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Abstract—This paper presents the mathematical formulation of
the microgrid’s energy management problem and its implemen-
tation in a centralized Energy Management System (EMS) for
isolated microgrids. Using the model predictive control technique,
the optimal operation of the microgrid is determined using
an extended horizon of evaluation and recourse, which allows
a proper dispatch of the energy storage units. The energy
management problem is decomposed into Unit Commitment
(UC) and Optimal Power Flow (OPF) problems in order to
avoid a mixed-integer non-linear formulation. The microgrid is
modelled as a three-phase unbalanced system with presence of
both dispatchable and non-dispatchable distributed generation.
The proposed EMS is tested in an isolated microgrid based on a
CIGRE medium-voltage benchmark system. Results justify the
need for detailed three-phase models of the microgrid in order to
properly account for voltage limits and procure reactive power
support.

Index Terms—Microgrid, smart grid, energy management
system, model predictive control, optimal dispatch, OPF.

NOMENCLATURE

Parameters
∆tkt

Absolute time between step kt and step kt + 1
ηingb ,ηoutgb

Battery-ESS charge & discharge efficiencies, %
ηel, ηfc Electrolizer & Fuel-cell efficiencies (HHV), %
A,B,C,D Three-phase ABCD parameter matrices, p.u.
ag Quadratic term factor of cost function of generating

units
bg Linear term factor of cost function of generating units
cg Constant term of cost function of generating units
Csdn,g Shut-down cost generating units
Csup,g Start-up cost generating units
HHV Hydrogen Higher Heating Value, kWh/Nm3

Kloss Constant active power losses of connection interface
Mdn Minimum time down of generating units
Mup Minimum time up of generating units
Pp,L Active power of loads per phase, p.u.
Qp,L Reactive power of loads per phase, p.u.
Rdn Maximum ramp-down of generating units
rloss Series resistance of connection interface
Rup Maximum ramp-up of generating units
tkt

Absolute time at time-step kt
x′′d , x

′′
q Unsaturated direct- and quadrature-axis subtransient

reactances of synchronous generator
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xd Direct-axis synchronous reactance of synchronous
generator

xpos, xneg, x0 Positive, negative and zero sequence reactances
of synchronous generator

Zp,L Load impedance per phase, p.u.
0 3-by-3 zero matrix
A 3-by-3 sequence conversion matrix
I 3-by-3 identity matrix

Indices
g Generating units
gb Battery banks
gd Dispatchable generators
gi Induction generators
gn Generating units connected to node n
gs Synchronous generators
gfc, gel Fuel-cells and electrolizers
Htank Hydrogen tanks
kt Time-steps
L Index for loads, L = 1,...NL
l Index for series elements, l=1,...Nl
Ln Loads connected to node n
p Index for phases, p = a, b, c
r Index for receiving-end
rn Receiving-ends connected to node n
s Index for sending-end
sn Sending-ends connected to node n

Variables
ug Start-up decision variable
vg Shut-down decision variable
wg Unit-commitment decision variable
E Vector of steady-state internal voltage phasors of

synchronous generators, p.u.
I Vector of three-phase line current phasors, p.u.
V Vector of three-phase line voltage phasors, p.u.
Ip Line current phasor, p.u.
Ip,p Line-to-line current phasor, p.u.
P in
gb

Battery–ESS input power
P out
gb

Battery–ESS output power
Ploss Total active power losses of connection interface
Pp,g Active power of generating units per phase, p.u.
Psource Total active power produced by the generating unit
Qp,g Reactive power of generating units per phase, p.u.
SOC State of charge of an ESS
Vp Line voltage phasor, p.u.
Vp,p Line-to-line voltage phasor, p.u.
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...Fig. 1: Primary and secondary control levels in an isolated
microgrid.

I. INTRODUCTION

THE concept of microgrid, defined and discussed in [1]
and [2], has drawn considerable attention from re-

searchers over the last decade, given its potential to achieve
a reliable and efficient integration of Distributed Energy
Resources (DER) in today’s power systems. Several definitions
have been proposed for a microgrid, but, in general, microgrids
can be defined as a cluster of loads and DER units that are
operated in coordination and perceived as a single element by
the main grid. Two modes of operation can be identified for
a microgrid: grid-connected and stand-alone.

Given the different control tasks and time constants involved
in the operation of a microgrid, a hierarchical approach has
been adopted for designing microgrids’ control systems. In
this work, following a structure similar to the one proposed
in [3], three control levels are identified: primary, secondary,
and tertiary control. Primary control relies exclusively on local
measurements, and is composed of an output control stage
responsible for tracking voltage and current references, and a
power sharing control responsible for the adequate share of
real and reactive power mismatches. Secondary control, also
known as Energy Management System (EMS), is responsible
for the reliable and economical operation of the microgrid, and
is the highest hierarchical level in control of isolated micro-
grids. Primary and secondary control levels are illustrated in
Fig. 1 for an isolated microgrid. Tertiary control is responsible
for the coordinated operation of multiple microgrids and the
host grid. This paper concentrates on the development of
an EMS for real-time autonomous applications in isolated
microgrids.

Two main approaches can be identified in the secondary
control: centralized and decentralized. The decentralized ap-
proach aims to achieve economical operation of a microgrid
while providing the highest possible autonomy to the different
DERs and loads. Decentralized approaches have been primar-
ily addressed in the technical literature by using the Multi-
Agent Systems (MAS) framework [4]–[6]. The centralized
approach features a central controller that is provided with

the relevant information about the microgrid, as well as the
information from forecasting systems, in order to determine
the dispatch of the resources according to the selected ob-
jectives [7]–[11]. In [12], two options are identified for
the algorithms in a centralized approach, namely, real-time
optimization and expert systems.

