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ABSTRACT This paper presents the economic analysis and optimal energy management of a grid-connected
MG that comprises renewable energy resources and different battery storage technologies with different
characteristics such as initial charge, depth of discharge, and the number of charging/discharging cycles
to minimize the total operating cost of the system by maximizing the benefits of BSS, minimizing the
investment and replacement cost of BSS, and minimizing the operation and maintenance cost of DGs.
Several constraints are considered, such as the output power limits of the distributed generators, the limits
of power imported from or exported to the grid, load balance, and other sets of battery storage constraints.
The general algebraic modeling system (GAMS) is used to solve the deterministic optimization problem.
Second, stochastic optimization is used to solve the deterministic problem with market price uncertainty.
Third, robust optimization using the information gap decision theory is presented to model the electric load
uncertainty. The validity and effectiveness of the proposed solution are explained by comparing the results
obtained by GAMS to the results obtained by other optimization techniques presented in the literature.

INDEX TERMS Depth of discharge, distributed generation, energy management, energy storage, GAMS,
microgrids, optimization.

ABBREVIATION
MG Microgrid
GAMS General algebraic modeling system
EM Energy management
BSS Battery storage system
MINLP Mixed-integer nonlinear programming
MILP Mixed-integer linear programming
DG Distributed generation
IGDT Information gap decision theory
SOS Symbiotic organism search algorithm
CS Cuckoo search algorithm
RES Renewable energy sources
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DOD Depth of discharge
PV Photovoltaic
WT Wind turbine
FC Fuel cell
MT Micro-turbine
MGCC Microgrid central controller
FS Firefly search algorithm
KHS Krill herd search algorithm

NOMENCLATURE
PPVt Output power of the PV array
PPVrated Rated power of the PV array
NPV Number of PV units
G Global irradiation under standard test condi-

tions in watts per square meter
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G0 Standard solar irradiation under standard test
conditions in watts per square meter

TA Ambient temperature
TC Temperature coefficient of the maximum

power of PV
ηinv Efficiency of the inverter of the PV modules
ηrel Relative efficiency of the PV modules
PWTt Output power of the WTs
PWTrated Rated power of the WTs
vWTt Time step wind speed
vWTrated Rated speed of the WT
vWTcut−in Cut-in speed of the WTs
vWTcut−out Cut-out speed of the WTs

Cbattery
C Capital cost of a BSS

COM Operation and maintenance cost of the DGs
it−MT Binary variable that decides the states of the

MT
it−FC Binary variable that decides the states of the

FC
PM−t Output power of MT at time t
PFC−t Output power of FC at time t
PPV−t Output power of PV at time t
PWT−t Output power of WT at time t
bbat−FC Fixed operation and maintenance cost of the

battery
PFC Output power of FC
ηFC Efficiency of FC
cFC Fuel (natural gas) price to supply the FC in

$/kWh
cMT Fuel price to supply the MT in $/kWh
Pbat Rated power of the battery
Ebat Rated capacity of the battery
bbat−P Power ($/kW) rating cost of the battery
bbat−E Capacity ($/kWh) rating cost of the battery
bgrid−t Market energy price in ($/kWh)
TICBSS Total cost per day of the BSS through the

lifetime of the project.
Cgrid−t Operation cost of the grid at time t
CDG−t Fuel cost of DGs at time t
Pg−t Imported or exported power at timet
SupMT−t Start-up cost of MT at time t
SupFC−t Start-up cost of FC at time t
SdownMT−t Shut-down cost of MT at time t
SdownFC−t Shut-down cost of FC at time t
nR Number of replacements of BSSs
i Working day
mpcb (t, i) Indicator of cycles performed as a function of

t and i
Pchbat−t Charged power of BSS
Pdisbat−t Discharged power of BSS
SOC t State of charge of BSS at time t

I. INTRODUCTION
Recently, much attention has been paid to means of develop-
ing centralized, producer-controlled traditional power grids to
be smarter self-managing, and reliable grids that can produce,
transmit, and use energy effectively, along with strengthened
plans for environmental protection and pollution control.
Also, the creation of economic incentives and increased usage
of consumer-interactive renewable energy sources (RESs)
remain the leading solutions to transit away from traditional
high-carbon energy sources [1]–[4]. In this regard, a micro-
grid (MG) is projected as a localized consumer-interactive
distribution network construction within the smart grid
community, to achieve a low-carbon society with reduced
greenhouse gas emissions, while taking into account the
local-generation properties, variability in the generation
inputs and economic aspects [5]–[7].

MGs comprise different types of distributed genera-
tion (DG) units, energy storage systems, and electrical loads,
and can operate either with the grid (grid-connected mode)
or without the grid (islanded mode) [8], [9] to create an
efficient and more economical system with enhanced power
quality and reliability performance levels, increased energy
efficiency, and reduced environmental pollution [10], [11].
From the perspective of economic aspects, MG operators
have to determine the optimal energy management (EM) that
can accomplish the lowest operating, maintenance and capital
costs over the lifetime of a project [12], while maintaining
reliability, efficiency, and power quality considerations of
production and consumption of electricity.

Energy storage is the key enabler for reliable MGs to
become more resistant to disruptions, taking into account
the increased generation of renewable electricity and reduced
operation costs [13], [14].

There are different energy storage types that can be inte-
grated into MGs to enhance their performance and manage-
ment. Among these types, battery storage is an attractive
option to use in MGs due to its technological maturity, relia-
bility, and capability to provide appropriate power and energy
densities [15], [16]. However, different battery characteris-
tics obtained from the datasheets of the battery manufactur-
ers, such as the depth of discharge (DOD) and numbers of
charging/discharging cycles, determine the lifetime of bat-
tery storage systems (BSSs) [17], [18]. These characteristics
vary from one battery to another; therefore, battery storage
characteristics should be taken into consideration in the plan-
ning and operation of MGs because they have a significant
influence on the stored energy that can be released during
high demand periods or when renewables are unavailable,
in addition to their impacts on the accuracy of the economic
results of EM [18].

