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Robust Energy Management System for a Microgrid
Based on a Fuzzy Prediction Interval Model
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Abstract—Microgrids have emerged as an alternative to alleviate increasing energy demands. However, because microgrids
are primarily based on nonconventional energy sources (NCES),
there is high uncertainty involved in their operation. The aim
of this paper is to formulate a robust energy management system (EMS) for a microgrid that uses model predictive control
theory as the mathematical framework. The robust EMS (REMS)
is formulated using a fuzzy prediction interval model as the
prediction model. This model allows us to represent both nonlinear dynamic behavior and uncertainty in the available energy
from NCES. In particular, the uncertainty in wind-based energy
sources can be represented. In this way, upper and lower boundaries for the trajectories of the available energy are obtained.
These boundaries are used to derive a robust formulation of the
EMS. The microgrid installed in Huatacondo was used as a test
bench. The results indicated that, in comparison with a nonrobust
approach, the proposed formulation adequately integrated the
uncertainty into the EMS, increasing the robustness of the microgrid by using the diesel generator as spinning reserve. However,
the operating costs were also slightly increased due to the additional reserves. This achievement indicates that the proposed
REMS is an appropriate alternative for improving the robustness,
against the wind power variations, in the operation of microgrids.
Index Terms—Energy management system (EMS), microgrids, prediction interval, robust control, wind-based power
sources.

