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Flexible Scheduling of Microgrid with Uncertainties
Considering Expectation and Robustness

Y. Z. Li, T. Y. Zhao, P. Wang, Senior Member IEEE, H. B. Gooi, Senior Member IEEE, and Z. H. Ding

Abstract—With increasing renewable distributed energy re-
sources integrated into a microgrid (MG), it is difficult to realize
its optimal operation due to various uncertainties, e.g., power
outputs of wind turbines and photovoltaic cells. This paper
presents a flexible scheduling model for the optimal operation
of an MG, in which the expectation of operational cost and the
robustness of scheduling solutions are considered, simultaneously.
To balance the trade-off between minimizing the expectation of
operational cost and enhancing robustness, the proposed flexible
scheduling model of MG is formulated as a multi-objective
optimization problem, by introducing a robustness preference
parameter. In this way, the relationship between the expected
operational cost and the robustness of scheduling solution is
investigated, and the fuzzy decision making method is used for
selecting a suitable solution. Finally, a modified MG is used for
case study, and simulation results verify the applicability and
effectiveness of the proposed model.

Index Terms—Flexible scheduling, microgrid, uncertainty, ex-
pectation, robustness.

I. INTRODUCTION

It is known that microgrids (MGs) are good platforms for
utilizing distributed energy resources (DERs), especially the
renewable DERs, such as wind and solar power [1]–[7]. The
concept of an MG is defined by U.S. Department of Energy,
which is “a group of interconnected loads and distributed
energy resources with clearly defined electrical boundaries that
act as a single controllable entity with respect to the grid
and can connect to and disconnect from the grid to enable
its operation in both grid-connected and island modes” [1].
For instance, Fig. 1 shows the framework of an MG, which is
established in Nanyang Technological University, Singapore.
This MG consists of wind turbines, photovoltaic cells, diesel
generators, industrial load, residential load, energy storage
systems, etc.

In recent years, many researchers have focused their study
on the planning and operation of MGs. For instance, Ref.
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[3] proposed an integrated resources planning model based
on optimal direct load control in MGs, in order to improve
the load shifting and peak shaving, reduce investments, and
minimize the total social costs. Ref. [4] presented a bi-level
programming to deal with the MG planning considering the
utilization of compressed air energy storage, in which its
sizing and the spinning-reserve constrained unit commitment
are solved by the upper and lower level optimization problems,
respectively.

As for MG operations, it is challenging to realize the
optimal scheduling, with the increasing renewable DERs inte-
grated in MGs. This is due to the fact that renewable power
generated by wind turbines (WTs) and photovoltaic cells (PVs)
are fluctuant and weather-dependent, which leads to uncertain-
ties for MG scheduling. Taking the consideration of uncertain
renewable DERs into account, the stochastic optimization for
MG optimal scheduling has been widely investigated. Ref. [5]
proposed the stochastic optimization approach on the basis
of sample average approximation, in order to obtain a bal-
anced scheme between system reliability and greenhouse gas
emission. A stochastic strategy is presented in Ref. [6], which
is used to schedule generation and demand, simultaneously,
in order to improve the efficiency of MG operation. In Ref.
[8], a stochastic scheduling model of MG is developed to
minimize the expected operational cost and accommodate the
intermittent wind and solar power. An enhanced optimization
algorithm of particle swarm optimization is proposed in [9]
for solving stochastic optimal operation problem of MGs.
In Ref. [10], a stochastic day-ahead scheduling model of
combined heat and power based MGs is adopted, considering
uncertainties of wind power. It is noted that although the
stochastic optimization approach can well consider uncer-
tainties of renewable DERs using scenario analysis [11]–
[16], its drawback is evident. On one hand, it is based on
the assumption that outputs of renewable DERs follow a
probabilistic distribution, such as Normal distribution [17].
However, whether it is proper to use such standard probability
density functions to describe uncertainties of remains to be
examined [18]. On the other hand, the stochastic optimization
aims to find the optimal expected scheduling objective, such
as economic cost. Therefore, the robustness of the obtained
scheduling solution is not considered, which is an important
index for the assessment whether the solution is insensitive to
uncertain renewable DERs [19], [20].