In recent literature, many works investigated different
solutions to optimize the EM of MGs using constrained
mathematical-based or heuristic-based optimization meth-
ods. For instance, Wang et al. [19] proposed a two-stage
approach for determining the optimal EM of an MG with
high penetration of RESs, while considering the intermittency
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of the renewables, demand and day-ahead prices. The first
stage aimed to minimize the operation cost of the MG, while
the second one aimed to minimize real-time and day-ahead
market costs imbalance. Nayak et al. [20] introduced an
optimization approach to minimize the operation cost of an
MG with fixed and variable loads while considering different
types of BSS. Three management strategies were investigated
in this approach. In the first strategy, the main grid and
RESs were used to supply the load with no BSS connected.
In the second one, the RESs with a BSS connected were used
to supply the electricity load in isolatedMGmode. In the third
strategy, the main grid and RESs with the BSS connected
were used to supply the load in a grid-connected mode. Hos-
sain et al. [21], [22] presented a real-time EM optimization
strategy of an MG to minimize its operation cost while con-
sidering the degradation cost of the battery. Themathematical
modeling of the MG components such as photovoltaic (PV)
units, wind turbines (WT), BSS, converter, and the main grid,
was presented. Abedini et al. [23] developed an optimization
method called guaranteed convergence particle swarm opti-
mization with Gaussian mutation (GPSO-GM) to achieve the
optimal EM of hybrid energy isolated MG by minimizing
the capital, operation, and maintenance costs. The proposed
algorithm is applied to a 69-bus and 94-bus MG to evaluate
the performance of the proposed method. Iqbal et al. [24]
proposed a mixed integer linear program (MILP) model
using JuMP-Julia and Gurobi solvers for the EM of
MGs considering grid-connected, grid-disconnected, and
stand-alone strategies. Ruiz-Cortés et al. [25] developed
a genetic algorithm-based approach to determine the opti-
mal charge/discharge daily scheduling of batteries in grid-
connected MG taking into account energy exchange loss
minimization. Fathy and Abdelaziz [26] presented both sin-
gle and multi-objective design algorithms to manage the
operation of an MG. The single objective function aimed
to minimize the total operating cost and emissions from
the MG individually using krill herd (KHS) optimization.
The multi-objective function aimed to minimize the total
operating cost and emissions of the MG simultaneously
using the ant lion optimizer. Sedighizadeh et al. [27] pre-
sented a stochastic multi-objective-based model for optimal
economic–environmental energy and reserve scheduling of a
grid-connectedMG, considering traditional energy resources,
RESs, and BSS. The Weibull, beta, and normal probability
distribution functions were utilized to model uncertainties of
the wind speed, solar radiation, and demand, respectively.
Moradi and Eskandari [28] proposed a hybrid optimization
approach to obtain the optimal capacity of DGs in order to
determine the appropriate operational planning for the MG
in the four seasons, considering uncertainty in electricity
price forecasting using fuzzy mathematical programming.
Fan et al. [29] and Narayan and Ponnambalam [30] presented
multi-objective stochastic models based onMonte Carlo sim-
ulation to achieve optimal EM of grid-connected MGs under
uncertainty. Tavakkoli et al. [31] presented the optimal EM
of a grid-connected MG, integrating uncertainty and risk to

minimize the risk and operational cost. The autoregressive
integrated moving average model was applied to obtain the
predicted value of electrical loads and PV units. Rui et al. [32]
developed a mixed integer programming model and game
model for optimal energy scheduling of multiple MGs.
Mazzola et al. [33] proposed a framework to determine the
optimal energy scheduling of isolated rural MGs considering
forecast-based dispatch in the MGs operation using a nor-
malized root-mean-square error approach. Mellouk et al. [34]
formulated an optimization technique based on a genetic
algorithm–particle swarm optimization algorithm to deter-
mine the optimal energy management of a grid-connected
MG in Laayoune region. Ramli et al. [35] formulated a
multi-objective self-adaptive differential evolution algorithm
to design and manage the energy of a grid-connected MG.

Also, many research works used electric vehicles (EVs)
as a favorable strategy to meet the increasing environ-
mental concerns and energy storage in MGs. For instance,
Esmaili et al. [36] presented an approach to minimize the
operation cost and energy loss of a grid-connected MG, con-
sidering the range anxiety of EVs in energymanagement with
different types of controllable loads to enhance the benefits.
Igualada [37] formulated a MILP model to manage a resi-
dential MG, including a charging spot with a vehicle-to-grid
system and renewable energy sources. The intermittent nature
of RESs, energy consumption, market price, range anxiety,
departure, and arrival times of EVs and their state of charge,
were taken into account to minimize the operation cost of the
MG. Three cases were considered to quantify the impact of
range anxiety on the total cost of the MG. Yan et al. [38]
proposed a stochastic optimization approach for the applica-
tion of real-time EM of a grid-connected MG with battery
swapping and renewables to minimize the operation cost.
Alharbi and Bhattacharya [39] formulated a mathematical
approach to manage the energy of an islanded MG from dif-
ferent perspectives, taking into account the demand response
to provide flexibility in the MG operation, charging of EVs,
and operation of BSSs. Mortaz and Valenzuela [40] presented
a two-stage mathematical model to optimally schedule the
energy of a grid-connected MG considering the uncertainty
of the EVs’ parking facility and the electric demands, EVs’
parking time, battery degradation, and arrival and departure
times. Lu et al. [41] proposed a multi-objective optimization
model for the optimal dispatch of grid-connected MG with
EVs to minimize the operation cost and environmental pollu-
tion of the MG. Coelho et al. [42] presented the design of a
multi-objective MILP power dispatching model using plug-
in EVs located at smart parks as storage units, considering
the generation of different scenarios from probabilistic fore-
casting to scheduling the energy storage planning scenarios.
Esmaeili et al. [43] proposed a bi-level scheduling framework
of MG, including battery swapping stations as two indepen-
dent stakeholders with both historical data-based and human-
related uncertainties. An alternative direction method of a
multipliers-based algorithm is utilized to solve the proposed
optimization problem in a fully decentralized fashion.
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Compared to the existing studies in this area, there are
main differences between this work and the others. First,
this study presents the economic analysis and optimal EM
of a grid-connected MG comprising different battery stor-
age technologies with different characteristics, such as initial
charge, DOD, the number of charging/discharging cycles, or
cost factors of BSSs, initially to select the most suitable BSS
technology to integrate into the MG and then to minimize the
total operating cost of the system by maximizing the benefits
of BSS, minimizing the investment and replacement cost of
BSS, and minimizing the operation and maintenance cost of
DGs. It should be noted that most of the existing studies have
not examined the impacts of the different battery character-
istics, although these have significant influences on the plan-
ning and operation of MGs and affect the accuracy of the EM
of these MGs. Second, in the proposed approach, stochastic
optimization is used to solve the deterministic problem with
market price uncertainty. The stochastic optimization utilizes
several scenarios with corresponding probabilities to gener-
alize a deterministic solution for the deterministic problem,
varying some of the parameters in order to give a clearer
picture of the impact of their variation on the solution. Third,
robust optimization is employed to model the electric load
uncertainty using information gap decision theory (IGDT).
The IGDT is intended to obtain the optimal decisions to
maximize the robustness of the objective function against the
uncertainty parameter. Finally, a comparative analysis of the
deterministic, stochastic and robust optimization methods is
presented and discussed.

