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Islanding-Aware Robust Energy
Management for Microgrids

Yuanxiong Guo, Member, IEEE, and Chaoyue Zhao, Member, IEEE

Abstract—With the current trend of transforming a centralized
power system into a decentralized one for efficiency, reliabil-
ity, and environmental reasons, the concept of a microgrid that
integrates a variety of distributed energy resources into distribu-
tion networks is gaining popularity. In this paper, we investigate
the energy management of a microgrid with renewable energy
sources (RESs), such as wind turbines and solar panels, and
co-generation in both grid-connected and islanded modes. To
address the uncertainties associated with RES power output
and grid-connection condition in the microgrid, we propose
a two-stage adaptive robust optimization approach to provide
a robust unit commitment schedule for co-generation units,
with the objective of minimizing the total operating cost under
the worst-case scenario of renewable power output and grid-
connection condition. The proposed approach ensures robust
microgrid operation in consideration of worst-case scenarios,
and the over-conservatism can also be mitigated by intro-
ducing “budget of uncertainty” parameters. Finally, a case
study is conducted to show the effectiveness of the proposed
approach.

Index Terms—Microgrids, energy management, uncertainty,
robustness, islanding.

I. INTRODUCTION

DRIVEN by the benefits of increased energy effi-
ciency brought by co-generation or combined heat and

power (CHP), reduced carbon emissions, and improved power
quality and reliability, distributed energy resources (DER)
including distributed generation, distributed storage, and con-
trollable loads are expected to play a significant role in
future power systems. However, controlling a potentially large
number of DER is very challenging for system operators to
manage the power systems reliably and efficiently. By utilizing
information and communication technologies in a localized
distribution area, microgrids make it possible to coordinate
DER and controllable loads efficiently to reduce the control
burden on system operators [1]. A microgrid can operate in
two modes: grid-connected mode and islanded mode. In grid-
connected mode, the microgrid is connected to the main grid,
and therefore is able to exchange power with the main grid
to maintain its power balance. In case of disturbances in the
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main grid, the microgrid can be switched over to the islanded
mode and operate autonomously. The islanding capability of
the microgrid makes it an attractive option to address the
reliability issue of traditional power grids and has received
significant attention in both academia and industry.

Energy management is critical for reliable and efficient
power systems operation and control. In traditional bulk power
systems, the unit commitment and economic dispatch prob-
lems have been studied extensively to achieve the optimal
energy management (see [2]–[4] for some recent results).
However, compared with bulk power systems, the optimization
of small-scale power systems, like microgrids, has important
differences. One of the major differences is the presence of
a local heat demand (e.g., district heating) in the microgrid,
which adds another dimension to the optimization problem.
Not only must the power demand be satisfied, but also the
heat demand. Another difference is the impact of renewable
energy sources (RES) units, such as solar panels and wind
turbines, on the microgrid is much larger than that on bulk
power systems due to the higher penetration level. Moreover,
power demand in the microgrid usually contains some flexibil-
ity that can be leveraged for further optimization. Finally, the
microgrid is able to switch between grid-connected mode and
islanded mode in response to main grid disturbances, which
should be considered in microgrid energy management.

Energy management in microgrids is receiving increas-
ing attention due to its great importance in the future
“Smart Grid”. Specially, the economic dispatch problem
for microgrids has been extensively studied. For instance,
Zhang et al. [5] provide a robust approach to obtain the opti-
mal economic dispatch in microgrids, but they do not either
exploit the opportunity offered by adaptive recourse deci-
sions or consider CHP systems for improving overall energy
efficiency. Huang et al. [6] propose a real-time scheduling
scheme based on the concept of quality-of-service in elec-
tricity, but only power demand is considered in this work.
Zhou et al. [7] extend the model in [6] by considering both
power and heat demand, but they disregard the unit commit-
ment decisions which is important for microgrids. Lu et al. [8]
propose several online algorithms for the microgrid generation
scheduling problem with RES and co-generation. However,
their method is limited to some special cases such as fast-
responding generators. In addition, important factors such as
storage and demand response can not be easily integrated
into their framework. In contrast, our method is much more
flexible and can incorporate many realistic operating con-
straints and components. Another related problem that has
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been studied extensively in literature is the energy man-
agement for co-generation systems (see [9] for a survey).
However, the co-generation system is just one component of
microgrids. Hence, we need to provide an integrated solution
to energy management for microgrids. Robust optimization has
been increasingly applied in several aspects of power system
research to deal with uncertainty, such as security-constrained
unit commitment [2], [4], [10], contingency-constrained unit
commitment [11], PHEVs [12], and power grid interdic-
tion [13]. However, none of them focus on the microgrid
energy management. Recently, a resiliency-oriented microgrid
optimal scheduling model is proposed in [14] using robust
optimization. However, they formulate the normal operation
and resilient operation of the microgrid separately. Also, CHP
units are not considered and there is no discussion about the
design of a proper uncertainty set to control the conservatism
of the robust solution in their paper.

