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Abstract: A microgrid (MG) is always prone to the uncertainties of its demand variation and the
generation of its non-dispatchable renewable sources when operating in islanded mode. Such
variation events can lead to the voltage or frequency (VF) violation in the MG. However, there are
some techniques available in the literature that can predict these events a few minutes ahead. Using
such techniques, the VF violation can also be predicted and prevented with the introduction of a
suitable preventive controller. Hence, this paper proposes a look-ahead controller that uses the
short-horizon prediction data of demand and renewable generation to determine any prospective
VF violation. If a violation is predicted, the proposed technique will aim to define the most optimal
generation level of dispatchable sources, the MG’s best network configuration and the engagement
level of the supportive actions, such as exchanging power with neighboring microgrids, utilizing
energy storages, a demand response and renewable energy curtailment (if and when available).
The technical, reliability and environmental aspects of the MG are considered within the proposed
technique along with the operational cost. The determined optimal control variables are then sent
to the local controllers to apply the proper arrangements in the system to retain the VF within the
desired range. The performance of the developed technique is validated through extensive numerical
analyses in MATLAB.

Keywords: microgrid; voltage and frequency management; optimization; preventive control

1. Introduction

The microgrid (MG) has been a promising approach to proliferate indigenous energy-
based distributed generation units (DGs) in the vicinity of end-users. An MG can integrate
various renewable-based DGs and energy storages and coordinate them to supply its
demand while connected to the main power grid or islanded [1]. Hence, employing
standalone MGs is thought of as a significant step in supplying electricity to edge-of-grid
and remote areas with limited or no access to utility feeders, while grid-connected MGs can
improve the utility’s resiliency and reliability [2]. However, the uncertainties of demand
and the output power of renewables, along with the high cost of energy storages, complicate
the operation of a standalone MG within the desirable range of voltage and/or frequency
(VF) in a cost-effective way. Thus, a look-ahead approach that uses the predicted data of
such uncertain elements is precious for the MG’s optimal performance.

Predicting demand has been an interesting research topic in the field of power systems
and distribution networks. Different techniques are proposed in the literature to estimate
the demand of a network under different conditions (e.g., day, month or season) [3]. Load-
forecasting in an MG is more difficult than in large power systems because a smaller group
of loads result in higher randomness [4]. Hence, several approaches have been proposed in
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the literature, which has further improved the accuracy of load-forecasting within MGs.
As an example, Ref. [4] a hybrid load-forecasting model is suggested, composed of empiri-
cal mode decomposition, an extended Kalman filter and particle swarm optimization. A
three-stage load-forecasting approach is proposed in [5] that consists of pattern recognition,
clustering and multilayer perception. Likewise, Ref. [6] proposes a self-adaptive evolution-
ary fuzzy model that has a lower load-forecasting error. Such methods are applicable to
MGs regardless of their capacity and geographical distribution.

While [4–6] validated their proposals in MGs with large capacities, Ref. [7] proposed
another shorter-horizon prediction technique based on a fuzzy algorithm that suits MGs
with capacities as low as 20 kW.

Along with the rapid growth of renewables in power systems, there has been in-
creasing research into more accurate forecasting of the variability of renewables, such as
wind and solar. A comprehensive review of the different forecasting methods is presented
in [8,9]. Various approaches are introduced in [8–13] that can predict the output power of
solar and wind systems based on the different scales of the forecast horizon. Data-driven
formulations, using historical measurement data, are used in the statistical approaches
in [10]. A wind power prediction method and its performance are validated for MGs
in [11]. Similarly, Ref. [12] proposed a solar power prediction technique that suits very
small-scale photovoltaic systems. Furthermore, Ref. [13] adopted a combination of a sky
imager and the neural network to forecast solar energy with 1-second resolutions and
15-minute horizons.

The satisfactory operation of a standalone MG depends on the employed control
strategy. Following any changes in the demand or generation of the renewable sources, a
fast responding, device-level, local (primary) controller regulates the MG’s VF. In addition,
an upper-level controller usually coordinates the DGs, by determining the setpoints of
their primary controllers. This controller, usually referred to as the MG’s central controller
(MGCC), is also responsible for maintaining the VF within the desired ranges, by monitor-
ing the system periodically [14]. For example, a fuzzy potential function-based controller is
proposed in [15] while [16,17] optimize the droop coefficients of the DGs, based upon the
system status and demand, to minimize the fuel cost of the DGs and the power losses. Be-
sides, corrective actions can be employed to bring the VF back into the desired ranges [18].
Such actions in [16–18] take place after detecting VF violation and the new setpoints are
transferred to the primary controllers as depicted in Figure 1a. Thus, VF violation will be
observed in the MG until the primary controllers act. This time should be shorter than the
operation time of the under- and over-VF protective relays, to guarantee their successful
operation. This is the key limitation of such corrective techniques.

The state-of-the-art short-horizon prediction approaches can be used at the MGCC to
pre-calculate the setpoints of the primary controllers, prior to any potential fierce changes
in the uncertain elements. Thus, a controller can be developed that uses prediction tools for
predicting the VF violation at T1 minutes ahead (e.g., 5–15 min depending on the prediction
horizon of the utilized forecasting tools), as shown in Figure 1b. This controller can not
only avoid the VF violation, but also result in the MG’s optimal and improved operation
without interfering with the normal operations of the primary or central controllers. This is
similar to the proposed methods for large power systems consisting of wind energy in [10]
that use a look-ahead cost optimization to decide the unit commitments for two horizons of
day-ahead and 5-min ahead. Although the method in [10] considers the expected deviation
of predicted data, the sensitivity of the prediction error is unknown. In addition, it only
considers the cost of operation without including the VF constraints. Another preventive
voltage controller is developed in [19] to improve the short-horizon voltage stability of a
large power system. Likewise, Ref. [20] presents a model predictive control-based technique
to control the operation of standalone MGs in different time horizons; however, it only
focuses on the generation and battery energy storages (BESs) cost and spinning reserve
(SR), ignoring the application of demand response (DR) and renewable curtailment (RC).
Similarly, Ref. [21] presents a preventive control strategy, which schedules the operation of
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the conventional generators in a standalone MG, but only considers the generation cost of
the sources.
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Figure 1. (a) VF status when an MG operates with a corrective approach during a violation; (b) VF 
status when an MG operates under the proposed preventive VF controller (PVFC) during a viola-
tion; (c) Desired and Undesired regions of VF and the illustration of a successful operation of the pro-
posed PVFC, (d) flowchart of MG optimization at various horizons, including the proposed PVFC 
(the focus of this paper); (e) data transmission between the developed PVFC (located within the 
MGCC) and the various local controllers of MG components; (f) PVFC’s prediction interval. 
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Figure 1. (a) VF status when an MG operates with a corrective approach during a violation; (b) VF
status when an MG operates under the proposed preventive VF controller (PVFC) during a violation;
(c) Desired and Undesired regions of VF and the illustration of a successful operation of the proposed
PVFC, (d) flowchart of MG optimization at various horizons, including the proposed PVFC (the focus
of this paper); (e) data transmission between the developed PVFC (located within the MGCC) and
the various local controllers of MG components; (f) PVFC’s prediction interval.

