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ABSTRACT The different energy assets such as solar panels and batteries help electrical engineers tomanage
andmeet the increasing demand. The amalgamation of renewable energy resources with artificial intelligence
is the key focus of providing high energy efficiency with alternative sources. This solution will not only meet
electricity demand but also help in reducing greenhouse gas emissions as a result the efficient, sustainable
and eco-friendly solution can be achieved which would contribute a lot to the smart grid environment. Here,
a modified grey wolf optimizer approach is utilized to develop a novel energy management system for
SPV-based microgrid considering modern power grid interactions. The proposed approach aims to provide
a proficient microgrid that utilizes solar photovoltaic technology, and energy storage systems using an
artificial intelligence algorithm-based microgrid control for optimal dispatch of energy in grid-connected
systems. The performance of this novel energy management system is validated under sunny day and cloudy
day, to emulate the stochastic nature of solar photovoltaic systems. A comparative study with mixed linear
programming is also conducted that indicates towards the savings in 23.34% and 45.55% of the rolling cost
for a clear and cloudy day respectively.

INDEX TERMS Smart grid, microgrid, renewable energy resources, optimization technique, artificial
intelligence, energy storage system.

I. INTRODUCTION
The generation, transmission, and distribution of electrical
energy have entered into technological change and reforms
globally. Renewable energy-based technologies particularly
solar photovoltaic and wind energy conversion systems are
invigorated due to their abundant availability and have
the potential to provide an eco-friendly and sustainable
solution for future power requirements. To accommodate
the fluctuating nature of these resources, the operation of
power generating systems should be efficient and responsive,
thus the concept of the smart grid is playing a key role
in such transitions. However, the major challenge lies in
the development of a distributed generating system that can
cater to the requirements of remote areas. As per the latest
data, about 17% of the world’s population does not have
the access to electricity [1]. This is an alarming situation
for the sustainable growth and development of any nation
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and a renewable energy-based distributed power generating
system would be able to provide an alternative solution
for this challenging task. Presently, these areas are catered
by diesel-based generating systems which are costly and
cause significant pollution in the environment. In such a
scenario, a hybrid system consisting of more than one
renewable energy resources or the concept of microgrid has
a tremendous potential to provide electricity access to the
1.2 billion deserving people, who do not have access to
constant electricity.

To meet the overgrowing demands of the rising population
and increasing comfort levels, power engineers are exploring
the use of renewable energy (RE) resources. In recent years,
there has been significant growth in the installed capacity
of renewables. RE technology has seen a boom because
of the continuous decrease in the price of PV panels,
easy availability of solar energy, government subsidies, and
innovative models in residential and commercial sectors. The
integration of RE with MG offers many benefits, still, the
challenge is to maintain a low cost of operation, controlling
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the intermittent nature of renewables. Theworking conditions
of the RE sources such as WEGS and SPV are considered
to be at unity to maximize the objective function i.e. the
condition of unit commitment. The adequate size of BESS
provides sufficient stability for grid operations in MG, the
operating reserves are provided by the DG set, also, these act
as the backup supply for emergency operations.

The literature review explaining the concept of energy
management system (EMS) integrating renewable energy
sources are presented in [2]–[4]. A comprehensive survey
on the MG-EMS is discussed by the authors exploring the
possibilities of economical optimal energy dispatch [5]. This
proposed mixed-integer linear programming (MILP) optimal
energy dispatch algorithm results in low cost and reduced
CO2 emission. The reduced emission was obtained while
MG was in standalone mode. An imperialist competition
model for RE sources and batteries to work in an islanded
24-hour time period to reduce the problem of the high
cost of generation and storage [6]. The techniques such as
Tabu search (TS) [7], dynamic programming [8], particle
swarm optimization (PSO) [9], [10], and PSO-fuzzy [11] are
implemented for optimal energy management in islanding
mode. The mentioned literature focuses mainly on reliability,
supply security, and cost of energy of MG respectively.