In this paper, we consider the energy management for a
microgrid with RES, CHP, energy storage, and flexible demand
in both grid-connected and islanded modes. Specifically, the
microgrid energy management operates in two stages. First,
the microgrid determines the day-ahead unit commitment
schedule of its CHP units without knowing power output
of RES and grid-connection condition. Then, after the RES
power output and grid-connection condition are revealed,
the microgrid dispatches its CHP and energy storage units,
manages its controllable loads, and exchanges power with
the main grid in real-time to meet both power and heat
demand. To hedge against the uncertainties in RES power
output and grid-connection condition, a robust optimization
approach [15] is used. Using the robust optimization approach,
the resulting unit commitment schedule is robust against all
possible realizations of random RES power output and grid-
connection condition in uncertainty sets. Our model ensures
the microgrid to operate continually without load shedding
when switching between the two modes. Moreover, to avoid
over-conservatism of the robust optimization approach in
handling uncertainties, we introduce “budget of uncertainty”
parameters that provide trade-offs between robustness and
optimality.

In summary, the main contributions of this paper are listed
as follows.

1) We propose a novel two-stage robust optimization for-
mulation to model the microgrid energy management
problem considering CHP, RES, energy storage, flex-
ible demand, and microgrid islanding. The proposed
model can provide a robust unit commitment decision
against any realizations of RES power output and grid-
connection condition in uncertainty sets, and ensure the
microgrid to switch between grid-connected mode and
islanded mode seamlessly without load shedding.

2) By exploiting the special structure of the problem, we
transform the two-stage robust optimization problem
into a large-scale mixed integer linear program and
develop an efficient decomposition approach to solve it
iteratively in a tractable way.

3) We conduct a case study based on real datasets to
verify the effectiveness of our proposed approach.

Simulation results show the proposed approach is
robust to uncertainties in RES power output and grid-
connection condition, and offers a trade-off between
robustness and optimality by choosing the proper “bud-
get of uncertainty” parameters.

The rest of the paper is organized as follows. Section II
describes the system model and assumptions used in the paper.
Section III presents the mathematical formulation for the two-
stage robust optimization problem. In Section IV, we propose
an efficient solution method to solve the optimization problem.
We conduct a case study in Section V and draw conclusions
in Section VI.

II. SYSTEM MODELING

Consider a microgrid which consists of CHP units, RES
units, heat boilers, electricity storage (ES) units, thermal stor-
age (TS) units, and power and heat loads. It is assumed that
a central controller collects all the required information for
energy management and performs centralized optimization in
the microgrid. The energy management is over a finite time
horizon T := {1, 2, . . . , T} (e.g., 24 hours) with time period
indexed by t.

A. Combined Heat and Power

CHP systems use the heat left over from generating power
to produce either hot water which circulates through pipes
to nearby buildings for heating, or steam which can be used
for industrial purposes. The overall energy efficiency can be
improved from 30% in power-only generation to 80% in
CHP [16]. Denote the power output of CHP unit i at period t
as pi,t, which is restricted by its generating capacity:

PiIi,t ≤ pi,t ≤ PiIi,t,∀i, t. (1)

Here Pi and Pi are the minimum and maximum power output
of CHP unit i once it is turned on, respectively. The binary
variable Ii,t denotes the on/off status of CHP unit i at time t,
where Ii,t = 0 if the unit is off and Ii,t = 1 if the unit is on.
Moreover, we have the following ramping rate constraints of
CHP units:

pi,t − pi,t−1 ≤ ui,tPi + (1− ui,t)R
up
i,p,∀i, t (2)

pi,t−1 − pi,t ≤ vi,tPi + (1− vi,t)R
dn
i,p,∀i, t. (3)

Here binary variables ui,t and vi,t take on a value of 1 if CHP
unit i is being started up and shut down at time t, respectively,
and Rup

i,p and Rdn
i,p are ramping up and down limits, respectively.

Next, we have minimum on and off time constraints of CHP
units, which are represented as:

Ii,τ ≥ ui,t,∀t, τ ∈
[
t, min

(
T, t + Tup

i − 1
)]

(4)

Ii,τ ≤ 1− vi,t,∀t, τ ∈
[
t, min

(
T, Tdn

i − 1
)]

(5)

where Tup
i and Tdn

i are minimum up and minimum down time
periods. Finally, binary variables Ii,t, ui,t and vi,t are related
as follows:

ui,t − vi,t = Ii,t − Ii,t−1, ui,t + vi,t ≤ 1,∀i, t. (6)
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We assume a linear function cp
i pi,t+con

i Ii,t for the operating
cost of CHP unit i at time t. Moreover, the start-up and shut-
down costs of CHP unit i at time t are represented as csu

i ui,t

and csd
i vi,t, where csu

i and csd
i represent the start-up cost and

shut-down cost coefficients, respectively.