I. I NTRODUCTION
ICROGRIDS have received considerable attention in
recent years because of their capability to alleviate
the growing problems in energy supplies. Because the energy
sources are often placed near consumption centers (such as
factories and communities), large transmission and distribution systems are no longer required. Thus, the power demand
is met with a reduced environmental impact. According to [1],
a microgrid is a low-voltage grid with a nominal capacity of
approximately tens of kilowatts and is primarily composed of
loads, renewable nonconventional energy sources (RNCES),
and storage systems. As in bulk power systems, the control
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tasks are performed in a hierarchical manner in microgrids.
Specifically, local controllers are used to drive the energy
sources to their reference values and a supervisory controller
is used to define the reference values of the energy sources
according to an objective. The supervisory control is often
called an energy management system (EMS). According to [2],
the EMS is responsible for the reliable, secure, and economical
operation of microgrids in either grid-connected or stand-alone
mode. The objectives of the EMS consist of finding the optimal
(or near-optimal) commitment and dispatching the available
generation units while considering the expected demand and
the available energy in the RNCES. Often, the optimality in
an EMS is measured with respect to the operating costs. In
this paper, the operating costs are assumed as the sum of the
diesel consumption and the unattended demand [3]. Here, the
diesel consumption includes the diesel used in both generation
process and starting up of the generator. Further discussions
regarding the features and tasks of EMS in terms of microgrid
operation can be found in [4]–[7].
Microgrids have a broad range of application for electrification purposes, and the EMS is the keystone in these
applications [4]–[7]. Therefore, it is of considerable importance for the EMS to consider the main phenomena that affect
the available energy and demand to achieve the desired features of the grid. This is especially true because the EMS is
commonly formulated as an optimization problem in which
the prediction of demand and available energy is required.
Nevertheless, it has been found that the high uncertainty of the
phenomena that influence the available energy in the RNCES
make it difficult to include these phenomena in the EMS
formulation. Indeed, the following three main options have
been identified in the literature for addressing the formulation of EMS in microgrids [2]: 1) real-time optimization;
2) expert systems; and 3) hierarchical control. However, these
approaches do not include the uncertainty in the operation
of the microgrid. More recently, EMS approaches have been
formulated based on a model predictive control (MPC) framework. The principle behind these approaches is to anticipate
the expected behavior of both RNCES and demand over
a prediction horizon. Given the predicted behavior of the
RNCES and the demand, the commitment and dispatch of
the units is performed. It is therefore possible to perform
activities in advance to improve the robustness of the microgrid. In this paper, robustness refers to the ability of the
microgrid to resist a change without changing its previous
configuration [8]. Examples of predictive EMS were reported
in [3] and [9]–[12]. In particular, in [3], [10], [11], and [13]
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predictive EMS was formulated with the aim of reducing both
operating and ancillary costs of the microgrid.
Notwithstanding the improvements in the aforementioned
EMS approaches based on MPC, how to address the uncertainty in the RNCES and the demand remains a pressing
issue. Due to the nonsmooth behavior of the RNCES, including a prediction model has not been sufficient to ensure the
robustness in the operation of microgrids. With the purpose of
addressing the pending issues, several robust EMS (REMS)
approaches have also been proposed in [14]–[20]. These
robust approaches attempted to include the uncertainty
in the optimization procedure associated with the EMS.
In REMS formulations, two frameworks have been widely
used: 1) scenario-based [15], [16]; and 2) stochastic-based
approaches [17], [18]. The difference between these two
approaches is associated with how the uncertainty is addressed.
In scenario-based approaches, diverse operating conditions are
considered, and based on these conditions, the unit dispatch is
performed. In contrast, in stochastic-based approaches, probability density functions are used to represent the uncertainty
in meeting the demand with the expected available energy
resources. For examples of scenario-based EMS, consider the
approach in [15]. In this approach, all possible operating scenarios were analyzed off-line. For each scenario, an optimal
unit commitment was computed. Subsequently, the real-time
commitment was performed considering: 1) the operating conditions of the microgrid; 2) the cases previously analyzed; and
3) the optimal solutions obtained for each case. In addition,
in [16], a neural network was trained with several optimal
power flows (each corresponding to a possible operating scenario). Consequently, depending on the operating conditions of
the microgrid, the commitment and dispatch of the units was
provided by the neural network without using an on-line optimization procedure. For examples of stochastic-based EMS,
consider the work in [17]. Here, the observed mean values and
standard deviations of the available data were used to generate
stochastic scenarios of solar radiation, wind speed, and load
demand. Then, stochastic operating cost optimization models
for minimizing the operating costs of the microgrid were formulated. In addition, the probability of self-sufficiency was
used in [18] for the commitment and dispatch of the units in
a microgrid, specifically, the probability of being able to provide the demanded energy with the energy resources of the
grid. In this sense, the power balance equation was changed
by the probability of satisfying the demand with the local
resources.
Although the aforementioned EMS formulations appear to
be a feasible solution for addressing the uncertainty, the computational burden might increase: 1) as the number of cases
increases; 2) as the number of RNCES in the microgrid
increases; and/or 3) based on the presence of energy storage systems (ESSs) (see [15], [16] for details). Furthermore,
selecting the probability density functions for modeling the
uncertain terms is not an easy task. Such a selection could also
decrease the performance of the EMS and the performance
of the microgrid. The decrease in performance results from
the differences between the real and the predicted behavior of
the uncertain variables. This paper presents a scenario-based
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EMS developed based on the MPC framework and that is
capable of addressing the uncertainty of the RNCES in a
microgrid, in which a reduced number of scenarios is considered to model the available energy of the nonconventional
energy sources (NCES). For this purpose, fuzzy prediction
interval models (FPIMs) were used to predict the available
energy of the RNCES. FPIMs are fuzzy models whose outputs are an interval that ensures with a certain coverage
probability that the trajectories of the uncertain phenomena
belong to the domain defined by the upper and lower boundaries of the interval [21]. In this paper, wind-based energy
sources were modeled using the FPIM. The FPIM subsequently provided the upper and lower boundaries for the
sources’ available energy. Given these boundaries, the unit
dispatch was performed. Thus, a significant reduction in the
number of scenarios required to include the uncertainty in
the EMS was obtained. Furthermore, the computational burden associated with the robust solution of the EMS was also
decreased because the FPIM provided information about both
worst and best cases (from the perspective of available energy)
that the microgrid could experience. Note that the reason for
only considering wind-based energy sources was because this
paper was developed considering the conditions of the microgrid already installed in Huatacondo [3]. The Huatacondo
microgrid was installed in an isolated village in the Atacama
Desert, Chile (20 ◦ 55’ 36.37” S 69 ◦ 3’ 8.71” W). This system
consists of two photovoltaic systems rated at 22 kW in total; a
wind turbine with a maximum capacity of 5 kW; the existing
120 kW diesel generator unit of the village; a 40 kW ESS,
which is composed of a lead-acid battery bank connected to
the grid through a bidirectional inverter; a 1 kW water pump;
and a demand-side management system (further details of the
microgrid are presented in [3]). Due to the weather conditions
where Huatacondo is located, the main source of uncertainty in
the operation is the wind-based energy source. The day-to-day
variations in the solar radiation are not significant compared
to the wind speed variations.
The remainder of this paper is organized as follows.
Section II presents the FPIM for the wind-based energy
sources. In Section III, the proposed EMS is described.
Section IV presents the simulation results. Finally, Section V
provides the conclusion.
II. F UZZY M ODEL FOR THE W IND -BASED
E NERGY S OURCES
This section formulates the proposed FPIM for wind-based
energy sources in a microgrid. Notwithstanding the studies performed to determine the factors that primarily affect
wind-based energy production (see [22]), estimating the available energy remains an important task. Let PE (t) and ν(t)
denote the wind-based power and the wind speed, respectively.
Then, the produced wind-based power is generally expressed
as a function of the wind speed to the third power; specifically
PE (t) = kE ν 3 (t)

(1)

where kE ∈ R is constant. Thus, from (1), estimating the
available energy from wind-based energy sources requires estimating the wind speed. However, this task is as difficult as
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directly estimating the available energy. To overcome these
difficulties, in this paper, a fuzzy model whose output is a
range rather than a trajectory is proposed. In this way, both
dynamics and uncertainty are adequately addressed. In the
next sections, the proposed FPIM and its application to the
Huatacondo microgrid are presented.
A. Fuzzy Prediction Interval Models
The proposed FPIM is based on the Takagi–Sugeno (TS)
model presented in [23]. This model was selected because
of its widely demonstrated capabilities in representing the
dynamic behavior of nonlinear systems. In general, TS models have the form (2) [21], where MTS denotes the number
of rules, xp (k), x(k) denote the vector of premises and the
consequences at time step k, βj (xp (k)) denotes the normalized
activation degree of the jth rule, and θj denotes the vector of
parameters of the linear model associated with the jth rule
ŷ(k) =

MTS


βj (xp (k))θjT x(k).