In stand-alone microgrids, which is the focus of this paper,
a high level of coordination is required among the DER units
participating in control tasks, which makes the centralized
approach the most suitable for this application [7]. Previous
works on centralized EMS approaches have focused on the
development of mathematical models of the microgrid’s oper-
ation and components with emphasis on Mixed-Integer Linear
Programming (MILP) formulations [8]–[10], most of which
present little or no representation of the distribution system.
Technical literature on energy management in the context
of active distribution system has recognized the need for a
detailed modelling of the system to properly manage reactive
power requirements and account for non-negligible system
losses [13], [14]; however, modelling the distribution system
typically introduces non-linear equations that increase the
complexity of the formulation and increase the computational
times to obtain the solution. System unbalance may have
an important effect on the optimal operation of distribution
systems [15]; however, this condition has not been properly
modelled in the context of EMSs for microgrids.

This paper presents the control architecture and mathemat-
ical models of a novel, autonomous, centralized EMS for
stand-alone microgrids that features a detailed three-phase
(unbalanced) model of the system. A decomposition approach
allows the proposed EMS to be solved within the desired time-
window to make it suitable for real-time applications, which
is demonstrated in a realistic isolated microgrid test-system.
The main contribution of this work are:

• A novel, highly detailed, mathematical formulation of
the energy management problem for remote, isolated
microgrids is presented, which is able to account for the
effects of power flow constraints and system unbalances
on the optimal operation of a microgrid.

• A problem decomposition approach is proposed that
allows the high-detail model to be solved in suitable
computational times for real-time applications, including
new heuristics to correct infeasible dispatch solutions due
to unmet reactive power requirements.

• The advantages of the proposed approach are discussed
and compared with a classical balanced approximation
of the microgrid, showing the potential problems of
neglecting the effect of system unbalances.

The rest of the paper is organized as follows: Section II
presents the formulation of the energy management problem,
and the mathematical models of the microgrid’s components
and operation. Section III discusses the architecture and
framework of the proposed EMS. Section IV describes the
microgrid used for testing and validation of the proposed EMS,
presenting and discussing various relevant results. Finally, the
main contributions of the presented work are highlighted in
Section IV.
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II. MATHEMATICAL ENERGY MANAGEMENT MODEL

In microgrids with centralized EMS, the dispatch of avail-
able resources is the result of solving a mathematical program-
ming problem. The formulation of the energy management
problem includes constraints associated with operational limits
of the generating units, power flow/power balance, energy
balance of Energy Storage Systems (ESSs), system operator
settings, and spinning reserve.

In addition to the time coupling introduced by constraints
such as ramping-rates, minimum-up/minimum-down times,
and start-up/shut-down times, in microgrids with signifi-
cant shares of energy storage capacity and intermittent non-
dispatchable energy resources, a stronger coupling exists in the
operating conditions at different times. Additionally, the high
operational flexibility of small generation units in terms of
ramping-rates, minimum-up/minimum-down times, and start-
up/shut-down times allow the unit-commitment decision vari-
ables to be determined with higher update rates as compared
to bulk power systems. These particular characteristics require
the energy management problem to be formulated as a multi-
stage programming problem.

In general, the steady-state energy management problem to
be solved in order to determine the best possible dispatch at
time t with the available information can be written as follows:

min
u

t+K∑
kt=t

F (xkt
, zkt

, ukt
, pkt

)

s.t. zkt+1 = m(xkt
, zkt

, ukt
, pkt

) kt = t, . . . , t+K.

g(xkt
, zkt

, ukt
, pkt

) = 0 kt = t, . . . , t+K.

h(xkt
, zkt

, ukt
, pkt

) ≤ 0 kt = t, . . . , t+K.

‖ ukt+1 − ukt
‖≤ ∆umax

kt
kt = t, . . . , t+K.

(1)
where zkt

∈ Rw is a vector of discrete time-dependent vari-
ables, such as the state of charge of ESSs, and pkt ∈ Rl is the
vector of parameters representing the best available estimation
at step kt = t of system demand, intermittent generation, fuel
prices, etc., for all the time-steps in the multi-stage horizon.
Vector ukt

∈ Rm represents the control variables, and vector
xkt

∈ Rn represents time-independent variables, such as
voltages, phase angles and frequency. The last set of inequality
constraints guarantees that control variables do not change
by more than a maximum acceptable amount between two
consecutive time steps. This form of control in which the
control action for the next time step is obtained by solving an
online finite horizon open-loop optimal control problem, using
the current state of the plant as the initial state, is known as
Model Predictive Control (MPC) or Receding Horizon Control
(RHC) [16].

Different levels of detail can be used for the microgrid
system model, depending on the desired functionalities of the
EMS and characteristics of the microgrid. In this paper, a novel
three-phase dispatch model of the microgrid is developed,
which is able to simulate typical unbalanced conditions of low-
and medium-voltage systems and their effects on voltages and
loading of both real and reactive power in each phase. This
model is based on rectangular coordinates for phasor repre-
sentation, and series elements (e.g., transmission/distribution

lines, transformers) are represented using three-phase ABCD
parameter matrices [15], [17]. The definitions of all indices,
parameters and variables used in the equations below are
presented in the Nomenclature section. For simplicity, the
time-step index kt has been omitted in equations that relate
variables at a single time-step; such equations apply to all time
steps.