Consequently, the robust optimization approach has become
a hot issue for MG scheduling with uncertainties in recent
years [19]–[23]. In [19], an approach of robust energy man-
agement was proposed in MGs which contain high penetrated
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wind and solar power, and the formulation for the worst-
case amount of harvested renewable DERs are established. In
[20], the MG scheduling solution was obtained by optimizing
the worst-case scenario, which is robust against most of the
possible realizations of the uncertain set. What is more, a ro-
bust two-stage optimization approach is developed to schedule
the MG generations considering uncertain renewable DERs,
for minimizing the expected economic cost while satisfying
operational constraints [21]. In Ref. [24], a robust optimization
based approach is presented for the optimal management
of an MG, and the impact of degree of robustness on the
economic cost is studied. Therefore, it can be seen that robust
optimization is based on the worst case analysis, i.e., a solution
is evaluated using the realization of the uncertainty that is most
unfavorable. In other words, it has a good immunity to the
uncertainty and obtains the best performance towards to the
worst case [25], [26]. Moreover, the probabilistic information
of uncertain wind or solar power is not required, which is
presented as interval number. However, it should be mentioned
that the critical concerns of its practical application is the
conservativeness, as its inherent nature of handling with the
worst case scenarios.

It is also noted that interval programming also uses the
interval number to present the uncertainty of renewable power,
and it has been used for power system analysis and operations.
For instance, Ref. [27] proposed a novel unit commitment
formulation based on interval programming to improve the
security as well as economy of power system operation,
and the worst-case impact of volatile node injection of wind
power on unit commitment is studied. Ref. [28] used the
interval programming to obtain the optimal scheduling solution
of stochastic security-constrained unit commitment problem,
which is transformed into two extreme deterministic subprob-
lems in terms of upper and lower bounds of the objective
function. In Ref. [29], an interval programming based model
for reactive power optimization is proposed, and the linear
approximation method is used to solve this problem. The
outperformance of the proposed model is verified, compared
with the chance constrained programming model. In Ref. [30],
an economic dispatch model based on interval programming
is also proposed to deal with uncertainty of renewable power,
considering the utilization of virtual power plant. However, the
interval programming aims to obtain the best expected value
of the scheduling objective, which is similar to the approach
of stochastic programming. In this way, the robustness of solu-
tions in the uncertain environment cannot well be considered.

Consequently, a flexible scheduling model is proposed in
this paper, which aims to sandwich between the stochastic
optimization and the robust optimization, in order to support
optimal operation in MGs. In this way, both the expectation of
operational cost and the robustness of alternative scheduling
solutions can be taken into consideration. At first, outputs of
renewable DERs are presented as interval variables, for over-
coming the lack of knowledge on the probabilistic expression.
Then, the scheduling objective is also uncertain presented in
the form of an interval variable, and its midpoint and radius
manifest the expectation and the robustness, respectively.
Afterwards, we introduce a robustness preference parameter to

well balance interests between them, and convert the flexible
scheduling model into a single optimization problem. Finally,
numerical studies are conducted on the scheduling problem
of a modified MG. The effect of the robustness preference
parameter on the expectation and robustness is investigated,
and the fuzzy decision making method is used for selecting a
suitable solution. The outperformance of the proposed flexible
scheduling model is verified, by comparing the performance of
the selected solution with two solutions which consider only
the expectation and the robustness, respectively.

The rest of this paper is organized as follows. Mathematical
formulations of the proposed flexible scheduling model are
shown in Section II. Then an MG of Nanyang Technological
University is used as a benchmark for study, and simulation
results are presented and analysed in Section III. Finally,
conclusion is drawn in Section IV.