(2)

j=1

In (2), the normalized activation
 degree satisfies 0 ≤
βj (xp (k)) ≤ 1, j = 1, . . . , M, and M
j=1 βj (xp (k)) = 1.
T
At time step k, let z(k) = [xp (k), xT (k)]T denote the vector of model input variables. The objective of the interval
modeling, particularly of the interval fuzzy modeling, is to
find functions f (z(k)) and f (z(k)) such that f (z(k)) ≤ y(k) ≤
f (z(k)) (here, the inequality indicates an element-to-element
relation). Based on (2), in interval fuzzy
modeling, the funcM
TS
T
tion f (z(k)) is defined as f (z(k)) :=
j=1 βj (xp (k))θj x(k).
Therefore, the interval fuzzy modeling problem becomes one
of finding the parameters θ j and θ j for each rule such that
MTS
MTS
T
T
j=1 βj (xp (k))θ j x(k) ≤ y(k) ≤
j=1 βj (xp (k))θ j x(k) [21].
Next, the FPIM for the wind-based energy sources in a
microgrid is described.

j

j

j

j

where θj = [aq−1 , . . . , a0 , bq−1 , . . . , b0 ]T [using the same
notation as in (2)]. Thus, the prediction model for the available energy of the wind-based energy source is PE (k) =
MTS
j
T
T
j
j=1 βj (P̂ (k − 1), ν̂ (k − 1))PE (k). Accordingly, let PE (k)
j

and PE (k) denote the fuzzy models that define the lower and
upper boundaries, respectively, of PE (k). Specifically, they are
j
fuzzy models such that PE j (k) ≤ PE (k) ≤ PE (k) for all k,
j
j
j
j
whose parameters are θ j = [aq−1 , . . . , a0 , bq−1 , . . . , b0 ]T for
PE j (k) and θ

j

j

j

j

j

j

The sets of parameters θ j and θ are obtained through the
solution of the optimization problems (4) (for the lower
boundary) and (5) (for the upper boundary). In both cases,
PEi (k) denotes the real (measured) value
 wind power.
MTSof the
Moreover, the constraints PEi (k+h)− j=1
βj xp (k + h − 1)
PE j (k + h) ≥ 0 (for the lower boundary) and PEi (k + h) −
 j
MTS 
j=1 βj xp (k + h − 1) PE (k + h) ≤ 0 (for the upper boundary) are included to ensure that the relation PE j (k) ≤ PE (k) ≤
j
PE (k) is satisfied by the FIPM over the prediction horizon
Np (throughout the paper, the abbreviation s.t refers to the
expression subject to)
min t1
θ j ,t1

s.t:
PEi (k + h) −

MTS



βj xp (k + h − 1) PE j (k + h) ≤ t1
j=1

PEi (k + h) −
PE (k + h)
j

t1 ≥ 0,

MTS




βj xp (k + h − 1) PE j (k + h) ≥ 0

j=1
j
j
j j
= aq−1 PE (k + h − 1) + . . . + a0 PE (k + h − q)
j
j
+ bq−1 (ν(k + h))3 + . . . + b0 (ν(k + h − q))3

h = 1, . . . , Np

B. Fuzzy Prediction Interval Model for Wind Power

min t2

The FPIM derived in this paper for wind-based energy
sources considers linear consequences that include both
endogenous and exogenous variables. Namely, each consequence is composed of regressors of the wind power
(endogenous variable) and the wind speed (exogenous
variable). Let PE (k) and ν(k) denote the discrete values of
PE (t) and ν(t), respectively. In addition, let P̂(k − 1) =
[PE (k − 1), . . . , PE (k − q)]T and ν̂(k − 1) = [ν 3 (k), . . . , ν 3
(k − q)]T be the vectors of the regressors of the wind power
and the wind speed, respectively. Then, in accordance with the
fuzzy model in (2), the model input variables of the proposed
FPIM are z(k) = [P̂T (k − 1), ν̂ T (k − 1)]. These variables are
used to determine to what extent each rule contributed to the
output of the model, assuming that xp (k) = x(k) = z(k) in (2).
Hence, the jth rule of the TS model of the available energy of
the wind-based energy sources is written as follows:

s.t:
MTS


 j
βj xp (k + h − 1) PE (k + h) − PEi (k + h) ≤ t2

Rj : if P̂(k − 1) is A and ν̂(k − 1) is B then
j

j

j

PE (k) = −aq−1 PE (k − 1) − · · · − a0 PE (k − q)
j

j

+ bq−1 (ν(k))3 + · · · + b0 (ν(k − q))3

(3)

j

= [aq−1 , . . . , a0 , bq−1 , . . . , b0 ]T for PE (k).