A. Lines, Transformers, and Loads

Voltages and currents at sending and receiving ends are
related through the following rectangular equations:[

V l,s

I l,s

]
=

[
A B
C D

] [
V l,r

I l,r

]
∀l (2)

where the calculation of entries of the ABCD matrices for
transmission lines and transformers with different winding
connections is described in [17]. Loads are modelled as a mix
of constant power and constant impedance components, per
phase. For constant-power loads, the relation between phase
voltages and currents is described by:

Vp,LI
∗
p,L = Pp,L + jQp,L ∀p, ∀L (3)

whereas constant-impedance loads are described by:

Vp,L = Zp,LIp,L ∀p,∀L (4)

Phase-to-phase loads can be modelled using modified ver-
sions of (3) and (4), relating line-to-line voltages and currents.
Then, these line-to-line quantities can be converted to line-to-
neutral quantities using the following relationships:VabVbc

Vca

 =

 1 −1 0
0 1 −1
−1 0 1

VaVb
Vc

 (5)

IaIb
Ic

 =

 1 −1 0
0 1 −1
−1 0 1

IabIbc
Ica

 (6)

Kirchhoff’s current law at each node and phase is enforced
as follows:∑

l

Ip,l,rn +
∑
g

Ip,gn =
∑
l

Ip,l,sn +
∑
L

Ip,Ln
∀p,∀n (7)

Whereas the following equation guarantees that voltages of
elements connected to the same node are equal, for each phase:

Vp,l,sn = Vp,l,rn = Vp,Ln = Vp,gn = Vp,n ∀p,∀n (8)

B. Generators

Directly-connected synchronous generators are modelled as
a special case of series element, as follows:[

Eg

Ig

]
=

[
I Zg,abc

0 I

] [
V g

Ig

]
∀g ∈ Gs (9)

where the per-phase impedance matrix of the machine
can be estimated from the sequence impedances of the gen-
erator [18]. For simplicity, generator saliency and internal
resistances are neglected in the model. With this, the positive
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sequence reactance of the machine is xpos,g = xd,g . Negative-
and zero-sequence reactances of the synchronous generator
can be obtained from the unsaturated direct- and quadrature-
axis sub-trasient reactances, as [19]: xneg,g = (x′′d,g +x′′q,g)/2,
x0,g = xneg,g/4 + 3xgnd,g .

The internal synchronous machine voltage is of positive
sequence, which is represented by:

Ea,g + Eb,g + Ec,g = 0 (10)

|Ea,g| = |Eb,g| = |Ec,g| (11)

Inverter-interfaced DERs, such as high-speed microturbines,
batteries, fuel cells, electrolyzers and type-4 wind turbines,
feature a more flexible operation and are modelled as indepen-
dent voltage sources per-phase, with current limits as follows:

Ia,g + Ib,g + Ic,g = 0 (12)

|Ia,g + Ib,g + Ic,g| ≤ Imax
n,g (13)

Equation (12) is required for the case of 3-wire Voltage
Source Converters (VSCs), whereas equation (13) will limit
the maximum neutral current in the case of 4-wire VSCs.
Different control strategies of VSC-interfaced DERs may im-
pose additional constraints, such as balanced output currents,
or balanced output voltages.

Directly-connected induction generators are also modelled
as a special case of series elements, interfacing the machine
terminals with the resistance representing the mechanical
power input. Based on the sequence frame model of the
induction machine [17], it is possible to relate sequence
quantities of the machine’s rotor and stator for the positive
and negative sequences, as follows:[
Vx,st,gi
Ix,st,gi

]
=

[
aseq bseq
cseq dseq

] [
Vx,rt,gi
Ix,rt,gi

]
, x ∈ {pos, neg},∀gi

(14)
where: [

aseq bseq
cseq dseq

]
=

1 +
rs + jxs

jxm

rs + r′r + j(xs + x′
r)

+
(rs + jxs)(r

′
r + jx′

r)

jxm

1

jxm
1 +

r′r + jx′
r

jxm


Being a 3-wire element, the induction machine’s zero sequence
circuit is an open circuit; however, the series element mod-
elling the induction generator can be assumed to be a short
circuit for zero sequence, resulting in:[

V0,st,gi
I0,st,gi

]
=

[
1 0
0 1

] [
V0,rt,gi
I0,rt,gi

]
(15)

Therefore, sequence quantities at stator terminals and rotor of
the induction machine are related through:[

V seq,st,gi

Iseq,st,gi

]
=

[
Aseq Bseq

Cseq Dseq

] [
V seq,rt,gi

Iseq,rt,gi

]
(16)

where the ABCD parameter matrix of the induction generator,
in the sequence frame, is defined as follows:

Aseq =

1 0 0
0 aseq 0
0 0 aseq

Bseq =

0 0 0
0 bseq 0
0 0 bseq



Cseq =

0 0 0
0 cseq 0
0 0 cseq

Dseq =

1 0 0
0 dseq 0
0 0 dseq


This equation can then be expressed in the natural abc frame
by applying a standard sequence-to-phase transformation,
yielding:[

V gi

Igi

]
=

[
V st,gi

Ist,gi

]
=

[
Agi Bgi

Cgi Dgi

] [
V rt,gi

Irt,gi

]
∀gi (17)

The induction generator model can be completed by describing
the relation between voltages across and currents through the
equivalent internal resistances of the machine by:

[
Irt,gi

]
=

1

3

[(
δ

rr

)
Ã−

(
2

rr

)
ÃT

] [
V rt,gi

]
∀gi (18)

where,

Ã =

 1 a a2

a2 1 a
a a2 1

 , a = 1∠120◦, δ =
s

1− s

The power generated by DERs, and their terminal currents
and voltages, are related by the following complex equation:

Pp,g + jQp,g = Vp,gI
∗
p,g (19)

The total power generated by a Distributed Generator (DG) is
then calculated with:

Psource,g = Ploss,g +
∑
p

Pp,g (20)

where output power losses are modelled as a function of the
output current, using a quadratic term (resistive losses) plus a
constant loss factor when the DG is dispatched, as follows:

Ploss,g =

{
0 not-interfaced
Kloss,gwg +

∑
p |Ip,g|2rloss,g VSC-interfaced

(21)
Each DG’s output power is limited by its maximum and

minimum permitted values when turned on, or forced to zero
otherwise. Thus:

Psource,g ≤ Pmax
g wg ∀g (22)