In [12] authors have presented a techno-economic analysis
for hybrid MG with PV and biomass for rural areas. The
afore-mentioned study aims to study the grid-connected
MG system because of its various advantages. A grid-
connected hybrid MG (HMG) is more reliable and capable
of providing electricity along with the reduced operational
cost. The optimization techniques implemented for grid-
connected MG system are Lyapunov [13], multi-objective
cross-entropy [14], fuzzy logic [15], genetic algorithm
(GA) [16], [17], chaotic group search optimizer [18] and
MILP [19], [20] reduce the cost and increases profitability
of the system. The authors have implemented the grey wolf
optimization approach for a grid-connected hybrid system
(SPV, biogas, and BESS) at a rural site to reduce the cost [21].
In a grid-connected MG, a key component to achieve optimal
dispatch of energy is MGC. In the MGC, the ESS state of
charge (SoC) in each hour depends on the SoC in the previous
hour. Therefore, the ESS SoC every two consecutive hours
is correlated, and the optimization problem is subjected to a
dynamic constraint. Up to now, two main methods, namely,
centralized energy management (CEM) and decentralized
energy management (DEM), have been proposed in various
literature to solve the MGC problem.

As energy management of the grid connected MG plays
a vital role in robust and efficient performance. A novel
approach using stochastic programming has been utilized for
effective energy management of MG in [22]. This approach
addressed the issue of high operational cost and operating
reserves adequately. But, lacked technical analysis of the
MG performance, hence a distributed framework based grid
connectedMGwas designed for the same [23]. There is scope
to study the performance of theMG systemwith time-varying

and controllable loads. The authors have designed the loads
according to the user preferences and designed the different
components of MG accordingly [24], [25]. The authors have
also focused studies on the MG transitions between stan-
dalone and grid-connected modes and proposed a nonlinear
simplex algorithm for the same [26]. V. Suresh et al. analyzed
the performance of a practical MG energy management
system present at Wroclaw University [27]. The authors
proposed a multi-objective optimization using the ant colony
technique to find the best global solution. The objective of the
system is to minimize the import of power from the main grid
resulting in improved self-sufficiency.

It is observed from the above literature, that traditional
optimization techniques have been used to develop energy
management strategies for MG. The uncertainties and
variabilities of the weather conditions, grid, and load play a
vital role in determining the performance and the operational
cost of MG. Constant deregulation of the modern power
system possesses a unique challenge for the new age MG to
assess and compute optimal time for the energy exchange.
The inadequacy of the objective functions and constraints to
address this condition affects their performance. Therefore,
a new optimization algorithm should be developed to
determine the optimal performance of MG considering the
above-mentioned challenges.

From the literature survey, it can be concluded that
the MG and its control requires a robust and effective
technique to handle the large computational problems.
Thus, this paper explores the possibility of modeling an
intelligent optimization technique for solving the complex
multi-objective function to reduce the operational/rolling
cost of the MG. The paper presents a comparative study
of this intelligent optimization i.e., modified grey wolf
optimizer (MGWO) with the linear programming-based (LP)
optimization. The main contribution of this paper is to
model a hybrid microgrid energy management system with
renewable energy sources and energy storage systems such as
a battery. The proposed system is controlled with the help of
a novel energy management system based on an AI approach
with multi-objective functions. Study of techno-economic
comparison of theMGWO basedMGCwith LP based energy
management system. The performance of the proposed EMS
is presented for clear day and cloudy day conditions.

The rest of the paper is divided into the following sections:
Section II presents themodeling of RES components required
for MG such as SPV, ESS and load modelling. Section III
gives an insight of the proposed hybrid intelligent energy
management system. The results of the proposed model in
comparison with other techniques for the clear and cloudy
conditions are explained in section IV of the paper. Section V
of the paper gives the conclusion to the presented work
followed by references.

II. MICROGRID COMPONENTS AND MODELING
HMGs s a system composed of various distributed resources
connected in parallel and is capable of performing grid
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FIGURE 1. Components and function of microgrid.

synchronization and islanding mode operations. The typical
framework and components of a microgrid are depicted in
Fig. 1. The modern MG comprises of following components:
renewable energy sources, diesel generators, batteries, res-
idential and commercial load, electric vehicles, utility grid
and a microgrid controller (MGC) for effective and optimal
energy dispatch. This MGC is designed to reduce the cost of
MG operational cost and enable effective power exchanges
between various components as mentioned above.