Hence, the main contribution of this study can be summa-
rized as follows:
• Amathematical model to find the optimal EM of an MG
is presented to minimize the total operation cost con-
sidering several economic factors. Due to the variety of
characteristics of BSSs, four different BSS technologies
are considered in the proposed model. Their technical
and cost factors are taken into consideration to examine
their suitability to be utilized in the examined grid-
connected MG. Also, the impact of the DOD and the
number of charging/discharging cycles of each BSS on
the lifetime of the MG are investigated. Different initial
charges and DODs of each BS type are also examined to
achieve the optimal EM of the MG.

• A stochastic optimization approach is presented to solve
the deterministic problem with market price uncertainty.

• A robust optimization using the IGDTmethod is applied
to the hourly economic operation of theMG tomodel the
electric load uncertainty.

• Presenting a model for risk-constrained over a day’s
scheduling period to minimize the cost under uncertain
load.

• Proposing a model that optimizes the robustness of
decision-making strategy.

• The validity and effectiveness of the proposed solution
are confirmed by comparing the obtained results with
the results obtained by other optimization methods.

The rest of the paper is organized as follows: Section II
describes the MG configuration. Section III provides the
mathematical formulation of the problem. Also, GAMS
and its implementation to solve the problem are presented.
In Section IV, we present the simulation results and discuss
them. Finally, Section V presents a brief summary of the work
done, conclusions drawn from the study, and future works.

II. SYSTEM CONFIGURATION
In what follows, the MG used to investigate the influence of
the characteristics of the BSS on the total operation cost of the
MG is presented. The typical MG considered comprises sev-
eral DG systems such as a micro-turbine (MT), fuel cell (FC),
photovoltaic (PV), wind turbine (WT) and BSSs, in addition
to an MG central controller (MGCC) and loads as shown
in Fig. 1 [44], [45]. The MG connects to the distribution
system (main grid) via a point of common coupling (PCC).

A. PHOTOVOLTAIC (PV) UNITS
The output power of PV under the operating conditions
depends on the solar radiation and temperature of the atmo-
sphere, as given by (1) [46].

PPVt = NPVPPVrated

(
G
G0

)
(1− TC (TA − 25)) ηinvηrel (1)

where PPVt and PPVrated are the output and rated powers of the
PV array, respectively, NPV is the number of PV units, G and
G0 are the global irradiation and standard solar irradiation
under standard test conditions in watts per square meter,
respectively. TA is the ambient temperature and TC is the
temperature coefficient of themaximum power of PV. ηinvand
ηrel represent the efficiency of the inverter and the relative
efficiency of the PV modules, respectively [47].

B. WIND TURBINE (WT) SYSTEM
The output power of WTs depends on the wind speed in a
specific location and the power curve (given by the manufac-
turers of the WTs), which is expressed as a function divided
into four parts as represented in (2). Also, the hourly wind
speed is estimated using the Weibull distribution function
from data in previous publications [46].

PWTt =



0 vWTt < vWTcut−in

PWTrated

( (
vWTt

)3
−
(
vWTcutin

)3(
vWTrated

)3
−
(
vWTcutin

)3
)

vWTcutin ≤ v
WT
t < vWTrated

PWTrated vWTrated ≤ v
WT
t < vWTcutout

0 vWTt ≥ v
WT
cutout

(2)

where PWTt and PWTrated are the output power and rated power
of the WTs, respectively, vWTt and vWTrated represent the time
step wind speed and rated speed of the WT, respectively,
and vWTcut−in and v

WT
cut−out are the cut-in and cut-out speeds of

the WTs.
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FIGURE 1. The MG under study.

C. FUEL CELL (FC)
FCs do not need conventional fuels; thus, they are considered
clean energy sources because they eliminate the pollution
caused by burning conventional fuels [48]. Also, they are
simple to maintain and have a higher efficiency than diesel
engines. In addition, the use of FCs, at the point of use, helps
support the stability of decentralized MGs. FCs differ from
batteries in their longer operating times and because they
need a continuous source of fuel and oxygen to withstand the
chemical reaction. The FC cost (CFC ) depends on the active
output power (PFC ) and efficiency (ηFC ) as given in (3) [49].

CFC = CFC

(
PFC
ηFC

)
(3)

where CFC is the fuel (natural gas) price to supply the FC in
$/kWh. ηFC is the ratio of the actual operating voltage [48].

D. MICRO-TURBINE (MT)
MTs have many benefits compared to piston engines in terms
of low maintenance costs, low emissions, small size, good
reliability, and fuel flexibility. The MT cost (CMT ) depends
on the active output power (PMT) in kilowatts and the effi-
ciency (ηMT ) as given in (4) [50].

CMT = CMT

(
PMT
ηMT

)
(4)

where CMT is the fuel price to supply the MT in $/kWh.

E. BATTERY STORAGE SYSTEMS (BSSs)
There are various battery storage types, such as lead-acid,
lithium-ion, sodium sulfur, nickel cadmium, etc. [15]. Each

of them has its own technical features that influence the
power quality measures, peak load reduction, grid stability,
hosting more RES, and the EM of the system [46], [52]. The
capital cost of a BSS

(
Cbattery
C

)
depends on its size in terms

of power ($/kW) and energy capacity ($/kWh) as in (5).

Cbattery
C = (bbat−P × Pbat)+ (bbat−E × Ebat) (5)

where Pbat and Ebat are the rated power and capacity of the
battery, respectively, and bbat−P and bbat−E are the power
($/kW) and capacity ($/kWh) rating cost of the battery.

It should be noted that the BSS influences the MG plan-
ning and operation costs significantly, where an increase
in the battery size increases the investment cost in a linear
manner, whilst it reduces the operation cost in a nonlinear
manner [15].

In this respect, the most developed battery type is the
lead-acid battery (LA). The capital cost of LA batteries is
inexpensive compared to other types of BSS; however, they
may not be a suitable choice for minimizing the operational
costs of MGs due to their short lifetime. The efficiency of LA
batteries is around 70% [5]. Nickel-cadmium (NiCd) batteries
have many advantages compared to LA batteries, such as
their longer lifetime, lower internal impedance, higher energy
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density, and better low-temperature performance; however,
both cadmium and nickel are heavy metals that have adverse
effects on human health. The efficiency of NiCd batteries
is around 85%. Furthermore, sodium-sulfur (NaS) batteries
are the most promising battery technologies because they are
relatively inexpensive, have a high energy storage capacity,
efficiency, and low weight. The efficiency of NaS batteries
is about 90%. Also, lithium-ion (Li-ion) batteries have many
advantages, such as their high specific energy, high efficiency,
high energy density, high open-circuit cell voltage, fast charge
and discharge response, and low weight. However, the capital
cost of Li-ion batteries is very high compared to the other
types. The efficiency of Li-ion batteries is about 98% [15],
[19], [52]. Additionally, there are other criteria that affect the
operation of BSSs, such as degradation, depth of discharge
and number of cycles.