Most studies, such as [10,16,17,20,21], have focused on the economic aspects. However,
there are other vital criteria, such as the MG’s sustainability, emissions, reliability, SR and
self-adequacy, that also need to be considered when deciding on its optimal operation.
In addition, other supporting technologies, such as DR, RC and network reconfigura-
tion, should be considered and coordinated with BESs. Likewise, the support from the
neighboring MGs (NMGs), if available, should be coordinated with the internal support-
ing technologies (see Appendix A). Moreover, the preventive approaches in [10,20,21]
do not investigate the impact of expected/unexpected prediction inaccuracies on system
operation. To address these research gaps, this paper presents a preventive VF controller
(PVFC) for droop-controlled standalone MGs, which aims to preclude any prospective VF
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deviation from the desired range, following changes in the demand and output power of
renewables. The proposed technique will be an agent within the MGCC and minimizes
the prospective operation cost while maximizing the reliability. It also maintains all the
technical constraints (such as SR requirements, the limit of renewable contribution, the
line thermal limit and the external dependency of the MG). Minimizing the environmental
emissions and power losses in the MG are the other focuses of the technique. To this
end, the proposed method uses a multi-objective optimization to determine the optimal
dispatch of the DGs (by defining the droop parameters), as well as the contribution level
of supportive actions. The supportive measures are the reconfiguration of distribution
lines, charging/discharging the BESs and exchanging power with the NMGs, along with
managing the level of inessential loads that can be shed or the level of new loads that can
be added under the DR, in addition to the amount of RC. The effect of conservative VF
reductions on the loads is reflected in the proposed technique by considering the loads’
dependency on the VF, while the expected inaccuracies of the predicted data are also taken
into account. Table 1 summarizes the considered criteria for the optimization, as well as
the assumed control variables within the proposed technique, while comparing them with
similar existing techniques (i.e., [10,16,17,20,21]).

Table 1. Comparison of the proposed technique with other existing methods.

[10] [16] [17] [20] [21] This Paper

Control variables

Droop parameters 8 4 4 # 8 4

BES 8 8 8 4 4 4

DR 8 8 8 8 4 4

RC 8 8 8 8 8 4

Considered criteria

Operational 4 4 4 4 4 4

Technical 8 8 8 4 8 4

Reliability 8 8 8 4 8 4

Environmental 8 8 8 8 8 4

Suitable for standalone MG 8 4 4 4 4 4

Preventive approach 4 8 8 4 4 4

4 = True; 8 = False; # = Not applicable.

The main contributions of the paper to the research field can be summarized as:

• Developing a short-horizon look-ahead PVFC to prevent prospective VF violations
following variations in demand or renewables’ generation;

• Incorporating technical, reliability and environmental aspects, in addition to the
operational costs, in deciding the control variables and coordinating them;

• Considering the impact of the prediction inaccuracy on the outcomes of the control
variables within the proposed PVFC.

The remiander of this paper is organized as follows. The concept of the proposed PVFC
is discussed in Section 2, while Section 3 presents the formulated problem. The performance
of the developed technique is evaluated through several numerical case studies in Section 4.
Section 5 discusses the sensitivity of the developed technique. Finally, the key findings of
the research are highlighted and summarized in the last section. Five appendices at the
end of the paper briefly discuss the idea of provisionally coupled neighboring MGs, the
employed optimization solver, the power flow analysis technique, the technical and cost
data used in the numerical analyses, the application of PVFC on a large MG and the time
complexity of PVFC.
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2. The Proposed Technique

Consider an MG consisting of multiple renewable-based non-dispatchable DGs (ND-
DGs), such as wind or photovoltaic energy, along with some dispatchable DGs (DDGs),
such as diesel/gas-based synchronous generators or those renewables that are coupled
with an appropriate local power smoothing energy storage. The DDGs are assumed to be
droop-controlled and grid-forming, while the NDDGs are thought of as grid-following.
The operational principle of the MG, the acceptable range of the VF, the concept of the
proposed technique for this MG and its implementation requirements are discussed below.

2.1. Considered Operational Principle of the MG

The VFs at the output of DDGs in the MG are given by the droop equations of [22]

f = f max −mDDG PDDG (1a)

V = Vmax − nDDG QDDG (1b)

where P and Q are, respectively, the total active and reactive power injected by the three-
phase DDG in kW and kVar, respectively; f and V are the frequency and voltage rms at the
output of the DDG in kV and Hz; and f max and Vmax are the VF droop setpoints, while m
and n are the P-f and Q-V droop coefficients. It is assumed that the MGCC can adjust f max

and Vmax, as well as m and n, for every DDG. On the other hand, it is presumed that the
output power of the NDDGs can be curtailed if deemed required by the MGCC. The BESs
in the MG are assumed to have primary controllers that regulate the active and reactive
power transaction at the output of their converters, based on their state of charge. Some
of the loads are also thought to operate under the DR program that facilitates shedding
non-essential loads or turning on additional loads based on the command signal received
from the MGCC. The MG is also presumed to have some reconfigurable lines (RLs), with
the help of which the MG’s topology can be slightly modified to optimize its operational
performance. The MG operator prefers to operate it as a standalone system under normal
operating conditions to maintain its autonomy. However, it can be provisionally coupled to
suitable NMGs with which it can exchange power (if available) under abnormal conditions
(i.e., emergencies, such as overloading or over-generation), as described in Appendix A.

2.2. Desired VF Boundaries

The VF of the MG is preferred to be retained within the Desired regions of
Vnom ± V1 and fnom ± f1 around the nominal values of Vnom and fnom (see Figure 1c).
However, due to the variability of the load and NDDGs, the VF may fall in the Undesired
regions of Vnom + V1 ≤ V ≤ Vst

max, Vst
min ≤ V ≤ Vnom − V1, fnom + f1 ≤ f ≤ f st

max or
f st
min ≤ f ≤ fnom − f1, in which superscript st denotes the stability margin of VF deviation.

2.3. The Concept

In general, an MG operator has to conduct an economic dispatch for the MG at short
horizons of T2 (e.g., hour, day) and long horizons of T3 (e.g., month, season, year), as seen
from the flowchart of Figure 1d. This is essential for operating the MG optimally [7,20].
Furthermore, corrective actions, such as those proposed in [18], are required after the
occurrence of undesired VF in the system to retain the VF within desirable limits, as seen
from the operational flowchart of Figure 1d. In contrast to the corrective techniques, the
MG operator can further improve its network’s optimal performance by using a very
short-horizon operational scheme (i.e., even closer to real-time) to consider the sudden
changes [23]. To this end, a preventive controller can be employed that analyzes the
predicted state of the MG by using the short-horizon prediction data of demand and
NDDGs’ generation. This technique is an agent within the MGCC and defines the most
optimal control variables to prevent any prospective VF violation of the MG. As depicted
in Figure 1d,e, those optimal operating settings are then transmitted to the local controllers
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of each component to act accordingly. As such, the proposed controller does not replace or
adversely affect the long- or short-horizon economic dispatch of the MG. Also, the setpoints,
modified by the proposed preventive controller, will be reset to new values, determined
under the next short-horizon economic dispatch (see Figure 1d), based on which the MG’s
VF will be reset to their nominal values.

It should be noted that any state-of-the-art prediction method (such as those proposed
in [7,10–13]) can be employed. No specific prediction method has been recommended for
the proposed technique, nor does the paper propose a new one. The proposed PVFC is
such that the MG operator can employ any available prediction method that has reasonable
accuracy. However, considering the unavoidable prediction error, the proposed technique
deliberates the estimated mean error of the prediction in deciding the control variables by
taking relatively more conservative decisions.

The PVFC will keep looking for any violating events in T4 intervals (T4 < T1; e.g.,
3-min, see Figure 1d). It will take proactive actions by predicting potential VF violations T1
minutes ahead for the period of T1 < t < T1 + ∆T, as seen schematically from Figure 1f, in
which ∆T > T4 (e.g., 5–15 min).

The PVFC chooses the best resort (i.e., sets of actions that prevent VF violation),
including the adjustment of the droop parameters (i.e., different coefficients of mDDG for
each DDG and the VF setpoints of Vmax and f max for all DDGs), the on/off status of
the switches of each RL, the level of power to be exchanged with available NMGs, the
charge/discharge power level of each BES, the RC level of each NDDG and the DR level of
loads, based on the costs of the actions.