B. Heat Boiler

In practice, heat boilers are often used in conjunction with
CHP units to add flexibility so that CHP units can be shut
down during low heat demand periods. Without loss of gen-
erality, we assume the microgrid contains a single heat boiler.
Moreover, we assume that the heat boiler can be turned on and
off in a very short time so that we do not need to consider
commitment decisions for it. Denote the heat generation of the
boiler at period t as hb

t , which is restricted by the maximum
generation capacity Hb, i.e.,

0 ≤ hb
t ≤ Hb,∀t. (7)

The fuel cost of using the boiler at time t can be represented
as cbhb

t , where the coefficient cb denotes the cost of generating
one unit of heat energy from the boiler and is assumed to be
time-invariant.

C. Energy Storage

In a microgrid with CHP and RES, both ES units and TS
units are commonly used. Let Ep

m,t denote the stored energy in
ES unit m at the end of period t with initial available energy
level Ep

m,0. Then, we have the following dynamics for the
stored energy in ES unit m:

Ep
m,t = Ep

m,t−1 + rp,+
m,t ηp,+

m − rp,−
m,t /ηp,−

m ,∀m, t, (8)

where rp,+
m,t and rp,−

m,t are the charging and discharging rates of
ES unit m at time t, respectively, and η

p,+
m and η

p,−
m repre-

sent the charging and discharging efficiencies of ES unit m,
respectively. Since each ES unit has a finite capacity, then the
stored energy in it has the following lower and upper bounds:

Em ≤ Ep
m,t ≤ Em,∀m, t, (9)

where the upper bound Em is the storage capacity for ES unit m
and the lower bound Em is imposed to avoid the impact of deep
discharging on the storage lifetime (e.g., 22% of the capacity
for Li-ion batteries). Furthermore, ES units have charging and
discharging rate limits as follows:

0 ≤ rp,+
m,t ≤ Rp,+

m , 0 ≤ rp,−
m,t ≤ Rp,−

m ,∀m, t, (10)

where Rp,+
m and Rp,−

m denote the maximum charging and dis-
charging rates for ES unit m, respectively. Lastly, without loss
of generality, we assume that for each ES unit m, the final
stored energy level should be the same as the initial stored
energy level, i.e.,

Ep
m,T = Ep

m,0,∀m. (11)

Similarly, we have the following dynamics and operating
constraints for TS units:

Eq
n,t = Eq

n,t−1 + rq,+
n,t ηq,+

n − rq,−
n,t /ηq,−

n ,∀n, t (12)

0 ≤ rq,+
n,t ≤ Rq,+

n , 0 ≤ rq,−
n,t ≤ Rq,−

n ,∀n, t (13)

En ≤ Eq
n,t ≤ En, Eq

n,T = Eq
n,0,∀n, t, (14)

where Eq
n,t denotes the stored energy at the end of the period t,

rq,+
n,t (rq,−

n,t ) denotes the charging (discharging) rate at period t,
and η

q,+
n (η

q,−
n ) denotes the charging (discharging) efficiency

of TS unit n. Also, Rq,+
n and Rq,−

n are the maximum charging
and discharging rates of TS unit n, respectively. Moreover, En
and En are the minimum and maximum energy level of TS
unit n, respectively. Finally, Eq

n,0 is the initial stored energy of
TS unit n.

Since frequent charging and discharging would affect
storage lifetime, we use ces

m (rp,+
m,t η

p,+
m + rp,−

m,t /η
p,−
m ) and

cts
n (rq,+

n,t η
q,+
n + rq,−

n,t /η
q,−
n ) to approximate the storage degra-

dation costs, where ces
m and cts

n represent the degradation
cost coefficients of using ES unit m and TS unit n due to
charging/discharging, respectively [17], [26].

D. Power and Heat Loads

The microgrid contains both power and heat loads, where
power loads are further classified into two categories: static
power loads and deferrable power loads. For static power
loads, they are usually critical and there is no scheduling
flexibility associated with their power profiles. We denote the
aggregate power demand of all static loads as P0

t that must be
satisfied at each period t.

For deferrable power loads, they only require a certain
amount of electric energy to be delivered over a specified time
interval and therefore, have some flexibility in their power pro-
files. Typical examples include electric vehicle (EV) charging
and electric water heating. We model their total electric energy
demand as Lj, where Lj for each deferrable load j has to be
met within the time interval [Ta

j , Td
j ]. For each deferrable load

j, the load serving rate lj,t must be in the required operation
limits [lj, lj]. The deferrable load requirement is expressed as:

Td
j∑

t=Ta
j

lj,t = Lj, lj ≤ lj,t ≤ lj,∀j, t ∈
[
Ta

j , Td
j

]
(15)

lj,t = 0,∀j, t /∈
[
Ta

j , Td
j

]
. (16)

Since heat demand is usually inflexible, we assume that the
aggregate heat demand Qt is static and must be satisfied at
each period t without interruption.