II. FLEXIBLE SCHEDULING MODEL OF MICROGRID

A. Problem Formulation

An MG is comprised of diesel generators (DGs), energy
storage systems (ESSs), wind turbines (WTs), photovoltaic
cells (PVs), etc. Its optimal scheduling is to minimize the total
economic cost (EC), which include the operational cost of DG
and ESS, formulated as follows:

Cm,DG(p
t
m,DG) = am,DGp

t
m,DG + bm,DG (1)

where Cm,DG(p
t
m,DG) and ptm,DG are the EC and the active

power output of the mth DG during the tth time interval,
respectively. am,DG and bm,DG are the EC coefficients of the
mth DG.

In terms of ESS, the EC is formulated as follows:

Cn,ESS(p
t
n,ESS) = cn,ESS|ptn,ESS| (2)

where ptn,ESS is the charging or discharging power during the
tth time interval, and cn,ESS stands for the EC coefficient in
terms of the nth ESS.

As an ESS cannot charge and discharge at the same time
interval, ptn,ESS is expressed as follows.

ptn,ESS = ptn,ESSc − ptn,ESSdc (3)

ptn,ESScp
t
n,ESSdc = 0 (4)

where ptn,ESSc and ptn,ESSdc are the charging and discharging
power of an ESS, during the tth time interval.

Therefore, the total EC of an MG is presented in the
following formulation:

C =

T∑
t=1

{
NDG∑
m=1

Cm,DG(p
t
m,DG) +

NESS∑
n=1

Cn,ESS(p
t
n,ESS)} (5)

where T is the total number of scheduling time intervals. NDG

and NESS are numbers of DGs and ESSs, respectively.
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Fig. 1. The framework of a microgrid established in Nanyang Technological University, Singapore

Meanwhile, the operational constraints of DGs and ESSs
should be satisfied, which are presented as follows:

pmin
m,DG ≤ ptm,DG ≤ pmax

m,DG (6)

−Rn,down ≤ ptm,DG − pt−1m,DG ≤ Rn,up (7)

0 ≤ ptn,ESSdc ≤ pmax
n,ESSdc (8)

0 ≤ ptn,ESSc ≤ pmax
n,ESSc (9)

Etn,ESS = Et−1n,ESSc + ptn,ESScηn,c −
ptn,ESSdc

ηn,dc
(10)

Emin
n,ESS ≤ Etn,ESS ≤ Emax

n,ESS (11)

where pmin
m,DG, pmax

m,DG, Rn,down and Rn,up are minimum
and maximum power outputs, maximum ramp up and down
rates of the mth DG, respectively. pmax

n,ESSdc and pmax
n,ESSc are

maximum discharging and charging power of the nth ESS, and
Etn,ESS is its energy at the end of the tth time interval. ηn,c
and ηn,dc are charging and discharging efficiency with respect
to the nth ESS, and Emin

n,ESS and Emax
n,ESS are its minimum and

maximum energy capacity.
As for WTs and PVs, it is difficult to obtain their accurate

values, though they are forecasted for scheduling. On the other
words, the forecasting errors exist. In this way, the actual
power outputs of WTs and PVs are presented as the sum of
the forecasting values and errors:

ptr,WT ∈ [pt,fr,WT − p
t,e
r,WT, p

t,f
r,WT + pt,er,WT] (12)

pts,PV ∈ [pt,fs,PV − p
t,e
s,PV, p

t,f
s,PV + pt,es,PV] (13)

where ptr,WT, pt,fr,WT and pt,er,WT are the actual power output,
the forecasting power output, and the forecasting error of the
rth WT (r = 1, 2, ..., NWT), and NWT is the number of
WTs. pts,PV, pt,fs,PV and pt,es,PV are the actual power output,
the forecasting power output, and the forecasting error of the
sth PV (s = 1, 2, ..., NPV), and NPV is the number of PVs.

It is noted that the generation of DGs, WTs, and PVs, the
charging/discharging electricity of ESSs, and the total load
demand must be balanced at all time:

ptm,DG + ptn,ESSc − ptn,ESSdc + ptr,WT + pts,PV = P tL (14)

where P tL is the total load demand during the tth time interval.
However, it should be mentioned that it is difficult to satisfy

Eq. (14), as the power outputs of WTs and PVs are uncertain.
Therefore, in this paper, we introduce the participation factor
method [31] to deal with this difficulty. This method includes
two steps, the first one is to determine base-point scheduling
solutions based on the forecasting values of renewable power,
i.e., optimizing (3) while (14) is converted into (15):

pt,fm,DG + pt,fn,ESSc − p
t,f
n,ESSdc + pt,fr,WT + pt,fs,PV = P tL (15)

where pt,fm,DG, pt,fn,ESSc, and pt,fn,ESSdc are base-point scheduling
solutions of the mth DG, base-point charging and discharging
power of the nth ESS, respectively.

