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Abstract Due to the growing penetration of renewable

energies (REs) in integrated energy system (IES), it is

imperative to assess and reduce the negative impacts

caused by the uncertain REs. In this paper, an unscented

transformation-based mean-standard (UT-MS) devia-

tion model is proposed for the stochastic optimization of

cost-risk for IES operation considering wind and solar

power correlated. The unscented transformation (UT)

sampling method is adopted to characterize the uncertain-

ties of wind and solar power considering the correlated

relationship between them. Based on the UT, a mean-s-

tandard (MS) deviation model is formulated to depict the

trade-off between the cost and risk of stochastic opti-

mization for the IES optimal operation problem. Then the

UT-MS model is tackled by a multi-objective group search

optimizer with adaptive covariance and Lévy flights

embedded with a multiple constraints handling technique

(MGSO-ACL-CHT) to ensure the feasibility of Perato-

optimal solutions. Furthermore, a decision making method,

improve entropy weight (IEW), is developed to select a

final operation point from the set of Perato-optimal solu-

tions. In order to verify the feasibility and efficiency of the

proposed UT-MS model in dealing with the uncertainties

of correlative wind and solar power, simulation studies are

conducted on a test IES. Simulation results show that the

UT-MS model is capable of handling the uncertainties of

correlative wind and solar power within much less samples

and less computational burden. Moreover, the MGSO-

ACL-CHT and IEW are also demonstrated to be effective

in solving the multi-objective UT-MS model of the IES

optimal operation problem.
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1 Introduction

In recent years, due to the fast depletion and severe

pollution of fossil fuels, there is a massive stimulation to

integrate the renewable energies (REs) such as wind and

solar into integrated energy system (IES) [1]. However, the

growing penetration of wind and solar power imposes

challenges to the reliability and efficiency of IES operation

since these resources are neither schedulable nor fully

predictable [2, 3]. In this regard, it is necessary to consider the

uncertainties aroused by REs and to minimize the stochastic

impact in the IES optimal operation problem [4].

In the aspect of accommodating the uncertainties of REs

in the IES operation, there are two main kinds of stochastic

approaches, namely, the fuzzy approach and the proba-

bilistic approach [5]. Among the fuzzy optimization

approaches [6–8], the wind and solar power are depicted in
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fuzzy set notations using membership functions [9].

Although the fuzzy approach is easy to implement, it might

be subjected to the dispatchers’ attitude and trapped in

selecting suitable membership functions [10, 11]. In terms

of the probabilistic approach, it can be generally divided

into scenario-based programming [12–16], robust opti-

mization [17, 18], chance-constrained optimization [19, 20]

and risk-based optimization [21, 22].

Among these approaches, the scenario-based stochastic

optimization method is quite cost-effective. It considers the

system uncertainties as random input variables and repre-

sents their probability distributions by scenarios generated

by Monte Carlo sampling (MCS) [23] or Latin hypercube

sampling (LHS) [24]. Each scenario is characterized as a

deterministic problem that can be solved by mathematical

programming methods or evolutionary optimization algo-

rithms [25]. However, the computation burden of the

original problem increases along with the number of sce-

narios. Although the scenario reduction (SR) method [26]

that aggregates similar scenarios can reduce the computa-

tion burden, it also reduces the accuracy in calculating the

actual operating cost.

To relieve the computational burden of scenario-based

stochastic optimization, it is necessary to select the repre-

sentative scenarios that can fully reflect the properties of

input variables’ probabilistic uncertainties. The unscented

transformation (UT) sampling method, which is raised for

nonlinear transformation in filters and estimators [27], is

adopted to characterize the uncertainties of wind and solar

power considering the correlated relationship between

them [28]. The UT is a reliable method for calculating the

statistic information of output variables through a set of

nonlinear transformations. This method handles nonlinear

systems well since no linearization process is needed. By

constructing a set of sample points known as sigma points

to exhibit specific properties of input variables, the UT is

able to obtain the means and variances of output variables

with limited numbers of calculation by treating the sample

points as representative scenarios.

Based on the UT, this paper attempts to formulate the

mean-standard deviation (MS) model to depict trade-off

between the cost and risk of stochastic optimization for the

microgrid optimal operation problem. The MS model is

similar to the mean-variance model proposed by

Markowitz for portfolio optimization problem which con-

siders both the cost and risk in the uncertain environment

[29]. However, the UT-MS model requires less sample

points compared with the mean-variance model, which will

reduce numbers of repetitive computation and relieve the

computational burden for the IES optimal operation

problem.