In this paper, BES’s usage is considered more expensive than the cost of power ex-
change with an NMG, because the frequent charging/discharging of a BES will reduce its
life length, and, thus, will increase the imposed cost to the MG operator. Similarly, it is
assumed that the hidden costs of RC and DR are more expensive than power exchange
with a BES. The PVFC minimizes the overall cost by selecting an optimal combination of
actions. This is achieved by solving a non-linear optimization problem.

Mathematical methods, such as dynamic programming, can then be employed to
solve this problem. As such problems can have a large number of variables and constraints,
solving them efficiently by mathematical methods may be cumbersome. Alternatively,
heuristic approaches, such as a modified particle swarm optimization (MPSO), can be
employed as suitable solvers. Thus, a constriction factor-based MPSO solver has been
chosen in this research (see Appendix B), which has a proven capability to solve non-
linear and mixed-integer problems with adequate convergence and stability within a
multidimensional space [24,25].

The flowchart of Figure 2 demonstrates the employed stages of the proposed PVFC,
which aims at finding the optimal control variables to prevent the MG’s VF problem, at the
least value of the objective function (OF), which is formulated in Section 3. It first fetches
the prediction data of the output power of the NDDGs and loads. Then, it runs a power
flow analysis (PFA), adapted for an islanded MG (see Appendix C), to predict the VF. If
a VF violation is predicted, it determines the boundaries of the control variables (i.e., the
available limits of the resources within the MG). At this point, the MPSO starts to search for
the optimal set of control variables and evaluates them. It initializes the random particles
and evaluates them by calculating the OF. It keeps on finding the individual best particle
and global best particle, followed by updating the velocity and position of particles until it
reaches the maximum particle and iteration size.

If less expensive actions can resolve the VF problems, the PVFC will not choose any
of the expensive actions. Such a mechanism guarantees that the technique will prevent
the VF problem by those actions that are generally low cost (such as adjusting the droop
parameters of DDGs) when possible, rather than expensive options (e.g., external power
exchange with an NMG or more expensive ones, such as the control of BESs, RC or DR). As
the cost of RC and DR are assumed to be very high, it is expected that their contribution
will be very limited.
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2.4. Implementation Requirements

For the proposed PVFC, the operation time of the total process to prevent the prospec-
tive VF problem must be smaller than T1. Industrial-level processors and their associated
platforms (such as those from National InstrumentsTM and Intel®) that are currently avail-
able in the market can be used to realize the proposed PVFC with an adequate operation
time. Also, an IEEE 802.11n-based point-to-multipoint wireless communication system
that is currently available on the market [26,27], can be utilized to transmit the determined
settings of the control variables to the local controllers of DDGs, NDDGs, BESs, loads and
the switches of RLs and switches of NMGs (see Figure 1e). Communication links have
high reliability compared to the power system (e.g., an average field-observed mean time
before failure of 400 years [28]); however, even if the communication link is broken, as
expected from a droop-controlled system, the MG can operate successfully, thanks to the
local controllers; however, its operation may be non-optimal.

3. Problem Formulation

The PVFC consists of a mixed-integer non-linear optimization problem with an OF
formulated as

OF = ∑ πs OFs ∀s ∈ S (2)

where

OFs = ω1OFs
tech + ω2 OFs

op + ω3 OFs
sup + ω4 OFs

rel + ω5 OFs
env + Penalty (3)

in which
OFtech = VDI + FDI + LLI + SRI + EDI (4a)

OFop = Cgen + Closs (4b)

OFsup = Ctrade + CBES + Csw + CDR (4c)

OFrel = CENS (4d)
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OFenv = Cem + CRC (4e)

are the assumed OFs in (3), as illustrated schematically in Figure 3. The considered OFs
are derived from the operational needs and expectations of the MG operators. As such,
they cover the key aspects of an MG, which are or may be desired by the MG operator
when evaluating and improving the performance of the MG (i.e., its technical, operational,
reliability and environmental issues).
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Since the used prediction data may have some inaccuracies, the proposed PVFC
assumes multiple scenarios in (2). Considering these scenarios allows the MG operator
to take into account the expected accuracy of the prediction of demand and generation of
NDDGs. This accuracy is considered in the form of the mean arctangent absolute percentage
error (MAAPE) of the predictions, denoted by e. MAAPE has been specifically chosen as,
unlike the percentage error or mean absolute percentage error, it does not yield undefined
or infinite values (when considering a parameter with an actual value of zero) [29]. Table 2
lists the assumed scenarios in this study. As seen from (2), each scenario is denoted by s
and thought to have a probability of πs, while S is the set representing all scenarios.

Table 2. The assumed scenarios.

s 1 2 3 4 5 6 7 8 9

∑ Pload
i X X + e X–e X + e X–e X + e X–e X X

∑ PNDDG
i Y Y + e Y–e Y–e Y + e Y Y Y + e Y–e

X = Predicted amount of demand; Y = Predicted amount of NDDGs’ generation; e = Prediction MAAPE.

3.1. Technical OF (OFtech)

This OF represents the technical aspects of the MG, and is defined by (4a) in which:

• VDI is the voltage deviation index, which determines the maximum voltage deviation
across all the buses in the MG. It is derived as

VDI = max(|Vnom −Vi|) ∀i ∈ BUS (5)

in which the maximum function is denoted by max(.).
• FDI is the frequency deviation index, representing the deviation of the MG’s frequency

from the nominal value, as defined by

FDI = | fnom − f | (6)

• LLI is the MG’s lines loading index and allows the line currents temporarily to exceed
the maximum limit in the case of an emergency (if required). It is derived by

LLI =

{∣∣∣1− Ii
Imax
i

∣∣∣ ∃ Ii > Imax
i

0 otherwise
∀i ∈ LINE (7)

where I represents current and Line is the set representing all the distribution lines in
the MG.
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• SR expresses the unused percentage of the capacity of the MG’s energized rotary
DDGs. Maximizing the SR is crucial to improving the dynamic response of the MG,
following an unexpected and rapid variation in the generation of its NDDGs or the
consumption of its loads. To this end, the SR index, denoted by SRI, is derived by

SRI =
∑ PDDG

i

∑
(

PDDG
i

)max ∀i ∈ ROT−DDG (8)

in which ROT−DDG is the set representing the energized rotary DDGs. As such, the
total power generated by these DDGs will reduce; however, this reduction does not
aim to reduce these DDGs’ generation costs but looks to maximize the MG’s SR.

• EDI denotes the MG’s dependency index on the external NMG, formulated as

EDI =
∑
∣∣Sex

i

∣∣
∑ Sload

j
∀i ∈ NMG, ∀j ∈ LOAD (9)

where Sex and Sload are, respectively, the apparent power that the MG exchanges
with NMGs and that is consumed by the MG’s loads, while NMG and LOAD are,
respectively, the sets representing all the NMGs with whom the MG is exchanging
power and load points.

3.2. Operational OF (OFop)

The second parameter in (3), represents the MG’s operational cost and is defined by
(4b) in which Cgen is the power generation cost by DGs and Closs is the cost corresponding
to power losses in MG lines. Cgen is calculated as

Cgen = ∑
(

PDG
i f ueli Cfuel

i + CO&M
i + Clife

i

)
∆T + Cstart

i ∀i ∈ DG (10)

in which DG is the set representing all DGs of the MG and PDG is the output power of a
DG over the period of ∆T (in h) while f uel and Cfuel are, respectively, its fuel consumption
(in L/kWh) and corresponding cost (in $/L). CO&M denotes its operation and maintenance
cost (in $/h). Clife is the life-loss cost of the DG, formulated as

Clife
i =

(
CDG

cap

)
i
/Top

i (11)

in which Top and CDG
cap are, respectively, the total operation lifetime of the DG (in h) and its

capital cost (in $). Cstart
i , in (10), is the cost to start up a DG, formulated as

Cstart
i = CostST

i xi (12)

in which CostST
i is the starting-up cost of a DG while x is a binary variable equal to 1 if a

DG starts up and 0 otherwise.
Closs is defined as

Closs = Ploss Costloss ∆T (13)

where Ploss is the total power loss in the MG’s lines (in kW) while Costloss denotes the
associated cost (in $/kWh). It should be noted that the PDDG, Ploss and f of the MG are
calculated from the employed PFA.