E. Grid-Connection Condition

As with [5], we assume that for the microgrid in grid-
connected mode, the surplus power can be sold to the main
grid with known selling price c−t , and the shortage power can
be purchased from the main grid with known purchase price
c+t at each time period t. We further denote g−t and g+t as
the amount of power sold into and bought from the main grid
at time t, respectively. Then, the market exchange cost of the
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microgrid with the main grid at time t can be represented as
c+t g+t − c−t g−t .

Denote binary variables zt as the grid-connection status at
time t, and g as the power exchange line capacity between the
microgrid and the main grid. We have

0 ≤ g−t ≤ gzt, 0 ≤ g+t ≤ gzt,∀t. (17)

Note that when zt is 0, the microgrid operates in islanded mode
and cannot exchange power with the main grid. On the other
hand, when zt is 1, the microgrid operates in grid-connected
mode and can purchase or sell power from or to the main grid
up to the line capacity g. However, the time and duration of
islanding events are uncertain, and therefore zt is random for
all t.

F. Energy Balances

Since CHP units can generate useful heat and power simul-
taneously, we use a power-to-heat ratio αi to represent the
relationship between power and useful heat output of CHP
unit i. That is, when one unit of power is generated, CHP unit
i generates αi unit of useful heat for free. Also, both power
and heat must be balanced in all time periods for the micro-
grid. We use Nc, Nes, Nts and Nj to denote the sets of CHP
units, ES units, TS units, and deferrable loads, respectively.
Then we have the following power balance equations:

Nc∑

i=1

pi,t +
Nes∑

m=1

(
rp,−

m,t − rp,+
m,t

)
+ wt = g−t − g+t + P0

t

+
Nj∑

j=1

lj,t,∀t (18)

where wt denotes the aggregated RES power output in the
microgrid and is uncertain.

For the heat balance equation, we have:

Nc∑

i=1

αip
s
i,t +

Nts∑

n=1

(
rq,−

n,t − rq,+
n,t

)
+ qb

t ≥ Qt,∀t, (19)

where we assume that all heat demand must be satisfied locally
due to the fact that heat cannot be transported over a long
distance, and surplus heat can be disposed without penalty.

G. Microgrid Operating Cost

Given the notations and assumptions above, the operat-
ing cost of the microgrid at each time period t can be
represented as:

Nc∑

i=1

(
csu

i ui,t + csd
i vi,t + con

i Ii,t + cp
i pi,t

)

+
Nes∑

m=1

ces
m

(
rp,+

m,t ηp,+
m + rp,−

m,t /ηp,−
m

)

+
Nts∑

n=1

cts
n

(
rq,+

n,t ηq,+
n + rq,−

n,t /ηq,−
n

)

− c−t g−t + c+t g+t + cbhb
t . (20)

Note that in (20), the first line represents the operating cost of
CHP units, the second and the third lines denote the degrada-
tion costs of ES and TS units, respectively, and the last line
denotes the sum of the power exchange cost and the fuel cost
of heat boiler.

III. TWO-STAGE ADAPTIVE ROBUST FORMULATION

In this section, we first introduce two uncertainty sets
to describe the RES power output uncertainty and grid-
connection condition uncertainty, respectively. Then based on
these uncertainty sets, we develop a two-stage adaptive robust
formulation to model the islanding-aware microgrid energy
management problem.

A. Uncertainty Set for RES Power Output

Note that the power balance equations (18) need to hold
under the random RES power output wt. To describe the RES
power output uncertainty, instead of unrealistically assuming a
particular probability distribution of the uncertain RES power
output as required by the stochastic optimization approach,
we only assume that the uncertain RES power output lies in
a deterministic interval. We denote w̄t as the forecasted value
(i.e., nominal value) of the aggregate RES power output in
period t. Then, its actual value of power output wt in period t
is assumed to be within an interval given by [w̄t − ŵ−t , w̄t +
ŵ+t ], where ŵ−t and ŵ+t represent the maximum negative and
positive deviations in period t, respectively. In practice, this
interval can be estimated based on the confidence interval of
RES power output such as 0.05 and 0.95 percentiles in [18].