F. OPERATION COST OF THE MAIN GRID
The operating cost of the main grid (Cgrid ) depends on
the electrical power (Pg) and market energy price (bgrid ) in
($/kW) as given in (6).

Cgrid = bgrid × Pg (6)

III. PROBLEM FORMULATION
This section presents the formulation of the optimization
problem to find the optimal EM of an MG to minimize the
total operation cost considering several economic factors.
The objective function, constraints, and search algorithm
using GAMS are presented. Further, a stochastic optimization
method is introduced to model the uncertainty of the energy
market price depending on its historical data and probabilistic
density function. Then, robust optimization using information
gap decision theory is presented to model the electric load
uncertainty.

A. PROBLEM STATEMENT
Energy management of MGs that comprise different types of
DG units, BSS, and electrical loads is essential to minimize
the operation cost of such localized grids and allow the use of
RES in an efficient manner.

BS is the key enabler for reliable MGs to reduce their
operation cost by storing energy during the off-peak time
and then discharging this energy during peak times. Unfortu-
nately, the investment cost of the BSS is still high. Therefore,
the charge/discharge of BSS should be carefully scheduled
to achieve the maximum benefits from BSSs. For that reason,
this study aims to find the optimal EMof grid-connectedMGs
to minimize the total operating cost of the system.

Various constraints are taken into consideration such as the
output power limits of DGs, limits of the power imported
from or exported to the grid, load balance and another set
of BSS constraints such as power and energy capacity, limits
of the state of charge taking into account the BSS type,
efficiency, initial charge, DOD value, and life cycle.

The concept procedure proposed to manage the energy
of the studied MG is illustrated in Fig. 2, in which the
MGCC is responsible for realizing a satisfactory automated
operation of the MG by utilizing real-time data of the DGs,
main grid, energy market price, and controlling electrical
loads to perform an active hourly generation schedule in
an economical manner. The proposed approach can be used
by the MGCC to optimize the MG operation, according to
forecasted data of WT, PV, and loads for a 24-hour period,
limits the power of each DG, technical and economic factors
of BSS, and the 24-hour market price of the main grid and
sends signals to the local controller of the DGs units, BSS,
and loads centers to control the output power of each DG,
load, charging/discharge of BSS, and power imported from
or exported to the grid. Renewable energy sources (WT and
PV) are given priority in the operation of MG. The objec-
tive of priority-based energy management is to minimize the
operational cost of the MG and increase the penetration level
of renewable energy sources. The objective of priority-based
energy management is to minimize the operational cost of the
MG and allow the use of RES in an efficient manner.

Themathematical formulation of the optimization problem
is given as follows:

B. OBJECTIVE FUNCTION
The objective function (OF) is to minimize the total operat-
ing cost of the MG, f (x). Mathematically, f (x) is divided
into three parts as given in (7), in which the first part (Ct)
expresses the operation cost of the main grid ($/kWh), gen-
eration costs of DGs ($/kWh), and start-up and shut-down
costs of the MT and FC, the second part (COM ) expresses the
operation and maintenance cost of the DGs, and the third part
(TICBSS ) expresses the total cost per day of the BSS through
the lifetime of the project.

OF = min f (x) =
∑T

t=1
(Ct + COM + TICBSS) (7)

where t is the time step in hours (h) and T denotes the 24-hour
horizon. Ct is expressed as follows:

Ct = Cgrid−t + CDG−t +
(
SupMT−t + S

down
MT−t

)
+

(
SupFC−t + S

down
FC−t

)
(8)

where Cgrid−t and CDG−t are the operation cost of the main
grid at time t ($/kWh) and the fuel costs of DGs at time t
($/kWh), respectively. Cgrid−t is calculated as given in (9),
where bgrid−t is the market energy price in ($/kWh) and
Pg−t is the imported or exported power at time t , in which a
negative value shows power export to the grid and the positive
one denotes power import from the grid.

Cgrid−t = bgrid−t × Pg−t (9)

The generation cost of DGs at time t (CDG−t) is given in (10).

CDG−t = (bMT−t × PMT−t) it−MT + (bFC−t×PFC−t) it−FC
+ (bPV−t×PPV−t)+ (bWT−t×PWT−t) , ∀t ∈ T

(10)
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FIGURE 2. Concept procedure proposed to manage the energy of the MG under study.

it−MT and it−FC are binary variables that decide the states
of the MT and FC, respectively, in which the binary variable
it−MT or it−FC equals 1 when the MT or FC is on; otherwise,
it−MT or it−FC equals 0 when the MT or FC is off. Also,
bMT−t , bFC−t , bPV−t , and bWT−t are the bidding prices of
the MT, FC, PV, and WT ($/kWh) at time t , respectively.
PM−t ,PFC−t , PPV−t and PWT−t are the output powers of the
MT, FC, PV, and WT at time t .
Moreover, the start-up and shut-down costs of the MT and

FC are expressed by (11)–(14).

SupMT−t = b
up
MT × max

(
0,
(
it−MT − i(t−1)−MT

))
, ∀t (11)

SdownMT−t = b
down
MT × max

(
0,
(
i(t−1)−FC − it−FC

))
, ∀t (12)

SupFC−t = b
up
FC × max

(
0,
(
it−FC − i(t−1)−FC

))
, ∀t (13)

SdownFC−t = b
down
FC × max

(
0,
(
i(t−1)−FC − it−FC

))
, ∀t (14)

where SupMT−t and SupFC−t are the start-up costs of the MT
and FC at time t , respectively. SdownMT−t and SdownFC−t are their
shut-down costs at time t , respectively. Moreover, bupMT and
bupFC are the start-up cost coefficients ($) of the MT and FC,
respectively, and bdownMT and bdownFC are their shut-down cost
coefficients, respectively.

Then, the second part of f (x) that represents the total oper-
ation and maintenance cost (COM−t) at time t is expressed as
the summation of the tth operation and maintenance costs of
the MT, FC, PV, and WT denoted by CMT

OM−t , C
FC
OM−t , C

PV
OM−t

and CWT
OM−t , respectively, in (15).

COM−t = CMT
OM−t + C

FC
OM−t + C

PV
OM−t + C

WT
OM−t (15)

Finally, the third part of f (x) that represents the total cost of
the BSSs used per day (TICBSS) comprises capital

(
Cbattery
C

)

and operating and maintenance
(
Cbattery
OM

)
costs, in addition

to costs related to the number of replacements of BSSs (nR)
along the project’s lifetime (N). Both Cbattery

C and Cbattery
OM

depend on the size of the BSS in terms of power ($/kW) and
energy capacity ($/kWh) as represented in (5) and (16).

