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A hybrid IMFO-fuzzy algorithm for
performance enhancement of microgrid
under uncertainty via DGs integration
and reconfiguration
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Abstract. Microgrids (MGs) are distributed generation and distribution systems that include distributed generation (DG) units,
energy storage systems (ESSs), distributed reactive sources (DRSs), and resilient loads that can operate in either connected or
isolated modes. When dealing with uncontrolled DGs such as Wind Energy Systems (WES) and Photovoltaic Energy Systems
(PVES), MGs planners have a difficult time making decisions. The work proposed in this paper addresses three interconnected
works: (i) the implementation of a rigorous hybrid optimization approach for reconfiguration and DGs placement; (ii) the
performance investigation under uncertain behavior of RES-based DGs and demand; and (iii) performance enhancement
realization through the replacement of hybrid DGs for RES-based DGs. An Improved Moth Flame Optimization (IMFO),
which is a multi-objective optimization method, has been linked with fuzzy logic in order to handle multiple objectives in an
efficient manner. These objectives include the minimization of voltage deviation, the reduction of generation cost, and the
reduction of loss. The quality of the power, the amount of money saved by consumers, and the benefits to the Distribution
System Operator (DSO) might all be improved with the help of a hybrid algorithm. This research is also extended to address
the uncertainties of RES-based DGs by replacing hybrid DGs in the most optimal locations. IEEE 33 bus RDS is used to test
radial distribution system (RDS) microgrids. For validation purposes, uses 24-hour load patterns to mimic WES and PVES’
24-hour load dispatching behavior. The research findings clearly demonstrate the advantages of microgrids over traditional
architectures. The hybrid DG requires an average generating cost of 185.33 $/kW in order to produce 100 kW of power
throughout the day with significantly reduced emissions.
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NCs Normally Closed switch

TEC Total Emission Cost

TGC Total Generation Cost

DE Diesel Engine

Nomenclature

Notations Description

VD Bus Voltage Deviation

nb Total number of load buses present in
the system

V¥eeder Voltage at the feeder

PL Real power Transmission losses

QL Reactive power transmission losses

Pp Real power Demand

Qp Reactive power Demand

Esg"® Stored Energy

E'in Minimum Stored Energy

B Maximum Stored Energy

Pg"en Charge Rate

PgB"is Discharge Rate

Nch Charge efficiency

Ndis Discharge efficiency

Iy Ramp up

pdown Ramp down

At Time period

kpos reduction factor

kcloud the reduction factor due to the clouds
present

Glum global solar irradiance for clear
atmospheric conditions

Ppy, rated power of the PV plant

Ggie global solar irradiance (1000 W/m?)

Vh actual wind speed

V4 cut-in

\2 rated wind speed of a wind plant

Vw cut-off

Pgen Real Power Generation

Qgen Reactive Power Generation

Sgen Apparent Power Generation

I Current in Iterations

T Maximum number of Iterations

Pyr, installed capacity of the wind turbine

1. Introduction
A. General Perspective

The power system is undergoing significant trans-
formations in all areas of design, configuration,

operation, and control, as well as many others, in
the context of global energy infrastructures. Increased
awareness of environmental issues and deregulation
of the electricity sector are driving increased demand
for distributed generation sources and energy stor-
age systems (ESS), with more and more DG units
being accepted and deployed in close proximity to
residential areas. Closely located DGs and ESSs pro-
vide significant benefits such as increased system
dependability, higher energy quality, and lower sys-
tem loss, power production costs, and environmental
pollution, among other things. Although the diversity
of this paradigm shift necessitates collaboration and
cooperation among distribution and control systems,
it also poses certain challenges in the design, oper-
ation, and control of energy systems, as illustrated
in the diagram below. Power distribution companies
face the difficult task of constructing a dependable
distribution system that is also cost-effective.

However, when it comes to distribution sys-
tem economics, one of the most efficient options
is reconfiguration, which aims to increase system
dependability while also reducing power loss and
stabilizing voltage variation.

B. Literature review

Recently, a number of microgrid management
techniques, control technologies, and optimization
methodologies have emerged, all of which provide
strong technological support for microgrids. There
is a brief discussion of how intelligent distribu-
tion technology has progressed and the developing
technologies and future development trends that are
being examined in [1]. Several microgrid frameworks
are presented using the optimization techniques like
adaptive harmony search algorithm [2], Stochas-
tic ranking [3], Benders decomposition [4] cuckoo
search algorithm [5] to facilitate energy management,
power distribution, DG installation, and renewable
energy source allocation. System control, energy stor-
age, power distribution, and market behavior are just
a few of the things that can be managed using hierar-
chical structures defined in [6].

One goal of microgrid energy distribution is to
reduce transmission and distribution costs and losses.
As described in [7], a hybridization of GWO and
the Particle Swarm Optimizer (PSO) reduces power
losses in the distribution system by identifying
optimal DG size and location, while also taking distri-
bution system restructuring into account. Reference
[8] discusses several optimization strategies for RDS
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reconfiguration, DG positioning, and other tasks that
reduce power losses in a system. Particle Swarm
Optimization (PSO) was used to improve the ben-
efits of microgrid by taking into account factors such
as load response and WES uncertainty in [9], where
the day-ahead benefit of microgrid is considered the
fitness function. In order to reduce the microgrid’s
overall operating costs while also meeting various
utility system operational constraints, an algorithm
was also proposed in [10] that would allow the exe-
cution of OGS and DFR on a short-term for cast
basis. An improved hybrid fuzzy-genetic approach
to resolving the problem of network reconfiguration
was presented in [11].