However, robust optimization approach is usually too con-
servative. To overcome the conservativeness, we introduce an
integer parameter �w (0 ≤ �w ≤ T) that restricts the number
of periods that RES power output can deviate most from their
nominal values (e.g., reaching either lower or upper bounds)
across the scheduling horizon. This parameter is called the
“budget of uncertainty” [19] in the robust optimization liter-
ature. Then, for simplicity of notations and without loss of
generality, we assume the following cardinality constrained
uncertainty set for the RES power output:

W := {
w : wt = w̄t + ŵ+t ε+t − ŵ−t ε−t ,∀t, ε ∈ �

}
, (21)

where

� :=
{

ε :
T∑

t=1

(
ε−t + ε+t

) ≤ �w, 0 ≤ ε+t , ε−t ≤ 1,∀t
}

. (22)

The choice of �w can adjust the conservativeness of the robust
solution. Specifically, if �w is 0, then there is no uncertainty in
RES power output, while if �w is T , the RES power output can
reach its lower/upper limit in every period over the scheduling
horizon, corresponding to the most conservative case.

B. Uncertainty Set for Grid-Connection Condition

The microgrid can be switched over to islanded mode
when a disturbance occurs in the main grid and be resyn-
chronized back with the main grid when the disturbance is
resolved. Without appropriate planning, the microgrid might
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have to curtail some local loads to maintain energy balance
when switching from grid-connected mode to islanded mode.
Therefore, the central controller has to ensure that all local
power and heat demand can be satisfied without interruption
under all possible disturbance scenarios.

As mentioned before, in order to capture the uncertainty
associated with the main grid disturbances, we use a binary
variable zt to represent the grid-connection condition. To over-
come the conservativeness, we define another “budget of
uncertainty” parameter 0 ≤ �g ≤ T to restrict the number of
periods that the microgrid can be islanded from the main grid.
Then, the uncertainty set for the grid-connection condition can
be shown as follows:

Z :=
{

z :
T∑

t=1

(1− zt) ≤ �g, zt ∈ {0, 1},∀t
}

. (23)

The choice of �g controls the conservativeness of the robust
solution. Specifically, if �g is 0, the microgrid is assumed to be
operated only in grid-connected mode, while if �g is T , the
microgrid is assumed to be operated only in islanded mode
for the whole scheduling horizon. More detailed modeling of
the grid-connection condition is possible by adding additional
constraints into (23).

C. Robust Optimization Formulation

With uncertainty sets for RES power output and grid-
connection condition defined above, we develop a two-stage
adaptive robust optimization formulation to determine the
robust day-ahead CHP unit commitment decisions for the
microgrid. In the first stage, we make the unit commitment
decisions of CHP units when the RES power output and grid-
connection condition are uncertain. Then in the second stage,
after the worst-case scenario of RES power output and grid-
connection condition is realized, we make the dispatch-related
decisions of energy resources in the microgrid to minimize
the dispatch cost. The decisions of the two stages are related
through the generating power level and ramping rate con-
straints of CHP units (1)–(3). The model is called adaptive
because the second-stage decisions are made after uncertain-
ties are revealed and therefore adaptive to any realization of the
uncertainties. Thus, this two-stage adaptive robust optimization
problem is formulated as follows:

min
u,v,I

{
T∑

t=1

Nc∑

i=1

(
csu

i ui,t + csd
i vi,t + con

i Ii,t

)

+ max
w∈W,z∈Z

min
p,h,r,g,l

T∑

t=1

[ Nc∑

i=1

cp
i pi,t + c+t g+t − c−t g−t

+ cbhb
t +

Nes∑

m=1

ces
m

(
rp,+

m,t ηp,+
m + rp,−

m,t /ηp,−
m

)

+
Nts∑

n=1

cts
n

(
rq,+

n,t ηq,+
n + rq,−

n,t /ηq,−
n

)
]}

, (24)

subject to constraints (1)–(19).

IV. SOLUTION METHODOLOGY

In the following, we develop a method to solve the above
adaptive robust optimization problem efficiently. For simplicity
of presentation, we write the two-stage robust optimization
problem in a matrix form:

min cTx+ max
w∈W,z∈Z

min
y∈�(x,w,z)

dTy(x, w, z) (25)

s.t. Ax ≤ b, x ∈ {0, 1} (26)

�(x, w, z) =
{

Fy ≤ g, (27)

Qy ≤ r− Px, (28)

Ty = w, (29)

Ry ≤ z
}
, (30)

where �(x, w, z) is the set of feasible dispatch decisions for
a fixed commitment decision x as well as RES power output
realization w and grid-connection condition indicator z. In the
matrix form, the vector x represents the first-stage decisions
and the vector y represents the second-stage decisions. The
objective function (25) is split into two parts: one depends on
the commitment decisions and the other depends on the dis-
patch decisions. Equation (26) collects all constraints involving
only commitment variables (4)–(6). Equation (27) accounts for
constraints (7)–(16) and (19). Constraints (1)–(3) that involve
both commitment decisions and dispatch decisions are grouped
in (28). Equation (29) represents the constraints (18) that
involve uncertain RES power output. Equation (30) contains
the information of constraints (17), which is related to the
uncertain grid-connection condition.