Accordingly, the IES optimal operation problem is

mathematically formulated as a multi-objective

optimization problem. Moreover, the problem also contains

a variety of constraints to satisfy the operation require-

ments of IES. Then, an algorithm named multi-objective

group search optimizer with adaptive covariance and Lévy

flights (MGSO-ACL) [30] is employed to find the Pareto-

optimal solutions. In addition, a multiple constraints han-

dling technique is embedded to the MGSO-ACL in this

paper (MGSO-ACL-CHT) to overcome the deficiency of

MGSO-ACL in dealing with multiple constraints. The

constraint handling method regards the overall constraint

violation degree as an objective and modifies the Pareto

dominated rule accordingly. To the end, a decision making

method named improved entropy weight (IEW) is applied

to determine the final operation point from the set of Par-

eto-optimal solutions.

The rest of this paper is organized as follows: Section 2

formulates the uncertainty characterization of wind and

solar power using the UT-MS model for the IES optimal

operation problem. Section 3 presents the multi-objective

optimization algorithm MGSO-ACL-CHT to optimization

the UT-MS model, and develops the decision making

method named IEW to select a final operation point for he

IES optimal operation problem. Simulation studies are

conducted in Section 4 to verify the effectiveness of the

proposed method. Finally, the conclusions are drawn in

Section 5.

2 Uncertainty characterization using UT-MS
model

Due to the stochastic nature of wind and solar power, it

is required to model these variables within a probabilistic

environment in the optimal operation of IES. And the

system operator should be able to acquire the statistic

information of output variables, such as the operation cost

and state variables, through the statistic information of the

input random variables, such as wind and solar power.

The IES optimal operation problem studied in this paper

conducts in one-hour interval, and the power generated by

the wind turbine (WT) and photovoltaic (PV) generators

are represented by their day-ahead forecast results. Refer-

ence [31] applied the Gaussian distribution to describe the

wind forecast error, then combined the probability density

function (PDF) of forecast error with the forecast value to

obtain the distribution of actual wind power output. How-

ever, the variable range of Gaussian distribution is infinite

while the power output of WT generator has its limits. As a

consequence, the Gaussian distribution might be unsuit-

able to represent the wind forecast error. It has been

demonstrated that the Beta distribution owes advantages

over the Gaussian distribution in approximating the fore-

cast error of wind power in [32], therefore, we adopt the
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Beta distribution to model the forecast errors of wind

power and the corresponding PDF is given by the following

equations:

f ðPwi
Þ ¼ Cðai þ biÞ

CðaiÞCðbiÞ

� Pwi

Pmax
wi

�ai�1�
1 � Pwi

Pmax
wi

�bi�1

ð1Þ

where Pwi
and Pmax

wi
are the forecast and maximum wind

power output at the ith bus; Cð�Þ is the Gamma function, ai
and bi are the shape parameters of the PDF at the ith bus

which are related to the wind power forecast parameters

r2
wi

(variance) and lwi
(mean) [32]. The following

equations show these relationships:

ai ¼
l2

wi
ð1 � lwi

Þ
r2

wi

� lwi

bi ¼ai
1 � lwi

lwi

In this paper, the forecast values of solar radiation taking

into account the forecast error is formulated by Gaussian

distribution [33]:

f ðriÞ ¼
1ffiffiffiffiffiffiffiffiffiffi

2pr2
ri

q exp

�
�
ðri � lri

Þ2

2r2
ri

�
ð2Þ

where ri is the forecast solar radiation (W=m2) at the ith

bus; r2
ri

and lri
are the variance and mean of the solar

radiation forecast result at the ith bus, respectively.

A relationship between the power generated and solar

radiation was presented in [34], which is calculated as:

PsiðriÞ ¼ Airig ð3Þ

where Psi is the power output of PV generators at the

ith bus; Ai is the total size of the solar panels in the solar

farm at the ith bus; g is the convergence rate of the solar

panel which is dependent on the incident radiation and the

measured ambient temperature, and it is simply set to be

0.14 in this paper.

As the PV generator power output function is a linear

function, the PDF of solar power forecast values is also

described by Gaussian distribution:

f ðPsiÞ ¼
1ffiffiffiffiffiffiffiffiffiffiffi

2pr2
si

q exp

�
�
ðPsi � lsi

Þ2

2r2
si

�
ð4Þ

where r2
si
¼ ðgAirriÞ

2
and lsi

¼ gAilri
are the variance and

mean of the solar power forecast result at the ith bus,

respectively.

Suppose there are p wind farms and q solar farms in a

regional IES, then the input variables z ¼ ½z1; z2; . . .; zn�
¼ ½Pw1

;Pw2
; . . .;Pwp

;Ps1
;Ps2

; . . .;Psq �, where n ¼ pþ q.