3.3. Supportive OF (OFsup)

This OF is defined by (4c) and represents the cost of the supportive actions, such as
exchanging power with NMGs, charging/discharging BESs, switching on/off the RLs and
DR, in which:
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• Ctrade is MG’s net energy trading cost with its NMGs, defined from

Ctrade =

(
∑
∣∣∣(Pex

i )imp
∣∣∣(Costtrade

i

)imp
−
∣∣(Pex

i )exp∣∣(Costtrade
i

)exp
)

∆T ∀i ∈ NMG (14)

in which it is an expense when an MG is importing power, while it is an income when
exporting. Costtrade is the traded power’s unit cost (in $/kWh), which is assumed to
be the same for exporting and importing; however, in general, they can be different.

• CBES is the life-loss cost of BESs, derived as [30,31]

CBES = ∑

(
CBES

cap

)
i

λi PBES
i

Elife
i

∆T ∀i ∈ BES (15)

in which the charging/discharging power of a BES (in kW), its total cumulative
throughput in its life cycle (in kWh) and its capital cost (in $/kWh) are, respectively,
denoted by PBES, Elife and CBES

cap . The parameter λ is used in (15) to consider the impact
of the BES’s state of charge, according to [30]. The set of BESs are represented by BES.

• Csw is the cost incurred from switching RLs, calculated from

Csw = Nsw Costsw (16)

where Nsw and Costsw are, respectively, the total number of switchings (i.e., con-
necting/disconnecting a RL), and their corresponding cost (in $/switching). In this
research, it is assumed that the connection/disconnection of a RL involves the clos-
ing/opening of two switches, at its ends.

• CDR is the cost of controlling loads under DR, determined from

CDR = ∑
(

∆PDR
i

)shed(
CostDR

i

)shed
+ ∑

(
∆PDR

j

)add(
CostDR

j

)add
∀i, j ∈ DR (17)

where DR is the set representing those loads of the MG with the DR feature; ∆PDR is
the amount of loads modified under the DR (in kW) in which the superscripts shed and
add, respectively, denote those inessential loads that have been shed or the additional
loads that are turned on, while CostDR represents the corresponding costs (in $/kWh).

3.4. Reliability OF (OFrel)

This OF considers the reliability of the resources of the MG and is formulated in (4d),
where CENS is the cost of energy not supplied, and is defined as

CENS = ENS CostENS ∆T (18)

where ENS shows the energy not supplied (in kW) and is derived in (19) using the given
availability (Av) of DGs, BESs and NMGs. CostENS is the cost of ENS (in $/kWh) [32].

ENS = ∑(1− Avi) |Pi| ∀i ∈ DG, BES, NMG (19)

3.5. Environmental OF (OFenv)

This OF considers the environmental aspects in terms of the emissions incurred from
the DGs and RC as depicted in (4e).

The cost of emissions is denoted by Cem and is derived by

Cem = ∑ PDG
i EmDG

i Costem ∆T ∀i ∈ DG (20)

where EmDG and Costem, respectively, the emission level of a DG for electricity generation
(in kg/kWh) and its corresponding cost (in $/kg), are constant values that can be deter-
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mined from the generator specifications and emissions policy [33]. The cost of RC, CRC, is
defined by

CRC = ∑ ∆PRC
i CostRC

i ∆T ∀i ∈ NDDG (21)

where ∆PRC and CostRC are, respectively, the level of RC (in kW) and its associated cost
(in $/kWh) while NDDG denotes the set of NDDGs.

Table 3 summarizes the factors affecting some of the above costs and provides exem-
plary values for them, as provided in the literature.

Table 3. Considered costs in the formulated OF and the factors affecting them.

Costs Impacted by Exemplary Value

CostDR Fitting cost of DR technologies, financial incentives for the customer, power usage
profile of the customer, the estimated energy shifted by DR annually. 1–20 $/kWh [34]

Costem Plausible cost of public and environmental damage, the projected amount of
emissions. 0.02–0.09 $/kg [35]

CostENS Projected interruption duration and frequency, the non-utilized investment cost of
equipment, the penalty paid to the customer. 1–50 $/kWh [36]

Costloss The investment cost of network installation, cost of energy sold to consumers,
maximum annual power loss. 0.04 $/kWh [37]

CostO&M Necessary maintenance and total operation hours. 0.03 $/h [38]

CostRC Non-utilized capital cost of NDDGs, lost income due to curtailing the harnessable
energy, the estimated annual amount of curtailed energy. 0.5–20 $/kWh [39]

CostSW Investment and maintenance cost of the switch, the estimated number of actions. 0.25 $/switching

3.6. Technical Constraints

The aim of the solver is to find a set of control variables (see Figure 3) that minimizes
the OF of (2) subject to the technical constraints of

∑ SDG
k1

+ ∑ βSBES
k2

+ ∑ γSNMG
k3

= ∑ Sload
k4

+ Sloss (22a)

|∆Vi| ≤ |∆V|max ∀i ∈ BUS (22b)

|∆ f | ≤ ∆ f max (22c)

Ii ≤ Imax
i ∀i ∈ LINE (22d)

SRI ≤ SRImax (22e)

EDI ≤ EDImax (22f)

RCI ≤ RCImax (22g)

Ploss ≤ Pmax
loss (22h)

αDDG
i

(
PDDG

i

)max
≤ PDDG

i ≤
(

PDDG
i

)max
∀i ∈ DDG (22i)
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{
PDDG = 0 if toff

DDG < (TDDG)
off

PDDG > 0 if ton
DDG < (TDDG)

on (22j)

∣∣∣PDDG
t − PDDG

t−∆t

∣∣∣ ≤ {(RRmax
DDG

)up if PDDG
t > PDDG

t−∆t(
RRmax

DDG
)down if PDDG

t < PDDG
t−∆t

(22k)

Equation (22a) presents the active and reactive power balance constraints within
the MG in which β for every BES is, respectively, +1 and −1 when it is discharging and
charging and γ for each NMG +1 and −1, respectively, when it is exporting power to and
importing from the MG. Equations (22b) and (22c) show the maximum allowed deviations
of frequency (∆ f ) and voltage magnitude (|∆V|) at all buses of the MG and (22d) represents
the maximum thermal limits of its lines when conducting a current. Equation (22e) defines
the MG’s maximum limit of SRI while (22f) defines the MG’s maximum acceptable depen-
dency on the NMGs. On occasion, the operators often wish to limit the contribution of the
non-dispatchable renewable sources, which can be realized by the constraint in (22g). Here,
the renewable contribution index, RCI, is defined as the ratio of the total contribution of
NDDGs and BESs to the total supplied load as derived by

RCI =
∑ PNDDG

i + ∑ PBES
j

∑ Pload
k

∀i ∈ NDDG, ∀j ∈ BES, ∀k ∈ LOAD (23)

whereas the maximum allowable loss is set at (22h). The dispatching constraints of DDGs
(i.e., their minimum loading, minimum downtime, minimum uptime, maximum ramp-up
rate and maximum ramp-down rate) are given in (22i–k), in which αDDG is the percentage
of minimum loading of a DDG based on its efficiency constraints (defined in the manufac-
turer’s specifications); (TDDG)

off and (TDDG)
on denote, respectively, the required time for a

DDG that cannot turn on once it is turned off and the required time that it has to operate af-
ter turning on and RRmax

DDG represents the maximum ramping-up/down rate of a DDG [40].
It is worth noting that DDGs may include both rotating and converter-based DGs. Hence,
the parameters of TDDG and RRmax

DDG can be different from one DDG to another based on
their type and operating principles. It is worth noting that the proposed technique is not
bound to any specific network topology (e.g., radial, loop, mesh). In (22), the superscript
max denotes the maximum allowable limit.