Psource,g ≥ Pmin
g wg ∀g (23)

The maximum power output Pmax
g of non-dispatchable

sources (e.g., wind, solar) is fixed to their forecasted values
(maximum available power).
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C. Energy Storage

In order to capture charging and discharging cycles of
battery–ESS separately, two positive variables, P out

gb
and P in

gb
,

are created as follows:

Pgb = P out
gb
− P in

gb
∀gb (24)

Hence, using a simplified book-keeping model for the State-
of-charge (SOC) [20], battery-ESS balance constraints are:

SOCgb,kt+1 = SOCgb,kt
+(

P in
gb,kt

ηingb −
P out
gb,kt

ηoutgb

)
∆tkt

∀gb,∀kt
(25)

SOCgb,kt
≤ SOCmax

gb
∀gb,∀kt (26)

SOCgb,kt
≥ SOCmin

gb
∀gb,∀kt (27)

Although equations (24)-(27) do not enforce that only one
of the variables can be non-zero at a time, this will always
be the case in an optimal solution of the proposed energy
management problem. For example, if both P in

gb,kt
and P out

gb,kt

were different from zero, with P in
gb,kt

> P out
gb,kt

, there would
exist another combination of P in

gb,kt
and P out

gb,kt
such that

P in
gb,kt

− P out
gb,kt

= P in
gb,kt

− P out
gb,kt

, with P out
gb,kt

= 0, that
produces the same power input of the battery-ESS with lower
ESS losses (cheaper solution).

Hydrogen storage SOC balance constraints, at each hydro-
gen tank, are:

SOCHtank,kt+1 = SOCHtank,kt+(
1

1 + lc

∑
el P

Htank

el,kt
ηel

HHV
−
∑

fc P
Htank

fc,kt

HHV ηfc

)
∆tkt ∀Htank,∀kt

(28)
SOCHtank,kt

≤ SOCmax
Htank

∀Htank,∀kt (29)

SOCHtank,kt
≥ SOCmin

Htank
∀Htank,∀kt (30)

where PHtank

el,kt
and PHtank

fc,kt
are the input power of the elec-

trolizers connected to Htank at time kt, and the output power
of the fuel-cells connected to Htank at time kt, respectively.

D. Operational Constraints

The following logic constraints are necessary at each time-
step to properly represent unit commitment decisions, and
ensure that each DG is not turned-on and -off simultaneously:

ug,kt
− vg,kt

= wg,kt
− wg,kt−1 ∀g,∀kt (31)

ug,kt
+ vg,kt

≤ 1 ∀g,∀kt (32)

Minimum-up and minimum-down time limits are also con-
sidered in this model, and are modelled as follows [21]: kt−1∑

k̂t: t
k̂t

=tkt−Mup,g

wg,k̂t
∆tk̂t

−Mup,g vg,kt
≥ 0 ∀g,∀kt (33)

Mdn,g (1− ug,kt)−

 kt−1∑
k̂t: t

k̂t
=tkt−Mdn,g

wg,k̂t
∆tk̂t

 ≥ 0 ∀g,∀kt

(34)
Equation (33) guarantees that, once turned-on, a particular DG
g remains dispatched for at least Mup,g hours. Similarly, (34)
enforces minimum-down time restrictions.

The following constraints ensure DGs do not exceed their
ramp-up and ramp-down limits:

Psource,g,kt+1 − Psource,g,kt
− ug,kt+1P

max
g

≤ Rup,g∆tkt ∀g,∀kt
(35)

Psource,g,kt − Psource,g,kt+1 − vg,kt+1P
max
g

≤ Rdn,g∆tkt ∀g,∀kt
(36)

The objective function considers both DGs’ heat-rates and
costs associated with start-up and shut-down operations as
follows:

z =
∑
g,kt

[(
agP

2
source,g,kt

+ bgPsource,g,kt
+ cgwg,kt

)
∆tkt

+Csup,gug,kt
+ Csdn,gvg,kt

]
(37)

where DGs driven by renewable sources and ESSs are assumed
to be zero cost.

Finally, the following reserve constraint ensures that enough
generation is committed at each time-step to compensate for
sudden load/generation variations and/or account for contin-
gencies: ∑

gd

wgd

[
Pmax
gd

− Pgd

]
= Rsv

∑
g

Pg (38)

The energy management problem of a microgrid is defined
by the minimization of the total cost z in (37), subject to
constraints (2)-(13) and (17)-(38). This model is a Mixed-
Integer Nonlinear Programming (MINLP) problem.

III. EMS ARCHITECTURE

The microgrid’s EMS should be able to optimally ac-
commodate load variations without interfering with faster
control mechanisms (primary control) [7]. Additionally, for the
new dispatch commands to be meaningful, new information
regarding future load and/or availability of renewable energy
resources should be available from forecasting systems in
place. These conditions require the EMS’s update rate to be
in the order of several seconds to few minutes.

MINLP problems, such as the one described in the previous
section, are generally very hard to solve, and commercially
available MINLP solvers are not able to find solutions in
reasonable computational times, even for small-sized systems.
In fact, three different MINLP solvers (BARON, KNITRO
and BONMIN) were unable to obtain a solution of the
complete MINLP formulation after several hours of calculation
in GAMS [22]. Meta-heuristic methods have also been used
to optimize this type of models; however, if not properly
customized for the specific problem, they also perform poorly.
Therefore, an MINLP problem formulation is not suitable for
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microgrid EMS applications, and thus a decomposition of
the original MINLP problem into a MILP and a Nonlinear
Programming (NLP) problem is proposed here, and is shown
in Fig. 2. With this approach, solutions can be obtained in the
desired time-spans as discussed next.