In the following step, DGs and ESSs are rescheduled to
adjust with the uncertain power outputs of WTs and PVs. Let
βm and γn denote participation factors of the mth DG and
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the nth ESS, and the actual power generated are shown as
follows.

ptm,DG = pt,fm,DG + βmε
t (16)

ptn,ESS = pt,fm,ESS + γnε
t (17)

εt = P tL − (pt,fm,DG + pt,fn,ESS + pt,fr,WT + pt,fs,PV) (18)
NDG∑
m=1

βm +

NESS∑
n=1

γn = 1 (19)

0 ≤ βm ≤ 1 (20)
0 ≤ γn ≤ 1 (21)

Therefore, it is seen that power balance can be satisfied
using the participation factor method. Then the total EC of an
MG consists of two parts, i.e., operational cost of base-point
scheduling solutions and rescheduling cost by adjusting DGs
and ESSs, which is formulated as follows.

C =
T∑
t=1

{
NDG∑
m=1

Cm,DG(p
t,f
m,DG) +

NESS∑
n=1

Cn,ESS(p
t,f
n,ESS)}

+

T∑
t=1

{
NDG∑
m=1

Cm,DG(βmε
t) +

NESS∑
n=1

Cn,ESS(γnε
t)} (22)

For the convenience of introducing the flexible scheduling
model, the compact formulations of the MG scheduling prob-
lem are also shown as follows:

min
x

C(x,u) (23)

s.t. g(x,u) = 0 (24)
h(x,u) ≤ 0 (25)

where x and u stand for decision and uncertain variables,
respectively. The decision variables consist of pt,fm,DG, pt,fn,ESS,
βm and γn. u is comprised of ptr,WT and pts,PV. C(x,u) is the
total EC, as shown in (20). g(x,u) and h(x,u) are equality
and inequality constraints of (4)-(19), respectively.

B. Flexible Scheduling Model

Due to the rapid development of renewable DERs, more
WTs and PVs have been integrated into MGs. However,
with the integration of such uncertain power sources, it is
evident that selecting the optimal scheduling solution for MG
operations is difficult. Recently, the direct interval forecasting
method has been proposed [32], [33], by which the renewable
power generation can be predicted within forecasting upper
and lower bounds. In this way, we can regard its forecasting
value and forecasting error as the average and deviation be-
tween the upper and lower bounds. Consequently, the uncertain
renewable power output can be represented as an interval
variable during each time interval, as presented in (10) and
(11). According to (21), it is seen that C(x,u) is an interval
number when a scheduling solution x is chosen. In this way,
how to select the optimal solution by comparing such interval
numbers is to be solved.

Fig. 2 shows all of the six possible relations between interval
numbers, and it is natural to compare which number is better
based on the midpoints of them, which means the averaged

Fig. 2. Six possible relations between interval numbers

performances of such interval values are taken into account.
However, it should be mentioned that if we only use the mid-
point to check outperformance of solutions, their robustness
cannot be considered. For instance, Fig. 3(a) shows the interval
forecasting information of renewable power outputs in an MG,
and interval values of the scheduling objective (e.g., economic
cost) with respect to solutions x1 and x2 are presented in
Fig. 3(b). In the latter figure, the two interval numbers are
denoted as [CL

1 , C
R
1 ] and [CL

2 , C
R
2 ], respectively. We can see

that the midpoint of [CL
1 , C

R
1 ] is M1, which is larger than

that of the [CL
2 , C

R
2 ], i.e., M2. This means that the averaged

performance of the scheduling solution x2 is better than x1.
However, it is easy to observe that the value of scheduling
objective regarding to x2 may be in the interval of [CR

1 , C
R
2 ]

with high values, due to the larger interval of [CL
2 , C

R
2 ]. In

other words, although x2 performs better than x1 in the aspect
of expectation, its robustness is worse than that of x1, as x1
can obtain “stable” values with less variation. It is seen that
the interval of objective values can represent the robustness
of scheduling solutions, to some extent. As a result, in this
paper, we use the radius value of such interval to demonstrate
this kind of robustness.