Cbattery
OM = (bbat−FC × Pbat)+ (bbat−VC ×Wbat) (16)

where bbat−FC and bbat−VC denote the fixed and variable
operation and maintenance costs of the battery per year
($/kWh/yr). Wbat is the annual discharge of the battery
(kWh/yr).

To determine nR; first, the total number of cycles per-
formed through the battery (PCbattery) is determined using
(17) and (18) to determine the battery lifetime. Thus:

mpcb (t, i) =
(
xb(t) − xb(t−1)

)
xb(t), ∀t ∈ T , ∀i ∈ d (17)

PCbattery =
∑d

i=1

∑T

t=1
mpcb (t, i) (18)

where mpcb (t, i) is an indicator of the cycles performed as a
function of t and i, where i denotes the working day and d is
the total number of working days, which is set in this work to
365. xb(t) is a binary variable that shows the operating status
of the BSS at t and i, in which xb is equal to 1 when the BSS
is charging and 0 when the BSS is discharging.

Second, the life cycle of a battery depends on its DOD;
therefore, the expected lifetime (ELTBDOD) of a battery at
a certain DOD depends on its life cycle at the same DOD
(BLCDOD) and the PCbattery as expressed in (19).

ELTBDOD =
BLCDOD

PCbattery
(19)
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Hence, nR can be expressed as follows:

nR =
N

ELTBDOD
(20)

Accordingly, TICBSS is expressed as:

TICBSS =

(
Cbattery
C + Cbattery

OM

)
× nR

N × d
(21)

C. CONSTRAINTS
The objective function is subject to the following constraints:

1) ENERGY STORAGE LIMITS
There are several ES limits that should be considered in the
problem formulation. The first limit given by (22) expresses
the charged power

(
Pchbat−t

)
with respect to the maximum

charging capacity limit of the BSS
(
Pch−maxbat−t

)
. Similarly,

the second limit, given by (23), is to ensure that the discharged
energy

(
Pdisbat−t

)
is less than the maximum discharging capac-

ity limit of the BSS
(
Pdis−maxbat−t

)
. The limits of the state of

charge of BSS with respect to the minimum and maximum
limits are represented by (24).

Pchbat−t ≤ Pch−maxbat−t , ∀t ≤ T (22)

Pdisbat−t ≤ Pdis−maxbat−t , ∀t ≤ T (23)

SOCmin
t ≤ SOC t ≤ SOCmax

t , ∀t ≤ T (24)

Also, the amount of charged power with the efficiency
(ηbat) of the battery considered should be equal to the amount
of the discharged power as represented by (25).∑T

t=1
Pdisbat−t =

∑T

t=1
Pchbat−t × ηbat (25)

The state of charge of the battery (SOC t ) is based on the
previous state of charge of the battery (SOC t−1) and the
discharge and charge quantity at time t as given in (26).
It should be noted that, in the first period (t = 1), the initial
SOC (SOC0) needs to be considered.

SOC t

=

{
SOC0 + ηbat Pchbat−t1t −1t P

dis
bat−t t = 1

SOC t−1 + ηbat Pchbat−t1t −1tP
dis
bat−t , ∀t ≥ 2, t ∈ T

(26)

However, the state of charge at the last period should equal
SOC0 to maintain the state of charge constant, as expressed
in (27). Furthermore, the battery aging constraint is repre-
sented by (28).

SOC t = SOC0, t = T (27)

BLCDOD ≥
∑d

i=1

∑T

t=1
mpcb (t, i) (28)

2) BALANCE OF LOADS
At time t , the total power generated from theMT, FC, PV,WT,
the power imported from (or exported to) the grid, and power

discharged from (or charged to) the battery should equal the
total load (PL−t) power as given in (29).

PMT−t it−MT+PFC−t it−FC+PPV−t+PWT−t+Pg−t+Pdisbat−t
= PL−t + Pchbat−t , ∀t (29)

3) GRID’S ACTIVE POWER LIMIT
The power imported from or exported to the grid (Pg−t )
should be within its limits at each time as in (30).

Pming−t ≤ Pg−t ≤ P
max
g−t , ∀t (30)

4) DG’S POWER LIMITS
The output power of the MT, FC, PV, and WT should be
within their specified limits as given in (31)–(34).

PminMT−t ≤ PMT−t ≤ PmaxMT−t , ∀t (31)

PminFC−t ≤ PFC−t ≤ PmaxFC−t , ∀t (32)

PminPV−t ≤ PPV−t ≤ PmaxPV−t , ∀t (33)

PminWT−t ≤ PWT−t ≤ PmaxWT−t , ∀t (34)

D. STOCHASTIC OPTIMIZATION TO TAKE ACCOUNT OF
MARKET PRICE UNCERTAINTY
Stochastic optimization is used to solve the determinis-
tic problem with market price uncertainty. The stochastic
optimization utilizes several scenarios with corresponding
probabilities to generalize a deterministic solution for the
deterministic problem with the variation of some parame-
ters in order to give a clearer picture of the impact of their
variation on the solution [53], in which the available data
for market price refers to hourly electric price data, i.e., the
dimension of patterns is D = 24. Each daily electric price
curve is expressed with a vector with D = 24. The fuzzy c-
means clustering (FCM) technique [54], [55] was employed
for generating a pre-set number of clustered scenarios (W ) out
from the normally distributed 8760 scenarios. A high number
of clusters is not recommended since it refers to increased
complexity on the operation system [56], [57]. In this study,
the FCM was used to group a certain number of data (N ) into
W clusters, whereW is set to 5.
The data required to be clustered are gathered in a matrix A

including a set of column vectors aj where j ∈ {1, 2, . . . .N }.
FCM requires two essential parameters to group A:W and the
component of fuzziness (q), where q ∈ R, and q > 1. A pre-
set tolerance (ε) is assumed for terminating the optimization
process. The algorithm of FCM clustering passes through five
stages as follows:
Stage 1: A membership matrix (R =

[
Rij
]
W×N ) is initial-

ized randomly where the sum of each column j in R must
equal 1. AW random centroids are chosen first from the given
data. These centroids are gathered in a vector = [Wi]1×W .
Stage 2: Calculate the new centroids using (35):

Wi =

∑N
i=1 R

q
ij · aj∑N

i=1 R
q
ij

(35)
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Stage 3: Calculate the elements of the membership matrix
(R =

[
Rij
]
W×N ) for each element in A, where

Rij =
1∑W

p=1

(
‖aj−Wi‖

‖aj−Wp‖

) 2
q−1

(36)

Stage 4: Calculate f (m)FCM =
∑N

j=1
∑W

i=1 R
q
ij

∥∥aj −Wi
∥∥,

where f (m)FCM is the objective function value at iteration m.