Accordingly, the specific parameters and charac-
teristics of the microgrids were used to form the
mathematical functions that were then used to estab-
lish a model, and then to transform the energy
optimization issue into a mathematical problem, as
previously stated. A Multi-objective Optimal Dis-
patch Model of Microgrid (MODMG) was developed
using the Interval Optimization (I0) approach, which
was then implemented [12]. According to the simu-
lation results based on the enhanced IEEE112 bus
MG, the Chaotic Group Search Optimizer with Mul-
tiple Producers (CGSOMP) method is useful. One
of the main goals of [13] was to reduce the total
cost and real power loss of MG while improving
convergence speed and better handling operational
constraints, in addition to the objective function,
which was achieved by using a hybrid optimiza-
tion technique called Chaotic Binary PSO (CBPSO).
Decomposition of economic and emission costs into
deterministic problems and then back into the orig-
inal problem was developed in [14] in an efficient
scenario-based stochastic programming technique.
To improve the overall performance of this stochas-
tic optimization algorithm, an adaptive probability
correction technique was used. Recently, distribu-
tion network reconfiguration was conducted in [15]
by using DGs to minimize energy loss, THD, and
voltage imbalance. [16] designed an energy man-
agement technology for the power grid that can
handle EV charging and other grid factors. The pro-
jected development also sized fast-charging stations
on roads with budget in mind. [17] suggested a
chance-constrained Distributed Resource Optimiza-
tion (DRO) issue using microgrids scheduling in
connected electrical and gas networks. In order to
reduce the overall cost of purchasing electricity
from the distribution substation, a planning-operation
decomposition technique was established in [18]

for the best placement, choice, and operation of
BESSs and renewable DGs in medium-low voltage
distribution systems. In order to maximize the techni-
cal, environmental, and economic benefits, including
power loss reduction, voltage profile enhancement,
voltage stability conditions improvement, emissions
reduction, and annual operational cost decrease, a
two-stage multi-objective method was applied in
[19]. In [20], a probabilistic approach is used to
take into account the demand profile and the inter-
mittent nature of renewable-based DGs. To reduce
the cost function of yearly energy loss and annual
energy not served, the study examines several annual
plans based on the seasonal power profiles of DGs
and the load. In order to establish the best timing
and capacity for conventional generator units, GB,
P2 G, CCHP, and DGs, the paper [21] suggested an
affine model for optimal planning of IES taking DG
uncertainty and carbon emissions into consideration.
The affine model’s matrix form was employed to
lessen the effect of DG uncertainty. Additionally, sug-
gested was a tiered dynamic charge pricing scheme to
lower carbon emissions over the long run of the IES
activities. In order to establish the best locations and
capacities of various RES-based DGs, BESSs, and
CBs in the presence of DR and renewables curtail-
ment, a multi-objective optimization planning model
was developed in [22]. The goal of this work was
to reduce average power losses in distribution net-
works while maximizing the economic index and the
average voltage stability factor.

The further literature on MG optimization through
DG integration and reconfiguration using various
optimization approaches is compiled in Table 1.
Table 1 shows a comprehensive review of the lit-
erature on the subject of solving the microgrid
optimization problem using various optimization
strategies. The majority of the research in Table 1
has addressed the optimization problem by focusing
on finding the optimal DG placement. Accord-
ing to the assumptions made, mathematical model
considered, algorithm specific parameters of the
optimization technique used, and uncertainty consid-
erations, mathematical complexity is classified into
three cases: simple, middle, and complex. As a result
of the optimization problem, several studies looked
into controllable DGs such as MT, FC, and DE. Emis-
sions from the DGs will unavoidably rise in price
over time, making them less cost-effective in the
short term. Utilities and their customers are strongly
encouraged to generate electricity using renewable
energy sources in order to reduce the impact of
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emission costs (RES). Most developing countries
must regulate CO2, NO2, and SO2 emissions, which
has resulted in the use of renewable energy sources
for power generation. Because of their efficiency,
longevity, payback period, installation and mainte-
nance costs, and ease of use, wind and solar power
are preferred over other renewable sources. Here’s a
look at the difficulties and uncertainty of producing
electricity using two common ES. Several studies, as
shown in Table 1, are being conducted in this con-
text, using microgrids and renewable energy sources.
Many studies, on the other hand, fail to address the
ambiguities associated with WES and PVES. Fur-
thermore, the uncertainties caused by RES have not
been adequately addressed in the majority of previous
studies. The current work focuses on addressing the
issues mentioned above, specifically those related to
optimal placement and the solution for the uncertain-
ties of renewable energy sources when integrated into
microgrids. It is proposed to solve the distribution
system optimization problem in microgrids using a
hybrid Fuzzy and MFO method that takes into consid-
eration both the uncertainty of WES and PVES. The
prober replacement of hybrid DGs provides a solu-

Table 1
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tion for the uncertainties associated with renewable
energy sources.

C. Contributions

For reconfigurable microgrids, a hybrid Fuzzy-
IMFO approach is developed for determining the
optimal DG position. The method is explained in
great detail. The following is a list of the proposed
work’s most significant contributions.

i. Determine the most optimal location of the DGs
and the most optimal tie-lines in an intercon-
nected microgrid system, a search strategy based
on the IMFO technique is proposed in conjunc-
tion with the heuristic fuzzy.

ii. Improvement of CMFO by the incorporation of
migration and curvilinear properties in order to
improve search capabilities, and heuristic fuzzy
is used in conjunction with IMFO to handle mul-
tiple objectives at the same time.

Integration of hybrid DGs to replace the RES-
based DGs in the optimal locations, resolving
the uncertainty behavior of DGs.

iil.