Fig. 3. (a) Interval forecasting of renewable power output; (b) Comparison
of different scheduling solutions

As we know, the stochastic optimization aims to find the
best expectation of the uncertain objective function, and the
robust optimization is to obtain the maximal robustness against
the uncertain environment. To well combine advantages of
these two models, we propose a flexible scheduling model
to consider both the expectation and the robustness, simulta-
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neously, which is formulated as follow.

[min
x

M(x,u) max
x

1/D(x,u)] (26)

s.t. M(x,u) =
1

2
[CL(x,u) + CR(x,u)] (27)

D(x,u) =
1

2
[CR(x,u)− CL(x,u)] (28)

CL(x,u) = min
u∈Γ

C(x,u) (29)

CR(x,u) = max
u∈Γ

C(x,u) (30)

g(x,u) = 0 (31)
h(x,u) ≤ 0 (32)
u ∈ Γ = [uL,uR] (33)

It is noted that the above formulations are presented as an
uncertain optimization problem, as we aim to obtain the
optimal x to minimize M(x,u) and maximize 1/D(x,u), con-
sidering the uncertainties expressed by u. M(x,u) reflects the
expectation of the uncertain objective function C(x,u). Note
the inverse of its radius 1/D(x,u) manifests the robustness
of the scheduling solution in the uncertain environment, i.e.,
the value of D(x,u) is smaller, the corresponding solution is
more robust. CL(x,u) and CR(x,u) are its lower and upper
bounds. uL and uR stands for bounds of uncertain renewable
power generations.

It can be seen the flexible scheduling approach is formulated
as a multi-objective optimization problem. Similar to Ref.
[34], [35], in order to investigate the effect of robustness
of solutions on the expectation of scheduling objective, we
introduce a robustness preference parameter λ to convert
the multi-objective optimization problem into a robustness
constrained single-objective one:

min
x

M(x,u) + λD(x,u)

s.t. (27)− (33).
(34)

Note that this is different from the weighted sum method,
as the robustness preference parameter λ can well represent
the constrained effect of robustness on the expectation, and
indicate their tradeoff relationship more directly [34], [35].
Obviously, a conservative MG dispatcher selects the large
value of λ to enhance the robustness of the obtained scheduling
solution. On the contrary, an optimistic dispatcher will choose
small value of λ, in order to hunt for better expectation of the
scheduling objective.

The flexible scheduling approach becomes the robust opti-
mization when λ = 1, and the formulation is shown as follows.

min
x

max
u

C(x,u)

s.t. (29)− (31).
(35)

The proof is presented in Part A of Appendix in this paper.
It should be mentioned that we can code the “min-max” op-

timization problem using the modelling language of YALMIP
[36], and the solver of CPLEX [37] can be selected to take
care of reformulations required to remove uncertainty, using
the duality filter [38], [39]. Then the solution of “min-max”
optimization problem can be obtained. The solver of CPLEX
is selected in the modelling language of YALMIP by the
command: ops = sdpsettings(’solver’,’cplex’).

III. SIMULATION STUDY

A. Simulation settings

In order to verify the effectiveness of the proposed flexible
scheduling model, a modified MG of Nanyang Technological
University is used as a benchmark for simulation study. 1 DG,
1 ESS, 1 WT, and 1 PV are set to be connected into the
MG. Table I shows parameters of DG, i.e., EC coefficients,
the maximum ramp up and down rates, and the minimum
and maximum power outputs, combined with the ones of
ESS, such as the maximum discharging and charging power,
the initial energy state, the minimum and maximum energy
capacity, and the charging and discharging efficiency.