Stage 5: If
∥∥∥f (m)FCM − f

(m−1)
FCM

∥∥∥ < ε,∀m> 1, stop the opti-
mization procedure, otherwise repeat the optimization proce-
dure starting from Stage 2.

The stochastic operation cost ($/kWh) of the grid at time t
considers 5 market price scenarios (S) and their probabilities
(Äs), which are obtained by FCM, expressed in (37) to solve
the objective function given in (8).

Cgrid−t =
∑S

s=1
Äs×bgrid−t,s × Pg−t (37)

E. ROBUST OPTIMIZATION MODEL USING INFORMATION
GAP DECISION THEORY
IGDT is an approach for decision-making problems related
to uncertainty that does not comprise any measure function,
neither probabilistic density nor fuzzy membership func-
tions [58]. This approach specifies as to what extent the
uncertain parameter can change while assuring the minimum
income for the decision-maker. Robustness and opportune-
ness are two basic styles for IGDT. These two inconsistent
concepts stem from uncertainties of diverse parameters [59].
The robustness evaluates the resiliency to failure and oppor-
tuneness search for the chance of a windfall. The robustness
and opportuneness can be illustrated as shown in Fig. 3.
In Fig. 3(a) the decision-maker decreases the minimum profit
to handle a more substantial part of the uncertain space. But,
in Fig. 3(b) the decision-maker is optimistic about the uncer-
tainties of the system, and the more the uncertain variables
deviate from the forecasted amount (in an advantageousway),
the more profit is gained [60], [61].

The robust system model of uncertainty is specified by
C (z,Pu) , which represents the input/output structure of the
system, in which C(z,Pu) is explained as the reward of the
decision-maker for selected values of variable z when con-
sidering the uncertain parameter Pu. In this work, the impact
of the load uncertainty on the deterministic solution is inves-
tigated as given by (38) and (39):

Pu ∈ U (α, P̃u) (38)

U
(
α, P̃u

)
=

∣∣∣∣Pu − P̃uP̃u

∣∣∣∣ ≤ α (39)

where the uncertainty horizon of parameter Pu is specified by
α, and the expected value of Pu and the set of all values of Pu
whose deviation from P̃u is greater than αP̃u is denoted by P̃u
and U

(
α, P̃u

)
, respectively [59].

The IGDT model helps the MGCC to reach robust deci-
sions against high operating costs with respect to uncertainty
in the total loading. Accordingly, a robustness function is

FIGURE 3. Concepts of (a) robustness strategy and (b) opportuneness
concept.

utilized to achieve this target, in which α̃(z,Co) expresses the
information-gap robustness function that is interpreted as the
maximum value that α can take while satisfying theminimum
required value of the decision-making problem specified by
the critical cost (Cc). Thus:

α̃ (z,Cc)=maxα {α : min Cc is always satisfied}

=maxα
{
α : minPu∈U (α,P̃u) C (z,Pu) ≥ Cc

}
(40)

Then, the performance of the robustness function is mod-
eled by (41).

α̃ (z,Cc) = maxα
{
α : maxPu∈U (α,P̃u)C (z,Pu) ≤ Cc

= Co (1+ 6)} (41)

where Co is the minimum cost expected for the determin-
istic case taking into account the base load profile. σ is a
cost deviation factor employed to determine the maximum
allowable cost [60]. Consequently, the objective function will
be modified to maximize the uncertainty horizon expressed
by α, while considering the total cost budget that can be
determined based on σ values. However, it should be noted
that, for any value of α, the operating cost of theMGwould be
less than the highest operating cost. Themodified formulation
of the problem is expressed by (42).

α̃ (z,Cc) = max α (42)

subject to (22) – (28), (30) – (34), and∑T

t=1
(Ct + COM + TICBSS) ≤ Co(1+ 6) (43)

PMT−t it−MT+PFC−t it−FC+PPV−t+PWT−t+Pg−t+Pbat−t
= (1+ α)× P̃L−t (44)
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Finally, after finding the maximum value of α by solving
the optimization problem given by (42), the robust strategy
will be determined on the basis of the value of Cc.

F. GENERAL ALGEBRAIC MODELING SOFTWARE (GAMS)
GAMS is a high-level optimization platform for solving
linear, nonlinear, quadratic, and mixed-integer nonlinear
optimization problems [62]. It is mainly used to solve com-
plex problems using its different solvers including CONOPT,
DICOPT, KNITRO, and CPLEX, to attain accurate results
platforms [63], [64]. Also, it has the advantages of data
integrity to ensure the proper functioning of a model. Several
solvers for mathematical models have been hooked up to
GAMS. The selection of an appropriate solver depends on the
type of problems [65]. Fig. 4 shows the process of solving the
studied problem using GAMS. After running the GAMS pro-
gram to solve a complex problem, the solution report shows
first the name of the model and the name of the objective
function. Second, the type of the model is a linear, non-
linear, quadratic or mixed-integer nonlinear model and the
direction of the optimization (maximization or minimization)
is reported. Third, the name of that solver used for solving
the model is reported. Fourth, the solution report shows the
solver and model status, where each solver status code shows
the error type and each model status code provides useful
information regarding the global solution or local and so on.
For example, the solver status is 1 (normal completion)means
that the model is functioned without error. The model status
is 1 (optimal) means a global solution is found [62]–[65].

IV. SIMULATION RESULTS AND DISCUSSION
A. DETERMINISTIC SOLUTION
In this section, the results obtained for the optimal EM of the
consideredMG in four cases are presented and discussed. For
theMG shown in Fig. 1, Fig. 5 illustrates the hourly predicted
output power of PV and WT on a typical day.

Table 1 provides the coefficients used, and the maximum
and minimum power limits of the different DGs integrated
into the MG. Moreover, Fig. 6 shows the hourly predicted
total load and market energy price during a typical day [44],
[45], [66].

Four battery types, namely, LA, NiCd, Li-ion, and NaS
with different DOD values, are used. The cost and technical
parameters of these batteries are presented in Table 2 [15].

The solver status has returned 1 in the solution report of
GAMS/CPLEX, which indicates that the problem is solved
without errors. Also, the model status was 1, which means
that the solution to the problem is the global solution.

The impact of varying the DOD values of the BSSs and
their expected life cycles is given in Table 3 based on the
data sheets provided by the different battery manufacturers,
in addition to the data available in the literature [15]. In the
base case (case 0), the EM is executed with no BSS consid-
ered. In the first case (case 1), the EM is executed, including
4 BSSs, assuming they have zero initial charges. In the second

FIGURE 4. Process of solving the studied problem using GAMS.

TABLE 1. Data of DGs and main grid.

case (case 2), the EM is executed using half-charged BSSs,
and in the third case (case 3), fully charged BSSs are used.
Also, in each case, multi-scenarios are considered to examine
the impact of the different battery types and characteristics
on the EM of the MG, while determining the optimal BSS
technology, DOD value, initial charge, output power of each
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FIGURE 5. Hourly forecast output powers of WT and PV.