Comparison of literature

MT DE FC PV WT EV ESS VD Proposed algorithms Mathematical
complexity

[23] Vv Vv v Wi Grey Wolf Optimization (GWO) algorithm Middle

[24] Vv VA VA N N N4 Depth-First Search (DFS) algorithm Simple

[25] v Vv i Sub-gradient ascent-based distributed Middle
algorithm

[26] Vv v v v A Particle Swarm Optimization (PSO) Middle
algorithm

[27] N Vv Vv A VA Genetic algorithm (GA) Middle

[28] v Vv Time-varying acceleration coefficients Complex
particle swarm optimization (TVAC-PSO)
algorithm

[29] v Vv Fuzzy Optimization, and Particle Swarm Complex
Optimization (PSO) algorithms

[30] Vv Vv J v Vv Discrete genetic algorithm (DGA) Simple

[31] Vv v VA VA Vv v Non-dominated Sorting Genetic Algorithm Middle
(NSGATII)

[32] N Genetic Algorithm (GA) Simple

[33] Vv Vv 4 v Vv Modified firefly algorithm (MFFA) Middle

[34] Vv N4 Vv N Vv Matrix real-coded genetic algorithm Middle
(MRC-GA)

[35] v Vv v v v Adaptive Modified Firefly Algorithm Middle
(AMFA)

[36] v Vv Multi-objective Antlion Optimizer (MAO) Middle
algorithm

[371 4 4 Vv Particle Swarm Optimization (PSO) Simple

[38] Vv VA Vv VA VA Multi-objective Genetic Algorithm (MGA) Middle

[39] v Vv v Joint Optimization Approach Middle

[40] v v J Moth Flame Optimization (MFO) Middle

MT: Micro Turbine; FC: Fuel Cell; DE: Diesel Engine; WT: Wind Turbine; EV: Electric Vehicles; ESS: Energy Storage System; VD: Voltage

Deviation.
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iv. Evaluation of uncontrolled and hybrid DGs, as
well as their realistic components and various
combinations

D. Paper organization

The remainder of this work will then be divided
into the following sections. Section II delves deeper
into the modeling of various DGs and loads. Section
III discusses how to build mathematical models that
include all of the important goal functions as well
as the constraint conditions that go with them. Sec-
tion IV discusses the main research method as well
as the suggested optimization technique. Section V
introduces the test system and examines the results
of the various case studies. Section VI summarizes
the investigation’s findings and outlines our proposed
research strategy.

2. Modeling of dgs and load data

The usual DG configuration specifics and the
demand uncertainty models suggested in this study
effort are described in the next subsections. For this,
we made use of the equations from [31] and the cor-
responding parameters.

A. Uncontrollable DGs

1) Photovoltaic Energy System Modelling

A photovoltaic (PV) system’s energy outputis pro-
portional to the amount of irradiance received and the
angle at which the light is reflected by the solar PV
cell. The weather conditions in the surrounding atmo-
sphere determine the amount of irradiance and the
amount of electricity generated by the PV. As aresult,
it’s reasonable to assume that global solar irradia-
tion and photovoltaic generation output are linearly
related.

The following statement can be used to calculate
the performance of a photovoltaic system:

Glum
GSTC

Where, kcloud. represents the reduction factor due
to the presence of clouds, kBOS.represents the reduc-
tion factor that considers the physical infrastructure
of the PV system other than the photovoltaic panels
(wiring, switches, solar inverter) in real-time opera-
tion, Glum represents the global solar irradiance for
clear atmospheric conditions in a specific hour of a

Ppy,, = keioud - kBoS - - Ppy, (1

generic day in the year, Gstc represents the global
solar

A solarimeter or pyranometer is frequently used
to determine the amount of solar radiation received
by the system. Because of the relative geometry of
cloud propagation in a PV system, it is necessary to
comprehend this geometry in order to compute the
photovoltaic system’s power output correctly. Some
assumptions are made in order to reflect the many
scenarios that ptovoltaic plants face. For example,
it is assumed that on overcast days, the total solar
irradiance will be reduced b90%, and that shade will
reduce the total solar irradiance by 50%.

T overall cost of generating per kW is calculated by
adding up the expenses of installation, operation, and
maintenance for the plants, regardless of whether the
PV plant’s operating costs are low in comparison to
other types of power plants. PVES’s generation cost
functions are written as follows:

Crves.ini + CpvEs,om,i
2
Where cf,VE s.; 18 an installed capacity of i-th
PVES, KPVES, i is a designed lifetime of i-th PVES,
CpvEs.n.iandCpyvEs, om,; represent respectively the
installation, and operation and maintenance cost of
the i-th PVES.

8
PVES osi = Chyps i < o
PVES,i

2) Wind Energy System Modeling

In wind farms, power production is reliant on the
availability of utility services, which may change with
regard to time; wind energy generation is greatly
impacted by seasonal and regional variations, as well
as by time of day and year. While doing so, it is
necessary to take into account extremely short-term
variations, which is difficult to do in a distribution
system that has shortcomings. The power generated
by the WES may be calculated by taking the time
series of the main power supply, which is written as

3,

0 0<wv; <wvg
Vh—Vg
Pwr, o—vyg Vd < Vh < Ur
Py, = p - 3)
WT, Vr =V = Uy
0 vy > Uy

Here, vy, v, and v, are the cut-in, cut-off and rated
wind speed of a wind plant, respectively, vj, is the
actual wind speed, and Pyr, is the installed capacity
of the wind turbine.
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The generation cost of a wind energy system can
be evaluated ung the following expression (4), just
like the PVES.