A. Problem Decomposition

The MILP problem corresponds to the Unit Commitment
(UC) problem of the single-node model of the microgrid.
This relaxation considers equations (22)-(36) and (38), to-
gether with a piece-wise linear approximation of (37) [9];
depending on the size of diesel generators, a suitable linear
approximation can be obtained using 1 or 2 linear segments,
specially when considering the reduced operating range used
to avoid carbon build-up [23]. The power flow equations (2)-
(21) are replaced by a simple linear, real power, demand-
supply balance equation. On the other hand, the NLP problem
corresponds to a three-phase Optimal Power Flow (OPF) of the
microgrid, taking the unit commitment decision variables as
fixed parameters. Thus, the NLP problem comprises equations
(2)-(30) and (35)-(38).

These two problems are solved sequentially. The MILP
problem yields the UC decision variables (binary variables) at
each time-step for the entire optimization horizon. Once this
binary variables have been determined by the MILP problem,
the actual dispatch strategy is re-calculated with a higher level
of detail using the NLP relaxation. This refined dispatch is then
implemented as reference values for the primary level control
system of the microgrid, as depicted in Fig. 2.

In heavily-loaded systems, it is possible that the solution
of the unit commitment variables obtained by the linear
relaxation cannot be implemented in the microgrid because
of insufficient reactive power resources. This condition would
lead to the infeasibility of the NLP problem, and therefore
malfunctioning of the EMS. To correct this issue, an additional
positive variable Qaux

g,kt
is introduced in the model. This is a

positive, balanced, reactive power injection of generator g at
instant kt, which is not subject to unit commitment constraints
and is penalised strongly in the objective function. If after the
NLP problem is solved, there exist non-zero Qaux

g,kt
, a feedback

signal is sent to the MILP problem to increase the available
generation at the corresponding time-steps. This mechanism
repeats itself until all Qaux

g,kt
in the NLP solution are below a

pre-specified threshold.
It is possible that, after receiving the feedback signal from

the NLP problem, the only possibility is to turn on a DG
that has been recently turned off, which may render the MILP
problem infeasible due of minimum-down time constraints.
Although small fossil-fuel based generators are quite flexible
in terms of turn-on and -off operations, it is desirable to limit
them due to increased cost and frequency of maintenance.
Hence, minimum-down time and minimum-up time constraints
are not necessarily technical limits of the devices, but rather
desired operational conditions. In order to account for this
condition and avoid infeasibility of the MILP problem, a high-
cost emergency turn-on and turn-off operation is allowed by
introducing auxiliary variables uemer

g,kt
and vemer

g,kt
. Therefore,

minimum-up and minimum-down time constraints are modi-
fied as follows:  kt−1∑

k̂t: t
k̂t

=tkt−Mup,g

wg,k̂t
∆tk̂t

−
Mup,g

(
vg,kt

− vemer
g,kt

)
≥ 0 ∀g,∀kt

(39)

Mdn,g

(
1−

(
ug,kt

− uemer
g,kt

))
− kt−1∑

k̂t: t
k̂t

=tkt−Mdn,g

wg,k̂t
∆tk̂t

 ≥ 0 ∀g,∀kt
(40)

These two equations require a re-formulation of the total cost
of operation defined in (37) as follows:

z =
∑
g,kt

[(
agP

2
source,g,kt

+ bgPsource,g,kt
+ cgwg,kt

)
∆tkt

+Csup,gug,kt + Csdn,gvg,kt +KQauxQaux
g,kt

+

Kemer(uemer
g,kt

+ vemer
g,kt

)
]

(41)
Where weighting factor KQaux must be high enough to
guarantee that all reactive power resources from the available
DGs are utilized first, and Qaux

g,kt
is used only as the last

resort. Similarly, a high value of Kemer guarantees that
emergency turn-on and turn-off operations are only used to
avoid infeasibility.

B. MPC Implementation

As discussed previously in this section, dispatch commands
should be re-calculated by the EMS with update rates in the
order of several seconds to few minutes. In this work, an
update rate of 5 minutes is chosen, which is consistent with
the fastest available wind/solar power forecasting systems and
suitable for capturing typical load fluctuations. Thus, every
5 minutes the EMS action is triggered, and the energy man-
agement problem is solved according to the aforementioned
procedure.

Unit commitment decision variables typically follow slower
dynamics as compared to dispatch commands. While optimal
dispatch commands are expected to change with slight changes
in the load, the optimal unit commitment decisions respond to
longer-term trends in load variations. Thus, it is not necessary
to obtain a new solution for the MILP problem with the same
frequency of that of the NLP problem. Despite the above fact,
the MILP problem is typically much easier and faster to solve,
and therefore there is no significant advantage in solving the
MILP problem at a slower rate in terms of computational
effort. The MILP problem requires a longer optimization
horizon as compared to the NLP problem in order to capture
slower load patterns that affect unit commitment decisions.
Furthermore, it is not computationally efficient to calculate
unbalanced OPFs over extended horizons, considering that
future dispatches are very likely to change as forecasts are
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Fig. 2: EMS problem decomposition.

updated. In this work, a horizon of 24 hours is used for the
MILP problem, while a 2-hours horizon is selected for the
NLP problem. Hence, the MILP problem is able to capture
daily load and renewable generation patterns, and provide
boundary conditions for the SOC of ESSs in the NLP problem.
The NLP problem then calculates detailed dispatch strategies,
and is able to detect power flow problems in a shorter term.