In terms of the forecasting data of wind power and solar
power, they are obtained by scaling down the data measured by
National Wind Technology Center (NWTC), National Renew-
able Energy Laboratory [40] and Solar Radiation Monitoring
Laboratory, University of Oregon [41], respectively. The fore-
casting information of wind power and solar power are shown
in Fig. 4 (a) and Fig. 4 (b), respectively. The forecast errors
for them are set to be 20% [21] and 10% [42], respectively.

TABLE I
THE PARAMETERS OF DG AND ESS

Resources Parameters MG

DG

aDG ($/kW) 0.01519
bDG ($) 3.40

Rup (kW/h) 80
Rdown (kW/h) 75
Pmin (kW) 50
Pmin (kW) 200

ESS

pmax
ESSc (kW/h) 25

pmax
ESSdc (kW/h) 20
E0

ESS (kWh) 6
Emin

ESS (kWh) 5
Emax

ESS (kWh) 45
ηc 0.95
ηdc 0.95
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Fig. 4. Forecasting information of wind and solar power

To verify the effectiveness of the proposed flexible model,
its performance is compared with the robust optimization
shown in (35). Note that the uncertainty budget is 24, which
is the total time intervals for scheduling, meaning that fore-
casting errors presented in Eqs. (12) and (13) exist in each
time interval. What is more, the proposed approach is also
compared with the case in which the expectation is merely
optimized when λ = 0. Then we investigate the effect of the
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robustness preference parameter λ on the optimal scheduling
solution, and λ is set to vary from 0 to 1.0. Finally, to
further illustrate the outperformance of the proposed flexible
scheduling model, a sampling method, i.e., Latin hypercube
sampling with Cholesky decomposition (LHS-CD) [43] is
adopted to simulate the uncertain environment, and verify that
the obtained solution has a better scheduling performance.
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Fig. 5. The values of expectation and radius of EC with respect to different
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B. Simulation results and discussion

The 11 scheduling solutions obtained by the flexible
scheduling model are donated as s0, s1, · · ·, s10, with respect
to different situations when λ is chosen to be 0, 0.1 · ··, 1.0,
respectively. Then the values of the expectation and the
radius of economic cost in terms of these solutions are
shown in Table II. Furthermore, the trade-off relationship
between these two objectives is clearly drawn in Fig. 5, i.e.,
the expectation increases and the radius decreases when the
robustness preference parameter is varying from 0.0 to 1.0.
This means that obtaining a solution which minimizes the
expectation and maximizes the robustness at the same time
is impossible. For instance, solution s0 is obtained by only
optimizing the expectation of EC, which is 707.2 $, much
less than that of s10, i.e., 828.2 $. However, its radius of EC
is as high as 235.3 $. In this way, s0 can be regarded as an
“aggressive” scheduling solution as it pursues the expected EC
merely without considering its robustness under the uncertain
renewable energy environment. On the other hand, s10 can be
viewed as a “conservative” solution, which is obtained by the
robust optimization approach only considering the worst case
of the uncertain environment.

We can see from Fig. 6 more obviously that different
scheduling solutions imply different levels of robustness, and
ultimately different varying intervals of EC. It is clearly ob-
served that the interval of EC with respect to s0 is much larger,
which indicates this scheduling solution put great uncertain
effect on EC, i.e., it can obtain EC ranging from 700.73
$/h to 901.26 $/h. On the contrary, solution s10 obtains the
smallest interval of EC, with expected values much higher
than that of s0. Consequently, MG dispatchers should take
both the expectation and robustness of economic cost into
consideration, for making a reasonable decision and selecting
a suited scheduling solution.
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Therefore, the fuzzy decision making method is adopted
to comprehensively assess the expectation and robustness
of the alternative solutions, s0, s1, · · ·, s10. Formulations of
this method is shown in Part B of Appendix of this paper.
In this method, relative weights should be assigned to the
expectation and the robustness, which will affect the decision
making. Therefore, different relative weights are set, and
corresponding ranking values are obtained and shown in Table
II. Furthermore, Fig. 7 presents the varying trend of effect
of relative weights on the selection. It is seen that when
relative weights are set as (ω1, ω2)=(0.1,0.9), the robustness
is more important than the expectation, and s10 obtains the
highest ranking value and is finally chosen as the scheduling
solution. On the contrary, s0 is selected as the suitable one if
(ω1, ω2)=(0.9,0.1). It should be mentioned that it is difficult for
dispatchers to determine the specific of such relative weights,
especially in terms of uncertain environment. However, we can
observe from Fig. 7 that the ranking value of s5 varies to a
small extent when relative weights are assigned as different
values. It means that solution s5 can well balance interests
of the expectation and robustness of economic cost, which is
therefore chosen as the final scheduling solution.