CWES, In,i

8
WEScost,i = Cyps.i™ ( + Cwes, OM,i)

“

Kwes,i

B. Demand uncertainty

Because the power system is dynamic, it gets
increasingly difficult to anticipate and estimate load
characteristics over time as the system becomes more
complex. In any case, accurate load estimates are
more crucial than ever for selecting the most effi-
cient operation. In this study, the probability Density
Function (PDF) taken from [44] is used to simulate
the change in load on the power system, which may
be stated as follows:

exp I’i.t—ﬂég
/ 2(of,)

fir=—/— o)
27101{,
where,
Zn'z 1 Pit,j
= 20 ©
’ nj

l

] 21}21 (Pi,t,j - /“Li,t)

it = (7)
nir— 1

)

3. Mathematical formulation of the problem

A. Objective functions

In order to address the issue, we used two objective
functions:he total generation cost minimization func-
tion and the bus voltage deviation reduction function.

1) Minimization of Total Generation Cost

The utilization of restructure and appropriate DG
placement we used in this research in order to achieve
optimization. Therefore, the total generation cost
(TGC) minimization is defined as a function of the
expenses associated with the grid, WES, and PVES.
Minimize

nWES nPVES
TGC = Grideoy + %, WESuosi+ Y PVEScpqi

i=l i=1
®)

Where nWES and nPVES represent the total num-
ber of WES and PVES installed in the microgrid,
respectively.

Cost function of grid:

Grideoss = Pgria * Kgrid 9

Where Kgrig represents the cost co-efficient con-
stant and assumed as 44 $/W-hr. WESos.i

And PVES,.s:,; are the generating cost of i-th WES
and PVES, respectively.

2) Minimization of bus voltage deviation

The reduction of TGC is considered an extra goal
in addition to the reduction of bus voltage fluctuation
in order to assure operational security and voltage
quality to the client ends. The minimal bus voltage
fluctuation with respect to the supplied reference volt-
age is stated as follows for all of the system’s load
buses:

nb
VD =Y Vi — Vil (10)

i=1

In the above equation (10), Vir is the reference
voltage, V; is the i-th bus voltage and ‘nb’ refers the
load buses present in the system.

B Operational constraints

In order to solve this optimization problem, a num-
ber of equality and inequality constraints are taken
into account, as detailed in the following subsections.

This optimization problem has several constraints.

1) Equality Constraints
The constraints for power balance requirements:

NG NG

» PGi—PL=Ps > QG-Q =Q (1)

i=1 i=1
2) Inequality constraints
a. Generator Operation Constraints

The generating units’ power generation should be
kept within the range.

max (P"", P! — DR;) < P; < min (P"*, P! + UR;)
(12)
and
P < P < P
Pel P <P <P, j=23 .. ni=1L..m.
P, < P < P

13)
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b. Line Flow Constraints

The active, reactive and apparent power restric-
tions of elecical per equipment’s are expressed in
equations (16)—(18).

< PE® 1<i<Ng (14)

i

QUM <Qg =QE™ 1=<i<Ng (15

ISkl =S¢ 1<k =<Ng (16)

c. Bus voltage limits

095<Vi<105,i=1,2,....,nb an

d. DG Power factor limit

08<PF<1 (18)

e. DG Limits

The real and reactive power handling capacities of
the DG units are given below:

1 *
0 =< Pgen,i,max - Pgen,i,sli (a)i - a)S)
Mp,i 19)

- Pgen,i,s >0,Vi e Ndroop

1 "
0 =< Qgen,i,mux - Qgen,i,sJ—T <|Vk|

pi (20)

- |Vk,s’) Qgen,i,s >0,Vie Ndroop
From the real and reactive power handling limits,

the apparent power handling limits can be obtained
as given below:

\V/(Pgen,i,s)2 + (Qgen,i,s)z =< Sgen,i,mam Vi S Ndroop
2D

4. Proposed search strategy

The two technologies used in the suggested work,
IMFO and heuristic fuzzy, are described in this sec-
tion. In order to handle multiple objectives, fuzzy is
integrated with IMFO to find the best solution. Before
dealing with the IMFO, the classical MFO concept is
briefly explained for better comprehension.

A. Classical Moth Flame Optimization (SMFO)

The Moth-flame Optimization (MFO) method
[41] was created by Seyedali Mirjalili and is a
groundbreaking population-based strategy inspired
by natural phenomena and grounded in the princi-
ples of evolutionary computing. The fitness values for
each population in each iteration are determined by
randomly generated variables, and the MFO method
uses moths to represent tse values and flames to rep-
resent the best solutions at the end of each iteration.

The moths may be thought of as a matrix, as fol-
lows:

My Mip - Mg
My My -+ Mg

M = ) . . (22)
Mn,] Mn,2 e Mn,d

The number of moths and the problem’s control
variables are represented by ‘n” and ‘d,” respectively.
As a result, the individual moths’ fitness values form
an array that looks like this:

oM,
OM,
oM = ) (23)

oM,
The n-th moth’s fitness value is represented by the
term OMn in the equation above. The structure of

flames is similar to that of moths, and can be summa-
rized as:

Fii1Fip - Fiq
F1 Py - Fay
F= . ) 24

Fn,l Fn,2 "'Fn,d

Arrays are used to store the corresponding fitness
values for the flames.

OF;

OF,
OF = ) (25)

OF,
For each nth flame, the fitness value is stored in the
variable OFn. When addressing the non-linear prob-
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lem, the MFO algorithm uses a unique 3-dimensional
approach, expressed as, to obtain convergence.

MFO = (I, P, T) (26)

There are a number of random moths and their fit-
ness levels recorded in the function “I.” Function ‘P’
keeps track of a moth’s last known location inside a
search area.ver talting conditions are reached, func-
tion “T” shuts off the solution process.

This method uses a logarithmic spiral to track the
journey of moths.

S (M,-, Fj) = Diebtcos Qnt) + F; 27)

D; = |F; — M;| (28)

Where D; represents the distance of i-th moth with
respect to j-th flame, ‘b’ is a co-efficient of the loga-
rithmic spiral and ¢ € (—1, —2).