A. SOLAR PHOTOVOLTAIC SYSTEM (SPV)
Output power of the SPV system can be calculated as defined
in (1)

Ppv (t) = dpvPpvr

(
G (t)
G (t)stc

)
×
{
1− αpv

(
Tc (t)− Tc,stc (t)

)}
(1)

Tc (t) = Ta (t)+
(
Tc,NOCT − Ta,NOCT

) ( G (t)
G (t)NOCT

)
×

(
1−

ηpv

0.95

)
(2)

The uncertainty of SPV power output is modeled using the
beta distribution function [28].

fb (g) =
gα−1 (1− g)β−1

0 (α) .0 (β)
0 (α + β) (3)

α = µ

(
µ− µ2

σ
− 1

)
(4)

β = (1− µ)
(
µ− µ2

σ
− 1

)
(5)

Ppv =

Ppvr ∗
g
gr
; 0 < g < gr

Ppvr ; gr < g
(6)

B. BATTERY ENERGY STORAGE SYSTEM (BESS)
The energy storage is done using a battery system. The
primary function of the batteries is storing electricity and
dispatching that electrical energy during times of need. The
energy change in a battery bank over one hour is given

as in (7).

Ebt (t + 1) = Ebt (t)+ PC (t) .ηC (t)−
PD (t)
ηD (t)

(7)

The capacity of the battery bank fades with time as the
battery discharges and is known as total capacity fade (Ebttcf )
of the battery. This is given by

Ebttcf (t + 1) = Ebttcf (t)+ ZB.PD (t) (8)

The maximum and minimum state of the charge (SoC)
allowed is defined as:

SoC = 1− DoD (9)

Ebt (t) ≤ SoCmx.NB − Ebttcf (t) (10)

Ebt (t) ≥ NB (1− DoD) (11)

C. LOAD MODELLING
The loads for the selected site are classified in two different
classes: i) constant load, and ii) variable load. The variable
loads Lexl,Lbld and Lmtr have loading factors kl, kb and km
respectively. These loading factors are a function of time and
help in defining the time of use (ToU) of lighting, building,
and motor loads [30].

Here, loading factors can be defined by (12), the ratio of
Am/Ai the total number of hours the specific load (motor,
building or lights) can be discretely operated. Dload defines
the task commitment duration in hours for that specific type
of load.

kl/m/b = 1−min
(
Am
Ai
∗ Dload , 1

)
(12)

D. ENERGY EXCHANGE/WWWWW/TIME OF USE (ToU)
Power exchanges between the utility grid and SPV+BESS
system is governed by time of use (ToU). The proposed Time
of Use (ToU) function has three intervals: lower price, normal
price, and high price. This ToU function helps in defining
a deregulated utility grid. Equation (13) and (14) define the
selling and purchase of electricity below,

Cs (t) = ToU
(
Cmkt
s (t)

)
(13)

Cp (t) = ToU
(
Cmkt
p (t)

)
(14)

III. PROPOSED STRATEGY FOR MICROGRID CONTROL
The optimal strategy for the microgrid control is presented in
this section multi-objective function is defined by (15) and
the structure of the proposed MG is depicted in Fig. 2.

A. OBJECTIVE FUNCTION
The proposed MGC aims at unit commitment and regulates
the power generated from the proposed MG. The main
focus is to control the power generated from RE sources,
assess power exchanged from the utility grid, charging
and discharging of batteries to meet adequately the load
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FIGURE 2. Structure of the MG.

requirement while satisfying the constraints. The multi-
objective function f (x) is solved using a modified grey wolf
optimizer (MGWO) in MATLAB-Simulink Environment.

f (x) = min
(
f1 (Cres)+ f2

(
Cig
)
+ f3 (Cbess)

+ f4(Cgex)
)

(15)

f1 (Cres) = Npv (PVii + PVom) (16)

f2
(
Cig
)
= Ninv

(
Invii + Invom + Invrep

)
(17)

f3 (Cess) = ε
op
bt (PC (t)− PD (t))+ Cwo (18)

Cwo =
Brep

NB.y.
√
ηεt

(19)

f4
(
Cgex

)
=

∑
t∈T

{
Cp (t)

[
PacPG (t)+ P

dc
PG (t)

]
− Cs (t)PSG (t)} (20)

where, f1 (Cres) is the cost of renewable energy-based
generation, f2

(
Cig
)
is the cost of starting up generators,

switches, and generators, f3 (Cess) is the cost of energy
storage system, f4

(
Cgex

)
is the cost of energy exchanged from

the grid.