(4)

θ j ,t2

j=1

PEi (k + h) −
j

PE (k + h)
t2 ≥ 0,

MTS


 j
βj xp (k + h − 1) PE (k + h) ≤ 0

j=1
j
j
j j
= aq−1 PE (k + h − 1) + . . . + a0 PE (k + h − q)
j
j
+ bq−1 (ν(k + h))3 + . . . + b0 (ν(k + h − q))3

h = 1, . . . , Np .

(5)

Note that the optimization problems (4) and (5) are formulated
only for parameter identification. To determine the structure of
the models (that is, the number of rules and the relevant variables) of the FPIM, the methodology in [24] is used. From this
methodology, the same structure is obtained for both PE j (k)
j
and PE (k). Therefore, the models composing the FPIM for
the available energy of the wind-based energy sources only
differed in the values of their consequence parameters.
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Additionally, note that the optimization problems (4) and (5)
are based on the insights of the method reported in [21]. In this
method, an optimization-based methodology was derived to
identify an interval TS model. However, the approach in [21]
did not consider a prediction horizon. In this sense, FPIM is
an extension of the interval fuzzy models originally presented
in [21].
(a)

C. Fuzzy Prediction Interval Model for the
Huatacondo Microgrid
In this section, the proposed FPIM is identified using the
data of the microgrid installed in Huatacondo. The dataset used
in the identification procedure corresponds to the period from
July 27th to September 26th of 2010. The training dataset
corresponds to July 27th to August 26th, the test dataset
corresponds to August 27th to September 10th, and the validation dataset corresponds to September 11th to September 26th
of 2010. The dataset used in the identification procedure was
also composed of two different data types: 1) the wind power
produced during the analyzed period; and 2) the estimated
wind speed. The estimated wind speed data were included
because the solution to the optimization problems (4) and (5)
requires the trajectory of the wind speed over the prediction
horizon Np . The estimation of the wind speed was performed
using a mesoscale model of the region where Huatacondo is
located.
From the available dataset, both an FPIM and a fuzzy predictive model were identified. The fuzzy model is included
for comparison purposes. This model was implemented in the
EMS and used as a baseline for comparisons of the performance of the proposed REMS (see Sections III and IV for
more details). From the data, an optimal structure consisting
of four rules and two regressors of both PE (k) and ν(k) is
obtained. Specifically, P̂(k − 1) = [PE (k − 1), PE (k − 2)]T and
ν̂(k − 1) = [(ν(k))3 , (ν(k − 1))3 ]T . Thus, the jth rule of the
FPIM is as follows:
Rj : if P(k − 1) is A1j and P(k − 2) is A2j and (ν(k))3 is B1j
and (ν(k − 1))3 is B2j , then
j

j

j

j

j

j

j

(b)

Fig. 1. Measured and estimated wind speed and wind-based power and
proposed FPIM for the available energy in the wind-based energy sources
of the Huatacondo microgrid. One-day-ahead (a) wind power estimation and
(b) FPIM for the wind-based energy.

by the proposed FPIM. The data presented in these figures
correspond to the five days of the validation dataset. For the
fuzzy prediction model, the root-mean-squared errors associated with the estimation of PE (k) are 0.6361 kW with respect
to the training dataset, 0.9995 kW with respect to the validation dataset, and 0.8325 kW with respect to the test dataset.
These deviations correspond to 18.17%, 28.56%, and 23.76%
of the maximum power provided by the wind-based energy
source. These errors indicate that the uncertainty in the windspeed estimation significantly affected the capability of the
fuzzy model to predict the behavior of PE (k), which is also
evident in Fig. 1(a). Indeed, the estimated values of PE (k)
obtained with the fuzzy model only provide the expected trajectory of PE (k). Therefore, the need to use the proposed FPIM
for the available energy of the wind-based energy sources is
enhanced. Moreover, in the validation set, the FPIM achieved
a coverage probability of 95.9449% for 96 step-ahead predictions. Specifically, less than 5% of the measured values were
outside the range defined by the predictions made using the
proposed interval model. This is evident in Fig. 1(b), in which
almost all of the measured values lie inside the range defined
by the FPIM. Thus, the effectiveness of the FPIM is confirmed.
Furthermore, thanks to the obtained coverage probability, an
adequate representation of the uncertainty is also obtained.
Thus, the proposed FPIM is suitable for REMS applications.
In the next section, the formulation of the REMS is presented.