According to the PDFs of wind and solar power forecasts,

the mean value of z is denoted as z ¼ l ¼

½lw1
; lw2

; . . .; lwp
; ls1

; ls2
; . . .; lsq

�, and the covariance of z

is established as:

Czz ¼

r2
1 /12r1r2 � � � /1nr1rn

/21r2r1 r2
2 � � � /2nr2rn

..

. ..
. ..

.

/n1rnr1 /n2rnr2 � � � r2
n

2
66664

3
77775

ð5Þ

where ri is the standard deviation (STD) of the ith input

variable; /ij is the correlation coefficient between the

ith and jth input variable, that is,

/ij ¼
covðzi; zjÞ

rirj
¼

E½ðzi � liÞðzj � ljÞ�
rirj

The correlation coefficient is in the range of [-1,1],

indicating the degree of linear dependence between two

variables. The correlation of wind and solar power is

reasonable since they are all influenced by the weather

conditions. It is shown that wind and solar power are

negatively correlated on all time scales, and the hourly

correlation coefficient of wind and solar power is evaluated

to be -0.2 [35]. This suggests that more windy time are

less sunny, and vice versa. Note that the assumption on the

correlation of wind and solar power is based on the

geographical location closely enough under the similar

weather pattern. Accordingly, the correlation coefficient in

(5) is suitable for the distributed network in a regional

IES.

With the statistic information z and Czz of input vari-

ables, the UT method employs three steps to establish the

MS dispatch model, that is, sampling, nonlinear

Generate the sample points matrix s using
(6)-(8) and the weight vector w using (9)-(11)

Calculate the fuel
cost Fk,s using (12)

Calculate the objective values using (13) and (14)

Control variables

Nonlinear
transformation

State variables

Y

N

Power flow

k=1

k=k+1

k>2n+1?

s

sk

wPw
Ps

Fig. 1 Flowchart of UT method for calculating objective values of

MS model
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transformation, and outputting objective values, as illus-

trated in Fig. 1. The first step is to generate the sample

points matrix s and the corresponding weight vector w. The

2nþ 1 samples of input variables are obtained as:

sk ¼lþ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

n

1 � w0

r
cholðk; :Þ k ¼ 1; 2; . . .; n ð6Þ

skþn ¼l�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

n

1 � w0

r
cholðk; :Þ k ¼ 1; 2; . . .; n ð7Þ

s2nþ1 ¼l ð8Þ

where sk is the n-dimensional kth sample of input variables;

w0 is the weight of central moments sample; and chol ¼ffiffiffiffiffiffiffi
Czz

p
is the square-root matrix with its kth row presented by

cholðk; :Þ.
The weight corresponding to each sample is calculated

as follows:

wk ¼
1 � w0

2n
k ¼ 1; 2; . . .; n ð9Þ

wkþn ¼
1 � w0

2n
k ¼ 1; 2; . . .; n ð10Þ

w2nþ1 ¼w0 ð11Þ

The second step is nonlinear transformation to yield a

set of transformed output sample points, as shown in the

dotted box of Fig. 1. The control variables which are

scenario-independent, and each sample point sk which

contains sampling values of wind and solar power, are

input into the power flow. After running the Newton-

Raphson power flow program, the sampling values of state

variables can be determined. In this paper, it is assumed

that the wind and solar farms are owned by the grid

company, then the objective function F that the regional

IES needs to minimize is the total fuel cost of thermal

generators:

F ¼
XNG

i¼1

ðaiP2
Gi
þ biPGi

þ ciÞ ð12Þ

where PGi
is the real power output of ith generator; ai, bi

and ci are the cost coefficients of ith generator; NG is the

number of generators.

Therefore, with the control variables and the obtained

state variables, Fk, the total fuel cost F of the kth sample sk,

can be calculated. Although the costs of wind and solar

power are not taken into consideration, the uncertain wind

and solar power will result in the uncertainty of the entire

system, hence F varies in different samples. After the

calculation of the 2nþ 1 sample values of F, the mean

value and STD of F corresponding to 2nþ 1 sample points,

F, rF , can be obtained by summing the weighted sample

values:

F ¼
X2nþ1

k¼1

wkFk ð13Þ

rF ¼
hX2nþ1

k¼1

wkðFk � FÞ2
i1

2 ð14Þ

From the above procedure, it is clear that the UT method

is very easy to implement and computationally efficient

since it only needs 2nþ 1 sample points to characterize

n uncertain variables, while MCS and LHS always needs

hundreds of sample points. Furthermore, the UT owns the

additional advantage in tackling the correlation of random

variables. To accomplish the correlation treatment task, the

UT method only need to conduct Choeskely decomposition

on Czz and substitute
ffiffiffiffiffiffiffi
Czz

p
into (6) and (7), avoiding the

complicated processes such as orthogonal transformation

which is necessary for MCS and LHS.