A. Problem Reformulation

To solve the above two-stage robust optimization problem,
we first find the dual of the innermost minimization problem
by observing that it is a linear program and strong dual-
ity holds, and transform the second-stage problem into the
following:

max
w,z,λ,μ,ϕ,σ

−λTg− μT(r− Px)+ ϕTw− σ Tz

s.t. −λTF− μTQ+ ϕTT− σ TR = dT

λ ≥ 0,μ ≥ 0, σ ≥ 0, w ∈W, z ∈ Z, (31)

where λ, μ, ϕ, and σ are the Lagrangian multipliers of the con-
straints (27), (28), (29), and (30), respectively. Then we further
transform it into a linear form using the Big-M method [10].
First, due to the bilinear structure of the objective function
and the fact that uncertainty set W is independent of all other
variables in the above formulation, the optimal solution w∗
must be extreme points of W . Therefore, for all t,

w∗t = w̄t + ŵtε
+
t − ŵtε

−
t ,

T∑

t=1

(
ε+t + ε−t

) ≤ �w (32)

where ε+t and ε−t are binary variables. Substituting (32) into
the bilinear term ϕTw, we have

ϕTw =
T∑

t=1

(
ϕtw̄t + ϕtε

+
t ŵt − ϕtε

−
t ŵt

)
. (33)
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Next, by defining auxiliary variables π+t , π−t , ξ+t and ξ−t , we
can transform the second-stage problem into the following:

max
λ,μ,ϕ,σ ,ε,π ,ξ ,z

−λTg− μT(r− Px)+
T∑

t=1

(ϕtw̄t

+ π+t ŵ+t + π−t ŵ−t )+
T∑

t=1

(ξ+t + ξ−t )gt

s.t. −λTF− μTQ+ ϕTT− σ TR = dT

λ ≥ 0,μ ≥ 0, σ ≥ 0

π+t ≤ Mε+t , π+t ≤ ϕt +M(1− ε+t ),∀t
π−t ≤ Mε−t , π−t ≤ −ϕt +M(1− ε−t ),∀t
ξ+t ≤ Mzt, ξ

+
t ≤ −σ+t +M(1− zt),∀t

ξ−t ≤ Mzt, ξ
−
t ≤ −σ−t +M(1− zt),∀t

T∑

t=1

(ε+t + ε−t ) ≤ �w,

T∑

t=1

(1− zt) ≤ �g

ε+t , ε−t , zt ∈ {0, 1},∀t, (34)

where M is a sufficiently large constant. Note that the above
formulation is a mixed-integer linear program (MILP) which
can be readily solved by commercial solvers.

B. Column-and-Constraint Generation Algorithm

We have shown that the worst-case scenarios of RES
power output can only occur at the extreme points of its
uncertainty set, and therefore are finite. Hence, we denote
{(wk, zk), k = 1, 2, . . . , K} as the extreme points of the joint
set W ×Z . Moreover, we assign a copy of the recourse deci-
sion variables yk to each of these extreme points. In principle,
we can enumerate all these possible worst-case scenarios and
write the equivalent form of the two-stage robust optimiza-
tion problem as the following large-scale mixed-integer linear
program:

min
x,θ,yk|k≤K

cTx+ θ (35a)

s.t. Ax ≤ b, x ∈ {0, 1} (35b)

θ ≥ dTyk, k = 1, 2, . . . , K (35c)

Fyk ≤ g, k = 1, 2, . . . , K (35d)

Qyk ≤ r− Px, k = 1, 2, . . . , K (35e)

Tyk = wk, k = 1, 2, . . . , K (35f)

Ryk ≤ zk, k = 1, 2, . . . , K. (35g)

However, in practice it is difficult for even the state-of-the-art
optimization solvers to locate the optimal solution in
a tractable time. Therefore, we employ a variant of
Benders decomposition, called Column-and-Constraint
Generation (C&CG) algorithm [20] to solve it. It has been
shown in [20] that the C&CG algorithm is guaranteed
to converge to the optimal solution in a finite number of
iterations when solving the above form of two-stage robust
optimization problems and is significantly superior to the
traditional Benders decomposition method [21] in terms of
convergence speed.

The C&CG algorithm is described below:
Step 1: Let x0 be a feasible first-stage decision. Solve the

sub problem (34) with x fixed at x0. Let w1 and
z1 be the worst-case scenario of RES power output
and grid-connection condition in the optimal solu-
tion. Set the upper bound UB = +∞, the lower
bound LB = −∞, and the iteration index i← 1.