FIGURE 6. Hourly forecast values of the total load demand and market
price during a typical day.

TABLE 2. Cost and technical parameters of BSSs.

TABLE 3. Life cycles of the BSSs used with various DOD values.

DG, power from or to the grid, and the charging/discharging
output of the BSS. The MILP is initially implemented in
GAMS and solved using the CPLEX solver. Further, the

TABLE 4. The total operating cost of the MG with no BSS.

validity and effectiveness of the solution are explained by
comparing the results to the results obtained by other opti-
mization methods: SOS, FS, CS, and KHS search algorithms.
Next, we discuss the results obtained.

1) ENERGY MANAGEMENT WITH NO BSS
INCLUDED: CASE 0
EM is executed with no BSS connected to the MG.
Table 4 presents the results obtained by using the different
optimization techniques GAMS, SOS, KHS, FS, and CS.

It is noted from the results presented in Table 5 that the
GAMS solver provides the lowest total operating cost and
converges in a few iterations (26 iterations) compared to the
results obtained in 1000 iterations by the other optimization
algorithms.

The optimal hourly output powers obtained by GAMS of
the PV, WT, MT, FC, and utility during the day are shown
in Fig. 7, which clarifies that the contribution of the renewable
resources to supply the loads with no energy storage units
is low compared with the contribution of the conventional
non-renewable sources.

2) ENERGY MANAGEMENT USING ZERO CHARGED
BSSS: CASE 1
In case 1, the EM is executed using four initially zero-charged
BSS types. Recalling the life cycles of the BSSs presented
in Table 3, and the total number of cycles performed through
each battery (PCbattery); the expected lifetime (ELTBDOD)
of each battery, per year, is determined considering various
DOD values, and the results obtained using GAMS are given
in Table 5. TICBSS of the battery and the total operating cost
of the MG are also presented in Table 6. The results show that
the total operating cost of the MG depends considerably on
the type of the battery and the DOD value.

We can see from Table 5 that the NaS battery has provided
the best results compared to the results obtained using the
other batteries. Fig. 8 shows the variation of the SOC of the
NaS battery versus the DOD and time of day in case 1.

It can be noted from Tables 3 and 5 that the number of
cycles of the batteries increases with the decrease of the
permitted DOD value. Thus, ELTBDOD will increase and
both nR and TICBSS will decrease. This is also justified by
the results given in Table 5 using the other battery types,
as one can see that NiCd is not a suitable selection because
of its high capital cost and short lifetime, meaning that it will
have to be replaced many times along the project lifetime.
Moreover, while the LA battery has a lower cost than the other
batteries, its usage resulted in the lowest saving percentage
because of its low efficiency and short lifetime. Although the
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TABLE 5. Numerical results obtained in case 1.

FIGURE 7. Optimal hourly output powers of PV, WT, MT, FC, and utility in the base case.

Li-ion battery has a higher capital cost compared with the
other battery types, it will provide an acceptable saving value
(18.75%) at 100% DOD because of its high efficiency and
long lifetime. Hence, one can see that the total saving depends
significantly on the lifetime and efficiency of the battery.
Further, using the four battery types, the problem is also
solved while considering various DOD values using the other
optimization techniques, and the total operating cost obtained
by GAMS and the other optimizers is shown in Fig. 9. Again,
we can see that the total operating cost obtained by GAMS

is the lowest compared to the other optimizers at all the
considered DOD values.

3) ENERGY MANAGEMENT USING HALF-CHARGED
BSSS: CASE 2
In case 2, the EM problem is solved in the GAMS envi-
ronment using half-charged BSSs. Table 6 shows that the
PCbattery,ELTBDOD and nR will be the same as those obtained
in case 1, but the SOC of the batteries during the day
will differ, as illustrated in Fig. 10 for the NaS battery.
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FIGURE 8. State of charge of the NaS battery versus DOD and time: case 1.

FIGURE 9. Total operating cost of the MG considering different DOD values: case 1.
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FIGURE 10. State of charge of NaS battery versus DOD and time: case 2.

TABLE 6. Numerical results obtained in case 2.
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FIGURE 11. Total operation cost of the MG with various DOD values: case 2.

TABLE 7. Numerical results obtained in case 3.

problem is also solved considering various DOD values using
the other optimization techniques, and the total operating
costs obtained by GAMS and the other optimizers are shown

in Fig. 11. Again, we can see that the total operating cost
obtained by GAMS is the lowest at all the considered DOD
values.
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FIGURE 12. State of charge of NaS battery versus DOD and time: case 3.

FIGURE 13. Total operation cost of the MG with various DOD values: case 3.

4) ENERGY MANAGEMENT USING FULLY
CHARGED BSSS: CASE 3
In case 3, the EM is executed using initially fully charged
BSSs and the results obtained are given in Table 7. Once
more, the NaS battery provides the best results compared to
the other batteries. Fig. 12 shows the variation of the SOC of

the NaS battery versus the DOD and time during the day in
case 3. As one can see, the output charge, discharge, and SOC
of the batteries change considerably with the change of their
initial charge.

The problem is solved using the other optimization tech-
niques, and the total operating cost obtained by GAMS is
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TABLE 8. The best results provided for each battery using the considered optimizers.

FIGURE 14. Optimal output powers of PV, BSS, WT, MT, FC, battery and utility at each hour during the day.

still the lowest compared to those obtained by the other
optimizers at all the considered DOD values, as shown
in Fig.13.

To sum up, Table 8 presents the minimum total operating
cost of the MG obtained using the investigated optimizers
among the four study cases. The total operating cost of the
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TABLE 9. Five market price and their possibility of occurrence.

FIGURE 15. State of charge and charging/discharging schedule of the NaS battery: deterministic case.
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FIGURE 16. State of charge and charging/discharging schedule of the NaS battery: stochastic case.

FIGURE 17. Optimum robustness function value versus cost deviation factor and the total operating cost of
the MG.

MG is reduced from $1861.57 per day (with no BSS) to
$1458.8 per day using the NaS battery, which means a total
saving of 21.6% at aDODof 100%.Using this result, the opti-
mal output powers obtained by GAMS of the BSS, PV, WT,
MT, FC, and utility at each hour during the day are shown
in Fig. 14.

B. STOCHASTIC SOLUTION WITH UNCERTAIN
MARKET PRICE
In the optimization, we utilized the five scenarios presented
in Table 9, which is obtained by the FCM technique to char-
acterize the variation of the market price. The possibility of
occurrence of each scenario at each hour is also presented
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FIGURE 18. Optimum robustness function value versus cost deviation factor and the total generated power of the
MG.