During iterations, the number of flames is decreas-
ing gradually to enhance the detection of the optimal
solution:

-1
flameno = round (n — lnT) 29)

Where ‘I’ and ‘T” represents the current and max-
imum iterations, respectively.

In MFO, all jobs are depicted as moths that flutter
around in search space, always adjusting their posi-
tion according on their own and the flames’ own
experiences. The priorities of each moth are used
to determine if work should be sent to a private
cloud or an EC, as indicated. MFO aims to distribute
cloud resources more efficiently by employing a moth
(a collection of priorities). There are two factors
that boost the search capacity: the logarithmic spi-
ral adaptation and the progress updates of the moths’
positions in relation to other moths.

B. Improved MFO (IMFO)

Because of its inability to cope with a wide range
of problems, classical MFO has been avoided in sci-
entific and technical fields. If the task at hand is very
challenging, it is possible to get bogged down in local
optimal. A solution to the VM allocation problem
isn’t as simple as it appears at first.. Because of this,
a stronger and more resilient MFO is needed to suc-
cessfully tackle this issue. Increasing the variety of
moths and flames can help avoid local optimization.
MFO is used in conjunction with a migrating and
descending curve [45] to keep track of the location of

flames and moths.

1) Migration principle

By producing a new, diverse moth population
from scratch, this method eases the burden of sifting
through a limited supply of moths. A new generation
of moths is born on the basis of the best individual
N;b. An individual’s moth gets converted into the
following in this case:

: Nib—Na.mi
Niw % eia (Namin — Nip) ifia < 3
N d.max ib
id = .
Nip+ig (Nh,max — N,-,b) otherwise

(30)

There are two random numbers in this equation:
one is called, -1,d. and the other is, -i,d. As a result,
the first selection parameters are based on this het-
erogeneous population. It is only possible to migrate
if moth ‘population density (p) is less than a toler-
ance for moth population diversity (¢1), as shown in
expression (31) of the equation for migrating.

d
an -1 D h=11z

i#+b
= 31
p TressTamne R
Where
.o | Nig—Ni
_ [

nz > & (32)

0 otherwise

Aindex of the moth diversity relative to the best
individual is denoted by. There is no end in sight to
the cycle until there is no progress in the best person.
An integer variable rerred to as “n” is used in equa-
tion (32), where “b” refers to the position of the best
moth, while “h” and “d” are the integer variables that

represent the creation of the best moths.

2) Descending curvilinear principle

This concept has been reworked in order to speed
up the process of finding the optimal answer. Moth
swarm behavior has a huge number of random states,
which means that an algorithm that is very time-
consuming is required. By switching from a linear
(21) to a curved descent updating process, the adap-
tive flame number and the algorithm’s convergence
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speed can be improved. Adaptive flames are counted
according to this new methodology.

flameno = round 33)

T
I+ ()

The pseudocode of the proposed IMFO algorithm
is detailed below.

Input: Maximal iteration number (MAXIT), Number of Control
variables (d)
Number of Moths (n), iterCount =0
Output: OptimalSolution
//Execute the following steps if (iterCount < MAXIT)

{

//Preparation phase of Moths
M(n,d)=random()
Obj(M(n))
//Preparation phase of Flames
F(n,d)=random()
Obj(F(n))
// interaction phase of Moths and flames
D=f{(FM)
// updation phase of Moths
S =f(F,M)
M=A(S)
finalM = best(M)
// Migration operation
M =f(finalM)
// limiting the flow of flames for further iterations
F={(n,LT)
iterCount = iterCount+1

Display finalM

The flowchart in Fig. 1 depicts the step-by-step
process flow of the MFO algorithm.

C. Heuristic Fuzzy

The total generation cost (TGC) and the voltage
deviation (VD) are the two objective functions to be
minimized in this problem. In order to establish a
middle, ground between these two goals, the heuris-
tic fuzzy technique has been used. A wide range of
decision-making latitude is provided by the use of
flexible membership functions with maximum and
minimum limits for each fitness function. The fuzzy
functions that have been built can be changed to better
match the needs of the issue based on the contribu-
tions of the fitness functions. Detailed explanations of
the two aim functions will be provided in subsequent
sections.

1) Membership Function for TGC

There have been suggestions that the solution’s
whole production cost be kept to a minimum. GCfac-
tor is therefore defined as the ratio of total generation

Start

‘ Function I: initialize the population of moths (M) ‘

______________________________________________________

|

| Moths search space on a logarithmic spiral path ‘

‘ Update the position of moths |

1
| Update the flames with best position obtained |

Function P

‘ Apply migration principle |

| Update the adaptive flames by curvilinear principle |

Function T: Is
termination?

Search around the
flames

} Yes
Output the global optimal solution

Fig. 1. The flow chart of the IMFO algorithm.

costs after and before optimization at a certain load
level.

Gcfactor = o~~~ (34)

In (38), the solution gets the maximum benefit for
the lower values of GCpyctor- The membership func-
tion is expressed as,

1’ GCfactor = GCmin

G Cinax —GCracior
#GC&::?’ GCmin < GCfactor < GCmax

07 Gcfactor > GCmax

Mnree =
(35)

In this work, G Cpin and G Cpax are assumed with
the values 0.5 and 1, respectively.