PE (k) = a0 + a1 P(k − 1) + a2 P(k − 2) + b0 (ν(k))3
j

+ b1 (ν(k − 1))3
j

j

III. ROBUST E NERGY M ANAGEMENT S YSTEM

PE j (k) = a0 + a1 P(k − 1) + a2 P(k − 2) + b0 (ν(k))3
j

+ b1 (ν(k − 1))3 .
Note that during tuning of the FPIM, a prediction horizon Np = 1 was considered. However, the performance of
the interval model was evaluated considering 96-step-ahead
predictions. This selection corresponded to a one-day-ahead
prediction of the available energy of the wind-based energy
sources because a sampling time of 15 min was considered
in the application. Furthermore, Gaussian fuzzy member2
ship functions of the fuzzy sets μij (x) = exp−0.5(γij (x−σij )) ,
i = 1, . . . , 4 are also considered in this paper. Here, i indicates
the fuzzy set, and j denotes the rule.
Fig. 1(a) shows the comparison between the measured and
estimated power, and Fig. 1(b) presents the interval defined

This section formulates the proposed REMS based on
the FPIM derived in Section II for the available energy of
wind-based energy sources. The proposed EMS is based on
the EMS reported in [3]. In the approach proposed in this
paper, the MPC framework is selected because it is possible to
ensure that the current dispatch of the units does not compromise the energy resources in the future. However, due to the
intermittent behavior of NCESs, such as wind-based energy
sources, the MPC framework might not be sufficient to guarantee an adequate operation of the microgrid. Therefore, the
use of the FPIM motivates a new REMS. Indeed, as shown in
Section II, the FPIM can model both dynamic behavior and
uncertainty of PE (k). Thus, by combining the MPC framework with the prediction intervals, the robustness of the grid
is enhanced.
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From Section II, the proposed FPIM provides upper and
lower boundary functions for the available wind energy
in the microgrid. These boundary functions are interpreted
(in the REMS) as the best and worst-case operating conditions, respectively, from the perspective of available energy.
Therefore, it is possible to explicitly include the uncertainty
into the unit dispatch of a microgrid. Moreover, the proposed
REMS considered: 1) the energy that wind- and solar-based
sources were able to provide at a given time; 2) the expected
demand; and 3) the uncertainty in the available energy from
the wind-based energy sources to define the power set-points
of each dispatchable generation unit, namely (in the case analyzed in this paper), the diesel generator and the ESS. With the
inclusion of the uncertainty in the NCES, a better use of the
energy sources was achieved in addition to the enhancement
of the robustness of the microgrid.
As is well known, the objective of the dispatch of the units
is to minimis the operating costs. In the microgrids analyzed
in this paper, the operating costs include the diesel consumption and the unserved energy. The diesel consumption consists
of the consumption itself due to the generation process plus
the starting up of the generation unit. The unserved energy
is related to the amount of the demanded energy the microgrid was not able to supply with the energy resources at a
given time. Let C(k) and CS (k) denote the cost related to the
diesel consumption and the cost of starting up the diesel generator, respectively. Let PNS (k) denote the unserved energy,
and let Ts and Np denote the sampling time and the prediction horizon, respectively. Then, the dispatch of the units in a
microgrid is formulated for h = 1, . . . , Np as in [3]

min

PD (k+h),PB (k+h)
PLo (k+h),SL (k+h)

Ts

Np


C(k + h) + Ts

h=1

+CNS Ts

Np


PNS (k + h) = PL (k + h) − PLo (k + h) − PD (k + h)
− PI (k + h) − PS (k + h) − PE (k + h). (7)

CS (k + h)

l=h
Np


PNS (k + h)

h=1

s.t:
PD (k + h) + PI (k + h) + PS (k + h) + PE (k + h)
+ PNS (k + h) = PL (k + h) − PLo (k + h)
VDmin ≤ VD (k + h) ≤ VDmax
Emin ≤ E(k + h) ≤ Emax
SLmin ≤ SL (k + h) ≤ SLmax
PD (k + h), PNS (k + h) ≥ 0
PLo (k + h) ≤ 0

are the maximum allowable values for the diesel volume, for
the battery energy, and for the customers signal, respectively.
In (6), as in [3], the cost related to the diesel consumption is
computed based on the efficiency curve of the generator. From
this curve, the amount of diesel required to generate a defined
power is determined. Hence, the cost is computed by multiplying the amount of diesel used by the cost-per-liter of diesel.
From the same curve, the volume of diesel remaining after
each execution of the EMS is also estimated. Additionally,
because the generator cannot be restarted after being turned
off until a defined time has elapsed, binary variables indicating
whether the diesel generator was switched off and how long
it was off are included. With these variables, the constraints
regarding the elapsed time between a switch off and a turn on
are taken into consideration in the EMS. With respect to the
operation of the battery, the charging curve is approximated.
This curve indicates how much power is required in the charging process as a function of the depth of the discharge. Binary
variables are used to represent the constraints regarding the
charging process of the battery bank. Additionally, considering that complete depletion of the battery is undesirable, the
amount of energy remaining in the battery bank is estimated.
The parameters of the microgrid and the values of the costs
for the consumption and starting up of the diesel generator
and the cost of the unserved power are in [3].
Note that the solution of the optimization problem in (6)
depends on: 1) the available energy forecasting and 2) the
prediction of the demand. This dependence is reflected in
the power balance constraint of the optimization problem (6).
From this constraint, the unserved power is written in terms
of the remaining variables as