In order to minimize the operation cost which guaran-

teeing the optimal solution is stable and suitable under the

fluctuation of wind and solar power, the deviation of

operation cost is simultaneously set as the objective func-

tion. Hence the model is formulated as a multi-objective

cost-risk optimization problem. The two indices in (13) and

(14) quantify the cost and risk of a system, respectively,

then they constitute the objectives of the MS model which

is formulated as:

min ½F rF � ð15Þ

s.t.

gðu; sk; xkÞ ¼ 0

hl � hðu; xkÞ� hu

�
k ¼ 0; 1; . . .; 2n ð16Þ

In (16), the vector u consists of control variables which

include the real power of each generator PG (excluding the

power of slack bus PG1
), the voltages of generator bus VG,

the tap ratios of transformers Tm and the reactive power

generation of voltampere reactive (var) sources QC. The

vector xk consists of state variables in the kth sample sk,

and the state variables include the slack bus power PG1
, the

voltage of load bus VL, the generator reactive power QG

and the apparent power flow SL. It should be noted that the

uncertainty of input variables causes all the state variables

to be uncertainty, hence these constraints must be satisfied

in all scenarios represented by sigma points.

The equality constraints g are the balance limits of

active and reactive power described by a set of non-linear

power flow equations between bus i and j, and they can be

satisfied during the running of Newton-Raphson power

flow program [34].
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PGi
� PDi

� Vi

X
j2Ni

ðGij cos hij þ Bij sin hijÞ ¼ 0 ð17Þ

QGi
� QDi

� Vi

X
j2Ni

ðGij sin hij � Bij cos hijÞ ¼ 0 ð18Þ

The inequality constraints h are associated with the

distributed generators, transformers, shunt compensators

and transmission lines, respectively. The corresponding

limits of active power, reactive power and voltage of

generators Gi; i ¼ 1; 2; . . .;NG, are given by:

Pmin
Gi

�PGi
�Pmax

Gi
ð19Þ

Qmin
Gi

�QGi
�Qmax

Gi
ð20Þ

Vmin
Gi

�VGi
�Vmax

Gi
ð21Þ

In addition, the constraints of transformers, shunt

compensators and transmission lines are given as follows:

Tmin
m � Tm � Tmax

m m ¼ 1; 2; . . .;NT ð22Þ

Qmin
Cn

�QCn
�Qmax

Cn
n ¼ 1; 2; . . .;NC ð23Þ

Vmin
Lu

�VLu
�Vmax

Lu
u ¼ 1; 2; . . .;NL ð24Þ

jSLv
j � Smax

Lv
v ¼ 1; 2; . . .;Nl ð25Þ

where NT; NC; NL and Nl are the number of transform-

ers, shunt compensators, load buses and transmission lines,

respectively.

It should be noted that the control variables which are

scenario-independent can be initialized within their

boundary limits, while the uncertainty of input variables

causes all the state variables to be uncertainty, hence these

constraints must be satisfied in all scenarios represented by

sigma points. The detailed constraint handling method for

the state variables will be introduced in the following

section.

3 Methodology and implementation

With the related work done in Section 2, the MGSO-

ACL-CHT optimization algorithm for optimizing the UT-

MS model and the IEW decision making method for

selecting the best compromise solution of Pareto-optimal

front are described in this section.

3.1 Multi-objective optimization

The proposed UT-MS model is a multi-objective opti-

mization problem which has a set of non-dominated,

alternative solutions, known as the Pareto-optimal set,

instead of a single global optimal solution. The traditional

mathematical method is a serial algorithm characterized

with single point search, thus cannot utilize the concept of

Pareto-optimality to evaluate solutions [36]. Multi-objec-

tive evolutionary algorithms proposed in recent decades,

such as the non-dominated sorting genetic algorithm-II

(NSGA-II) [37], multi-objective particle swarm optimizer

[38], multi-objective differential evolution algorithm,

MGSO-ACL [30] can search for multiple solutions in

parallel and are insensitive to the shape of the objective

functions such as discontinuity, non-convexity, multiple

modality, non-uniformity of the search space [39], and they

have been successfully applied in power system. Consid-

ering the good performance of MGSO-ACL, it is utilized

by this paper to optimize the proposed model. The detailed

description of its mechanism can refer to the previous work

in [30].