2)Membership Function for VD

The voltage limit at the buses is the most sensitive
operational restriction of the system when it is pow-
ered by distributed energy sources. The reduction of
bus voltage variation is being explored in conjunc-
tion with the primary goal in order to overcome this
problem. New populations cause the system’s mini-
mum bus voltage to be reached, and this voltage is
logged as VDafter in the system’s log. In order to
calculate the voltage deviation factor (VDfactor), the
voltage deviation factor (VDafter) and the minimum
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bus voltage in the initial setup are taken into account
(VDbefore) which is expressed as follows:

VD, fter

(36)
VD, before

VD factor =
The membership function for the population can
be expressed as follows,

1'05 VDfactor = VDmin

VDyax—VD factor
» fuct P VDmin < VDfactor < VDmax

MvD = VDyax—VDmin

0-07 VDfactor = VDmax

(37

In the above equation, VD, and VD« are con-
sidered as 0.05 and 0.1, respectively. The choice fuzzy
set (38) is used to find a compromise solution between
the two membership functions defined in (35) and
(37).

uD = min(uTGC, wVD) (38)

The decision fuzzy set is considered as the fitness
function for MFO, and it has been assessed with each
new arrival of the population in the MFO population.
The proposed algorithm is written in MATLAB and
executed on an Intel Core i5 processor with a clock
speed of 4.1 GHz, as shown in Fig. 1.

5. Simulation and results
A. Test system data and DGs parameters
The investigation in this work is focused on the

IEEE 33 bus RDS (Radial Distribution System),
which is depicted as a single line diagram in Fig. 2.

I
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Table 2
IEEE 33 bus system parameters
Parameters Values
Base kV 12.66 kV
Base MVA 100 MVA
Total real power loading (Pg) 3.715 MW
Total reactive power loading (Qq) 2.3 MVAR
Initial configuration real power loss (Pr,) 202.66 kW
Maximum Current Capacity of the 400 A
branches (Iy,;)

Minimum bus voltage limit (Viyin) 0.9 pu
Normally Open switches (NO’s) S33, S34, S35,

S36, and 837
Normally Closed switches (NC’s) Si to S32

Table 3
Characteristic data of PVES and WES

Parameters Definition Energy system
PVES WES
Life Time K 20 12.5
Installation Cost ($/kW) Ch 7000 2500
Depreciation Time (in years) Com 20 10
Depreciation Cost ($/kW-year) - 71292 372.57
Installed Capacity (kW) Cy 100 100

This system is made up of 37 branches, each of which
has a switch, as well as 33 buses. Table 2 has a full
overview of the system’s configuration. [32] contains
the test system’s characteristic data, as well as line
and load statistics.

In this study, it will be investigated how the impact
of WES and PVES on the reconfigurable microgrid
may be decreased. Table 2 depicts the characteris-
tics of the two energy systems under examination.
Figure 3 depicts the hour-to-hour efficiency consider-
ations for the WES and PVES. [39] is used to provide
more detailed information about energy systems.

28 i

29 30
s29 I s30 | s31

825

Substation

S3 I S4 S5 6

16

171
[siz |
S17

: 14 15
5
S10 | S11 | S12 S14 I S15 I S16

818 18 19

S19 I s20

S35

Fig. 2. Single-line diagram of IEEE 33 Bus RDS.
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Table 4
Set of switches in each zone
Zone Normally Closed Normally Open
Z) Switches (NCs) Switches (NOs)
1 {84, S5, S6, 57, S19, S20} {S33}
2 {S12, S13, S14} {S34}
3 {Ss, S9, S0, S11, S21} {835}
4 {S15, S165 517, $29, S30, S31, S32} {S36}
5 {823, S24, S25, S26, S27, S2s} {837}

The importance of RES placement in this research
is due to the fact that it involves both reconfiguration
and placement of RES in the most appropriate spot.
The identical procedure for reconfiguration operation
was used in all of the above-mentioned test cases.
The active zones must be ready before an RDS can
be updated. Given the significance of tie-switches in
the restructuring process, the active zone of a system
is defined by the number of habitually open switches
in the system. This is due to the test system’s five
tie switches, which correspond to active zones in the
simulation. This is due to the test system’s five tie
switches, which correspond to active zones in the
simulation. When the five distinct zones are seen as
solution sets, it is claimed that the number of switches
present in each zone reduces. The iterative technique,
on the other hand, may help to avoid the selection of
improbable solution sets. During the iterative phase,
the system switches are categorized based on their
position to eliminate implausible solution sets and
boost the efficiency of the optimization process [40].
Table 4 displays the complete list of switches for each
zone. In this test example, each zone is considered as
amicrogrid, resulting in a total of five microgrids that
are all linked.

B. Performance Investigation of Microgrid with
the Presence of WES

The performance of a microgrid in the presence of
only WES in the RDS was evaluated in this test sce-
nario, and the findings were determined to be good.
The research ised on the assumption that only five
WES are permitted to join to the microgrid. As a
result, the proposed hybrid technique preserves five
variables for reconfiguration and another five vari-
ables for identifying the optimal position of WES
within the microgrid. As a result, a total of 10 con-
trol variables and their cresponding ranges are used
for optimal searching via IMFO, with fuzzy deci-
sion set (39) serving as the fitness function. Using
the provided approach, 50 iterations and 50 popu-
lations are performed. Following a successful test,
bus numbers 31 and 32 were selected as the best
locations for WES installation. The ideal configu-
ration’s recognized NOs are S7, S9, S14, S32, and
S37. The convergence characteristics of the firefly
algorithm (FFA) [33] and particle swarm optimiza-
tion (PSO) [37] are compared with the classical and
improved MFO to assess the utility of the suggested
approach when the algorithms are run with the same
iteration and population values. The convergence of
the researched objectives, such as TGC and VD, is
depicted separately in Figs. 4 and 5. The figures
show that the proposed method reaches the opti-
mum solution after 29 iterations, displaying better
convergence than other two algorithms and classical
MFO. Furthermore, it has arrived at a solution that
is extremely close to optimal by the 20th iteration.
More specifically Fig. 4 reveals that the IMFO gener-
ates the best solution of 194.68%/hr, which is superior

EWES EPVES

it

S
P

% Efficiency
=
1]

0.2
0.1
0
1 2 3 4 5 6

7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Hours of a day

Fig. 3. Percentage efficiency of ES in a day.
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Fig. 5. Convergence of the Different Algorithms for VD.

to the results produced by the FFA of 205.32$/hr, the
PSO of 204.83%/hr, and the CMFO of 201.64$/hr. In
terms of the voltage deviation index, Fig. 5 shows
that IMFO outperforms the other three algorithms,
including CMFO.

