . ., ωn
H).

Hj = − 1
ln m

(
m

∑
i=1

gi,j ln gi,j

)
(36)

ωH
j =

1 − Hj
n
∑

j=1

(
1 − Hj

) (37)

• Calculate the fuzzy entropy weights χ.

ωj =
ωP

j ωH
j

n
∑

j=1
ωP

j ωH
j

(38)

• Construct the fuzzy affiliation matrix Rm×n.

ri,j =
max

i
bi,j − bi,j

max
i

bi,j − min
i

bi,j
(39)

• Calculate the combined ranking vector Wm×1 = Rm×n(ω1×n)T, and select the solution
with the largest value of W as the optimal solution.

wi =
n

∑
j=1

ri,j · ωj (40)
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5. Simulation Analysis
5.1. Basic Data

In this study, the capacities of WT, MT, PV, ES, GS, P2G and CC in the IEGES are
the variables, and the cost parameters of each type of equipment are obtained from ref-
erences [27,28]. The relevant operating parameters are shown in Table 1. The annual
wind speed, solar intensity as well as the electricity and gas loads on a typical day are
derived from the actual operation data from Hebei Province, China, which are shown
in Figures 2 and 3. Moreover, the K-means clustering method is adopted to reduce the
computational complexity of the planning problem by clustering the 8760 h time-series
curves into several typical daily curves. Specifically, the power output curves and the
corresponding probability of the typical scenario are shown in Figure 4 (taking electricity
load as an example). Note that in this study, we set the number of clusters to 4, and it
is clear that the different clusters of electric load curves have similar shapes (which are
determined by the inherent electricity consumption behavior), but differ significantly in
their magnitude, e.g., the peak load of cluster 1 is nearly three times greater than that of
cluster 4.

Table 1. Related operating parameters of IEGES.

Parameters Value Parameters Value

eMT 450 g·kWh−1 eMT,eq 150 g·kWh−1

eP2G 0 eP2G,eq 150 g·kWh−1

eWT 0 eWT,eq 78 g·kWh−1

ePV 0 ePV,eq 94 g·kWh−1

eES 0 eES,eq 90 g·kWh−1

eGS 0 eGS,eq 30 g·kWh−1

eCC 0 eCC,eq 130 g·kWh−1

egrid 0 egrid,eq 890 g·kWh−1

ecap 6016 g·kWh−1 αpur,e 0.55 ¥/kWh
αemis 50 ¥/t αpur,g 2.5 ¥/Nm3
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5.2. Case Setup

To analyze the role of CC and P2G in reducing IEGES carbon emissions, improving WT
and PV utilization and verifying the reasonableness of the optimized configuration method
proposed in this paper, the following three scenarios are designed for comparative analysis:
Scheme 1: All the components are considered, i.e., WT, PV, MT, ES, GS, P2G and CC.
Scheme 2: CC is not considered.
Scheme 3: P2G and CC are not considered.
Scheme 4: Compared with scheme 1, only operational carbon emissions are considered.

Note that in this study, the renewable energy utilization is defined as follows:

ui =
Ei,real

Ei,max
, i ∈ {WT, PV} (41)

where Ei,real and Ei,max are the annual actual power output and annual available
output, respectively.

