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Abstract This paper develops a many-objective opti-

mization model, which contains objectives representing the

interests of the electricity and gas networks, as well as the

distributed district heating and cooling units, to coordinate

the benefits of all parties participated in the integrated

energy system (IES). In order to solve the many-objective

optimization model efficiently, an improved objective

reduction (IOR) approach is proposed, aiming at acquiring

the smallest set of objectives. The IOR approach utilizes

the Spearman’s rank correlation coefficient to measure the

relationship between objectives based on the Pareto-opti-

mal front captured by the multi-objective group search

optimizer with adaptive covariance and Lévy flights algo-

rithm, and adopts various strategies to reduce the number

of objectives gradually. Simulation studies are conducted

on an IES consisting of a modified IEEE 30-bus electricity

network and a 15-node gas network. The results show that

the many-objective optimization problem is transformed

into a bi-objective formulation by the IOR. Furthermore,

our approach improves the overall quality of dispatch

solutions and alleviates the decision making burden.

Keywords Integrated energy system, Gas network,

Electricity network, Many-objective optimization,

Objective reduction

1 Introduction

In recent years, the demand for energy resources is

increasing with the development of many sectors in soci-

ety, such as the modern agriculture and irrigation systems

[1]. Due to the low fuel cost, environment friendliness, and

the fast response generating capacity of the gas-fired gen-

erator [2], an increasing proportion of the total power

production is generated by gas-fired generators. According

to the World Energy Outlook 2010 [3], the worldwide

demand for natural gas in the power sector in 2008 was

4303 TWh, and this amount is projected to rise to 7600

TWh by 2035, leading to the ever-increasing synergies

between the gas network and electricity network. More

importantly, with the development of distributed renewable

resources and district energy demand [4], the intercon-

nections between the gas network and electricity network

extend from the gas-fired generators to various types of

connectivity nodes, such as distributed heating and cooling

loads [5], combined heating and power [6]. For the highly

interdependency between the two energy supply networks,

the natural gas transmission could have influence on the

power transmission from the perspectives of economics

and security, and vice versa [7, 8]. Therefore, it is wise to

treat the gas network and electricity network

coordinately.
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Extensive research has been conducted on the coordi-

nated planning and operation of the integrated electricity

and gas network. A multi-objective optimization for com-

bined gas and electricity network expansion planning was

presented in [9]. The objectives were to minimize both

investment cost and production cost of the combined sys-

tem while taking into account the N � 1 network security

criterion. The coordinated scheduling of electricity and gas

network was described as a bi-level programming formu-

lation in [10]. The objective of the upper-level problem is

to minimize the operating cost of electricity network while

the scheduling optimization problem of gas network is

embedded within the lower-level problem. In [11], an

interval optimization based operating strategy for gas-

electricity integrated energy systems was proposed con-

sidering demand response and wind uncertainty. In most of

the previous research, only the gas-fired generator has been

considered as the linkage between the electricity network

and gas network. Reference [12] proposed the model of an

integrated energy system (IES) with electricity network,

gas network, and district heating and cooling units (DHCs)

embedded, in which both the gas-fired generators and

DHCs are regarded as the interconnections of the elec-

tricity network and gas network. Then a coordinate

scheduling strategy was utilized to optimize conflicting

benefits of the two networks. The simulation results veri-

fied that the coordinate scheduling strategy can obtain

better solutions of the power generation cost and gas sup-

ply cost compared with the single objective optimization

method.

Although [9, 12] adopted the multi-objective optimiza-

tion model to tackle the planning and operation problems

of the integrated electricity and gas network, only the costs

of the two networks were taken into consideration from the

economic point of view. The power system dispatch

problem minimizing the emissions and fuel cost simulta-

neously is referred as environmental/economic dispatch

(EED), and it has attracted much attention of researchers to

settle this issue [13, 14]. Therefore, the emissions of pol-

luting gases are also worth being optimized from the per-

spective of environmental protection. In the meanwhile,

natural gas transmission could affect the security of power

transmission. The optimal dispatch of an IES is modeled as

a many-objective problem (MaOP) after taking all the

above factors into consideration, which is classified as a

special paradigm of multi-objective optimization problem

with more than three objectives [15, 16].

This paper proposes a many-objective optimization

model for the coordinated optimal dispatch of an IES. The

proposed model contains objectives representing the

interests of the electricity network, the gas network and

DHCs, as well as the environmental protection and system

security, to coordinate the benefits of different parties.

Although [17] has taken many objectives into considera-

tion, it also only selected two objectives, the costs of the

power system and DHCs, for optimization and regarded the

rest attributes as the multiple criteria for decision making.

Strictly speaking, this handling method dose not belong to

the area of many-objective optimization, so the technical

distinction between them would be significant.

The existing multi-objective evolutionary algorithms

(MOEAs) have shown their capacity in optimizing the

problems with few objectives (about three or so), however,

their performance reduces exponentially in regard of opti-

mizing the MaOPs [18]. For one thing, the selection of

Pareto-based non-dominated solutions becomes ineffective

as the majority of the solutions are non-comparable. For

another, it would be difficult to visualize a large dimen-

sional Pareto-optimal front and the decision making task

would be arduous since there is a large number of non-

dominated solutions to choose. To overcome the difficul-

ties in tackling MaOPs, the authors in [19] proposed an

improved a-dominance strategy to improve the discrimi-

nation between solutions, but its performance is still not

satisfactory. Reference [20] transformed MaOPs into sev-

eral single-objective optimization problems by aggregation

functions with a series of weight vectors, but its perfor-

mance on MaOPs with highly correlated objectives is

modest. An objective reduction approach was proposed in

[21] to select the most conflicting objectives during the

execution of MOEAs, and simulation results showed that

this approach improved the performance of Pareto-based

MOEAs significantly. However, this objective reduction

approach might be ineffective for MaOPs without redun-

dant objectives. In [22], the concept of aggregation tree

was introduced for visualization and dimension reduction

in many-objective optimization, and it also presented

strategies that the decision maker can use to acquire better

solutions. Reference [23] applied the aggregation tree to

solve a real-word MaOP, the interior permanent magnet

motor design problem, providing directions for an

informed choice of objectives in the design problem. The

main disadvantage of this approach is that it always

chooses the two most harmonious objectives in a greedy

fashion, which might not lead to the best combination of

objectives.