In (3), Penalty is used to eliminate those sets of actions that violate any of the con-
straints in (22) and it is defined as

Penalty =

{
106 if (7) is unsatisfied
0 otherwise

(24)

3.7. Control Variable Boundaries

Figure 4 illustrates the considered MPSO particle containing the control variables while
their boundaries (if applicable) are given in (25), in which the charging and discharging
active power limit of the BES and its converter’s reactive power exchange limit are denoted
by (25a,b), where SBES is the apparent power of the BES’s converter. The maximum allowed
limit of exchanging active and reactive power with the NMGs is defined in (25c,d). The
boundary of RC is defined in (25e), in which αRC is the allowable percentage of renewables
that can be curtailed. The allowed range of load shedding and turning on additional
loads under DR are presented by (25f,g), denoted, respectively, by αshed and αadd, in which(

Pload)shed
and

(
Pload)add

are the capacity of load shedding and turning on additional
loads. In (25), the superscript max denotes the maximum allowable limit.

−
(

Pcharge
i

)max
≤ PBES

i ≤
(

Pdischarge
i

)max
∀i ∈ BES (25a)
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−
√(

SBES
i
)2 −

(
PBES

i
)2 ≤ QBES

i ≤
√(

SBES
i
)2 −

(
PBES

i
)2 ∀i ∈ BES (25b)

−
(

Pimp
i

)max
≤ Pex

i ≤
(

Pexp
i

)max
∀i ∈ NMG (25c)

−
√(

Sex
i
)2 −

(
Pex

i
)2 ≤ Qex

i ≤
√(

Sex
i
)2 −

(
Pex

i
)2 ∀i ∈ NMG (25d)

0 ≤ ∆PRC
i ≤ αRCPNDDG

i ∀i ∈ NDDG (25e)

0 ≤
(

∆PDR
i

)shed
≤ αshed

(
Pload

i

)shed
∀i ∈ DR (25f)

0 ≤
(

∆PDR
i

)add
≤ αadd

(
Pload

i

)add
∀i ∈ DR (25g)
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3.8. Weightings

It should be highlighted that the weightings of ω1 to ω5 (∑ ωi = 1) in (3) are the
corresponding weightings of the assumed OFs and reflect the importance of each criterion.
Since there is no mathematical approach to define them for complex systems and real-world
problems, like electrical systems, an acceptable method is a census from the experts or MG
operators and using their experience and outlook [41].

4. Performance Evaluation

Consider the 10-bus system of Figure 5, which has been extracted from [42] and
modified to evaluate the performance of the proposed PVFC. This MG consists of two
NDDGs, three DDGs, two BESs, two RLs and one connection to an NMG (through bus-7),
supplying a maximum demand of 20 kVA. NDDG-1 and 2 are thought of as small-scale
converter-based wind turbine and photovoltaic systems, respectively, operating under
maximum power point tracking. DDG-1 and DDG-2 are assumed, respectively, to be
biomass and diesel-driven generators, while DDG-3 is considered to be a solar-driven,
converter-based DG (with a suitably sized local power smoothing storage that makes it
dispatchable). Hence, DDG-1 and DDG-3 are the renewable-based DDGs. These DDGs are
assumed to have equal ratings of 10 kVA (and a maximum active power supply capacity
of 7 kW, see Table A1 in Appendix D) [43]. It should be noted that an equal rating does
not mean equal load sharing, as their power generation is determined by their droop
coefficients (i.e., m1, m2 and m3), defined by the proposed controller. As such, regardless of
their ratings, they can share the loads equally or unequally.

The Desired regions of VF for the MG are assumed as 1 ± 0.05 per-unit (pu) and
50 ± 0.5 Hz, while Vst

max = 1.1 pu, Vst
min = 0.9 pu, f st

max = 51 Hz and f st
min = 49 Hz. The

forecast horizon and the prediction interval are, respectively, T1 = 5 and T4 = 3 min, while
the predicted data have 1-min resolutions. It is also presumed that all scenarios in Table 2
have the same probability (i.e., π1 = . . . = π9) while e = 15%. The impact of πS and e are
discussed through a sensitivity analysis in the following section. Appendix D provides
the considered technical parameters in modeling this MG, as well as the introduced costs
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in Section 3, along with the assumed values for the weightings of ω1 to ω5 and the base
values of voltage, power and frequency for the numerical analyses.
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Since there is no mathematical approach to define them for complex systems and real-world 
problems, like electrical systems, an acceptable method is a census from the experts or MG 
operators and using their experience and outlook [41]. 

4. Performance Evaluation 
Consider the 10-bus system of Figure 5, which has been extracted from [42] and modi-

fied to evaluate the performance of the proposed PVFC. This MG consists of two NDDGs, 
three DDGs, two BESs, two RLs and one connection to an NMG (through bus-7), supplying 
a maximum demand of 20 kVA. NDDG-1 and 2 are thought of as small-scale converter-
based wind turbine and photovoltaic systems, respectively, operating under maximum 
power point tracking. DDG-1 and DDG-2 are assumed, respectively, to be biomass and 
diesel-driven generators, while DDG-3 is considered to be a solar-driven, converter-based 
DG (with a suitably sized local power smoothing storage that makes it dispatchable). Hence, 
DDG-1 and DDG-3 are the renewable-based DDGs. These DDGs are assumed to have equal 
ratings of 10 kVA (and a maximum active power supply capacity of 7 kW, see Table A1 in 
Appendix D) [43]. It should be noted that an equal rating does not mean equal load sharing, 
as their power generation is determined by their droop coefficients (i.e., 𝑚ଵ, 𝑚ଶ and 𝑚ଷ), 
defined by the proposed controller. As such, regardless of their ratings, they can share the 
loads equally or unequally. 
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It should be noted that the proposed PVFC can be employed in standalone MGs,
regardless of the network’s voltage level (i.e., low or medium voltage), the network’s topol-
ogy (e.g., radial, loop, mesh) or the number of load/generator buses. This is demonstrated
in Appendix E, which shows a medium voltage large MG.

4.1. Sample Performance

Let us first envisage the operation of the considered MG over a sample 60-min pe-
riod with the assumed variations in its demand and NDDGs, as shown in Figure 6a. As
seen in Figure 6b,c, at t = 13 min, a frequency rise beyond the Desired region is forecasted
for t = 18 min. Therefore, the PVFC activates promptly to prevent the prospective fre-
quency deviation. It modifies the droop coefficients of the DDGs to a new optimal level
(see Figure 6d) to reduce the output power of DDG-2 and DDG-3. The frequency droop
setpoint of f max is also slightly reduced (see Figure 6e). As such, the VF is retained within
the Desired region (see Figure 6b,c). At t = 28 min, an increase in demand and a drop in
the NDDG’s power are forecasted for t = 33 min, which would result in a VF drop beyond
the Desired region (see Figure 6b,c). To prevent this, the PVFC adjusts the power dispatch
from the DDGs to new optimal levels by changing their corresponding droop coefficients
while increasing the VF droop setpoints (see Figure 6d,e). However, these actions are
not enough to prevent the Undesired region operation. A power of 0.015 pu has also to be
imported from the NMG (as depicted in Figure 6f). The PVFC does not choose to request
support from expensive actions, such as exchanging power with the BESs, DR or RC in
these instances. PVFC also keep SRI, RCI and EDI indices below the allowed levels, as
depicted in Figure 6g–i. The real operating cost (ROC) of the MG (the accumulated cost of
the fuel consumption, emissions and maintenance of DDGs, as well as the cost of power
trading with the NMG and the cost of DR) before implementing the proposed PVFC and
after that are presented in Figure 6j for the same period. It can be seen from this figure that
the proposed PVFC has also reduced the ROC of the MG for the majority of that period.
The above example illustrates the effectiveness of the PVFC in retaining the VF of the MG
within the Desired region at the least cost.