Step 2: Define the master problem as the minimization
of the objective function (35a) subject to con-
straints (35b)–(35g), and solve the master problem.
Let (xi, θi) be the optimal solution. Update LB =
cTxi + θi.

Step 3: Solve the sub problem (34) with x fixed at xi. Let
wi+1 and zi+1 be the worst-case scenario of RES
power output and grid-connection condition in the
optimal solution and ρ∗ be the optimal objective
function value. Update UB = min{UB, cTxi + ρ∗}.

Step 4: If UB−LB < ε, where ε is a small tolerance value,
then stop. Otherwise, update i← i+1 and go back
to Step 2.

V. CASE STUDY

In this section, we present the results of a case study by eval-
uating the proposed algorithm with real datasets. We apply the
proposed robust approach to a microgrid and compare the per-
formances of stochastic and robust optimization approaches.
All the experiments are implemented in Python [22] using
GUROBI 6.0 [23] on a desktop with an Intel Core i7-4770
3.4 GHz CPU and 8GB of memory. The convergence tolerance
value ε for the decomposition algorithm is set to 10−2.

A. Microgrid Description

The considered microgrid includes three CHP units, a wind
farm, a heat boiler, an EV battery bank, a hot water tank,
a heat load, a base power load, and a deferrable power load.
The parameters of the three CHP units are collected from [24]
with the heat to power ratio set to 1.2. Also, the day-ahead
forecasted value of wind power output w̄t is taken from [25]
where coefficients are appropriately scaled. We assume a sym-
metric interval, i.e., ŵ+t = ŵ−t , and set them to 0.8w̄t for
each period t. Additionally, we have a heat boiler system with
the maximum heat output of 5000kWh. The unit heat gener-
ation cost ch is set to 0.0205$/kWh. Moreover, we have an
EV battery bank consisting of six identical Li-ion EV batter-
ies deployed in the microgrid. Each EV battery has a storage
capacity of 30kWh, and both its charging and discharging effi-
ciencies are 0.9. The maximum charge and discharge rates are
set to 16kW. To prolong the battery lifetime, the energy level
should never drop below 22% of its capacity. Both the ini-
tial and final stored electrical energy levels are set to 50%
of the total capacity. The battery degradation cost coefficient
ces

m is set to 0.0035$/kWh [26]. Similarly, the hot water tank
has a total capacity of 250kWh with charging and discharging
efficiencies of 0.9 and it can be operated with the maximum
charging and discharging rates of 100kW. Both the initial and
final stored heat energy levels are set to 50% of the total capac-
ity. The hot water tank degradation cost coefficient cts

n is set
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Fig. 1. The lower and upper bounds of the C&CG algorithm with different
“budget of uncertainty” parameters �w and �g.

Fig. 2. (a) Power generation levels for CHP units. (b) Heat boiler output
and TS charging and discharging decisions.

to 0.0035$/kWh. In addition, we use the historic dataset as
the forecasted total power demand [27] where coefficients are
appropriately scaled. The deferrable load has a total demand
of 300kWh. The maximum and minimum load serving rates
are 150kW and 10kW, respectively. The start time and end
time of the deferrable load are set to 10th and 20th periods,
respectively. The electricity prices are taken from [28] with
coefficients appropriately scaled. Finally, the selling price c−t
is set to 80% of the purchasing price c+t . The power exchange
line capacity is set to 4000kW. We introduce a linear penalty
cost function for the unsatisfied power demand that results in
load shedding, and the unit penalty cost is set to 10$/kWh.

B. Results and Discussion

1) Convergence of C&CG Algorithm: We first test the
convergence property of the proposed C&CG algorithm
under different budgets of uncertainty �w, �g ∈ [0, 24].
Fig. 1(a) and Fig. 1(b) show the lower and upper bounds
obtained by the proposed algorithm as �w and �g range from
0 to 24, respectively. The iteration number needed for conver-
gence under all cases is two to six showing that the proposed
algorithm converges fast.

2) Solutions of Our Approach: The robust optimal UC deci-
sions and the worst-case scenario of wind power output and
grid connection under �g = 2 and �w = 6 are collected in
Table I. As we can see from the table, in the worst-case sce-
nario, the wind power output reaches its lower bound from
9h to 11h and from 20h to 22h, and the grid is disconnected in
23h and 24h. The corresponding second-stage decisions under
the worst-case scenario are shown in Fig. 2 and Fig. 3.