To obtain an objective set with fewer number and better

optimization results, this paper proposes an improved

objective reduction (IOR) approach for MaOPs. This

approach employs the Spearman’s rank correlation coeffi-

cient [24] to measure the correlation degrees of objectives,

and implements various strategies to reduce the number of

objectives. An automatic objective aggregation procedure

is first applied to sum up the harmonious objectives into a

single new compound objective. Secondly, the objectives

whose values vary within small ranges during the
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optimization process are transformed into constraints.

Thirdly, the objective that conflicts with other objectives

mostly is removed to promote the overall performance.

Lastly, the remaining objectives are divided into two

conflicting groups based on their Spearman’s rank corre-

lation coefficients.

The novelty of this paper lies in that it develops a

many-objective optimization model which contains

objectives representing the interests of different parties in

an IES. Compared with the previous works that only

consider two or three objectives, this model has a wider

index coverage and is closer to the reality. Furthermore,

this paper proposes a novel objective reduction approach

named IOR to tackle the many-objective optimization

model, in which the relationships among the many

objectives are quantitatively analyzed and a specific

reduced formulation of the original MaOP can be defined

via various strategies.

2 Integrated energy system modeling

2.1 System description

An IES with electricity network, gas network, and

DHCs embedded [12] is illustrated in Fig. 1. The system

includes the electricity supply system, electricity trans-

mission system, electricity load, gas supply system, gas

transmission system, gas-fired generator, gas load, heating

and cooling load. The electricity network and gas network

are closely interconnected by the gas-fired generator which

can convert natural gas into electricity power for electricity

network, and the distributed DHC which consumes both

the electricity power and natural gas to serve its heating

and cooling load.

The dispatch problem of an IES studied in this paper

conducts in 1-hour interval [10–12, 25]. In order to com-

promise the competing benefits of the electricity network,

gas network, and distributed DHCs, the power trade-offs

among them are investigated in detail by means of

optimizing the selected objectives simultaneously. The

objective of gas network is its operation profit, while the

operation cost of DHCs is treated as an objective. Both of

these two objectives are selected from the economic

viewpoint. As the main network included in the IES, the

electricity network chooses the fuel cost, power loss, NOx

emission, SO2 emission, voltage deviation, and voltage

stability as the objectives to represent its economic, envi-

ronmental, and reliable benefits. Therefore, the dispatch

problem of an IES is modeled as a MaOP, which is for-

mulated in detail in the following sections.

2.2 Modelling of gas network

Generally, the gas network consists of gas wells, gas

pipelines, gas compressors, interconnection points, gas

storage stations and gas loads [26]. Natural gas is injected

from gas wells and flows through pipelines, and then

delivered to the gas loads. The gas compressors are

installed to compensate the pressure loss due to the friction

of pipelines. The gas storage stations, which provide a

buffer to coordinate the usage of gas during multiple

periods, are not taken into consideration in this paper.

2.2.1 Operation profit

The objective of the gas network is to maximum its

operation profit, that is, the total benefit of gas consumption

minus the sum of gas production cost, which can be

depicted as follows:

Fgas ¼
X

d

kdQd �
X

w

kwQw ð1Þ

where kd and Qd are the gas price and gas consumption of

gas load d; kw and Qw are the gas price and gas production

of gas well w, respectively.

2.2.2 Constraints

At each node of the gas network, the nodal gas flow

balance must be satisfied to assure that the sum of the gas

injection to a node is equal to zero, that is:

Qi þ
X

n2i
fni �

X

m2i
fim �

X

j

GijQcðHjÞ ¼ 0 ð2Þ

where Qi is the net gas injection at node i, including the

positive injection of gas suppliers and the negative

injection of gas loads; n 2 i means that node n is

adjacent to node i, fni is the gas injection from the

upstream node n, and fim is the gas output to the

downstream node m; Hj represents the horsepower of

compressor j; QcðHjÞ is the corresponding gas consumption

of compressor j, which is expressed as:

Heating and 
cooling load

Electricity 
load

Electricity
supply

Gas loadGas
supply

Gas-fired
generator DHC

Fig. 1 Framework of an IES with electricity network, gas network

and DHCs embedded
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QcðHjÞ ¼ acjH
2
j þ bcjHj þ ccj ð3Þ

where acj, bcj and ccj are the coefficients of the gas con-

sumption of compressor j; Gij ¼ 1 if QcðHjÞ is supplied by

gas node i.

In this paper, the gas loads include the gas-fired gener-

ators and distributed DHCs, along with the regular gas

loads. The gas loads can be regarded as negative gas

injections at the gas load nodes. Among them, the gas

consumption of the gas-fired unit is determined by its

hourly power generation dispatch of the electricity net-

work, which is calculated as [25]:

QGUi ¼ ai þ biPGUi þ ciP
2
GUi ð4Þ

where ai, bi and ci are the gas consumption function

coefficients of gas-fired unit i; PGUi is the power generation

of gas-fired unit i, which is treated as a control variable in

this paper.