Fig. 8 shows the outputs of DG, the charging/discharging
of ESS, and the participation factors of DGs and ESSs, in
terms of the solution s5. It can be seen from Fig. 8(a) that
the outputs of DG are in [167, 190] kW, during the 24 hours.
Fig. 8(b) shows that the ESS charges and discharges during
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TABLE II
VALUES OF THE EXPECTATION AND ROBUSTNESS OF ECONOMIC COST FOR OBTAINED 11 SCHEDULING SOLUTIONS

Solutions s0 s1 s2 s3 s4 s5 s6 s7 s8 s9 s10

Objectives Expectation ($/h) 707.2 730.3 743.1 756.4 767.3 778.2 789.1 800.1 810.9 822.8 828.2
Radius ($/h) 235.3 174.4 154.5 132.7 110.9 89.1 67.2 45.4 30.8 14.5 6.2

Ranking values

(ω1, ω2)=(0.1,0.9) 0.0154 0.0494 0.0599 0.0713 0.0832 0.0951 0.1069 0.1188 0.1262 0.1346 0.1389
(ω1, ω2)=(0.2,0.8) 0.0318 0.0595 0.0672 0.0758 0.0851 0.0944 0.1036 0.1129 0.1181 0.1241 0.1273
(ω1, ω2)=(0.3,0.7) 0.0492 0.0704 0.0751 0.0806 0.0871 0.0936 0.1001 0.1066 0.1095 0.1129 0.1148
(ω1, ω2)=(0.4,0.6) 0.0677 0.0818 0.0834 0.0856 0.0892 0.0928 0.0964 0.0999 0.1003 0.1009 0.1016
(ω1, ω2)=(0.5,0.5) 0.0874 0.0941 0.0923 0.0911 0.0915 0.0919 0.0924 0.0928 0.0906 0.0882 0.0874
(ω1, ω2)=(0.6,0.4) 0.1085 0.1072 0.1018 0.0968 0.0939 0.0911 0.0882 0.0852 0.0801 0.0746 0.0724
(ω1, ω2)=(0.7,0.3) 0.1311 0.1212 0.1121 0.1030 0.0965 0.0901 0.0836 0.0771 0.0689 0.0601 0.0562
(ω1, ω2)=(0.8,0.2) 0.1554 0.1362 0.1230 0.1096 0.0993 0.0890 0.0787 0.0683 0.0569 0.0443 0.0389
(ω1, ω2)=(0.9,0.1) 0.1816 0.1524 0.1348 0.1168 0.1024 0.0879 0.0734 0.0589 0.0439 0.0276 0.0202

the 1st-3rd and the 24th time interval, respectively. This is
because the ESS puts more emphasis on the reserve regulation,
as its participation factors are in [0.38, 0.66] during the 1st-
23rd time interval, as shown in Fig. 8(d). However, it does not
take part in reserve regulation in the 24th hour, as the DG’s
participation factor is 1.0 in such time interval, which means
the DG takes the full responsibility for the reserve regulation.
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Fig. 8. (a) Outputs of DG; (b) The charging/discharging power of ESS; (c)
The participation factors of DG; (d) The participation factors of ESS in terms
of the solution s5
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Fig. 9. Economic cost samples with respect to different scheduling solutions