3) Efficiency, Reliability, and Robustness of Our Approach:
We test the solutions of the proposed robust approach for

TABLE I
ROBUST OPTIMAL SOLUTION OF THE MICROGRID

Fig. 3. Grid power exchange, deferrable load scheduling and ES charging
and discharging decisions.

three sets of randomly generated scenarios to check the effi-
ciency and reliability of our approach, and find out the
proper budgets of uncertainty to avoid over-conservatism.
The performance of our adaptive robust approach are eval-
uated in three aspects: 1) the average operating cost, 2) the
volatility (i.e., standard deviation) of the operating cost, and
3) the sensitivity of the operating cost to different proba-
bility distributions of the uncertain wind power output and
grid-connection condition. The average operating cost refers
to the optimality of the first-stage decision; the volatility of
the operating cost indicates the reliability of the second-stage
decision under the first-stage decision; and the third aspect
shows the robustness of the first-stage decision against the
wind power output and grid-connection condition probability
distributions.

First, we evaluate the impact of uncertain wind power
output on the operating cost. The microgrid is assumed to
operate in islanded mode for the whole operating day. Two
sets of 1000 randomly sampled wind power output scenar-
ios are generated, one following a uniform distribution in
the interval [w̄t − ŵ−t , w̄t + ŵ+t ] and the other following
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Fig. 4. The average and standard deviation of the microgrid operating cost for (a) normally distributed wind power output, (b) uniformly distributed wind
power output, and (c) Bernoulli distributed grid-connection condition.

a normal distribution with mean w̄t and standard devia-
tions (ŵ+t + ŵ−t )/6. Samples that fall outside of the feasible
region [0, wmax] in the normal distribution case are truncated.
Fig. 4(a) and Fig. 4(b) show the average and standard devia-
tion of the operating cost for different budgets of uncertainty
�w under these two scenario sets. We observe that the average
operating costs are the lowest for �w = 1 and �w = 3 under
normally and uniformly distributed wind power output scenar-
ios, respectively. We also observe that the standard deviation
of the operating cost reduces significantly when �w is small
and becomes steady at last.

Second, we test the impact of uncertain grid-connection con-
dition on the operating cost. This is to show the capability
of our approach in handling different grid-connection condi-
tions. The wind power output of the microgrid is set to the
minimum level for the whole operating day in this simula-
tion. Fig. 4(c) shows the average operating costs with 1000
grid-connection condition scenarios generated from Bernoulli
distribution for different budgets of uncertainty �g. We observe
that when the budget of uncertainty �g is 5, the microgrid has
the lowest average operating cost. In addition, we also com-
pare the standard deviation of each budget of uncertainty �g.
We observe that the standard deviation of the operating cost
reduces fast until �g increases to 2 and becomes steady there-
after. From the above simulation results, it can be observed
that with proper choices of budgets of uncertainty, our robust
approach can ensure the robustness and optimality of the
solution at the same time.

4) Comparison With the Stochastic Programming
Approach: In this part, we compare our robust approach
with the stochastic programming approach in solving the
microgrid energy management problem. Note that the
stochastic programming approach has been widely used
in handling uncertainty in previous works on microgrid
energy management (see [26] and its cited references). For
the robust approach, we set �w = 6 and �g = 2. For the
stochastic programming approach, 400 scenarios are drawn
from the truncated normal distribution with mean w̄t and
standard deviation (ŵ+t + ŵ−t )/6 to model the wind power
uncertainty and the Bernoulli distribution to model the grid-
connection uncertainty. Scenarios exceeding the uncertainty
budgets are discarded. Using these scenarios, the first-stage
decisions are obtained for the stochastic programming

TABLE II
COMPARISON OF SYSTEM COST WITH THE ROBUST OPTIMIZATION

AND THE STOCHASTIC PROGRAMMING APPROACHES

approach. Next, a validation set of 1000 scenarios, which
are drawn from the same distributions as the ones used in
the stochastic programming approach, is used to calculate
the dispatch cost of the robust and stochastic programming
approaches. The results are summarized in Table II. As we
can observe, the commitment cost is higher for the robust
approach since it takes a conservative action to handle the
uncertainties by turning on more units. In total, the stochastic
approach outperforms the robust approach in terms of average
cost by about 4.24%. However, the stochastic approach incurs
a worst-case cost as high as 1.72 times the worst-case cost
with the robust approach.

VI. CONCLUSION

An efficient model for islanding-aware robust energy man-
agement of a microgrid with renewable energy sources and
co-generation in both grid-connected and islanded mode has
been proposed. A two-stage adaptive robust optimization
approach has been developed with the objective of provid-
ing a robust unit commitment schedule for co-generation
units that minimizes the total operating cost under the worst-
case renewable power output and grid-connection condition.
The proposed optimization approach handles the uncertainties
in both renewable power output and grid-connection condi-
tion. A Column-and-Constraint Generation algorithm has been
employed to solve the robust optimization problem efficiently.
The proposed approach has been analyzed through a case study
with real datasets. Simulation results show that our approach
is both reliable and efficient. Moreover, with properly cho-
sen “budget of uncertainty” parameters, our robust approach
can ensure robustness and optimality of the solution at the
same time.
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