The gas flow from node m to node n, fmn (kcf/hr) is

computed as:

fmn ¼ sgnðpm;pnÞCmn

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi��p2m � p2n
��

q
ð5Þ

where pm and pn are the pressures at nodes m and

n respectively; sgnðpm; pnÞ ¼ 1 if ðp2m � p2nÞ[ 0 and

sgnðpm; pnÞ ¼ �1 if ðp2m � p2nÞ\0; Cmn is a constant

related to the physical characteristic of each pipeline,

which is given by:

Cmn ¼ 3:2387
T0

p0

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
D5

mn

LmnGZaTa
mnFmn

s
ð6Þ

where T0 is the standard temperature, 520 �R; p0 is the base
pressure, 14.65 psia;Dmn is the inner diameter of the pipeline

between nodes m and n, inch; Lmnis the length of pipeline

between nodes m and n, mile; G is the gas specific gravity,

0.6; Za is the average gas compressibility factor; Ta
mn is the

average gas temperature; Fmn is the friction factor of the

pipeline and can be given as a function of Dmn [27]:

Fmn ¼
0:032

D
1=3
mn

ð7Þ

During the long transmission distance of gas in pipe-lines,

the gas compressors are installed to compensate the loss of

pressure due to the friction of pipelines. The gas flow from

node m to node n through the compressor j, fmn, is

mathematically expressed as [11]:

fmn ¼ sgnðpm;pnÞ
Hj

k2j � k1jR
a
j

ð8Þ

where k1j, k2j, a are empirical parameters related to the

compressor characteristics; Rj ¼ maxðpm;pnÞ
minðpm;pnÞ is the compres-

sion ratio of compressor j.

The inequality constraints of gas network are derived

from the limits of gas wells’ capacities, the compressors’

horsepower, compression ratios, and the nodal pressure

constraints, which are summarized as:

Qmin
w �Qw �Qmax

w ð9Þ

Hmin
j �Hj �Hmax

j ð10Þ

Rmin
j �Rj �Rmax

j ð11Þ

pmin
k � pk � pmax

k ð12Þ

2.3 Modelling of DHC

A schematic diagram of the DHC unit [17] is illustrated

in Fig. 2. As shown in the figure, the DHC unit consists of

four kinds of energy resources: electricity power, wind

power, natural gas, and solar radiation, which are utilized

by the energy conversion facilities to serve the heating and

cooling loads located in a residential area.

The optimal operation of the DHC refers to the mini-

mization of the operation cost which consists of the cost of

purchasing electric power from the electricity network and

purchasing natural gas from the gas network. In this paper,

the power trade-off Pele between the electricity network

and the DHC is regarded as a control variable.

2.3.1 Operation cost

As stated previously, the objective of DHCs is to min-

imize the total operation cost, which can be depicted as

follows:

Fdhc ¼
XNDHC

i

�
Celei þ Cgi

�

¼
XNDHC

i

�
1000celePelei þ 3600cgBgi

�
ð13Þ

where NDHC is the number of DHCs; cele ($/kWh) is the

electricity tariff rate of purchasing power from the elec-

tricity network Pele (MW); cg ($/m3) is the unit price of

Absorption
chiller

Gas-fired 
boiler

Electric 
water boiler

Solar 
water heater

Solar radiation

Reciprocating
chiller

Natural gas

Cooling 
load

Heating 
load

Wind power

Fig. 2 Schematic diagram of DHC unit
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natural gas Bg (m
3/s). The coefficient ‘1000’ and ‘3600’ in

(13) is caused by the unit conversion.

2.3.2 Constraints

The operating constraints of the DHCs include equality

and inequality constraints. The equality constraint, listed in

(14) is derived from power balance.

Ph1 þ Ph2 þ Ph3 þ Pc1 þ Pc2 ¼ Pload ð14Þ

where Ph1 is the sum of the electricity power and wind

power, g1ðPele þ PWGÞ; Ph2 is equal to g2qgBg; Ph3 is the

output of the solar water heater which converts its power

input NcolAcHT into heat production with the efficiency rate

gc of the solar collector; Pc1 is the cooling output of the

reciprocating chiller, while Pc2 is the cooling output of the

absorption chiller. In addition, Pload is the sum of heating

loads and cooling loads.

The inequality constraints are derived from the limits of

heat unit capacity, heat charge, discharge rate, and the

limits of chillers’ cooling capacities, which are summa-

rized as:

Pmin
h1 �Ph1 �Pmax

h1 ð15Þ

Pmin
h2 �Ph2 �Pmax

h2 ð16Þ

Pmin
h3 �Ph3 �Pmax

h3 ð17Þ

Pmin
c1 �Pc1 �Pmax

c1 ð18Þ

Pmin
c2 �Pc2 �Pmax

c2 ð19Þ

2.4 Modelling of electricity network

The optimal operation of the electricity network plays a

significant role because the electricity network is the main

network included in the IES. The optimal operation is

concerned with optimizing the generation dispatch of the

distributed generators, the real power loss of each trans-

mission line, the voltage stability of each node, and the

power quality of each bus. In addition, the operation must

satisfy a set of constraints. The corresponding objectives

and constraints formulated for the model of the electricity

network are described in the following sections.

2.4.1 Fuel cost

The total fuel cost is related to the power outputs of

distributed generators, which can be mathematically mod-

elled as a quadratic function [13]:

Fele1 ¼
XNG

i

Fi ¼
XNG

i

�
aiP

2
Gi
þ biPGi

þ ci
�

ð20Þ

where NG is the number of generators; Fi is the fuel cost of

generator i; ai, bi, and ci are the corresponding coefficients.

2.4.2 Power loss

The power loss is inevitable when power flowing on the

transmission lines, and it causes economic lose. The sum of

power losses can be calculated by the following equation

[13]:

Fele2 ¼
XNTL

k

gk
�
V2
i þ V2

j � 2ViVj cosðdi � djÞ
�

ð21Þ

where NTL is the number of transmission lines, gk is the

conductance of kth line connected between ith and jth bus,

Vi, Vj, di, dj are the voltage magnitudes and phase angles of

the ith and jth bus, respectively.