A common feature of evolutionary algorithms is that it

is convenient for them to tackle the boundary limits of

individuals composed by control variables, however, as to

the constraints given by the state variables, the penalty

method is frequently employed [40]. Nonetheless, the

penalty is always added to one of the many objectives of

MOP and the penalty factor terms are required to be set

sufficiently large, which might hinder the evolutionary

process of the objective being punished. What’s more, in

the stochastic multi-objective optimization problem, the

valid trail solution must be feasible for all constraints in all

scenarios, which is difficulty for the penalty method to

satisfy. Therefore, a multiple constraints handling tech-

nique is proposed to tackle the boundary limits of state

variables.

In this paper, the state variables are real power genera-

tion output at slack bus PG1
, load bus voltage magnitude

VL, reactive power generation output of thermal units QG

and transmission line loading SL, then the constraint vio-

lation degree f viol is expressed as:

f viol ¼ kPP
lim
G1

þ kV

XNL

u¼1

V lim
Lu

þ kQ

XNG

i¼1

Qlim
Gi

þ kS

XNl

v¼1

Slim
Lv

ð26Þ

where kP, kV, kQ and kS are the weights used to convert the

various violations into basically the same magnitude, and

they are different from the penalty factor terms in [40]

which should be set sufficiently large to achieve the effect

of punishment; xlim is the violation of state variable x,

xlim ¼
x� xmax x[ xmax

xmin � x x\xmin

0 xmin � x� xmax

8><
>:

ð27Þ

where xmin and xmax are the lower and upper limits of state

variable x, respectively.
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Under the uncertain environment, these constraints must

be satisfied in all scenarios represented by sigma points,

then the mean constraint violation f
viol

shown in (28) must

be equal to 0 when the optimization process terminates.

f
viol ¼ 1

2nþ 1

X2nþ1

k¼1

f viol
k ð28Þ

where f viol
k is the constraint violation f viol in the kth sample

sk, which can be calculated during the nonlinear transfor-

mation process.

Then f
viol

is regarded as an independent objective in the

optimization process, and this constraint handling method

can guide the individuals to evolve towards the feasible

regions more effectively compared with penalty method.

The original Pareto dominated rule should be modified

accordingly to promote the priority of constraints. The

constrained Pareto-dominance principle [41] is described

as follows: The feasible individual always dominates the

infeasible one, the individual with small violation always

dominates the one with big violation. For two individuals

X1 and X2, there is X1 � X2 if and only if one of the fol-

lowing conditions is satisfied, � f violðX1Þ ¼ 0; f violðX2Þ
[ 0; ` f violðX1Þ[ f violðX2Þ[ 0; ´ f violðX1Þ ¼ f viol ðX2Þ
¼ 0 and for each objective i, fiðX1Þ\fiðX2Þ.

The stochastic dispatch is optimized based on certain

number of objective function evaluations. Before the

evaluation, the UT is utilized to generate 2nþ 1 sample

points of the wind and solar power. Trial solutions are

evaluated under these scenarios to calculate the fuel cost

and constraints violation. The detailed procedure is out-

lined in Algorithm 1. And the Pseudo code of MGSO-

ACL-CHT algorithm with constrained Pareto-dominance

principle for tackling the UT-MS model is displayed in

Algorithm 2.

3.2 IEW method and its decision making model

Entropy is originally the concept in thermodynamics,

and it is C. E. Shannon that introduced this concept into the

area of information theory [42]. Utilizing the characteristic

of entropy that it can measure the quantity of the useful

information provided by the data, the entropy weight (EW)

method can be used to assign objective weights. However,

the EW method would endow the wrong weights when all

the entropy values of attributes are close to 1. To overcome

the disadvantages of the original EW method, we propose

an IEW method and apply it to assess the solutions with

multiple objective (attribute) values. The detailed illustra-

tion of IEW method is given as follows:

1) Denote the Pareto-optimal set obtained by multi-ob-

jective optimization algorithms as Xnm, it contains n solu-

tions represented by rows and m objectives represented by

columns. Normalize xnm into rnm as below.

For minimization problem:

rij ¼ ð max
1� i� n

xij � xijÞ=ð max
1� i� n

xij � min
1� i� n

xijÞ ð29Þ

Algorithm 1 Pseudo code of fitness evaluation

Input:
n : the number of input variables;
s : the sample points matrix generated by UT.

1: for k = 0 : 2n do
2: Input the wind and solar power in the kth sample

point s k ;
3: Run Newton-Raphson power flow program;
4: Evaluate the fuel cost Fk using (12) and constraint

violation f viol
k using (26) corresponding to the kth

sample point s k .
5: end for
6: Calculate F and σF using (13, 14) and the mean

constraint violation f viol
using (28).