B. CONSTRAINTS
The balance between the generation and dispatch is main-
tained using (21) and (22). The power output of renewable
energy sources is maintained within its capacity using (28).

PacPG (t)+
[
Pacpv (t)+ PD (t)

]
= PL (t)+ PSG (t) (21)

Pdcpv (t)+
[
PdcPG (t)+ P

dc
wt (t)

]
= PC (t) (22)

PL ≥ Lcnst (23)

Pdcpv (t)+ P
ac
pv (t) ≤ Npv.Ppv (t) (24)

The charging and discharging of the battery are limited by the
following:

PC (t) ≤ NB.PB (25)

PD (t) ≤ NB.PB (26)

C. MODIFIED GREY WOLF OPTIMIZATION BASED EMS
Themain focus of the work is to designMGWObased energy
management for MG. The RE sources are stochastic and
intermittent, thus do not provide constant electrical power at
all times. Hence, it is necessary to control the power from
these RE sources. In modern power system. the utility grid
is experiencing high penetration of RE sources with higher
uncertainties. These variabilities are due to increasing cus-
tomer awareness and their preferences resulting in variable
cost of electricity, and higher exchange of power between
grid and RE sources. Thus, designing an optimal energy
management strategy is critical for maximizing the comfort,
savings and productivity for both consumers and operators.
The basic principle for working of the optimal energy man-
agement system is the interaction and exchanges of power
between different power sources (grid, renewables, genera-
tors, and batteries) to meet the load demand as per user’s
preference.
The developed MGWO based EMS is a two-stage

approach for the HMGs. In the first stage, a feasibility
analysis is performed for the RE sources for adequate sizing
tomeet the load demand considering the geophysical parame-
ters. This is followed by ametaheuristic demandmanagement
system for optimum management of the proposed MG to
reduce the overall cost of electricity. This stage focuses on
the interactions from the grid and considers the ToU factor
for MGC to act accordingly. Fig. 3 shows the systematic flow
of control tomanage theMG. Initially,MGwith RE sources is
assessed for the islanding operation with minimal interaction
from the grid, helping in the estimation of the total power
generated by RE. The prime aim of the proposed EMS is to
maximize the social benefit by recharging the BESS when
electricity cost is minimum and export energy to the grid
during high ToU.
The proposed optimization technique is a hybrid technique.

This is inspired by the movement of grey wolves to
attack their prey and the swarming action of birds to
reach locations for food. The proposed hybrid algorithm is
a modified particle swarm optimization (PSO) with grey
wolf optimizer (GWO), thus placing it in between swarm
intelligence and evolutionary algorithm [30]. The proposed
MGWO mitigates the drawbacks of PSO and GWO. The
low convergence rate and low precision accuracy of PSO
and GWO respectively, are the major shortcomings of these
methods.
GWO is a modern meta-heuristic technique based on

hunting and leadership traits of the grey wolf. The major
advantages of the GWO are its less storage and computational
memory requirement, faster convergence due to continuous
reduction of search space and simple implementation with
less decision variables. Grey wolves are at top of the food
chain symbolizing that they are the apex predators. They
prefer to live in a pack of 5 to 20. In GWO the pack is divided
into four groups of different hierarchy such as alpha, beta,
delta and omega [31]. Fig. 4 clearly shows the position update
of grey wolves to attack prey in GWO.
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FIGURE 3. Flowchart of proposed hybrid energy management system.

FIGURE 4. Position update of wolves in GWO.

The alphas (α) are at the top periphery of the social
hierarchy, thus are the main decision-makers and the rest
follow them. The betas (β) are the next in line to become
the alphas, they are second to the alpha and help them
in decision making or other pack actions. These ensure
that the order of α is followed throughout the pack and
provides the necessary feedback when required. The third
level of the pack is known as the deltas (δ) and always

follows the ones before. These are dominated by alphas
and betas. If a wolf is not alphas, beta, or delta then it is
called omegas (�). The main characteristics of grey wolf
i.e., hunting, searching, encircling, and attacking its prey is
designed with the help of mathematical equations to perform
the optimization. A brief outline of the proposed hybrid
metaheuristic technique, namely MGWO has presented the
flowchart given in Fig. 5. The encircling behavior is depicted
in (26) and (27).