C. Performance Investigation of Microgrid with
the Presence of PVES

This test case is run under the assumption that
PVES are present in the microgrid under examina-
tion. Only five PVES were available for electricity
generation, as was the situation in the previous test
instance. The same boundary conditions as in the
previous case are utilized to optimize the hybrid
approach as in the previous example. Table 3 summa-
rizes the features that set the PVES apart from other
systems. Following the successful implementation of
the suggested approach, the optimum solution was
determined on the process’s 33rd iteration. The PVES
microgrid findings have been compiled. The power
loss of the system is decreased from 202.66 kW to

108.67 kW, with a total generation cost of 235.06$/hr
and a minimum bus voltage of 0.9476 observed at
bus 32. The ideal PVES position and configuration
are the same as in the previous scenario. The bus
voltages and branch currents produced from the best
design are compared to those obtained from the other
system configurations, as shown in Figs. 9 and 10 of
the system. As seen in the figures, the bus voltages
are higher and the branch current loading is lower in
contrast to the other two designs.

D. Performance Investigation of Microgrid with
varying DG penetration

In this section, the electrical and nonelectrical fea-
tures of DGs were examined by altering the number
of WES and PVES between 1 and 10 independently.
Iteration and population values are set to 50 and 50,
respectively, to achieve the same results under the
same conditions. For comparison, a simulated result
with and without DG deployment is provided.
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1) WES with varying DG penetration

As depicted in Fig. 3, the WESs are uncontrollable
generation units that are highly reliant on environ-
mental circumstances, and the model employed in
this study is assumed to operate at rated power of
0.01 MW/h throughout the time zone 9 on the graph.
Table 5 shows the greatest results achieved by inte-
grating various numbers of WES.

As shown in Table 5, the system configuration
remained steady as the number of WES users rose.
The cost of power generation is progressively rising
from 169.60 $/hr to 186.34 $/hr due to high installa-
tion and maintenance expenses; however, the power
transmission loss is decreased by 41.33 percent to
81.86 kW/hr, and the minimum bus voltage is raised
to 0.9508 pu. Most importantly, the system’s emis-
sions are greatly decreased as aresult of WES’s rising
contribution to power production.

2) PVES with varying DG penetration

This research is carried out with varied quanti-
ties of PVES penetration in the system, as shown in
the figure. PVESs, like wind turbines, are volatile
generating units that are heavily influenced by envi-
ronmental conditions. Because of the ease with which
this may be accomplished, we will assume that the
rated power of the PVES is 0.1 MW/hr and that it
operates in time zone 9 of the characteristics graph
shown in Fig. 3. Table 6 displays the simulated con-
sequences for various amounts of PVES penetration
based on the simulation parameters.

Table 6 shows how goal values have changed
over time as the number of PVESs deployed has
increased. PVES has not resulted in a significant
change in the system configuration, as it did with
WES. The cost of energy production has increased
by 43.56 percent to 243.4775 dollars per hour, while
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Table 5
Optimal solution under increasing WES penetration
No. of WES Optimal Configuration Total Cost in $/hr Power Loss in kW Min Voltage in pu. Bus Number
0 7.9,14,32,37 169.60 139.54 0.9378 31
1 7,9,14,31,37 171.16 131.40 0.9317 31
2 7.9,14,31,37 172.68 122.11 0.9391 31
3 7,9,14,31,37 174.28 114.49 0.9466 31
4 7.9,14,31,37 176.02 110.29 0.9471 31
5 7,9,14,30,37 177.65 103.56 0.9409 30
6 7,9,14,30,37 179.32 97.63 0.9480 30
7 7,9,14,30,37 181.10 94.30 0.9431 30
8 7,10,14,28,30 182.89 91.23 0.9447 30
9 7,9,14,30,37 184.57 85.45 0.9529 30
10 7,9,14,30,37 186.34 81.87 0.9508 30
Table 6
Optimal solution under increasing PVES penetration
No. of WES Optimal Configuration Total Cost in $/hr Power Loss in kW Min Voltage in pu. Bus Number
0 7.9,14,32,37 169.60 139.54 0.9378 31
1 7,9,14,31,37 176.87 131.40 0.9317 31
2 7,9,14,31,37 184.10 122.11 0.9391 31
3 7.9,14,31,37 191.39 114.49 0.9466 31
4 7,9,14,31,37 198.77 108.61 0.9503 30
5 7.9,14,31,37 206.23 104.69 0.9518 30
6 7,9,14,30,37 221.04 94.29 0.9477 30
7 7,10,14,31,37 221.07 94.88 0.9545 30
8 7,10,14,30,37 228.42 88.46 0.9500 30
9 7,10,14,28,30 235.92 85.54 0.9530 30
10 7,10,14,31,37 243.47 83.58 0.9544 31

the power transmission loss has decreased by 40.10
percent to 83.58 kW/hr, and the minimum bus volt-
age has improved to 0.9544 volts per hour, according
to objective data. PVES integration, like WES inte-
gration, has a significant influence on emissions
reduction, with a decrease of 27.40 percent.