(6)

where PD (k + h), PB (k + h), and SL (k + h) denote the diesel
reference power, the battery reference power, and the demand
signal for the consumers, respectively; PS (k+h), PE (k+h), and
PL (k + h) denote the predicted solar power, wind power, and
demand, respectively; PI (k) and PLo (k) are the power provided
by the inverter and the unused power, respectively; VD (k) and
E(k) are the volume of diesel fuel and the battery energy,
respectively; VDmin , Emin , and SLmin are the minimum allowable
values for the diesel volume, for the battery energy, and for
the customers signal, respectively; and VDmax , Emax , and SLmax

It is also worth noting that minimizing PNS (k) in (6) seeks for
the achievement of the power balance in the grid. Though the
value of PNS (k) is included in (6) as a costs, its value could
also be interpreted as a performance indicator. Considering
the relation between PE (k) and PNS (k) given by (7), the
uncertainty in the forecasting of the available energy of the
wind-based energy sources also affects the amount of unserved
Np
PNS (k + h) in the optipower and thus the term CNS Ts h=1
mization problem (6). Note that in this paper: 1) the demand
forecasting model in [25] and 2) models for the remaining
elements in the microgrid used in [3] were considered. Due
to the weather conditions of Huatacondo, only uncertainty in
the wind-based energy sources is assumed. Thus, the FPIM
derived in Section II for PE (k) is used as the prediction
model. Consequently, the expressions (8) and (9) are obtained.
These expressions are used in the upper and lower boundaries,
respectively, of PE (k) (defined by the FPIM) in (7)
PNS (k + h) = PL (k + h) − PLo (k + h) − PD (k + h)
− PI (k + h) − PS (k + h) − PE (k + h) (8)
PNS (k + h) = PL (k + h) − PLo (k + h) − PD (k + h)
− PI (k + h) − PS (k + h) − PE (k + h). (9)

VALENCIA et al.: REMS FOR A MICROGRID BASED ON AN FPIM

1491

Note that depending on the values of PE (k + h) and
PE (k+h), there are several values associated with the unserved
power cost. Specifically, the FPIM also defines upper and
lower boundaries for the costs associated with the unserved
power. For instance, consider the following three cases that
were used to support the previous claim.
1) When both PE (k+h) and PE (k+h) (plus the contribution
of the remaining energy sources) are sufficient to satisfy
the demand. In this case, according to (8) and (9), the
value of the unserved power is zero, and thus, the cost
of the unserved power is also zero.
2) When only PE (k + h) (plus the contribution of the
remaining energy sources) is not sufficient to satisfy the
demand. In this case, in accordance with (8) and (9),
there are two different values for the unserved power,
namely, a value of zero associated with PNS (k+h) and a
value greater than zero associated with PNS (k + h) (this
value, of course, depends on the amount of unserved
power).
3) When PNS (k+h) (plus the contribution of the remaining
energy sources) is not sufficient to satisfy the demand.
In this case, in agreement with (8) and (9), and as in the
second case, the unserved power exhibits two different
values: one value associated with the value of PNS (k+h)
and another value associated with PNS (k + h). In addition, in this particular case, both unserved cost values are
greater than zero and depend on the amount of unserved
power under each operating condition.
Furthermore, note that the use of the FPIM (derived in
Section II) in the dispatch of the units in a microgrid made the
proposed approach robust. Moreover, the difference between
the proposed approach and the approach presented in [3]
lies in the use of: 1) the FPIM as a prediction model; and
2) different scenarios including the uncertainty into the unit
dispatch. In addition, each previously analyzed case provided
a particular unit dispatch, that is, a particular solution of the
optimization problem (6). Accordingly, different trajectories
for the decision variables PD (k +h), PB (k +h), PLo (k +h), and
SL (k + h), h = 1, . . . , Np are obtained. Recall that the FPIM
provided the worst- and best-case scenarios for the available
energy. In this manner, by performing separate computations
of the solution of (6) [one considering PE (k) = PE (k) and
another considering PE (k) = PE (k)], a robust solution for the
unit commitment in microgrids is achieved. Here, this solution
is approximated by a convex sum of the best- and worst-case
solutions
∗

P∗D (k) = αD PD (k) + (1 − αD )P∗D (k)

P∗B (k)
P∗Lo (k)
SL∗ (k)

=
=
=

∗
αB PB (k) + (1 − αB )P∗B (k)
∗
αLo PLo (k) + (1 − αLo )P∗Lo (k)
∗
αL SL (k) + (1 − αL )S∗L (k)

(10)
(11)
(12)
(13)

where P∗D (k), P∗B (k), P∗Lo (k), and SL∗ (k) are the optimal val∗
∗
∗
∗
ues of the decision variables; PD (k), PB (k), PLo (k), and SL (k)
are the optimal values of the decision variables considering
PE (k) = PE (k); and P∗D (k), P∗B (k), P∗Lo (k), and S∗L (k) are the
optimal values of the decision variables, given PE (k) = PE (k);

Fig. 2.