5.3. Simulation Results

Let the renewable energy penetration rate requirement θref = 50%, take the annual
investment and operation cost f 1 and carbon emission f 2 of the IEGES as the optimization
objectives to solve scheme 1, and obtain the Pareto sets as shown in Figure 5. From the
figure, it can be seen that the IEGES cost f 1 and carbon emissions f 2 are obviously negatively
correlated, and a decrease in cost f 1 will inevitably lead to an increase in carbon emissions
f 2, and vice versa, and the simulation results are in line with reality. Among them, ε is
obtained through the fixed-step method in Figure 5a and obtained by polynomial fitting in
Figure 5b. Comparing the two, it can be concluded that the proposed method has a positive
effect on improving the characteristics of the distribution of the Pareto front.
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Taking ωP = (0.5, 0.5) and the number of Pareto solutions m = 13, the fuzzy entropy
weight method and fuzzy affiliation degree method are used to find the optimal solution
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among the obtained Pareto solutions. The optimization results of the four schemes are
obtained as shown in Table 2, and the specific configuration results are shown in Table 3.
As can be seen from Table 2, the optimal results of f 2 in all schemes are the same, this is
because the improved ε-constraint is adopted in this study to convert the proposed multi-
objective model into a single-objective model (as shown in Section 3.2). For comparisons of
different schemes, the same ε is selected for all schemes. Thus, the optimal results shown
in Table 2 are reasonable. Specifically, scheme 1 has the smallest annual investment and
operating cost, which is CNY 2.2593 × 107. Although the renewable energy penetration
(i.e., θ) of scheme 2 and scheme 3 is greater than that of scheme 1, the renewable energy
utilization (i.e., u) is much lower than that of scheme 1, which is only 57.84% and 46.03%
of the available amounts. This is because scheme 2 and scheme 3 are configured with a
large number of WT and PV units to reduce the IEGES carbon emissions when the carbon
emissions f 2 are given. According to Table 3, moreover, the renewable energy installation
of scheme 2 and scheme 3 is 2.1 and 2.2 times larger than that of scheme 1, respectively,
which leads to the case that a large amount of renewable energy is abandoned, whereas
scheme 1 improves the utilization of renewable energy to a large extent by configuring
150 kW of CC and 200 kW of P2G. Moreover, it can be seen that although the annual cost
of scheme 4 is lower than that of scheme 1, both the renewable energy penetration and
the renewable energy utilization of scheme 4 are much worse. This is because in scheme
4, only the operational carbon emission is considered, the WT and PV units are regarded
as zero-carbon resources; thus, more WT and PV units (i.e., 1.33 times greater than the
renewable energy capacities of scheme 1 as shown in Table 3) are configured to reduce the
IEGES carbon emissions, which directly deteriorated the renewable energy penetration
index and the renewable energy utilization index of the IEGES system.

Table 2. Comparison of optimization results of different schemes.

Comparison f 1/×107 CNY f 2/×105 kg θ u

Scheme 1 2.2593 7 0.6496 0.8384
Scheme 2 2.5737 7 0.7105 0.5784
Scheme 3 2.6783 7 0.76 0.4603
Scheme 4 2.1947 7 0.7233 0.6472

Table 3. Optimal configuration results of different schemes.

Comparison WT/kW PV/kW MT/kW ES/kWh GS/Nm3 P2G/kW CC/kW

Scheme 1 1150 900 600 700 10 200 150
Scheme 2 3400 900 300 1200 30 480 /
Scheme 3 3480 1000 300 1300 0 / /
Scheme 4 1780 950 500 850 15 250 60

Based on the wind power, solar power, electric load and gas load data, the optimized
power outputs of IEGES under different typical days are shown in Figure 6. Taking
scenario 4 as an example, we can find that during the 00:00~15:00 time period, the WT
and PV outputs are greater than the electric load, and the surplus power in this period
is balanced by ES, P2G and CC. Specifically, P2G is put into operation to consume wind
power in the time period 02:00~04:00 and the time period 11:00~15:00; correspondingly,
P2G generates natural gas in these time periods, which facilitates the consumption of wind
power. Similarly, CC is put into operation in the 11:00~15:00 time period, which improves
the utilization of renewable energy. During the time period 19:00~24:00, there is no wind
and no solar, the electricity load is balanced by ES and MT and power is purchased from the
power grid. For the gas balance, although the gas demand increases at these time periods,
the gas purchase does not increase, which is mainly due to the gas storage.
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5.4. Analysis of the Impact of Carbon Trading Price on Optimization Results