Output:
F, σF , f viol

: the three objective values to be optimized
by MGSO-ACL-CHT.

Algorithm 2 Pseudo code of MGSO-ACL-CHT for the UT-MS model

Input:
IES data, limits of control variables, algorithm
parameters;

1: Set i ter := 0
2: Initialize the population and evaluate the initial fitness

values using the procedure in Algorithm 1;
3: Run the constrained Pareto-dominance principle.
4: while i ter < Max I ter do
5: Set the population with the best fitness value as the

producer for each objective and perform producing
to get the best sample direction and position;

6: if rand(1)>70% then
7: Scroungers perform scrounging with adaptive

covariance;
8: else
9: Rangers perform ranging using Lévy flights.
10: end if
11: Handle the boundary limits of the control variables

and update the population;
12: Evaluate the fitness values using the procedure in

Algorithm 1;
13: Run the constrained Pareto-dominance principle;
14: Set i ter := i ter + 1.
15:end while
Output:

The Pareto-optimal front and corresponding population.
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For maximization problem:

rij ¼ ðxij � min
1� i� n

xijÞ=ð max
1� i� n

xij � min
1� i� n

xijÞ ð30Þ

where rij denotes the normalized value of the jth objective

in the ith solution.

2) Calculate the entropy value for each objective using

(31).

Hj ¼ �k
Xn
i¼1

fij ln fij

f ij ¼ rij=
Xn
i¼1

rij

8>>>><
>>>>:

ð31Þ

where 0�Hj � 1; and it is assumed that if ln fij ¼ 0,

fij ln fij ¼ 0; i ¼ 1; 2; � � � ; n; j ¼ 1; 2; � � � ;m.

3) Employ (32) and (33) to calculate xj that should be

assigned to objective j.

xj;e ¼
ð1 � �HÞxj;e1 þ �Hxj;e2 Hj\1

0 Hj ¼ 1

�

xj;e1 ¼ ð1 � HjÞ=
Xm

j¼1;Hj 6¼1

ð1 � HjÞ

xj;e2 ¼ ð1=HjÞ=
Xm

j¼1;Hj 6¼0

ð1=HjÞ

8>>>>>>>>>><
>>>>>>>>>>:

ð32Þ

xj ¼ xj;sxj;e=
Xm
j¼1

xj;sxj;e ð33Þ

where �H is the mean value of all the entropy values which

are not equal to 1; 0�xj;e � 1;
Pm
j¼1

xj;e ¼ 1; xj;s is the

subjective weight of attribute j.

4) Calculate the aggregation assessment value ui for

each solution using below equation.

ui ¼
Xm
j¼1

xjrij i ¼ 1; 2; . . .; n ð34Þ

5) Rank solutions according to the aggregation

assessment values, and a larger value indicates a better

solution.

4 Simulation studies

4.1 System description and parameter settings

In this section, a test regional IES, which consists of a

modified IEEE 30-bus system embedded with WT and PV

generators [34], is utilized to verify the effectiveness of the

UT method in tackling uncertainty, and the performance of

MGSO-ACL algorithm with constrained Pareto-dominance

principle in solving MS model. The wind farms are

installed on buses 5, 11 and 13, and the original thermal

units on these buses are shut down for energy saving; the

PV generators are located in buses 1, 17 and 23. The

forecasts of wind and solar power are assumed to be

available, the mean lw and STD rw of wind forecast result,

and the mean ls and STD ls of solar forecast result are

outlined in Table 1. As for MGSO-ACL algorithm, it is

evaluated in comparisons with the NSGA-II, their popu-

lation sizes are all set to be 50 and the maximum number of

iterations 200. All the simulation studies are implemented

on a personal computer with a 3.5 GHz processor and a 4

GB of RAM using MATLAB.

4.2 Case 1: The uncorrelated input variables

In this case, it is assumed that the wind and solar power

are independent with each other, that is, the correlation

coefficient /ij in (5) is equal to 0 for i 6¼ j. As the LHS

method has been proved effective in handling uncertainty

[29, 43], it is utilized here as a criterion to test the accuracy

of the UT method and the widely used SR method [26]. We

set the sample number of LHS method to be 300, and the

SR method to be 13 which is equal to the sample number of

the UT method. The Pareto-optimal fronts obtained by

MGSO-ACL in different scenarios given by UT, LHS and

SR method are shown in Fig. 2. It is clear that our UT

method approximates the LHS to a great extent, while the

means and STDs of fuel cost obtained by SR method can

Table 1 Parameters of WT and PV generators

Generator Node lw (MW) rs (MW)

WT generators 5 12.7 1.27

11 30 3.0

13 20.9 2.09

PV generators 2 12.5 2.50

17 6.7 1.34

23 8.4 1.68
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Fig. 2 Pareto-optimal fronts obtained by MGSO-ACL with different

scenarios given by UT, LHS and SR method for Case 1
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not reflect the actual situation since SR distorts probability

distributions of the random input variables. Moreover, as

the sample number of the UT method is only 4.3% that of

LHS and the execution time for one sample is the same, the

execution time of the UT method is also only 4.3% of LHS,

which means UT is very efficient in tackling the

uncertainties.