FIGURE 19. Hourly operation cost of MG considering different robustness function values.

in Table 11. Then, the problem is solved using GAMS:
MINLP DICOPT solver with a zero-charged NaS battery
considered at 100% DOD, which represents the best solution
achieved in the deterministic case.

Figs. 15 and 16 show the SOC and the charg-
ing/discharging schedule of the NaS battery in both the
deterministic and stochastic cases, respectively.

Although the number of cycles performed by the NaS
battery increased from 730 to 1095 cycles per year and the
number of replacements of the battery also increased from
three to five times during the lifetime of the project, the total
operating cost of the MG obtained in the stochastic case
is $1406.7, which is 3.6% lower than that achieved in the

deterministic case. We can also see from Figs. 15 and
16 that the charging/discharging schedule of the NaS battery
obtained in the stochastic case is slightly different from that
obtained in the deterministic case. For instance, in the first
period, from hour 1 to hour 8, the NaS battery is charging
because the energy market price is low, and the total load is
not high. The values of power charged in the stochastic case
vary from that shown in the deterministic case based on the
values of the market energy price and the generation and total
load constraints during the day. Further, during the period
from hour 10 to hour 12 and at hour 14, the value of the energy
market price is high; thus, the NaS battery is discharging dur-
ing these periods but with different schedules in the determin-
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FIGURE 20. The state of charge and charging/discharging schedule of the NaS battery considering different robustness function values.

istic and stochastic cases. In the stochastic case, the NaS bat-
tery is charging during the period from hour 17 to 20, and then

it is discharging at hour 21 because the energy market price
at hour 21 is higher than the price in the deterministic case.
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C. SOLUTION OF THE ROBUST OPTIMIZATION MODEL
WITH AN UNCERTAIN LOAD PROFILE
TheMGCC is responsible for making a particular schedule of
the power imported from or exported to the grid, the output
power of each DG, and charging/discharge of BSS, to mini-
mize the operating cost of the MG. In this work, the model of
theMGCC is risk-based over a day’s scheduling period due to
load uncertainty. Therefore, a robust optimization technique
is employed to obtain the most economic hourly operation
of the studied MG and protect MGCC decisions against high
costs, in which the IGDT is used to model the risk of load
uncertainty and then to providemore robustness to theMGCC
decisions by utilizing the available load forecast in a method
where amaximum suitable operation cost of theMG is always
guaranteed.

In this respect, (42) is solved to get the optimum values of
the robustness function represented by α for different values
of σ using GAMS: MINLP, DICOPT solver. The minimum
cost (Co) is decided as the best value obtained from the
deterministic problem solution, i.e. Co is $1458.8 for the
deterministic case. Fig. 17 shows the optimum values of
α and the resulting total operating cost for different values
of σ , starting from 0 to 0.5 with a step set to 0.05. Also,
Fig. 18 shows the optimum values of α and the total gen-
erated power of the MG for the same values of σ . Each
value of σ signifies a different Cc value. For instance, the Cc
value equals $1969.38 when σ = 0.35, i.e., the total oper-
ating cost of the MG will not be higher than $1969.38 in
such a case. Likewise, if σ equals 0.5, the Cc value will
equal $2188.2.

We can see from Figs. 17 and 18 that the value of α
that gives the solution of the deterministic optimization is
zero. Further, the optimum value of α will increase as σ
increases. Additionally, both the total operating cost and the
total generated power of the MG increase with the increase
of σ and α. Fig. 19 shows the hourly total operating cost of
the MG at different α values.

The value of the total operating cost at a specific value of α
is considered the highest cost; that is, for a given risk level, the
total operating cost of theMGwould be less than the obtained
value.

Fig. 20 shows the SOC and the charging/discharging
schedule of the NaS battery, considering different values of
α. When α increases, the total load will increase and the
operation of the MG will change. Accordingly, the hourly
economic schedule of the battery will change. Fig. 20 shows
that the charging schedule of the NaS battery in the first
period (from hour 1 to hour 8) would be changed depending
on the value of α to achieve the maximum benefits from
the battery by considering the generation, load, and battery
constraints.

At all values of α, the battery discharging schedule is at
the periods from hour 10 to hour 12 and at hour 14 because
the energy market price is significantly high in these
periods.

V. CONCLUSION
A comparison study of the economical EM of a grid-
connected MG was presented in this study. The objective
function was to minimize the total operating cost of the
MG. Different BSS technologies with several initial charge
possibilities and DOD values are taken into account in this
work, in addition to the variation of the energy market price
and electrical loads uncertainty. The results obtained show
that the total operating cost of the MG can be reduced con-
siderably when a BSS is integrated into the MG. We out-
lined the main findings of this study as follows: (1) the
total cost per day of the BSS through the lifetime of the
project decreases when the value of DOD increases; how-
ever, this may not lead to a reduction of the total operating
cost because of the other factors that affect the operation,
such as the charging/discharging schedule of the BSS, output
power of each DG, and power imported from or exported
to the main grid; (2) among the different BSS technologies,
the impact of NaS batteries in the reduction of total operating
cost of MG is clearer than the other BSS batteries due to
their high efficiency and long life time, which resulted in
a reduction in the total operating cost from $1861.57 per
day (with no BSS) to $1458.8 per day, a total daily saving
of 21.6%; (3) although lead acid batteries have a lower cap-
ital cost compared with the other batteries, this results in
a high total operating cost due to their low efficiency and
short life time; (4) the total cost saving depends substantially
on the lifetime and efficiency of the battery; (5) the initial
charge of the BSS affects the charging/discharging schedule
of the BSS, and consequently changes the output power of
each DG, and the power imported from or exported to the
main grid to achieve the minimum objective function; (6)
the variation of the energy market price is modeled by the
stochastic optimization to obtain the actual results, and the
total operating cost of the MG obtained was $1406.7, which
is 3.6% lower than that achieved in the deterministic case; (7)
it was also concluded that deterministic studies that ignore
the uncertainty of parameters result in conservative results
that usually lead to a noticeable overestimation of the costs;
(8) a robust optimization technique is employed to obtain
the most economic hourly operation of the studied MG and
protect the MGCC decisions against high costs, in which
the IGDT is used to model the risk of load uncertainty and
then to provide more robustness to the MGCC decisions by
utilizing the available load forecast in a method where a
maximum suitable operation cost of the MG can always be
guaranteed using the best results obtained in the deterministic
case; (9) the performance of GAMS in all cases was better
than the performance of other optimization techniques such
as SOS, KHS, FS, and CS. Finally, a factor that was beyond
the framework of the study, and will be included in future
studies, is the techno-environmental concern to minimize the
emissions of the MG along with the total operating cost,
taking into account various uncertain parameters and high
penetration of renewables.
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