−→
d =

∣∣−→c .−→xp (t)−−→x (t)∣∣ (27)
−→x (t + 1) = −→xp (t)−

−→a .
−→
d (28)

Here,
−→
d defines the encircling behavior, −→x is the current

position of the grey wolf, −→xp is the position of the prey that
has to be hunted, the coefficient vectors −→a and −→c are given
as

−→a = 2−→q .−−→rgwo1 −
−→q (29)

−→c = 2.−−→rgwo2 (30)

xi (t + 1) = xi (t)+ vi (t + 1) (31)

wpso (t) = wmax −
(wmax − wmin)

T
∗ t (32)

vi (t + 1) = wpso (t) ∗ vi (t)+ c1.rpso1 (x1 − xi (t))

+ c2.rpso2 (x2 − xi (t))

+c3.rpso3 (x3 − xi (t)) (33)

The exploitation and exploration of MGWO are based
on grey wolf optimization and particle swarm optimization
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FIGURE 5. Flowchart of the proposed MGWO technique.

respectively. The modified governing equations for the first
3 wolves are given by (30)-(31). The velocity and position
update equation of PSO are shown by (34)-(36).

The proposed MGWO has been tested on various
unimodal, multimodal benchmark functions to assess the per-
formance of the hybrid meta-heuristic technique. Table 1 rep-
resents various benchmark functions (such as rastragin,
sphere, greiwank, rosenbrock, noise, shwefel, ackley, him-
melblau and shubert) used to test the capability of the
proposed hybrid optimization technique. Table 1 gives an
insight into the modality, dimensions, randomness, and
minimum value (fmin) of various benchmark functions. These
benchmark functions are a few of the standard benchmark
functions that are considered for performance analysis of
the proposed technique. The functions F1(x) to F9(x) have
been selected after careful observations to provide a good
launchpad for testing the credibility of any optimization
algorithm.

The drawbacks of PSO and GWO in high dimensional
calculation of function is highlighted in Fig. 6 and Table 2.
Fig. 6 shows the comparative performance analysis of the
proposed MGWO technique with PSO and GWO. Fig. 6

TABLE 1. Benchmark functions used to test the performance of proposed
MGWO.

depicts the characteristics of each of the objective functions
defined in Table 1, moreover, the performance of the
optimization techniques in solving each of the function is
represented. The aforementioned characteristic of different
functions is given by parameter space in Fig. 6(a)-(i). The
performance of each optimization techniques such as, PSO,
GWO and MGWO, are depicted in objective space i.e.,
best solution vs iterations curve. From the objective space
curves, it can be concluded that PSO falls in local minima
in high and complex dimensional space and along with this
for all the benchmark functions its convergence rate is less
in comparison with GWO and MGWO. In addition, GWO
suffers from low solving precision especially highlighted
by benchmark functions F3(x), F5(x) and F7(x), where
the MGWO outperforms GWO significantly. Hence, it can
be concluded that the proposed MGWO technique is a
hybrid meta-heuristic technique with advantages of both PSO
and GWO and the shortcomings have been mitigated. The
comparison is done considering the behavior of PSO, GWO,
and MGWO to give the best solution with respect to the
number of iterations required. Furthermore, this technique
can be implemented for modeling a robust EMS with high
computational capabilities.

IV. RESULTS AND DISCUSSION
In this paper, a novel approach is presented using a hybrid
MGWO algorithm that has been proposed to design a hybrid
MG for optimal energy management, load management at
reduced electricity cost. MG is designed for a test location
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FIGURE 6. The performance of proposed MGWO on different functions (a) Rastragin (b) Sphere (c) Greiwank (d) Rosenbrock (e) Noise (f) Schewefel
(g) Ackley (h) Himmelblau (i) Shubert.
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TABLE 2. Statistical analysis of PSO, GWO and MGWO.

FIGURE 7. Geographical location of the proposed site.

in India as shown in Fig. 7. The test site is a retail outlet
located at 26◦51′ N 80◦57′ E coordinates. MG is simulated
in MATLAB-Simulink Environment and its performance
is gauged under two different conditions with different
techniques. The results of the proposed approach have
been compared with Mixed Integer Linear Programming

TABLE 3. Time and cost of electricity.