Block diagram of the proposed REMS.

and αD , αB , αLo , and αL ∈ [0, 1] are constants. Fig. 2 presents
the block diagram of the proposed REMS. As previously mentioned, the historical values of both wind power P̂(k − 1) and
wind speed ν̂(k − 1), as well as their current measured values, PE and νE , are used as inputs of the FPIM. The FPIM
provides the upper, PE , and lower, PE , values for the wind
power predictions. These values, along with the prediction of
the solar power, PS , and the load, PL , are the inputs of the
EMS. The EMS is composed of two MPC-based optimizers
that, in parallel, compute the optimal dispatch of the units,
∗
∗
∗
∗
[PD , PB , PLo , SL ]T and [P∗D , P∗B , P∗Lo , S∗L ]T , considering separately the values of PE and PE , respectively. Given the solution
of these optimal unit dispatches, the convex sum indicated
in (10)–(13) is performed to obtain the final robust dispatch.
Since PE (k) and PE (k) represent with a confidence level of
95% any realization of PE (k), the dispatch given by (10)–(13)
is robust with the same confidence level to the variations in
the wind power generation. Note that because the systems are
generally not operating all the time under the worst-case scenario, the robust controllers might be more conservative than
necessary. Indeed, the microgrids analyzed in this paper are not
always performing under the conditions predicted by PE (k).
Therefore, always considering the worst-case conditions in
their operation could affect their performance in terms of:
1) operating costs; 2) quality of service; and/or 3) response
in the presence of disturbances. Thus, the convex combination of the worst-case and best-case optimal solutions is the
alternative proposed in this paper to overcome the aforementioned issues regarding the robust formulation of the EMS
and, in general, of the robust control problem. However, computing the optimal power dispatch as a convex combination
of the solutions given by the best-case and worst-case scenarios requires the selection of a value for the weighting
factors αD , αB , αLo , and αL . In this paper, αD , αB , αLo , and
αL are each set to 0.5. Nonetheless, nonsupervised learning
strategies or any other technique for on-line parameter selection based on historical data can be used to find an adequate
value for this weighting factor. Because selecting the values
of αD , αB , αLo , and αL is beyond the scope of this paper,
such an analysis is not included. In the next section, the
results obtained using the proposed EMS are analyzed and
discussed.
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TABLE I
C OMPARISON OF THE O PERATING C OSTS B ETWEEN THE REMS AND THE
C URRENTLY I NSTALLED EMS IN THE H UATACONDO M ICROGRID

IV. S IMULATION R ESULTS
This section presents the results obtained using the proposed REMS. As in [3], the microgrid previously installed
in Huatacondo is used for the assessment of the REMS. In
addition, the EMS in [3] is used as a baseline to compare the
performance of the microgrid with the proposed REMS. The
test of the REMS was performed over the course of five weeks.
During this period, the EMS was performed every 15 min, and
both current measurements and historical data were considered in the solution of the unit dispatch problem. Furthermore,
because the unit dispatch problem was formulated under the
rolling-horizon framework, a prediction horizon of Np = 192
was considered. Such a prediction horizon corresponds to
two-day-ahead forecasting, given the frequency with which
the EMS was performed. Table I shows the operating costs
obtained with the REMS (REMS in the table) and with the
EMS in [3] (EMS in the table).
As shown in this table, in terms of the operating costs,
the robust approach was 3.4% more costly on average than
the EMS. The maximum difference in cost between the two
systems occurred during the first week, when the operating costs of the REMS were 7.97% greater, whereas the
minimum difference occurred during the second week, when
the EMS reduced the operating cost by 1% with respect to
the EMS. Although a reduction in the operating costs was
achieved during weeks two and three, the REMS maintained
the same start-up costs. By contrast, the same costs for the
EMS changed from 4000 to 3000. Therefore, as shown in
Table I, the total costs for the REMS were always greater than
the total costs for the EMS. Specifically, the average increase
in the total costs due to the use of the REMS was approximately 4.8%, and the maximum and minimum increases in the
costs, with respect to the costs of the EMS, were 10.1% and
2.1%, respectively. The increase in the total costs is consistent
with the increase in the use of the diesel generator. The EMS
uses the generator to maintain the power balance in the grid
when the RNCES plus the ESS are not able to provide the
demanded power, whereas the REMS also uses the generator
as a spinning reserve to counteract the variations in the wind
power.
Fig. 3 presents a comparison between the diesel reserves
with the REMS and with the EMS. The reserves were computed as the difference between the rated power of the diesel
generator and the power currently supplied, only when the
generator was started up. As shown in the figure, every week