2.4.3 NOx emission

The emission of NOx in (ton/h) is a function of the

generator outputs, i.e., the summation of a quadratic

function and an exponential function [13]:

Fele3 ¼
XNG

i

10�2 s0i þ s1iPGi
þ s2iP

2
Gi
þ �ie

niPGi

� 	
ð22Þ

where s0i, s1i, s2i, �i, and ni are the coefficients of the ith

generator NOx emission characteristics.

2.4.4 SO2 emission

The emission of SO2 in (ton/h) is assumed to be a

quadratic polynomial function of the power outputs of

generators [14]:

Fele4 ¼
XNG

i

10�2 s3i þ s4iPGi
þ s5iP

2
Gi

� 	
ð23Þ

where s3i, s4i, s5i are the coefficients of the ith generator

SO2 emission characteristics.

2.4.5 Voltage deviation

As bus voltage is one of the most important power

quality and security indices for electricity network opera-

tion, the sum of the voltage deviations between each load

bus voltage magnitude Vj and the referenced voltage

magnitude Vref is usually treated as an objective [28]:

Fele5 ¼
XNB

j

jVj � Vref j ð24Þ
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2.4.6 Voltage stability

This objective is to maintain the voltage stability and

move the system far away from the voltage collapse point.

This can be achieved by minimizing the maximum voltage

stability indicator and this objective can be expressed as [17]:

Fele6 ¼ max
j2NL

 
1�

XNG

i

Fji

Vi

Vj

!
ð25Þ

where matrix F is depicted by:

F ¼ �Y�1
LLYLG ð26Þ

where YLL and YLG are the submatrices of the Jacobian

matrix. YLL consists of the admittance elements between

load nodes while YLG consists of those between load nodes

and generator nodes.

2.4.7 Constraints

The optimal operation of the electricity network must

satisfy a variety of constraints from the viewpoint of power

balance and reliable operation. The equality constraints are

the balance limits of active and reactive power described

by a set of non-linear power flow equations as follows:

PGi
� PDi

� Vi

XN

j¼1

VjðGij cos hij þ Bij sin hijÞ ¼ 0 ð27Þ

QGi
�QDi

�Vi

XN

j¼1

VjðGij sinhij �Bij coshijÞ ¼ 0 ð28Þ

Apart from equality constraints, there is also a set of

inequality constraints associated with the distributed

generators, transformers, shunt compensators, and

transmission lines, respectively. The corresponding limits

of active power, reactive power, and voltage of generators

are given by:

Pmin
Gi

�PGi
�Pmax

Gi
ð29Þ

Qmin
Gi

�QGi
�Qmax

Gi
ð30Þ

Vmin
Gi

�VGi
�Vmax

Gi
ð31Þ

In addition, the constraints of transformers, shunt

compensators, and transmission lines are given as follows:

Tmin
m � Tm � Tmax

m ð32Þ

Qmin
Cn

�QCn
�Qmax

Cn
ð33Þ

Vmin
Li

�VLi
�Vmax

Li
ð34Þ

jSLi
j � Smax

Li
ð35Þ

3 Optimal coordinated operation of IES

The optimal coordinated operation of an IES consisting

of gas network and distributed DHCs interconnected via

the electricity network is formulated as a MaOP mathe-

matically. As mentioned in above section, the objective

function of the many-objective optimization model for-

mulated for the IES considering the benefits of all parties is

given by:

min ð�Fgas;Fdhc;Fele1;Fele2;Fele3;Fele4;Fele5;Fele6Þ ð36Þ

where the operation profit of gas network Fgas is converted

into �Fgas since it is a maximum optimization problem.

In this paper, we suppose the electricity network and gas

network are held by different companies. Therefore,

although �Fgas, Fdhc and Fele1 all belong to economical

objectives, they are treated as separate objectives since

they stand for the benefits of different parties. And the

three objectives are normalized to keep the economical

objectives in basically the same number scale. Further-

more, the fuel cost Fele1 and power loss Fele2 are also

treated separately for the following two reasons. For one

thing, the multi-objective optimization of optimal power

flow has treated the fuel cost and power loss separately to

optimize the power system comprehensively and obtain the

compromise solutions, according to [13, 29]. For the other,

although the two objectives are both economic factors, they

might represent the benefits of different companies. For

example, in China the power station concerns the mini-

mization of fuel cost whereas the power grid company

wants to minimize the power loss. Therefore, it is more

reasonable to formulate these two objectives separately to

coordinate the interests of different parties.

Moreover, the optimization problem must satisfy vari-

ous of constraints aforementioned to maintain the reliable

operation of the IES, which are summarized as follows:

1) Gas network constraints: (2)–(12).

2) DHCs constraints: (14)–(19).

3) Electricity network constraints: (27)–(35).

The IES dispatch problem formulated is a complex

MaOP addressed with inequality constraints and non-linear

equality constraints. In [12, 17], the efficiency of multi-

objective group search optimizer with adaptive covariance

and Lévy flights (MGSO-ACL) algorithm has been verified

for the multi-objective optimization problems with two

objectives. However, the MGSO-ACL has not been tested

on problems with more than three objectives, that is, the

MaOPs. To further investigate its performance, the MGSO-

ACL is employed to tackle the many-objective optimiza-

tion model in this paper.
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3.1 Many-objective optimization

3.1.1 Multi-objective group search optimizer with adaptive

covariance and Lévy flights

The individuals of MGSO-ACL are classified into three

types, the producer, scrounger, and ranger, based on their

fitness values. The number of producers is equal to the

number of objectives ðNobÞ, which means each producer is

assigned to find the best fitness value FpðxðgÞp Þ; ðp ¼
1; 2; � � � ;NobÞ of its corresponding objective, and a number

of individuals are randomly selected as the scroungers, then

the rest of individuals are named as the rangers. The pro-

ducers perform the crappie search behavior which is

characterized by maximum pursuit angle, maximum pur-

suit distance, and maximum pursuit height, in the mean-

time, the producers share the same scroungers and rangers

to improve the search efficiency. The main improvements

of MGSO-ACL compared with group search optimizer

with multiple producers (GSOMP) in [14] lie in the mod-

ified searching strategies of scroungers and rangers. In the

adopted MGSO-ACL, the adaptive covariance matrix [30]

obtained by cumulatively learning for the information

organized from the group members of each generation is

employed to get a reliably estimator for determining the

evolution path and step size for scroungers’ behaviors, and

Lévy flights [31] are introduced as rangers’ searching

technique rather than the random walks. For detailed

explanations of its searching mechanism, please refer to

our previous work [17].