To demonstrate the capability of the proposed PVFC in improving the MG’s perfor-
mance along with controlling the VF, let us consider the predicted event at t = 33 min
in which the PVFC prevents a prospective undesired VF violation. To this end, it rear-
ranges the dispatch of the DDGs by increasing the contribution of the DDG-1 and DDG-3
(see Figure 7a), which are closer to the load buses. At the same time, it also finds importing
5% of the demand from the available NMG is required to support the MG, since this
power is assumed to be cheaper than other supportive actions (as seen from Table A1 in
Appendix D). The expensive diesel-based DDG-2 supplies 9% less power according to the
PVFC’s decision to reduce the operational and emissions costs while improving the MG’s
SR (i.e., reducing the SRI). Figure 7b illustrates the percentage improvements of each OF
of (3) and the MG’s ROC under the proposed PVFC versus the condition when the PVFC
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is not implemented. It can be seen from this figure that by applying the defined control
variables of the PVFC, OFtech and OFop reduce by 10%, and the MG’s emissions reduce by
almost 30% while OFrel improves slightly, and the MG’s ROC reduces by 2%.
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Figure 6. (a) Variation in demand and NDDGs’ output power; (b) MG’s frequency with and without
the proposed PVFC; (c) MG’s VDI with and without the proposed PVFC; (d) droop coefficients of
DDGs; (e) droop setpoints of DDGs; (f) power transaction between MG and NMGs; (g) MG’s SRI;
(h) MG’s RCI; (i) MG’s EDI; (j) MG’s ROC with and without the proposed PVFC.
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4.2. Performance under Prediction Errors

The proposed PVFC uses the data from forecasting tools. Even though e is considered
in formulating the problem (see Table 2), the actual prediction error (e) can be larger or
smaller than e [44]. To visualize the impact of e 6= e, on the operation outcome of the
proposed PVFC, another study is conducted. In this study, it is assumed that the real
demand or generation by NDDGs has a small difference (below 15%) from those predicted
amounts, which is aligned with the accuracies reported in [3,6]. Figure 8 illustrates eight
sample cases with a small e. Case-1 considers four instances where the actual value of
load/NDDG power is lower than the predicted values, while Case-2 considers another
four instances in which the actual values are beyond the predicted values. The predicted
values and the observed actual values for these eight cases are summarized in Table 4.
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Case-2a represents a scenario in which the actual demand drops 6% more than the pre-
dicted amount (i.e., 𝑒 = 6%). However, the MG operates without any unacceptable VF de-
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this inaccuracy does not result in any deviance in the VF (see Figure 8-2d). 
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Table 4. The assumed prediction and actual amount of the total demand and NDDGs’ generation
change between t = 5 and 10 min.

Case- 1a 1b 1c 1d 2a 2b 2c 2d

∑ Pload
i

Initial (pu) 0.57 0.62 0.57 0.62 0.57 0.62 0.57 0.62

Prediction (%) −50 +46 −50 +46 −50 +46 −50 +46

Actual (%) −35 +37 −50 +46 −56 +50 −50 +46

∑ PNDDG
i

Initial (pu) 0.08 0.06 0.08 0.06 0.08 0.06 0.06 0.08

Prediction (%) 25 −38 0 −38 25 −38 −38 0

Actual (%) 25 −38 −9 −23 25 38 −42 +9

In Case-1a, at t = 5 min, a demand decrease of 50% is predicted for t = 10 min, which
will lead to a frequency rise beyond the Desired region. Thus, the PVFC is activated and
optimizes the control variables. However, at t = 10 min, the observed actual demand is
found to be 15% higher than the predicted demand (i.e., e = 15%). However, the VF within
the MG stays within the Desired region (see Figure 8-1a). In Case-1b, an overloading was
predicted, which indicated a prospective VF drop beyond the Desired region; however, in
reality, the actual demand observed is found to be 9% lower than the predicted amount
(i.e., e = −9%). Therefore, the MG’s frequency is slightly higher than the predicted
amount but still within the Desired region while the voltage deviation is not affected much
(see Figure 8-1b). Similarly, Case-1c and d represent, respectively, instances in which an e of
9 and 15% are observed in the generation amount of NDDGs. However, in both cases, the
VF of the MG are hardly impacted by this prediction error (see Figure 8-1c,-1d).

Case-2a represents a scenario in which the actual demand drops 6% more than the
predicted amount (i.e., e = 6%). However, the MG operates without any unacceptable
VF deviation with the help of the proposed PVFC (see Figure 8-2a). Case-2b shows
an instance in which the actual demand rises 4% more than the predicted amount (i.e.,
e = 4%); however, it is found that the inaccuracy has very little effect on the MG’s VF
(see Figure 8-2b). Conversely, Case-2c depicts a scenario in which the actual NDDG
power is 4% lower than the predicted amount (i.e., e = 4%). As a result, the frequency
drops slightly, and the voltage deviation increases, but both are within the Desired region
(see Figure 8-2c). In Case-2d, the actual NDDGs’ generation is 9% higher than the predicted
amount (i.e., e = 9%). However, this inaccuracy does not result in any deviance in the VF
(see Figure 8-2d).

4.3. Comparative Analysis

As depicted in Table 1, there are limited works that can be numerically compared with
the proposed PVFC. The overloading event at t = 33 min of the example of Section 4.1 is
re-analyzed by the methods of [16,21] to demonstrate a comparative analysis against the
proposed PVFC. The results are summarized in Table 5, which lists VDI, FDI, ROC and
line losses along with the values of different OFs of (3). The study shows that the proposed
PVFC has, respectively, 45% and 51% better VDI than [16,21]. Likewise, a better outcome
is seen for most of the parameters while for a few (i.e., ROC, FDI, OFtech, OFrel), an almost
similar performance is observed (as depicted in Table 5). Additionally, several other events
were analyzed as part of this study in which the existing techniques failed to maintain the
VF while the proposed PVFC was successful.
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Table 5. Comparative analysis of the proposed PVFC against the methods proposed in [16,21] for an
overloaded event.

Parameters [16] [21] This Paper

VDI (pu) 0.048 (+45%) 0.0498 (+51%) 0.033
FDI (Hz) 0.5 (0%) 0.5 (0%) 0.5
ROC (¢/min) 5.72 (−1.38%) 5.74 (−1%) 5.8
Ploss (kW) 0.94 (+9.3%) 0.94 (9.3%) 0.86
OFtech 0.93 (0%) 0.92 (−1%) 0.93
OFop 1.75 (+7.4%) 1.74 (+6.7%) 1.63
OFrel 16.78 (+2%) 16.75 (+1.8%) 16.46
OFenv 3.32 × 10−4 (+17.7%) 3.32 × 10−4 (+17.7%) 2.82 × 10−4

5. Sensitivity Analysis

As seen from the previous section, e can affect the OFs and the MG’s ROC. On the
other hand, the considered e and πS, in Table 2, also affect the outcome of the PVFC. Hence,
this section discusses the sensitivity of PVFC regarding these parameters.