C. Time Resolution and Forecasting System

The proposed EMS uses a moving horizon of 24 hours, but
it does not consider a homogeneous time resolution over this
time span. While the first few minutes can be forecasted with
high accuracy and resolution, the resolution decreases as the
forecasting horizon is extended. This characteristic responds to
limitations of existing forecasting systems; however, it is also
a desirable trait, as more detailed information is required for
operation scenarios in the near future (more certain scenarios)
than for less certain future scenarios. Particularly, in the case of
the MILP problem, using a fixed 5-minutes resolution over the
entire horizon will result in a total of 286 time-steps to cover
the 24-hour look-ahead window, which is quite impractical
considering that the calculation is performed again in the
next 5 minutes. Hence, a variable forecasting resolutions is
used here to attain a higher level of detail in first next few
hours, and lower detail (or resolution) afterwards. This way,
the number of time steps in the look-ahead window is reduced,
and different types of forecast can be used (e.g., time-series,
neural networks, phenomenological models) depending on the
corresponding look-ahead window [24]. Thus, 4 different
consecutive time resolutions are used in the proposed EMS,
as follows (see Fig. 3):
• 6 time-steps of 5 minutes (MILP & NLP),
• 6 time-steps of 15 minutes (MILP & NLP),
• 6 time-steps of 30 minutes (MILP), and
• 19 time-steps of 60 minutes (MILP).
The effect of forecasting system accuracy is not studied in

this work; however, the accuracy of the predictions will have
an impact on the performance of the proposed EMS, affecting
the optimality of the solutions (inherently suboptimal) due to

imperfect information. Nevertheless, given the fast update rate
of the proposed EMS (5 minutes), the implemented solution
is not expected to deviate too much from the forecasted value
(5-minutes ahead). It is important to note that the EMS is
a supervisory control, and the actual power output of DG
units will be determined by local primary controllers (droop
controllers) which will adjust the dispatch settings produced
by the EMS based on frequency and voltage set points.

IV. RESULTS

A. Test System

The designed centralized EMS for isolated microgrids is
tested on a CIGRE medium voltage network presented in [25],
which is based on the European medium-voltage distribution
network benchmark. A single-line diagram of the 16-bus 12.47
kV test system is shown in Fig. 4, based on the diagram
provided in [25]. In this modified test system, a connection to
the main grid has been replaced by a bus with 3 diesel units,
with a combined capacity of 4,700 kW. The system features
a total installed capacity of 8,760 kW, considering battery-
ESS, fuel-cells, and intermittent renewable energy sources.
The loads have been divided into 2 categories, residential and
commercial, with different daily load profiles and a combined
peak load of approximately 4,800 kW. Nominal ratings of DGs
are shown in Table I. Typical values are assumed for technical
parameters and heat-rates of DGs (e.g. [26], [27]). Additional
details about the test system are provided in the Appendix.

Many medium-voltage networks operate under unbalanced
conditions due to single-phase feeder connections, or un-
even distribution of loads. For example, autonomous grids
supplying remote communities in Northern Canada present
seasonal phase imbalance due to different distribution of loads
in summer and winter times. For this reason, loads in the
test system have been considered unevenly distributed among
the 3 phases, with phase-a feeding 30.2%, phase-b 35.7%,
and phase-c a 34.2% of the total load. Single-phase feeders
have been represented as lumped single-phase passive loads.
Residential loads are assumed to be composed of 80% con-
stant impedance load, and 20% constant power load, whereas
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Fig. 3: EMS horizon variable time-steps.

Fig. 4: Modified CIGRE microgrid benchmark.

commercial loads are composed of 50% constant impedance
load and 50% constant power load. Residential load, wind
power and solar power forecasts are obtained from real data
from a real forecasting systems used in a rural microgrid in
Huatacondo, Chile [9].

The EMS is assumed to have full autonomous control over
the dispatch of every DG in the microgrid, and is provided
with updated load and renewable generation forecasts every 5
minutes.

B. Simulation Results

The performance of the EMS is tested for 24 hours of
operation, with dispatch updates every 5 minutes. The model
is coded in the high-level optimization modelling language
GAMS [22], and MILP and NLP problems are solved using
CPLEX [28] and COIN-IPOPT [29] solvers, respectively. In
addition to equations presented in Section III and IV, per-phase
output current limits and voltage limits are also included in the
model.

For comparison purposes, the optimal dispatch is calculated
for two cases: the detailed unbalanced microgrid model and
the balanced microgrid model approximation. The balanced
microgrid approximation, where the loads are assumed to be

TABLE I: MICROGRID TEST SYSTEM DERS RATINGS

No. Node DER type Pmax [kW ]

1 14 Diesel Generator 800
2 15 CHP diesel 310
3 14 Diesel Generator 1400
4 14 Diesel Generator 2500
5 3 Photovoltaic 80
6 4 Photovoltaic 80
7 5 Photovoltaic 120
8 5 Battery 600
9 5 Residential fuel cell 33
10 5 Electrolyzer 30
11 6 Photovoltaic 120
12 6 Electrolyzer 50
13 8 Photovoltaic 120
14 8 Electrolyzer 200
15 9 Photovoltaic 120
16 9 CHP fuel cell 212
17 10 Photovoltaic 160
18 10 Battery 200
19 10 Residential fuel cell 14
20 11 Photovoltaic 40
21 13 CHP Microturbine 500
22 7 Wind turbine (inverter-interfaced) 1000
23 16 Wind turbine (SCIG) 150
24 16 Wind turbine (SCIG) 150
25 16 Wind turbine (SCIG) 150

evenly shared among the phases, represents a less critical
scenario in terms of system losses, voltage drops and reactive
power requirements as compared to the exact unbalanced
network model. This can be illustrated in an extreme example
where the same power is distributed evenly among the phases,
versus the case where the load is concentrated in only one of
the phases; in this case, it is clear that the unbalanced case
will yield higher system losses (active and reactive power) and
larger voltage drops.