In the simulation in this paper, it is assumed that the carbon trading price αcarb is fixed.
In practice, the carbon trading price will fluctuate; thus, the trend of carbon emissions with
carbon trading price under different schemes is presented in Figure 7. When the carbon
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trading price changes in the range of 30~40 CNY/t, the carbon emissions of the three
schemes are at the upper limit due to the low penalty cost of carbon emissions. With the
rise in carbon trading price, the penalty cost of carbon emissions increases accordingly, and
the carbon emissions under scheme 1 are significantly reduced while the carbon emissions
for scheme 2 and scheme 3 show a small decrease, which demonstrates that the proposed
scheme can reduce carbon emissions effectively.
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6. Conclusions

This paper focuses on the low-carbon planning problem of the IEGES. The life-cycle
carbon emission models of each component in the IEGES are established, and a multi-
objective optimal configuration model considering minimizing carbon emissions and
minimizing the annual investment and operation costs is proposed. Through the numerical
analysis, the following conclusions are obtained:

(1) For the established multi-objective optimal configuration model, an optimal Pareto
solution approach based on the fuzzy entropy weight method and the fuzzy affiliation
degree is proposed. By comparing it with the existing fixed-step method, it is clear
that the proposed method with polynomial fitting has a positive effect on improving
the uniformity of the distribution of Pareto frontier solutions.

(2) By comparing the three configuration schemes, it is obtained that the configuration of
P2G and CC has a significant effect on the carbon emission reductions and renewable
energy utilization of the IEGES. Moreover, the consideration of life-cycle carbon
emissions makes the planning results more realistic compared with the scheme in
which only the operational carbon emissions are considered.

(3) In this study, the carbon trading price is critical to the planning results. By analyzing
the effect of carbon trading price on the optimization results, it is obtained that
the IEGES can reduce the carbon emission of the system remarkably through the
introduction of the carbon trading mechanism.

Note that in this study, we assume that the carbon trading price is fixed, but in
practice, the carbon trading price is affected by the carbon market scales, the carbon
trading mechanism, new technology applications, etc. Moreover, for the modelling of
life-cycle carbon emissions, the evolutionary patterns of the life-cycle carbon emissions
are not included. In the context of the growing penetration of renewable energy and
the decreasing carbon emissions in construction and recycling process, the evolutionary
patterns of the life-cycle carbon emissions will bring significant impacts on the optimization
results. Thus, future work will take carbon trading and the evolutionary patterns of the
life-cycle carbon emissions and their impacts into consideration. Moreover, from the
practical application perspective, the extended implementation of the proposed multi-
objective optimal allocation method in specific scenarios (e.g., comprehensive buildings
and microgrids) will be further investigated.
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Nomenclature

Abbreviations
IES Integrated Energy System
IEGES Integrated Electricity and Natural Gas Energy System
PV Photovoltaic
WT Wind Turbine
MT Micro Turbine
ES Electric Storage
CC Carbon Capture
GS Gas Storage
P2G Power to Gas
SOC State of Charge
SGS State of Gas Storage
P2H Power to Hydrogen
H2G Hydrogen to Gas
Indexes and Sets
i Component index in IEGES
t Time index
Parameters
HNG Calorific value of natural gas
ηES,c/ηES,d Charging and discharging efficiency of the ES system
ηGS,c/ηGS,d Gas storing and releasing efficiencies of the GS system
ηe

CC Power efficiency of CC unit
Nage Total life cycle of IEGES
Γ1 Set of installed components in IEGES
CRF Capital recovery factor
Variables
Ni Optimized number of i components in IEGES
Pe

i (t) Electric power output of component i at time t
Pe

grid(t) Purchased power from the upstream grid at time t
Pe

P2G(t) Electric power outputs of P2G at time t
Pe

CC(t) Electric power outputs of CC at time t
Pg

pur(t) Purchased gas from the gas station at time t
Pg

P2G(t) Gas output of P2G at time t
Pg

GS(t) Gas output of GS at time t
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