Figure 3 shows the Pareto-optimal fronts obtained by

MGSO-ACL and NSGA-II, respectively. For the metric

comparisons between the two algorithms, the index of

hypervolume (HV), the mean Euclidian distance (MED),

the spacing index (SI), the number of Pareto-optimal

solutions (NPS) are addressed to evaluate the quality of

their Pareto-optimal fronts. The reference points for HV

and MED are set as (576, 16.8) and (517, 14.0), respec-

tively. According to the metric comparison results shown

in Table 2, MGSO-ACL can find more Pareto-optimal

solutions than NSGA-II under the same number of power

flow calculations. Meanwhile, the values of HV and MED

show that the Pareto-optimal front obtained by MGSO-

ACL has better quality of convergence and diversity than

that obtained by NSGA-II. In addition, SI regarding to

MGSO-ACL is smaller, which means the Pareto-optimal

solutions obtained by MGSO-ACL are distributed more

evenly. Therefore, it is demonstrated that MGSO-ACL can

find a better set of Pareto-optimal solutions, compared with

NSGA-II. Moreover, the constraint violation objective

values are 0 for all Pareto-optimal solutions, verifying the

effectiveness of our constraint handling method.

As for the Pareto-optimal solutions obtained by MGSO-

ACL, the decision making method, IEW, is applied to

determine the final dispatch solution. After calculating the

aggregation assessment value of each Pareto solution

according to the computing procedure in Section 3.2, the

solution with objective values (534.0, 15.0) is determined,

and the errorbars of voltage magnitudes at all buses cor-

responding to this solution are shown in Fig. 4, where the

STDs are multiplied by 10 for better observation.

According to the obtained results and referring to the net-

work topology, it is obvious that the integration of wind

and solar farms in some buses results in uncertainty in all

buses. In addition, the STDs of voltage magnitudes in

buses which have wind or solar farms and in buses near to

them topologically are higher than others.

4.3 Case 2: Correlated input variables

In this case the correlation between wind and solar

power are taken into consideration to investigate what

effects can be imposed to system by their negative corre-

lation. Based on the statistical results in [35], the correla-

tion coefficient of wind and solar power is set to be

-0.2.

The Pareto-optimal fronts obtained by MGSO-ACL with

different scenarios given by UT, LHS and SR method are

shown in Fig. 5. It is clear that the means and STDs of fuel

cost obtained by the UT method coincides those of LHS.

However, the Pareto-optimal front given by SR method are

significantly different with LHS, indicating the poor ability

of SR to handle the case with correlated input variables.

Comparing Fig. 5 with Fig. 2, it reveals that the nega-

tive correlation relationship of wind and solar power

reduces the STD of fuel cost while has little influence on

the mean value of fuel cost. As for the Pareto-optimal

solutions obtained by MGSO-ACL in this case, the IEW is

also applied to determine the final dispatch solution (533.4,

13.3). In order to further illustrate the effects imposed to

regional IES by the negative correlation of wind and solar

power, the final solutions obtained in the two cases are

substituted into their sample points respectively, and the

fuel cost in each sample are calculated using the nonlinear

transformation process in Fig. 1. Figure 6 gives the fuel520510 530 540 550 560 570
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Fig. 3 Pareto-optimal fronts obtained by MGSO-ACL and NSGA-II

with UT method for Case 1

Table 2 Metrics comparisons of Pareto-optimal fronts obtained by

MGSO-ACL and NSGA-II

Algorithm HV MED Spacing NPS

MGSO-ACL 97.8 15.9 11.9 437

NSGA-II 90.3 28.8 16.2 50

Note: The bold fonts of values indicate the better results

0 5 10 15 20 25 30
0.95

1.00

1.10

1.05

Bus number

B
us

 v
ol

ta
ge

 (p
.u

.)

Fig. 4 Errorbars of voltage magnitudes at all buses for Case 1
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cost deviations from the mean cost in 13 sample points for

each case.