FIGURE 8. (a) Cost of electricity (b) Load profile.

based optimization technique (MILP). The two different
conditions considered in the work are classified by the
day type ratio (Rdt ) i.e., the ratio of the measured and
theoretical clear sky insolation [32], [33]. The different
ranges of Rdt has been decided to identify the clear i.e.,
sunny condition (Rdt > 70%) and cloudy condition
(70 > Rdt > 30%).
The uncertainties and variations in the weather conditions

are considered for an effective analysis of the performance of
the designed MG. The performance of the proposed energy
management system for the MG is compared with the MILP
based EMS based on cost and grid interactions. The cost
of electricity (cents/kWh) from the utility grid is displayed
in Fig. 8(a). This variation in the cost is done according
to ToU and following the local electricity commission. The
cost of electricity is varying from a minimum $0.09/kWh
to $0.31/kWh and is elaborated in different regions in
Table 3. The cost is varying in the region I from $0.09/kWh
to $0.16/kWh when the load applied is medium from
04:00 – 07:00 hours. For region II, when the load is maximum
and the demand is at its peak from 16:00 – 22:30 hours the
cost is between $0.09/kWh to $0.31/kWh. The load demand
graph is given in Fig. 8(b). The classification of the regions
was done based on the cost of electricity supplied by the
utility grid.

The load profile for the site is further elaborated in Fig. 9
with power curves of the three variable loads. These variable
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FIGURE 9. Load profile of variable loads present at the site.

FIGURE 10. (a) Daily average of irradiance and temperature (b) Estimated
solar energy generation of a year.

loads are motor load (Lmtr ), building load (Lbld ), and external
lighting load (Lexl). Each of these loads are associated to
specific applications at the MG site. Each type of load has
different peak ratings and different operating times further
elaborated in Table 4. Lmtr is the highest rated load and is
controllable for 16 hours followed by Lexl for 12 hours and
Lbld for 8 hours. Lcnst is the constant load that is active for
the complete 24 hours and they define the critical loads. The
variation in the temperature (◦) and irradiance (W/m2) for the
location is shown in Fig. 10(a) and the estimated solar energy
for a year is presented in Fig. 10(b).

From the source sizing method designed in [30] and [34],
WECS is completely neglected and the values given in
Table 4 for SPV and BESS are calculated. In addition, the
designed MG andMGC consider SPV as the primary sources
in RE and performance is discussed below. In Table 4, the
parameter description is presented for designing an SPV
based grid-connected MG. The calculation of loads is done
by analyzing the real-time data of the motors, lights and
other appliances that has been recorded for a complete
year.

TABLE 4. Parameters for designing of MG.

FIGURE 11. Performance of MILP based EMS on a clear day (a) Line to
line voltage (magnitude) (b) Power exchange among different sources
(c) SoC of the battery.

FIGURE 12. Performance of MILP based EMS on a cloudy day (a) Line to
line voltage (magnitude) (b) Power exchange among different sources
(c) SoC of the battery.

A. PERFORMANCE OF MILP BASED EMS
The performance of the proposed MG is discussed using lin-
ear programming-based optimization for energymanagement
of different sources on a clear day. The results are shown in
the Fig. 11 for better understanding. The line-to-line voltage
is maintained at 440 V shown in Fig. 11(a). From Fig. 11(b) it
is observed that when Ppv is zero PL is met by the utility grid
and batteries are in idle stage. Furthermore, when Ppv > 0,
there is a drop in power met by the grid and is eventually
zero and the surplus supply of power is in turn given to the
BESS for charging. The negative power shows charging of
the batteries and from Fig. 11(c) it is clear as there is an
increase in SoC of the batteries. During the high demand
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FIGURE 13. Performance of MGWO based EMS on a clear day (a) Line to line voltage (magnitude) (b) Power
exchange among different sources (c) SoC of the battery.

FIGURE 14. Performance of MGWO based EMS on a cloudy day (a) Line to line voltage (magnitude) (b) Power
exchange among different sources (c) SoC of the battery.

FIGURE 15. Clear day performance (a) Rolling cost (b) Grid usage.

period i.e., Region II, Ppv decreases, during this high-cost
period the grid and power from batteries (PB), comes into play
to meet PL .