The total simulation time is 8,392s for 286 iterations of
the EMS, thus yielding an average computational time of
approximately 30s per iteration, which is within the desired
5-minutes dispatch window, making it suitable for real-time
applications. Results of the optimal dispatch are shown in
Fig. 5 using a stacked-area plot. For simplicity, only the main
dispatchable units have been included in Fig. 5, namely, diesel
units, microturbine, and battery-ESSs. The optimal dispatch
of battery-ESSs has been plotted in a way to properly show
charging and discharging cycles; hence, negative areas in the
figure correspond to charging cycles of the batteries. The total
load profiles for both balanced and unbalanced models are also
included in Fig. 5. For completeness, Fig. 6 shows the power
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from renewable DGs, which fills the white gaps between the
main dispatchable units and the total load in Fig. 5, for both
balanced and unbalanced cases. Powers from the rest of the
units, namely, fuel-cells and electrolizers, are not shown, since
these do not participate significantly in the dispatch for this
particular test system due to their low efficiencies. Note in
Fig. 5 that both cases have some similarities on the dispatch
over the 24-hour window; however, differences can be found

in the actual dispatch of the units, and more importantly, in
the UC decisions. In particular, 3 time-windows of interest can
be identified in the figure:

1) Window 1: The same units are committed in both cases
for this window; however, significant differences in the dis-
patch commands can be observed for Unit-02 (diesel), Unit-08
and Unit-18 (battery-ESSs). After Unit-03 (diesel) is turned-on
around hour 6, battery-ESSs units show a significantly higher
dispatch in the balanced approximation case as compared
to the unbalanced model case. This can be attributed to an
underestimation of future load requirements in the balanced
approximation, which translates into more power available for
present use, and less reserves required for future operation.

2) Window 2: After Unit-03 is turned-off (near hour 10),
Unit-04 increases its dispatch to supply the load in the bal-
anced approximation. However, the unbalanced model detects
reactive power problems that were overlooked by the balanced
approximation when Unit-03 is turned-off. Unit-03 cannot be
turned back on immediately due to minimum-down time and
minimum power output constraints; instead, Unit-01 is turned-
on to supply the deficit. After Unit-01 is turned-on, the MILP
problem generates turn-off signals for this machine in the
following time-steps, since this formulation does not include
reactive power problems; however, Unit-01 is prevented from
turning-off by the OPF NLP solution. After 4 hours, Unit-01
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is replaced by the more economical Unit-03.
3) Window 3: In this window, the commitment of Unit-02

is considered enough by the balanced approximation, whereas
the unbalanced model requires the operation of the bigger
Unit-01 due to reactive power requirements. Furthermore, it
can be observed that battery-ESSs (Unit-08 and Unit-18) are
dispatched to absorb more power in the unbalanced model due
to the commitment of Unit-01.

The total load is underestimated by a balanced approxima-
tion of an unbalanced microgrid for 2 main reasons:
• The same load, supplied in an unbalanced configuration,

will produce higher system losses as compared to a
balanced configuration, as previously explained.

• The power absorbed by impedance loads is voltage-
dependent; therefore, in an unbalanced network, higher
voltages in one of the phases will lead to higher power.

It can be observed in Fig. 5 that the underestimation of the total
load by the balanced approximation is more critical during
peak-load hours (between hours 6 and 16). Thus, differences
in the dispatch commands obtained with balanced and unbal-
anced models are more significant in heavily-loaded systems,
while it may go unnoticed in lightly-loaded microgrids. Hence,
dispatch commands produced by EMSs based on balanced
approximations of unbalanced microgrids may lead to under-
estimation of the active and reactive power requirements, or
infeasible dispatch solutions.

Table II shows a summary of the simulation results. A
total of 80 warning feedback signals of reactive power deficits
are generated in the detailed unbalanced model, while these
problems are not detected by the balanced approximation. Peak
load is under-estimated by 5% by the balanced approximation,
yielding a 7.05% under-estimation of the cost.

TABLE II: SUMMARY OF SIMULATION RESULTS

Unbalanced Balanced
Model Model

No. of iterations with uemer
g,kt

> 0 1 0
No. of iterations with vemer

g,kt
> 0 6 24

No. of iterations with Qaux
g,kt

> 0 80 0
Peak load 4.81 MW 4.57 MW

Total cost of dispatch (24 hours) $16,405.10 $15,249.10

V. CONCLUSIONS

The paper presented a detailed three-phase EMS for isolated
microgrids. System variables were represented as phasors
in the rectangular form, and the natural abc frame was
used. Transmission lines and transformers were represented
using ABCD parameter matrices, and three different types of
DG models were included: synchronous generators, induc-
tion generators and inverter-interfaced sources. Loads were
modelled as a combination of constant power and constant
impedance components. The EMS was formulated using an
MPC approach, by iteratively solving a multi-stage MINLP
problem. In order to reduce computational time, the resulting
MINLP problem was decomposed into two problems, an
MILP problem, and an NLP problem. This decomposition

is able to obtain solutions within the desired time spans
where commercial MINLP solvers failed to obtain a solution,
enabling the potential implementation of the EMS in real-time,
autonomous operation of isolated microgrids.

The proposed EMS is able to account for the effects of sys-
tem unbalance on the optimal dispatch of the microgrid, and
correct potential reactive power deficits. Simulations showed
that, under certain loading conditions, neglecting system un-
balance can lead to deviations of the optimal dispatch strategy
or the inability of the system to meet reactive power require-
ments. The results substantiate the need for a detailed three-
phase model of the microgrid for EMS applications; however,
for a more detailed analysis of the quality of the solutions,
a complete, real-time model of the microgrid that includes
the effects of primary controllers is required. Future work
will concentrate on increasing the robustness of the proposed
EMS model against uncertainties in the forecasting system by
applying robust and stochastic optimization techniques.

APPENDIX
TEST SYSTEM DATA

The test system data presented in Tables IV and V was
obtained from a CIGRE document to be published shortly.
Table III contains additional data associated with transformers
interfacing additional generators included in the particular test
system used in for this work. Tables VI, VII and VIII contain
technical parameters of DERs based on synchronous gener-
ators, inverter-interfaced, and squirrel-cage induction gener-
ators, respectively, obtained from multiple sources. Finally,
Table IX contains data associated with operating costs of fuel-
driven DGs.