An additional advantage of the UT method is that it is

convenient to investigate how the uncertainty of input

variables caused the output variables to be uncertain.

Therefore, we substitute the final solutions of both cases

into their own sample points, and calculate the emissions of

CO2, NOx and SO2 in each sample by replacing the fuel

cost function in the nonlinear transformation process of

Fig. 1 with the following emission functions, respectively.

ECO2
¼
XNG

i¼1

ðs1i þ s2iPGi
þ s3iP

2
Gi
Þ ð35Þ

ENOx
¼
XNG

i¼1

10�2ðs4i þ s5iPGi
þ s6iP

2
Gi
þ �ie

niPGi Þ ð36Þ

ESO2
¼
XNG

i¼1

10�2ðs7i þ s8iPGi
þ s9iP

2
Gi
Þ ð37Þ

where s1i; s2i; :::; s9i are the cost coefficients for the emis-

sions of CO2, NOx and SO2, respectively.

The emissions of CO2, NOx and SO2 in 13 samples for

Case 1 and Case 2 are plotted in Fig. 7. It can be observed

that the emissions of CO2 and SO2 are almost invariable in

the different scenarios, indicating that the uncertainty of

wind and solar power has little impact on them. In the

meanwhile, the emission of NOx changes in different sce-

narios. The reason behind this phenomenon lies in that the

emission function of NOx is the summation of a quadratic

function and an exponential function, while the exponential

function is more sensitive to the fluctuation of power

outputs.

To investigate the impact of the integration of REs on

power system risk indices, the means and STDs of voltage

deviations (VD) and voltage stability index (Lindex) corre-

sponding to the final dispatch solutions of Case 1 and Case

2 are also calculated. The obtained values are listed in

Table 3, and the original values for these objectives are

also given for comparison. Here, the original values are

obtained by minimizing the fuel cost in the original

regional IES and the best individual is used to calculate the

other objective values. From Table 3, it can be seen that

integrating REs can effectively improve the economic and

environmental benefits, but it also increases the risk of IES.

Moreover, the uncertainty caused by the REs is also the

risk that should be assessed. In addition, the STDs of the

objective values of Case 2 are all smaller than those of

Case 1, which again verifies that the complementary nature

of wind and solar power can reduce the uncertainty of the

overall system.
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Fig. 5 Pareto-optimal fronts obtained by MGSO-ACL with different

scenarios given by UT, LHS and SR method for Case 2
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corresponding to the final dispatch solutions for Case 1 and Case 2

Table 3 Means and STDs obtained in Case 1 and Case 2

Objective Case 1 Case 2 Original

Mean STD Mean STD

F 534.0 15.0 533.4 13.3 802.3

ECO2
0.1527 0.0006 0.1525 0.0005 0.2842

ENOx
0.1236 0.0053 0.1240 0.0047 0.3623

ESO2
0.0292 0.0010 0.0296 0.0009 0.0859

VD 0.8297 0.0132 0.8025 0.0103 0.7926

Lindex 0.1543 0.0018 0.1557 0.0014 0.1387
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5 Conclusion

This paper has provided a UT-MS model for the IES

optimal operation problem considering correlative wind

and solar power. The MGSO-ACL algorithm is applied

along with a constraint handling method to deal with the

UT-MS model. By comparing all the Pareto-optimal

solutions using the decision making method, IEW, a final

dispatch solution is then determined. The following con-

clusions have been drawn via the simulation studies con-

ducted on a test IES.

First, the UT is more efficient than the LHS method

since it uses much less sample points, and more accurate

than the SR method in calculating the statistical properties

of output variables, while having the ability to handle

correlated input variables.

Secondly, the MGSO-ACL-CHT algorithm can obtain

superior Pareto-optimal solutions in terms of convergence

and diversity, and the constraint handling technique can

ensure the Pareto-optimal solutions satisfy all the con-

straints for all scenarios.

Thirdly, the impact of correlation among the random

input variables on systems has also been investigated in

this paper, and the results have shown that the negative

correlated relationship between wind and solar power

reduces the STDs of system variables but has little influ-

ence on the mean values of system variables.

Furthermore, we have also compared the fuel costs,

emissions of CO2, NOx and SO2, voltage deviations and

voltage stability indices corresponding to the dispatch

solutions of the modified and original regional IES, and it

reveals that integrating REs can effectively improve the

economic and environmental benefits, but also increase the

risk for the IES optimal operation problem.

In our future work, we will apply the proposed UT-MS

model to tackle the problem of N � k security constrained

unit commitment considering renewable energy resources

penetrating into IES, so as to increase the proportion of

renewable energy consumption while guaranteeing the

economy and stability of the IES operation.
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