The real-time performance of MILP based EMS for a
practical situation is discussed in Fig. 12. The practical
condition is obtained by predicting the power of the sources
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FIGURE 16. Cloudy day performance (a) Rolling cost (b) Grid usage.

of MG on a cloudy day. Moreover, the performance of
SPV system is varying with many fluctuations as shown in
Fig. 12(b). The performance of the BESS is different from
the previous condition as, the battery charges till 62% and
then is required to supply power to meet the load demand as
elaborated in Fig. 12(c).

B. PERFORMANCE OF PROPOSED MGWO BASED EMS
The performance of the proposed hybrid optimization
technique i.e., MGWO based MGC for energy management
on a clear, sunny day is depicted in Fig. 13. The performance
difference is evident because the BESS is charging when the
load is least and the cost of electricity is minimum i.e. during
some parts of Region I and III. From Fig. 13(b), it can be
observed that extraction of grid power is comparatively more
when Ppv = 0. During Ppv > 0, PB is also >0 as the surplus
power from the SPV system is exchanged with the grid for
maximum gain. During peak hours i.e. Region II, BESS, and
grid work in tandem to caterPL . Thus, the SoC of the batteries
is decreasing as shown in Fig. 13(c).

The real-time performance of MGWO based EMS for
a practical situation is discussed in Fig. 14. Moreover,
the performance of SPV system is varying with many
fluctuations as shown in Fig. 14(b). The performance of the
BESS is different from the previous condition as, the battery
charges till 63% and then following the similar characteristics
of the previous conditions as shown in Fig. 14(c). The Ppv
being inadequate to completely meet the load profile, so the
power from grid is used for compensating the deficient power.

The comparative study for the two-energy management
strategy based on MILP and MGWO is presented in Table 5.
The parameters used for analysis are rolling cost i.e., the cost
of running the proposed MG for 24 hours and grid usage. The
rolling cost is the net cost after the selling and purchase of the
energy units. From Table 5, it is seen that the performance of
the MGWO-EMS is better and economically viable for both

TABLE 5. Comparative analysis of the proposed EMS for MG.

clear and cloudy conditions. The rolling cost is much higher
for the cloudy day when compared to the clear day, due to
variability in the weather conditions. Whereas, the savings
on a clear day for the proposed MG using the MGWO-EMS
is 23.34% than the MILP based EMS, in addition to this,
the savings increase to 45.55% on a cloudy day. For better
understanding, Fig. 15 and Fig. 16 are shown for comparative
study of clear and cloudy day respectively. These figures also
show the effect of using BESS in designing an MG, as the
rolling is highest when no BESS is considered in the different
weather conditions.

V. CONCLUSION
The recent development of eco-friendly technologies, pro-
moting sustainable development, such as RE resources and
hybrid MG can find increased acceptance socially and
economically. The optimal energy management strategy
of such a system requires consideration of design state,
geophysical conditions, load demand management, and
parametric constraints. In this paper, a novel MGWO based
approach for optimal energy dispatch in a hybrid MG in the
modern power system, integrating the variability in loads and
working conditions is proposed. The computational speed
and convergence of the proposed optimization technique are
found to be better. A case study presented in the paper for
a test location helps in effectively and efficiently designing
the proposed MG and its EMS. The proposed MGC aims
at reducing the operational cost and reducing the burden
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on the utility grid. The performance of the MGWO-EMS
is tested at varying weather conditions and compared with
MILP-EMS. Furthermore, the performance of MGWO-EMS
is comparatively better. The savings in operational/rolling
cost is 23.34% than the MILP based EMS on a clear day,
in addition to this, the savings increase to 45.55% on a
cloudy day. Moreover, the burden on the grid is reduced by
42.56% and 32.91% for clear and cloudy days respectively.
This approach takes benefit from the price gaps between
high and low-price hours of electricity from the utility grid.
Also, transmission losses are reduced as energy is utilized
from the RE sources and BESS has recharged accordingly.
The proposed approach can be implemented on EV charging
stations with varying tariffs according to the ToU, where there
is a vehicle to grid and grid to vehicle topology.

APPENDIX

TABLE 6. Nomenclature and abbreviations.
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