5.1. Actual Prediction Error (e)

Consider the predicted event at t =18 min of the example of Section 4.1. The PVFC
finds that the VF of the MG can be retained within the Desired region by only rearranging
the dispatch of the DDGs (through optimally adjusting the droop coefficients of the DDGs).
A sensitivity analysis is conducted in which the actual demand varies from –15 to +15% in
steps of 5%, from the predicted value. The actual value of each of the OFs in (3) is calculated
using the defined control variables by the PVFC (assuming e = 0).

Figure 9a illustrates the percentage change of OFs as e increases from –15 to +15%
and shows this linear relationship. Figure 9b illustrates the expected amount of each of
these Ofs and the ROC, along with the range of their variation within the assumed error
range, while Figure 9c depicts the range of the control variables (i.e., the droop coefficients
of the DDGs) for each actual demand level by re-analyzing the MG for each actual demand.
Figure 9b shows that the predicted ROC is 2.6 ¢/min; however, it increases to 3 ¢/min
when the actual demand is 15% higher than the predicted amount (i.e., e = +15%) while it
drops to 2.2 ¢/min when the actual demand is 15% below the prediction (i.e., e = −15%).
Table 6 lists the correlation index of these OFs and the MG’s ROC with e and demonstrates
a positive and linear correlation for all parameters with an index of 0.99.

Table 6. Correlation indices among the variety of different OFs and MG’s ROC versus the variations
in e, e and π1.

Parameters e e π1

OFtech 0.99 −0.99 0.58
OFop 0.99 −0.99 −0.92
OFsup 0.99 0.99 −0.62
OFrel 0.99 −0.99 −0.96
OFenv 0.99 −0.99 0.14
ROC 0.99 0.99 −0.40
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Figure 9. (a) Changes in the actual value of each OF of (3) versus e; (b) the value of each OF and ROC
for no error and the range of change for −15% < e < 15%; (c) the defined optimal control variables
(i.e., the droop coefficient of DDGs) for no prediction error and its variation by re-analyzing the MG
for the actual loads.

5.2. Prediction MAAPE (e)

To illustrate the impact of e within the assumed scenarios of Table 2, used in the OF of
(2), another study is conducted in which e changes from 0 to 15%. Figure 10a illustrates
the range of variation for each OF of (3) versus the change in e for a sample VF violating
event, for which the proposed PVFC is activated to prevent the violation. The total demand
and the NDDG’s outcome are predicted as 1.048 pu and 0.06 pu, respectively. Figure 10b
depicts the number of supportive actions (by DR and BES) decided by the PVFC. It can
be seen from this figure that the proposed PVFC has taken more conservative measures
and chooses more expensive supportive actions (such as DR and BES) with an increase in
e to guarantee that the VF of the MG will be retained within the Desired region. It is also
seen that the ROC of the MG will be least if a very accurate forecasting tool (i.e., e = 0) is
used. Table 6 also shows the correlation indices for the OFs and the MG’s ROC with e. As
seen from this table, all parameters have a linear correlation; however, some of them have a
positive correlation (i.e., for OFsup and ROC) while for the others, it is negative.
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Table 7 compares the FDI and VDI of the considered MG for an e of 0 and 15% for
nine sample events. These events consequently correspond to the scenarios given in Table 2,
in which it is assumed that e = 15%. From this table, it can be seen that if e is ignored (i.e.,
e = 0), the control variables defined by the PVFC cannot retain the VF within the Desired
region for some of these sample events. However, the MG’s FDI and VDI are within the
acceptable limit for all considered sample events for e =15%.

Table 7. MG’s VDI and FDI under few sample events assuming e is 0 or 15%.

e (%) 0 15

Event FDI (Hz) VDI (pu) FDI (Hz) VDI (pu)

1 0.465 0.0475 0.355 0.0238
2 # 0.465 0.0306
3 0.315 0.014 0.245 0.0173
4 # 0.485 0.048
5 0.295 0.0135 0.23 0.0167
6 # 0.475 0.0406
7 0.305 0.0138 0.24 0.017
8 0.455 0.0392 0.35 0.0235
9 # 0.365 0.0241

# Unacceptable VF deviation.

5.3. Scenario Probability (πs)

In all the previous numerical analyses, the same probability was assumed for the
scenarios of Table 2 (π1 = . . . = π9). To illustrate the impact of πs, another study is
conducted for the example of Section 4.2. In this study, the probability of scenario 1 (i.e.,
π1) is varied from 0.2 to 0.8 in steps of 0.2 while the rest of the scenarios in Table 2 have
an equal probability. Figure 11 illustrates the result of this study for the different OFs of
(3), as well as the MG’s ROC, for each analysis. It can be seen from this figure that the
proposed PVFC is not affected by the variations in the probability of the scenarios and πs

is less dominant than e, which is also evident from the correlation indices of Table 6.
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6. Conclusions

An effective preventive control technique is proposed in this paper that uses the short-
horizon prediction data of demand and NDDG’s generation. It aims to determine the most
optimal control actions for a standalone MG at the least cost and prevent the deviation
of the VF of the MG beyond the Desired region. The proposed technique defines the most
optimal droop coefficient settings for the DDGs and the level of engagement of BES, DR
and RC, along with external support from an NMG and MG reconfiguration. Numerical
analyses demonstrate that the proposed method ensures that the MG always operates
within the expected VF range. Furthermore, it benefits the MG by minimizing the operation
costs along with improving its technical, environmental and reliability aspects. The MG
operator can prioritize these aspects, according to their policies or performance indices.
The studies illustrate that the proposed controller will be able to retain the VF of the MG
within the Desired region as far as the prediction error is acceptable. The studies also show
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that by considering a more substantial prediction error, the proposed technique will take
more conservative actions. Thus, using prediction tools that have a smaller error will result
in the MG’s more optimal performance.

It should be noted that as a very short-horizon preventive approach, the proposed
PVFC is limited by the calculation time. Hence, using fast processors, simplified PFA tools
and enhanced optimization solvers is essential when employing the proposed PVFC for
very large MGs that have a very large number of control variables.
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M.A.S.; writing—original draft preparation, F.S.; writing—review and editing, F.S., G.S. and F.W.;
supervision, F.S. and G.S. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Data is unavailable due to privacy restrictions.

Conflicts of Interest: The authors declare no conflict of interest.

Nomenclature

BES Battery energy storage
DR Demand response
DG Distributed generation unit
DDG Dispatchable DG
MAAPE Mean arctangent absolute percentage error
MG Microgrid
MGCC MG’s central controller
MPSO Modified particle swarm optimization
NMGs Neighboring MGs
NDDG Non-dispatchable DG
OF Objective function
pu Per-unit
PFA Power flow analysis
PVFC Preventive VF controller
ROC Real operating cost
RL Reconfigurable line
RC Renewable curtailment
SR Spinning reserve
VF Voltage or frequency

Appendix A. Provisionally Coupled Neighboring MGs

It is assumed that in the near future, with the incentives provided by governments in
light of their renewable energy or greenhouse gas reduction targets, many private investors
will be interested in building up and operating their own MGs. As such, the MG operator
would prefer to operate its network in the standalone mode under normal operating
conditions to maintain its autonomy. Thus, each MG can be owned or operated by different
entities and under various operational standards and policies. With all careful design
and operational planning, it may be unavoidable for an MG to experience unacceptable
VF violations due to the imbalance between demand and generation. Hence, the concept
of provisional MGs is proposed in [45–55], which allows standalone MGs to temporarily
couple to suitable islanded NMGs, if available, to support each other by exchanging power,
under abnormal conditions (i.e., emergencies such as overloading or over-generation).