3.1.2 Pareto-dominance principle

The Pareto-dominance principle is adopted to obtain the

Pareto-optimal solution set which contains a set of optimal

non-dominated solutions. The vector X1 dominates X2 if

8i;FiðX1Þ�FiðX2Þ
9j;FiðX1Þ\FiðX2Þ



ð37Þ

The principle is applied by the MGSO-ACL algorithm to

select Pareto-optimal solutions in its population at the end of

evolution in each iteration, and the Pareto-optimal solutions

found during the evolutionary process are stored in an

external elitist archive which is updated in every generation.

The set of objective value vectors corresponding to the

Pareto-optimal solution set is called the Pareto-optimal front.

3.2 Objective reduction for MaOPs

If the eight objectives in the many-objective optimiza-

tion model of the IES are optimized simultaneously, the

number of Pareto-optimal solutions will be numerous,

which leads to a heavy burden for the optimization and

decision making process. Therefore, it is necessary to

analyze the relationships among objectives and take mea-

sures to reduce the number of objectives.

3.2.1 Relationship between two objectives

Generally speaking, when two objectives conflict with

each other, it means that the two objectives cannot be

improved at the same time. Good values for one implies

bad values for the other. The conflict might be global or

local, linear or nonlinear. The conflicting objectives are

considered to be negatively correlated mathematically.

On the contrary, a harmony relationship between two

objectives means that the improvement of one objective

would result in an improvement of the other. Harmonious

objectives are denoted in parallel coordinate graphs by

noncrossing lines and are considered to be positively cor-

related mathematically. Therefore, the harmonious objec-

tives can be grouped into a single new compound objective

through the simple summation without deforming the

shape of Pareto-optimal front.

Also, there exists the situation where two objectives are

not correlated to each other, that is, they have an inde-

pendence relationship. As a matter of fact, the degree of

conflict or harmony between two objectives can be mea-

sured by some methods. The following section introduces a

nonparametric correlation computation method using

Spearman’s rank correlation coefficient.

3.2.2 Spearman’s rank correlation coefficient

In statistics, Spearman’s rank correlation coefficient or

Spearman’s rho, named after Charles Spearman and often

denoted by the Greek letter q, is a nonparametric measure

of statistical dependence between two variables. It assesses

how well the relationship between two variables can be

described using a monotonic function. If there are no

repeated data values, a perfect Spearman correlation of ?1

or –1 occurs when each of the variables is a perfect

monotone function of the other.

The Spearman correlation coefficient is defined as the

Pearson correlation coefficient between the ranked vari-

ables. Let Xij be the value for objective j in the solution i,

then the mathematical formulation of the Spearman’s rank

correlation coefficient qab between objectives a and b is

given below:

qab ¼ 1� 6
P

d2i
nðn2 � 1Þ

di ¼ Kia � Kib

8
<

: ð38Þ
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where n is the number of solutions; di is the difference

between rank Kia and Kib, and Kij is the rank of Xij within

the solutions of objective j. Identical values (rank ties or

value duplicates) are assigned a rank equal to the average

of their positions in the ascending order of the values.

Based on the Spearman correlation coefficient matrix

RN ¼ fqabg; ð1� a�N; 1� b�NÞ, the relations among

N objectives can be analyzed.

The sign of the Spearman correlation coefficient qab
indicates whether two objectives a and b are in conflict,

while the magnitude of qab describes the degree of corre-

lation. If qab is positive with a large value, the two

objective are highly positively correlated, i.e., the rela-

tionship between a and b is harmony. If qab is negative

with a large absolution value, objectives a and b are

strongly conflicted. If qab is around zero, it indicates that

the two objectives are independent of each other.

Although this nonparametric correlation measure

involves loss of information since it ignores the specific

values of the objectives, it owes advantages over other

measures. First, it works without the requirement of the

comparability between objectives and the objectives can

use different units without any conversion. Second, it is

useful when we do not know the relative importance of

each objective. Third, it is robust and insensitive to any

previous normalization which would not change the orig-

inal relationship of the objectives. Fourth, the correlation

coefficient is easy to compute and can give a clear

description of the relationship between two objectives.

3.2.3 Procedure of IOR approach

For the purpose of improving the quality of solutions

and reducing the computation burden of decision making,

an IOR approach is proposed in this section, as illustrated

in Fig. 3.

The first step of our approach is to optimize the original

objective set and aggregate the harmonious objectives into

a new compound objective through the automatical sum-

mation. The pseudo code of the objective aggregation

procedure is listed in Table 1. The obtained objective set

only consists of relatively conflicting objectives and owes a

lower dimension compared with the original problem,

which would benefit the optimization process without

deforming the shape of Pareto-optimal front.

During the optimization process, there exist objectives

whose values vary within small ranges, which means they

are wasting the computing resource of MOEAs. In this

paper, the coefficient of variation (CV) is adopted to

measure the variation degree of each objective. The CV is a

standardized measure of dispersion of the data, which is

defined as the ratio of standard deviation (STD) r to the

absolution value of mean jlj, that is:

cv ¼
r
jlj � 100% ð39Þ

Then in the second step, the objective with a small CV,

for instance, 0.1%, is transformed into a constraint.