E. Performance Investigation of Microgrid with
the Presence of WES and PVES

The purpose of this test scenario is to determine
the capacity of various combinations of WES and
PVES to generate energy while a total of five ES
are limited for power production. An optimization
was performed using the provided technique with a
population size of 50 and a maximum number of iter-
ations of 100. The equivalent efficiency of WES and
PVES in a given hour under a variety of load demands
throughout the day is considered in this research.
The suggested hybrid algorithm finds the optimal
solution for all feasible combinations of situations.
Under a range of load circumstances, the best results
are obtained with various combinations of WES and
PVES. Figures 8, 9, and 10 illustrate the microgrid’s
actual power loss, the microgrid’s overall manufac-
turing cost, and the microgrid’s minimal bus voltage,

respectively. The investigations yielded the following
conclusions:

a. When the number of WES is increased, the over-
all system generation cost and real power loss
decrease, as the generation cost of WES is less
than that of PVES, resulting in a decrease in
both.

b. PVES generates no electricity for around 12
hours per day and reaches a power generation
efficiency of more than 25% for only 8 hours
per day. PVES, on the other hand, would fare
better in the warmer months than WES.

c. When the WES’s daily efficiency is compared
to the PVES’s, the WES is more efficient.

d. PVES, on the other hand, can be installed
everywhere because it is not subject to any
unique environmental requirements, whereas
WES installation is restricted to locations with
an appropriate wind velocity.

F. Hybrid PV-DE and WES-DE integrated with
microgrid

As demonstrated by the previous cases, the effi-
ciency of the RES is considered a major issue when it
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is linked to the microgrid. Only 25% of the day is used
by PVES, which means that it is powerless for about
12 hours a day. Summertime PVES would be far more
efficient than wintertime WES. It is necessary for
the installation to have an appropriate wind speed
at all times of the day in order to meet WES require-
ments. Despite the fact that the RES are installed in
the best possible locations, their overall delivery per-

formance is below par. Because of climate change
and depletion of traditional energy sources, renew-
able energy is the best option. RES’s advantages as
a performance enhancer have been preserved thanks
to these factors. A large number of studies involv-
ing hybrid DGs have been completed recently. The
hybrid DG consists of controllable DGs and renew-
able energy sources, and it ensures a steady power
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supply at the Point of Common Coupling (PCC).
The use of controlled DGs is necessary when the
supply of renewable energy sources (RES) cannot
keep up with the rising demand. Controllable DGs
can improve the RES’s performance in this manner.
Installed RES capacity determines which controlled
DG is most appropriate for a given situation. Diesel
Engines (DEs) are considered to be hybrids in this
study. In order to estimate the total generating cost
of the hybrid DGs, the DE’s generation cost is taken
from [40]. RESs are swapped out for hybrid DGs in
this scenario in order to see if there is a noticeable

increase in performance. Replacement ensures that
the hybrid DG provides 100kW of power genera-
tion every day, regardless of the performance of the
RES. Studies on the cost co-efficient of hybrid DG
can be found in [42] and [43]. It’s easier to compare
the two possible combinations of DGs studied in the
preceding example with hybrid DGs. The proposed
method employs the same boundary conditions as the
previous example.

Based on a 24-hour variable load, the implemen-
tation is designed to minimize bus voltage deviation
while minimizing power loss. Variable load situations
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ensure that the best compromise solution is found. To
see if hybrid DGs really do provide a performance
boost, researchers compared the data from all of the
different scenarios. One of the most important ben-
efits of using hybrid distributed generation (DG) on
the grid is an increase in DG penetration. Because
of increased penetration of DGs, the microgrid’s per-
formance has been enhanced. It is shown in Fig. 11
that over the course of a day, the final configuration
achieved by the various examples loses power. It is
best to replace RES with hybrid DGs, which have the
lowest power loss at all times of day. Furthermore,
even in the most ideal setups, the RES’s low delivery
performance renders all of the remaining situations
pointless. Figure 12 compares the various scenarios’
total production costs. An interconnected microgrid
reduces the total generating cost significantly when
using hybrid DGs. Hybrid WES costs less to produce
than hybrid PVES, but this can be reversed for larger
plants. A secondary objective of this research is to
determine how to reduce the total cost of microgrid
emissions while still addressing global warming con-
cerns, which is impossible to do without using hybrid
DGs.

5. Conclusion and future work

Reconfiguration and placement of DGs in the
microgrid will be implemented simultaneously as
part of the proposed work. The problem has been
developed by taking into consideration two crit-
ical objectives: minimizing generation costs and
minimizing voltage deviations. The operational con-
straints of the microgrid and DGs are considered
when solving the optimization problem. Incorpo-
rating the principles of migrating and descending
curves into MFO enhances its search capabilities.

Heuristic fuzzy has been integrated to convert multi-
objective optimization problems to single-objective
optimization problems in conjunction with IMFO.
The realistic characteristics of the microgrid and DGs
are used in the analysis to make it more effective.
In addition, four case studies examine the impact of
PVES and WES integration into microgrids. Hybrid
DGs were also studied for their potential to improve
performance. The PVES and WES case studies
yielded a slew of interesting findings. The investi-
gation reveals that in order for the overall system
generation cost and real power loss to be reduced,
the number of WES customers has to increase. It cost
169.60 $/hr more to install and maintain WES than
it did to run it, but transmission losses were cut by
41.33 % and bus voltage was raised to 0.9508 pu. Fur-
thermore, it is clear from the simulation results that
using this approach yields better results than using
the current methods. In addition, the analysis looked
at various combinations of DGs in order to find the
best possible DG combination. The value of hybrid
DGs over stand-alone DGs was realized most impor-
tantly. We can also compare the relative performance
advantages of WES and PVES using the next day’s
predicted daily load curve and the predicted daily
power generation curves for both systems. This study
can make use of the seasonally variable annual antici-
pated power generation from WES and PVES. When
non-linear loads are connected, the current research
can be extended to consider power quality constraints.
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