TABLE III: TRANSFORMERS PARAMETERS

TF Node X Type V from V to Srated

No from [pu] [kV] [kV] [kVA]

1 14-1 0.05 ∆ − Y 0.48 12.47 5,000
2 15-9 0.05 ∆ − Y 0.48 12.47 500
3 16-7 0.05 ∆ − Y 0.48 12.47 700

TABLE IV: LINE PARAMETERS

Line Node Rph Xph Bph R0 X0 B0

No from-to [Ω] [Ω] [µS] [Ω] [Ω] [µS]

1 1-2 0.208 0.518 4.596 0.421 2.160 1.884
2 2-3 0.173 0.432 3.830 0.351 1.800 1.570
3 3-4 0.106 0.264 2.336 0.214 1.098 0.958
4 4-5 0.097 0.242 2.145 0.197 1.008 0.879
5 5-6 0.266 0.665 5.898 0.541 2.772 2.418
6 6-7 0.042 0.104 0.919 0.084 0.432 0.377
7 7-8 0.289 0.721 6.396 0.586 3.006 2.622
8 8-9 0.055 0.138 1.226 0.112 0.576 0.502
9 9-10 0.133 0.333 2.949 0.270 1.386 1.209

10 10-11 0.057 0.143 1.264 0.116 0.594 0.518
11 11-4 0.085 0.212 1.877 0.172 0.882 0.769
12 3-8 0.225 0.562 4.979 0.456 2.340 2.041
13 1-12 0.846 2.112 18.729 1.716 8.802 7.677
14 12-13 0.517 1.292 11.452 1.049 5.382 4.694
15 13-8 0.346 0.864 7.660 0.702 3.600 3.140
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TABLE V: LOAD PARAMETERS

Node

Apparent Power [kVA] Power FactorPhase A Phase B Phase C
Residential Commercial/IndustrialResidential Commercial Residential Commercial Residential Commercial

1 344.00 80.00 172.00 180.00 200.00 180.00 0.90 0.80
2 100.00 200.00 50.00 200.00 0.00 200.00 0.95 0.85
3 0.00 80.00 200.00 80.00 50.00 80.00 0.90 0.80
4 200.00 0.00 100.00 0.00 100.00 0.00 0.90 1.00
5 200.00 50.00 172.00 200.00 0.00 50.00 0.95 0.85
6 50.00 0.00 100.00 0.00 172.00 0.00 0.95 1.00
7 0.00 100.00 100.00 100.00 0.00 100.00 0.95 0.95
8 100.00 0.00 150.00 0.00 0.00 200.00 0.90 0.90
9 100.00 0.00 150.00 0.00 100.00 0.00 0.95 1.00
10 150.00 0.00 100.00 0.00 250.00 0.00 0.90 1.00
11 50.00 150.00 50.00 150.00 0.00 150.00 0.95 0.85
12 0.00 145.00 0.00 145.00 0.00 145.00 0.95 0.85
13 0.00 90.00 0.00 90.00 172.00 90.00 0.90 0.90

TABLE VI: DIRECTLY-CONNECTED SYNCHRONOUS GENERATORS PARAMETERS

Unit Sbase Vbase Pmax Pmin xd x′′d x′′q x0
No. [kVA] [kV] [kW] [kW] [pu] [pu] [pu] [pu]

1 1000 0.48 800 350 3.05 0.134 0.153 0.051
2 390 0.48 310 60 3.5 0.142 0.166 0.038
3 1750 0.48 1400 600 3.05 0.134 0.153 0.051
4 3125 0.48 2500 1000 3.05 0.134 0.153 0.051

TABLE VII: INVERTER-INTERFACED DERS PARAMETERS

DER Inverter

Unit Pmax Pmin Eff in (ESS) Eff out (ESS) Smax Eff -at-Pmax Eff -at-20%Pmax

No. [kW] [kW] [%] [%] [kVA] [%] [%]
5 20 0 - - 250 91% 95%
6 20 0 - - 250 91% 95%
7 30 0 - - 375 91% 95%
8 600 0 95% 95% 750 91% 95%
9 33 6 - 60% 42 91% 95%

10 30 6 60% - 38 91% 95%
11 30 0 - - 38 91% 95%
12 50 10 60% - 63 91% 95%
13 30 0 - - 38 91% 95%
14 200 40 60% - 250 91% 95%
15 30 0 - - 38 91% 95%
16 212 50 - 60% 265 91% 95%
17 40 0 - - 50 91% 95%
18 200 0 95% 95% 250 91% 95%
19 14 0 - 60% 18 91% 95%
20 10 0 - - 13 91% 95%
21 500 100 - - 625 91% 95%
22 1000 0 - - 1250 91% 95%

TABLE VIII: DIRECTLY-CONNECTED SCIG PARAMETERS

Unit Sbase Vbase Pmax Pmin rs xs r′r x′r xm

No. [kVA] [kV] [kW] [kW] [pu] [pu] [pu] [pu] [pu]
23 190 0.48 150 0 0.007 0.15 0.0072 0.15 2.95
24 190 0.48 150 0 0.007 0.15 0.0072 0.15 2.95
25 190 0.48 150 0 0.007 0.15 0.0072 0.15 2.95

TABLE IX: HEAT RATES, START-UP AND SHUT-DOWN COSTS

Unit a b c CSup CSdn

No. [lt/kWh2] [lt/kWh] [lt] [lt] [lt]
1 0 0.2881 7.5 15 5.3
2 0 0.2876 0 7.35 1.44
3 0 0.2571 25.5 45 8.3
4 0.00001 0.224 45.5 95 15.3

[MBTu/kWh2] [MBTu/kWh] [MBTu] [MBTu] [MBTu]
21 0.0106 0.6 2 0.09 0
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