during the test, the REMS started up the diesel generator four
times, whereas the EMS started up the generator 3 or 4 times,
depending on the predicted available energy. For the additional
start up of the generator, the REMS assigned a power near to
10 kW which is significantly lower than the rated power of
the generator. This power assignment allowed to the REMS
counteracts the variability of the wind power generation. In
fact, for the same reason, during the whole experiment the
REMS started up and/or turned off the generator before/after
the EMS with a low power assignment. In the figure, it can be
seen that the maximum reserve obtained with the EMS was
100 kW, whereas the REMS reached 110 kW which implies
an increase of 10% in the reserves. Given the additional use of
the diesel generator and in accordance with the definition of
robustness provided in the Introduction (see [8]), the additional
starting up of the diesel generator improves the robustness
in the microgrid because, without changing the transmission
capacity, with a confidence level of 95% the microgrid is able
to support the variations in the wind power, increase the probability of providing electric energy to the customers, and supply
the demanded power despite the variability in the wind power.
The confidence level is given by the extent to which the interval model is able to represent the wind power and its associated
uncertainty. In this case, as shown in Section II-C the proposed
model achieved a confidence level of 95.9449%.
There is another important issue to discuss regarding
Table I: the possibility of reducing the operating costs with
the use of the REMS. The costs depend on how close the
real operating conditions are to the predictions made by the
models used to estimate the available energy on the microgrid. Table II presents a comparison of the total operating
costs associated with the solution of the unit commitment
using different prediction models. Particularly, the upper and
lower boundary models composing the proposed FPIM are
presented, as well as the EMS, in [3] using the fuzzy model
analyzed in Section II. In this table, the label “total cost per
week” refers to the average operating cost throughout each
week of the test; the labels “lower” and “upper” refer to the
predictions made by the lower and upper boundary models
of the FPIM, respectively; and the “error” label refers to the
average deviation of the predictions from the real-operating
conditions. Because neither quadratic nor absolute errors are
used, the errors shown in Table II have positive and negative
values. The negative values are interpreted as underestimations of the real-operating conditions, whereas the positive
values are interpreted as overestimations of the real-operating
conditions.
As shown in Table II, the model with the smallest absolute error provides the unit commitment with the smallest
operating costs. For instance, in weeks 2 and 4, the absolute error of the predictions made with the upper boundary
model were the lowest among the three compared models,
and therefore, the unit commitment had the lowest operating costs, and in weeks 1, 3, and 5, the absolute error of
the predictions made with the fuzzy model were the lowest
among the three models compared, and therefore, the unit
commitment had the lowest operating costs. Thus, despite the
adequate performance (in terms of operating costs) of the EMS
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Comparison between the reserves obtained with the REMS and those with the currently installed EMS in the Huatacondo microgrid.

TABLE II
C OMPARISON OF THE O PERATING C OSTS U SING D IFFERENT M ODELS TO
P REDICT THE AVAILABLE E NERGY IN THE W IND -BASED E NERGY
S OURCES IN THE H UATACONDO M ICROGRID

during weeks 1, 3, and 5, in the remaining weeks, the use of
the EMS might result in unserved power due to the intermittent behavior of the available energy of the wind-based energy
sources. Thus, a significant improvement of the EMS in [3]
was achieved using the FPIM as the prediction model. Indeed,
as aforementioned, with the use of the FPIM as the prediction
model the power balance is satisfied with a confidence level
of 95%, despite the variations of the wind power. Note that (in
comparison with the EMS) in the Huatacondo microgrid, the
increase in the operating costs with the REMS was approximately 4.8% on average. In accordance with the operating
costs shown in Table I, the operating costs were lower for
the REMS than for the EMS in weeks 2 and 3. The difference
between the costs resulted from the number of times the diesel
generator was started under each strategy. The lower increase
in the operating costs enhanced the cost-effectiveness of the
proposed REMS, thus making the proposed EMS suitable for
real-microgrid applications.

V. C ONCLUSION
In this paper, an REMS was proposed inside the MPC
framework, in which an FPIM was used as the prediction
model for the available energy of the NCES in a microgrid.
In particular, the wind-based energy sources were modeled
using the FPIM, and an adequate representation of the uncertainty in the NCES was achieved. Moreover, the uncertainty
of the NCES could eventually be explicitly included in the

EMS formulation and thus in the unit dispatch. These accomplishments extend those presented in [3] for the Huatacondo
microgrid in the sense that a more reliable operation is possible using the FPIM as the prediction model in the EMS.
Furthermore, these accomplishments also extend the applicability of scenario-based formulations to microgrids with a
more complex topology and/or with more NCES in the sense
that the FPIM can be used to model any NCES and the
demand in a microgrid with a reduced number of scenarios. Hence, the resulting REMS is suitable for real-microgrid
implementations, particularly in wind-diesel-based microgrids
or in microgrids in which the main source of uncertainty (without considering the demand) is wind-based energy sources
(as in the case analyzed in this paper). Future work should
be directed toward determining how to select the values of the
weighting factors and/or toward developing a strategy for their
on-line computation based on the available historical data.
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