The new Spearman correlation coefficient matrix can be

calculated after optimizing the updated problem formula-

tion obtained in the second step. Based on the resultant

coefficient matrix, removing the objective that conflicts

with the other objectives most is carried out as the third

step. This procedure sacrifices the most conflicting objec-

tive for the improvement of other objectives, therefore, the

decision maker can compare the Pareto-optimal fronts

obtained with and without this objective, and then decide

whether or not to omit this objective. Furthermore, this step

can be repeated until no objective can be removed

anymore.

The final step is to divide the remaining objectives into

two conflicting groups based on their newly gained

Spearman rank correlation coefficients. Accordingly, the

final bi-objective formulation can be optimized by the

MGSO-ACL algorithm or other MOEAs, and then the

Optimize the original objective set and output 

Start

End

the corresponding Pareto-optimal front

Calculate the Spearman correlation coefficient matrix and 
run the objective aggregation procedure listed in Table 1

Optimize the updated objective set, and 
output the corresponding Pareto-optimal front

Optimize the updated objective set, and 
output the corresponding Pareto-optimal front

Calculate the new Spearman correlation coefficient 
matrix and remove the objective that conflicts with 

the other objectives most

Remove ?

Calculate the Spearman correlation coefficient matrix 
of the remaining objectives and divide them into 

two conflicting groups

Y

N

Calculate the CV of each objective and transform the 
objective with a CV less than 0.1% into a constraint

Optimize the updated objective set, then compare the 
Pareto-optimal fronts obtained with and without this 

objective, and decide whether or not to omit this objective

Output the final objective set

Step 1

Step 2

Step 3

Step 4

Fig. 3 Framework of IOR approach
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decision maker can select an appropriate solution from the

bi-dimensional Pareto-optimal front.

From the above steps, it can be seen that the imple-

mentation of the IOR approach depends on the information

embedded in the Pareto-optimal front obtained by the

MGSO-ACL algorithm, indicating the importance of

optimization and optimized values.

4 Simulation studies

4.1 System description

In this section, simulation studies are conducted on an

IES consisting of a modified IEEE 30-bus system, a 15-node

gas network, and three distributed DHCs to investigate the

proposed many-objective optimization method. The

detailed locations of distributed generators, electricity loads,

gas fired units and distributed DHCs in the modified IEEE

30-bus system are summarized in Table 2.

The single-line diagram of the 15-node gas network

adopted in this paper is shown in Fig. 4. The gas network

consists of 15 nodes, which contains two gas source nodes

(1,2), two gas load nodes (3,4), two nodes (8,9) connected

to gas-fired units, and three nodes (13,14,15) connected to

distributed DHCs. The gas-fired units serve as gas loads in

the gas network and the power sources of the electricity

network. The distributed DHCs also serve as gas loads in

the gas network, and they also purchase power from the

electricity network. In addition, the system parameters and

prices are set according to [5, 27, 32].

4.2 Many-objective optimization and objective

reduction results

Based on the proposed many-objective optimization

model, the MGSO-ACL algorithm and the IOR approach

are utilized to obtain the optimal dispatch scheme for the

test IES in this paper. The population of individuals and

maximum iteration of the MGSO-ACL algorithm are set to

be 50 and 200, respectively. Firstly, the eight objectives in

(36) are optimized simultaneously to get the MaOP’s

original Pareto-optimal front which is visualized on par-

allel coordinate plot in black lines shown in Fig. 5. In

parallel coordinate plot, each connected line of the Pareto-

optimal front represents the values of the eight objectives

corresponding to a certain Pareto-optimal solution.

According to the Pareto-dominance principle, the Pareto-

optimal solutions are all optimal non-dominated solutions,

and they can achieve the trade-offs in the eight objectives.

When many lines cross between two adjacent objectives, it

indicates that the two objectives are in a conflicting

relationship.

To quantify the correlation degrees among these

objectives, the Spearman correlation coefficient matrix, RN ,

is generated based on the objective values corresponding to

the Pareto-optimal solutions, as shown in Table 3. From

this table, it can be seen that the operation profit of gas

network and the operation cost of DHCs are in conflict with

each other, the fuel cost, power loss and NOx emission of

electricity network are in harmony with each other, while

Table 1 Pseudo code of objective aggregation procedure

Input:
RN : the Spearman correlation coefficient matrix;
N : the number of objectives;
Sr = [1 : N ] : the set of unallocated objectives;
C : the cell array for storing aggregated objectives;
i = 0 : the number of aggregated objectives.
while Sr = ∅ do

i = i + 1;
Classify RN (Sr, Sr(1)) into two clusters by K-means
clustering technique (if all values are positive, add 0);
Add the objectives in the cluster containing
Sr(1) to C{i}, and delete them from Sr;
if length(Sr)==1 then

i = i + 1;
C{i} = Sr;
Sr = ∅;

end if
end while

Output:
C : the aggregated objectives for optimizing.

Table 2 Locations of different components in modified IEEE 30-bus

system

Components Node

Generators 1,2,5,8,13

Gas-fired units 7,12

Distributed DHCs 11,21,30

Electricity loads Others

1 3 5 6 9 10 13

2 4 7 8 11 12 14

15Gas well 1

Gas well 2

Gas-fired 
unit 2

Gas-fired 
unit 1 DHC 1

DHC 2

DHC 3

Gas load 1

Gas load 2

Bus 30

Bus 12

Bus 11Bus 7

Bus 21

Fig. 4 Single-line diagram of 15-node gas network coupled with

IEEE 30-bus network and DHCs
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the other objectives have the relative independence rela-

tionships. It is worth mentioning that as the cost of gas-

fired units is not included in the fuel cost Fele1, the inter-

connection of gas-fired units tends to make �Fgas and Fele1

positively correlated. However, the coupling of DHCs

between the gas and electricity networks complicates the

relationship of the two networks. From Table 3, the gas

and electricity networks tend to have an independence

relationship with the interconnections of gas-fired units and

DHCs.