In order to further demonstrate the necessity of fully consid-
ering both expectation and robustness of EC, the scenario anal-
ysis is adopted to indicate the impact of uncertainties on the
scheduling objective. Specifically, 400 wind and solar power

scenarios are firstly obtained by the sampling method of LHS-
CD [43], using the interval forecasting information shown in
Fig. 4(a) and Fig. 4(b). Then the scheduling objective, i.e., the
EC scenarios of MG are also derived with respect to different
scheduling solution by Eq. (22). To verify the effectiveness of
the selected solution s5 by the fuzzy decision making method,
its EC scenarios are compared with those of the “aggressive”
solution s0 and the “conservative” solution s10, shown in Fig.
9.

It is observed clearly that the expected EC among the 400
samples in terms of solution s0 is lower than those of the
other two solutions. However, we can see that the values
of EC for s0 with respect to some scenarios are almost as
high as 950 $, and the varying extent of all EC scenarios
is impressive. This means that solution s0 is sensitive to the
uncertainties, and it does not handle the uncertain environment
well. For instance, some scenarios are beneficial for MG
operations as the corresponding ECs are less than 500 $,
but some lead to higher ECs, even higher than those of
the “conservative” solution s10. Therefore, solution s0 brings
about high operational risk, which will not be chosen as the
final scheduling solution.

However, it is also seen that the deviation of EC scenarios
in terms of solution s10 is much smaller. This verifies that this
solution is robust to the uncertain environment, as the effect
of uncertainties on the scheduling objective is not evident,
compared with those of s5 and s0. From the perspective
of mitigating the operational risk, choosing solution s10 is
reasonable. However, the expected EC of this solution is as
high as 828.2 $. Consequently, it will not be chosen as the
final scheduling solution due to the economic consideration.

From the discussion above, it is seen that both the expected
EC and robustness should be taken into account. We can easily
observe from Fig. 9 that solution s5 has a better balanced
performance on these two indexes, i.e., it is more robust than
s0 and obtains lower expected EC than that of s10. As a result,
it is proper for MG dispatchers to select the s5 as the final
scheduling solution.

IV. CONCLUSION

This paper has presented a flexible scheduling model for
the optimal operation of microgrids, considering uncertain
renewable energy integrated. In this model, the expectation
of economic cost and the robustness of alternative scheduling
solutions were optimized, simultaneously. Then a robustness
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preference parameter was introduced to weigh their relation-
ship. Therefore, the trade-off relationship of the expectation
and robustness can be investigated. Simulation study has been
conducted based on a modified microgrid, and the results have
indicated the applicability and effectiveness of the proposed
model. In a word, both the expectation and robustness should
be taken into account when solving the optimal scheduling
problem in microgrids, with the consideration of uncertain
renewable distributed energy resources.

APPENDIX

A. Proof

When λ=1, Eq. (34) can be converted to the formulations,
shown as follows:

M(x,u) +D(x,u) =
1

2
[CL(x,u) + CR(x,u)]

−1

2
[CR(x,u)− CL(x,u)] = CR(x,u)

= max
u∈Γ

C(x,u)

In this way, the following formulation can hold.

min
x

[M(x,u) +D(x,u)] = min
x

max
u

C(x,u)

B. Fuzzy decision making method

When using the fuzzy decision making method, a fuzzy
membership function can be defined as follows:

µi =


0 if fi ≥ fmax

i
fmax
i − fi

fmax
i − fmin

i

if fmin
i < fi < fmax

i

1 if fi ≤ fmin
i

where µi is the membership value corresponding to the ith
function fi, fmax

i and fmin
i are the maximum and minimum

values in terms of the obtained Pareto solutions.
Then for each alternative k in the Pareto solutions, the nor-

malized membership value can be obtained by the following
equation:

µ[k] =

∑n
i=1 ωiµi[k]∑m

k=1

∑n
i=1 ωiµi[k]

where m represents the number of Pareto solutions, and n
is the number of multiple objectives. ωi is the weight factor
representing the importance of the ith objective, which is set
by the decision maker. In turn, the Pareto optimal solution
which has the largest value of µ[k] is selected as the best one
[44].
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