Appendix B. Employed Optimization Solver

An MPSO-based solver is used in this study to solve the optimization problem of (2).
Since MPSO is a metaheuristic approach and uses random numbers as the inputs of the
optimization, this solver does not necessarily yield the same result if it re-runs multiple
times for the same study case. Nevertheless, its outcome in each run should be near the
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average value of all runs. To demonstrate this, the MPSO is re-run 100 times for the first
event of Figure 6 (i.e., t = 13 min). Figure A1a,b depicts the probability and cumulative
density functions for the least OF (i.e., the best solution in each run). This figure shows that
in 80% of the runs, the defined least OF is near the average value of the runs. In addition,
Figure A1c shows the convergence of MPSO for a sample run.
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Appendix C. Employed Power Flow Analysis

Due to the lack of a slack bus, unlike conventional power systems, the frequency in
an islanded MG is not constant and varies around the nominal value according to the
DDGs, based on their droop Equation (1a). Hence, conventional PFA techniques cannot
be employed for islanded MGs, and modified approaches, such as that proposed in [42],
are required, which can also calculate frequency. In this study, the PFA introduced in [42]
has been used within the developed PVFC to determine the MG’s frequency, power loss
and the voltage magnitudes at its buses at each stage of optimization. This load flow and
optimization technique are developed in MATLAB via coding. To demonstrate the accuracy
of the developed load flow technique, which is the core of the optimization in this study (as
seen from the flowchart of Figure 2), a comparative analysis is undertaken between the PFA
results realized in MATLAB for the sample six-bus network of [42] with those results when
realized in PSCAD/EMTDC. The comparison showed a maximum deviation of 0.01% for
voltage magnitudes and a maximum of 0.34% for the voltage angles of the buses, which
consequently yields a maximum of 0.12% deviation in the powers of all lines, loads and
sources, and validates the accuracy of the employed PFA function.

Table A1. Considered technical parameters for the MG in Figure 5.

MG’s DDGs DDG-1 DDG-2 DDG-3 Costs

αDDG (%) 10 10 0
(

Costtrade
)imp 0.3 ($/kWh)(

PDDG)max (kW) 7 7 7
(

Costtrade
)exp

0.3 ($/kWh)

(TDDG)
off (min) 5 5 0.5 Costloss 0.04 ($/kWh)

(TDDG)
on (min) 15 15 0.5 CostRC 25 ($/kWh)(

RRmax
DDG

)up (kW/s) 10 10 60 Costem 0.037 ($/kg)(
RRmax

DDG
)down (kW/s) 10 10 60 CostENS 20 ($/kWh)

f uel (L/kWh) 0.2 0.25
(
CostDR)shed 3 ($/kWh)

Cfuel ($/L) 0.8 1
(
CostDR)add 2 ($/kWh)

CO&M ($/h) 0.05 0.05 0.01 CBES
cap 800 ($/kWh)

CDG
cap ($/kW) 400 500 700 Costsw 0.1 ($/switching)

Top (h) 12,000 15,000
EmDG (kg/kWh) 0 0.014 0

CostST ($) 7 8 0

AvNDDG = 0.7; AvBES = 0.9; AvEE = 0.85; AvDDG−1 = 0.85; AvDDG−2 = 0.85; AvDDG−3 = 0.7; Elife = 1950 kWh;
Imax = 25 A; SRImax = 0.9; RCImax = 0.4; EDImax = 0.2; Pmax

loss = 10% of load; ω1 = 0.1; ω2 = 0.3; ω3 = 0.3; ω4 = 0.1;
ω5 = 0.2; αRC = 50%; αadd = 30%; αshed = 50%; Vbase = Vnom = 220 V; Sbase = 20 kVA; fbase = fnom = 50 Hz.
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Table A2. Considered technical parameters for MG in Figure A2.

MG’s DDGs DDG-1,2 DDG-3,4 DDG-5,6 MG’s DDGs DDG-1,2 DDG-3,4 DDG-5,6

αDDG (%) 10 10 0 Cfuel ($/L) 0.8 1(
PDDG)max (MW) 1.5 1.5 1.5 CO&M ($/h) 0.08 0.08 0.04
(TDDG)

off (min) 10 10 0.5 CDG
cap ($/kW) 400 500 700

(TDDG)
on (min) 15 15 0.5 Top (h) 12,000 15,000(

RRmax
DDG

)up (kW/s) 10 10 60 EmDG

(kg/kWh)
0 0.014 0(

RRmax
DDG

)down (kW/s) 10 10 60 CostST ($) 10 10 0
f uel (L/kWh) 0.2 0.25

AvNDDG = 0.8; AvBES = 0.9; AvEE = 0.85; AvDDG−1,2 = 0.9; AvDDG−3,4 = 0.9; AvDDG−5,6 = 0.8; Elife = 1950 kWh;
Imax = 35 A; SRImax = 0.9; RCImax = 0.6; EDImax = 0.1; Pmax

loss = 10% of load; ω1 = 0.1; ω2 = 0.3; ω3 = 0.3; ω4 = 0.1;
ω5 = 0.2; αRC = 50%; αadd = 30%; αshed = 50%; Vbase = Vnom = 11 kV; Sbase = 1.5 MVA; fbase = fnom = 50 Hz.

Appendix D. Assumed Technical Parameters, Variables and Costs

The considered technical parameters and the assumed costs, weightings and coeffi-
cients in the numerical analyses of Sections 4 and 5 are provided in Table A1.

Appendix E. PVFC’s Performance in Large MGs

To demonstrate the application of the proposed PVFC in a large MG, the 64-bus
medium voltage system of Figure A2 is considered, which is an expansion of the network
in Figure 5. The assumed cost values are the same as those given in Table A1, while
Table A2 presents the considered technical parameters and coefficients for this network.
The operation of the considered MG is analyzed for an assumed variation in its demand
and NDDGs, over a sample 60-min period, as shown in Figure A3a. At t = 10 min, an
undesired frequency rise is predicted for t = 15 min (see Figure A3b). As such, the PVFC
takes action and adjusts the control variables accordingly to prevent the frequency violation.
Likewise, at t = 34 min, another VF violating event is predicted for t = 39 min. Again,
the PVFC successfully takes action and prevents this prospective violation, as depicted
in Figure A3b–c. As expected, the PVFC satisfies all technical constraints (i.e., SRI, RCI,
EDI) by keeping them below the maximum acceptable limit in both events. This example
can illustrate the successful operation of the proposed PVFC even for MGs with larger
networks and a large number of distributed loads.
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Appendix F. PVFC’s Time Complexity

The complexity of the optimization problem increases as the number of decision
variables (i.e., the number of BESs, DDGs, NDGs, loads, etc.) increases. As such, this
complexity increase is in line with an increase in the number of buses of the network to
which these components are connected. Furthermore, as the number of buses increases,
the PFA calculations within each stage of the optimization solution become more time-
consuming. Therefore, another study is conducted to demonstrate the impact of the
increasing size of the MG (i.e., its number of buses) on the proposed PVFC. Table A3 lists
seven systems, in which the number of buses of the assumed MG of Figure 5 increases
from 9 to 63. The total number of decision variables in these systems also increases from
17 to 95. As multiple PFA iterations take place inside each PSO iteration, the number of
PFA iterations is considered as the basic operation. The total number of operations is
monitored when the proposed technique is applied to each of these systems. Figure A4
depicts this relationship and shows a logarithmic time complexity (denoted by O(log n))
for the proposed PVFC [56]. Hence, the operation time of the proposed technique increases
as the size and number of decision variables of the system becomes bigger. However, it is
noteworthy that, with the ongoing advancements in industrial and real-time processors, it is
expected that there will be access to superfast platforms that satisfy the required processing
speed even for extremely large MGs in the near future.
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