4.2.1 Automatic objective aggregation

Based on the obtained Spearman correlation coefficient

matrix RN in Table 3, the objective aggregation procedure

outputs the objective set to be optimized with the new

formulation

min �Fgas;Fdhc;Fa;Fele4;Fele5;Fele6

� �
ð40Þ

where Fa ¼ Fele1 þ Fele2 þ Fele3 is the aggregated objective

by the objective aggregation procedure since the three

objectives are in harmony with each other.

Then the above objective set is optimized with the

MGSO-ACL, and the values of each objective corre-

sponding to the obtained Pareto-optimal solutions is pre-

sented in the Pareto-optimal front plotted in Fig. 5 with

dark blue lines. By comparing this Pareto-optimal front

with the original one, we can see that the loss of quality in

Pareto-optimal front of the aggregated formulation is very

small, which verifies the effectiveness of summing up the

harmonious objectives in dimension reduction for many-

objective optimization.

4.2.2 Transforming certain objectives into constraints

Based on the optimization results of (40), the means,

STDs, and CVs of the six objectives are listed in Table 4.

603-647

V
al

ue

0.9850.290.040.17

Objectives

6520

700-505 0.06 0.2626723 2.98

Fdhc ($/h)−Fgas ($/h) Fele4 (ton/h)Fele3 (ton/h)Fele2 (MW/h)Fele1 ($/h) Fele5 Fele6

0.988

Fig. 5 Pareto-optimal fronts obtained by MGSO-ACL with different objective sets

Table 3 Spearman correlation coefficient matrix calculated with Pareto-optimal solutions of (36)

Objective �Fgas Fdhc Fele1 Fele2 Fele3 Fele4 Fele5 Fele6

�Fgas 1 -0.75 0.02 -0.02 0.02 0.02 -0.01 -0.08

Fdhc -0.75 1 -0.17 -0.09 -0.14 0.04 -0.03 0.04

Fele1 0.02 -0.17 1 0.75 0.89 -0.44 -0.13 -0.22

Fele2 -0.02 -0.09 0.75 1 0.44 -0.35 -0.15 -0.30

Fele3 0.02 -0.14 0.89 0.44 1 -0.39 -0.10 -0.14

Fele4 0.02 0.04 -0.44 -0.35 -0.39 1 -0.10 0.01

Fele5 -0.01 -0.03 -0.13 -0.15 -0.10 -0.10 1 -0.38

Fele6 -0.08 0.04 -0.22 -0.30 -0.14 0.01 -0.38 1
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From this table, the CV of voltage stability index (Fele6) is

only 0.05%, indicating that this objective nearly stays as a

constant during the optimization process. Then it can be

treated as a constraint Fele6 � 1, to meet the requirement of

system stable conditions. Hence, a new problem formula-

tion is given by:

min �Fgas;Fdhc;Fa;Fele4;Fele5

� �

s:t: Fele6 � 1
ð41Þ

Solving this new model in (41) leads to the Pareto-optimal

front plotted in Fig. 5 with light blue lines. It can be seen

that except for the objective Fele6 which has been turned

into a constraint, the other objective values trend to con-

centrate in the bottom of the figure. This demonstrates that

the tiny sacrifice of certain objective will benefit the other

objectives a lot, which is meaningful for the many-objec-

tive optimization.

4.2.3 Removing most conflicting objective

To further reduce the number of objectives to be opti-

mized, we can remove the objective that conflicts with

other objectives mostly. By summing up the Spearman

correlation coefficients in each column except for the last

one of Table 5, the correlation degrees of these objectives

are listed in the bottom of the table. It can be seen that the

SO2 emission objective Fele4 is the most conflicting

objective since it has the largest negative value of the

correlation degree. Therefore, removing Fele4 would benefit

the optimization of other objectives. The new problem

formulation is given by:

min �Fgas;Fdhc;Fa;Fele5

� �

s:t: Fele6 � 1
ð42Þ

The resultant Pareto-optimal front obtained by (42) is

projected into the original eight-objective space in Fig. 5

with red lines. From this figure, it can be observed that all

the objective values apart from those of Fele4 are reduced,

while the increase of objective values of Fele4 is accept-

able although it is not being optimized.

4.2.4 Optimizing two conflicting groups of objectives

In this section, we make further efforts on reducing

objective number and facilitating the decision making task.

In order to analyze the relationships among the remaining

objectives in (42), the Spearman correlation coefficient

matrix of these four objectives is listed in Table 6 based on

the Pareto-optimal solutions of (42). As shown in this table,

�Fgas and Fdhc have a high conflict degree, while the

conflict between Fa and Fele5 is also relatively high.

However, the relationships between other objectives are

rather independent. Therefore, there are two versions to

Table 4 Means, STDs and CVs of six objectives based on the opti-

mization result of (40)

Objectives Mean STD CV (%)

�Fgas -599.0203 26.1270 4.36

Fdhc 632.6249 18.2773 2.89

Fa 552.4578 14.6585 2.65

Fele4 0.0437 0.0012 2.64

Fele5 0.7622 0.3630 47.62

Fele6 0.9856 0.0005 0.05

Table 5 Spearman correlation coefficient matrix calculated with Pareto-optimal solutions of (41)

Objective �Fgas Fdhc Fele1 Fele2 Fele3 Fele4 Fele5 Fele6

�Fgas 1 -0.94 0.02 -0.02 -0.01 0.01 -0.06 -0.01

Fdhc -0.94 1 -0.03 -0.02 -0.04 0.01 -0.03 0.01

Fele1 -0.02 -0.03 1 0.79 0.94 -0.83 -0.24 -0.08

Fele2 -0.02 -0.02 0.79 1 0.56 -0.50 -0.43 -0.09

Fele3 -0.01 -0.04 0.94 0.56 1 -0.88 -0.13 -0.07

Fele4 0.01 0.01 -0.83 -0.50 -0.88 1 0.02 0.06

Fele5 -0.06 -0.03 -0.24 -0.43 -0.13 0.02 1 0.02

Fele6 -0.01 0.01 -0.08 -0.09 -0.07 0.06 0.02 1
P

RN -0.05 -0.04 1.57 1.29 1.37 -1.11 0.15

Table 6 Spearman correlation coefficient matrix of four objectives in

(42) based on its Pareto-optimal solutions

Objective �Fgas Fdhc Fa Fele5

�Fgas 1 -0.95 -0.02 -0.08

Fdhc -0.95 1 -0.02 -0.02

Fa -0.02 -0.02 1 -0.53

Fele5 -0.08 -0.02 -0.53 1
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divide the four objectives into two conflicting groups,

which are displayed as follows:

min �Fgas þ Fele5;Fdhc þ Fa

� �

s:t: Fele6 � 1
ð43Þ

min �Fgas þ Fa;Fdhc þ Fele5

� �

s:t: Fele6 � 1
ð44Þ

The bi-objective formulations in (43) and (44), are

optimized and the quality of the obtained solutions is

visualized in the original objective space, as shown in

Fig. 5 with yellow lines and green lines, respectively. It is

clear that both versions can further improve the quality of

Pareto-optimal solutions. Nevertheless, the problem

formulation of (43) outperforms the other one, then (43)

is selected as the final formulation of the MaOP established

in this paper. The quality of its Pareto-optimal solutions

can also be illustrated in two dimensions, as shown in

Fig. 6.

The MGSO-ACL is applicable to optimize many

objectives simultaneously whereas many other Pareto

based multi-objective algorithms are only suitable for

optimizing two or three objectives. By using our IOR

approach, the final problem formulation is an essentially bi-

objective optimization problem which can also be solved

by other Pareto based multi-objective algorithms, then we

apply the popular multi-objective processing method, the

elitist non-dominated sorting genetic algorithm (NSGA-II),

to solve the bi-objective optimization model of the IES in

(43). The results obtained by the NSGA-II with the same

population size and iterations as MGSO-ACL are utilized

as a comparison with those obtained by the MGSO-ACL.

As shown in Fig. 6, it is obvious that the solutions obtained

by MGSO-ACL all dominate those of the NSGA-II, indi-

cating the better performance of MGSO-ACL in searching

for more superior solutions, compared with NSGA-II.

In addition, it can be observed that the Pareto-optimal

front of the bi-objective formulation is nonconvex, therefore,

the front can not be obtained by using the weighting method

[33]. Since the number of solutions has been reduced to a

great extent and the corresponding objective values of the

Pareto-optimal solutions are plotted intuitively in Fig. 6, it

would be more efficient and convenient for the decision

maker to select a preferable solution compared with opti-

mizing eight objectives simultaneously.

In order to further compare the quality of solutions

obtained by the original objective set in (36) and the final

objective set in (43), the statistic data of their Pareto-op-

timal fronts and the selected dispatch solutions are listed in

Table 7, where SS denotes the solution which is selected

by the decision making method named improved entropy

weight method. From this table, it can be seen that the

original objective set only performs sightly better than the

final objective set on Fele4 which is removed and Fele6

which is treated as a constraint. The results verify that our

IOR approach is quite efficient in searching high quality

solutions for the proposed many-objective optimization

model, thus it will benefit the coordinated operation of the

IES from the viewpoints of economy, security and envi-

ronmental protection.

-650 -640 -630 -620 -610 -600 -590

1140

1120

1160

1180

1200

1220

1240

−Fgas+Fele5

F d
hc

+
F a

MGSO-ACL
NSGA-Ⅱ

Fig. 6 Pareto-optimal fronts obtained by MGSO-ACL and NSGA-II

with final objective set in (43)

Table 7 Statistic data of original and final Pareto-optimal fronts and their selected solutions

Objective Original Pareto-optimal set Final Pareto-optimal set

Min Max Mean STD SS Min Max Mean STD SS

�Fgas -647.37 -504.53 -600.55 25.915 -633.51 -648.76 -592.87 -620.80 23.3305 -644.51

Fdhc 602.60 700.11 634.00 18.141 639.33 602.24 645.76 628.58 13.483 637.90

Fele1 519.93 722.88 539.25 13.400 529.22 518.93 522.74 519.29 0.4076 519.14

Fele2 5.6990 26.054 8.2673 2.1269 7.5196 5.5144 6.7627 5.6764 0.1299 5.6502

Fele3 0.1677 0.2604 0.1721 0.0045 0.1689 0.1676 0.1683 0.1679 0.0002 0.0456

Fele4 0.0430 0.0636 0.0446 0.0016 0.0443 0.0449 0.0466 0.0457 0.0003 0.0456

Fele5 0.2800 2.9821 1.0448 0.4006 1.2203 0.4839 1.0589 0.7798 0.0969 0.7610

Fele6 0.9846 0.9877 0.9858 0.0005 0.9848 0.9862 0.9867 0.9864 0.0001 0.9863
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5 Conclusion

A many-objective optimization model has been devel-

oped to optimally coordinate the operation of the IES with

electricity network, gas network and DHCs embedded. In

order to improve the performance and applicability of

many-objective optimization in tackling this model, we has

proposed an objective reduction approach named IOR.

The simulation studies on a test IES show that during the

objective reduction process, the fuel cost, power loss, and

NOx emission of electricity network are aggregated as one

objective since they are in harmony with each other; the

voltage stability index is transformed into a constraint as its

values vary little during the optimization process; and the

objective of SO2 emission is removed for the reason that

the values of other objectives can be declined while its own

values increase little. Finally, the proposed MaOP is

reduced to be a bi-objective formulation with two con-

flicting groups of objectives. The simulation results have

verified that the IOR approach is able to obtain better

solutions to coordinate different objectives of the IES and

alleviate the burden of the decision maker.

Finally, we would like to mention that the many-ob-

jective optimization method proposed in this paper, is

actually a generic approach, and can be extended to other

coordinated planning and operation issues of IES.
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