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Abstract

Optimization encourages the economical and efficient operation of the electrical system. Most power system problems are
nonlinear and nonconvex, and they frequently ask for the optimization of two or more diametrically opposed objectives.
The numerical optimization revolution led to the introduction of numerous evolutionary algorithms (EAs). Most of these
methods sidestep the problems of early convergence by searching the universe for the ideal. Because the field of EA is
evolving, it may be necessary to reevaluate the usage of new algorithms to solve optimization problems involving power
systems. The introduction of renewable energy sources into the smart grid of the present enables the emergence of novel
optimization problems with an abundance of new variables. This study's primary purpose is to apply state-of-the-art
variations of the differential evolution (DE) algorithm for single-objective optimization and selected evolutionary
algorithms for multi-objective optimization issues in power systems. In this investigation, we employ the recently created
metaheuristic algorithm known as the moth flow optimizer (MFO), which allows us to answer all five of the optimal
power flow (OPF) difficulty objective functions: (1) reducing the cost of power generation (including stochastic solar and
thermal power generation), (2) diminished power, (3) voltage variation, (4) emissions, and (5) reducing both the cost of
power generating and emissions. Compared to the lowest figures provided by comparable approaches, MFQO's cost of
power production for IEEE-30 and IEEE-57 bus architectures is $888.7248 per hour and $31121.85 per hour,
respectively. This results in hourly cost savings between 1.23% and 1.92%. According to the facts, MFO is superior to the
other algorithms and might be utilized to address the OPF problem.

Keywords
Multi-objective economic-environmental power dispatch (MOEED), Probability density functions (PDFs), Combined cost
and emission minimization, Success history-based adaptation technique of differential evolution (SHADE).

1.Introduction The OPF computation has numerous applications,

Numerous generating units, load locations, and tens including power systems, real-time control,
of thousands of buses contribute to the vastness and operational planning, and problems [1].

integration of today's electrical networks. Many
different solutions have been put up to deal with
issues relating to optimal power flow (OPF). In a

OPF is used by a lot of modern energy management
systems (EMS). With increasing power system scale

typical power flow, the values of the control variables
are given. A set goal can only be enhanced
(minimized or maximized) in the event that all or
some of the control variables in an OPF are
understood.
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and interconnection complexity, OPF is becoming
more important [2] in a neural network. The OPF
should, for instance, help with deregulation
transactions or make suggestions regarding the type
of reinforcement that is required. An improvement in
the utilization of an existing asset (such as generating
or transmitting) or the provision of a less expensive
substitute for the construction of new facilities is
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referred to as a control option. It minimizes an
objective function constrained by equality and
inequality through a first-order gradient approach.
Solution approaches were despised because they
required more computer resources than typical power
flow processes. The next generation OPF has been
upgraded since power system management or
planning needs to know the limit, the cost of
electricity, the incentive for adding units, and the
construction of transmission networks for a specific
load entity. The demand for an OPF tool to evaluate
the situation and recommend corrective actions for
both offline and online research has grown since the
first OPF study was published in the 1960s. The need
for OPF to manage challenges in the current
deregulated industry as well as unresolved concerns
in the vertically integrated business has made it more
difficult to evaluate the potential and talents of the
existing OPF. In 1981, Happ [3] released the first
comprehensive study on optimal power dispatch, and
Fioretto et al. [4] quickly followed. A bibliographical
analysis of the most important economic-security
functions and absolute loss approximations [5] was
published in 2018. There are two types of problem-
solving strategies: traditional (classical) approaches
and innovative solutions. OPF has often been
successfully fought utilizing standard techniques. In
recent years, a detailed investigation has been
conducted into the use of these technologies.
Conventional techniques based on the ideas of
mathematical programming can be used to handle
OPF problems of various sizes. To be able to fulfill
the demands of several goal functions, application
kinds, and limitations, traditional classical methods
are further categorized into the following categories:
Methodologies such as the customized sequential
quadratic programming [6], the gradient method [7],
genetic algorithm method [8-11] and particle swarm
optimization (PSO) [12-14], are some examples of
the available methods. In recent years, new strategies
that are backed by artificial intelligence (Al) have
been made with the goal of fixing problems with
analytical techniques. Artificial neural networks
(ANN) [15], ant colony algorithm [16-19], fuzzy
logic [20], multiobjective optimization [21, 22], a
flexible alternating current transmission system
(FACTS) [23], quadratic programming [24], interior
point optimization [25, 26], and locational electricity
[27] are some of the methods discussed. The fact that
intelligent procedures may frequently adjust to a wide
array of qualitative restrictions is the primary benefit
offered by these methods. These methods allow for
the presentation of several potentially optimal options
within a single simulation. OPF is becoming
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increasingly important as the number and
sophistication of power system interconnections
continue to increase. Since time immemorial, people
have held the opinion that determining the optimal
flow of power while using traditional (thermal)
generators possesses non-linear limitations and is a
difficult non-linear issue. The fact that breeze and
cosmic energy exist in the sporadic origin of power
makes the situation more difficult. This article
explains how to maximize power flow in a system
that combines traditional thermal power with the
variable breeze and cosmic as examples of energy
sources. The Weibull and lognormal probability
density function (PDF) are utilized in the process of
energy forecasting for wind and solar energy
subsequently.

In the target consequence, both the conserved price of
overestimating intermittent renewable sources and
the penalty cost of underestimating those sources are
taken into account. The emission component is also
addressed in the objectives of the case study [28].
Wind turbines (WT) and solar (also known as
photovoltaic (PV) energy provide the greatest
challenge when it comes to integrating them as a
result of the unpredictable environment of their
achievement. The majority of wind, including solar-
producing plants, are privately owned and operated
by their own companies. Power purchase agreements
(PPASs) are negotiated between the grid/ independent
system operator (ISO) and the companies in question
(scheduled power). However, on rare occasions, in
light of the variable output of numerous sustainable
power sources, the energy production may exceed
expectations, leading to an underestimate of the
capacity that is actually available. This can occur
when there is a surplus of renewable energy sources.
If more electricity is not utilized, the fee will be
covered by ISO. An overestimation occurs when the
power that is generated is lower than the power that
was forecasted. When adopting 1SO, you will need a
spinning reserve in order to cut down on the amount
of power that is consumed, which will make the
system's maintenance expenses higher. The OPF
objective function that is given below takes into
account all of the associated expenses, including
those associated with the production of thermal
power units as well as the costs of using sustainable
energy directly, penalty, and in reserves. The Weibull
PDF is utilized to simulate the distribution of wind
speed, whereas the lognormal PDF is utilized to
simulate the distribution of solar irradiance. This
study revises the IEEE-30 bus and IEEE-57 bus
systems so that they may manage renewable energy
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sources like wind and solar electricity. The cost of

production is brought down, and an investigation into

the most efficient scheduling is carried out in
connection to alterations in reserve and penalty costs.

Thermal generators fueled by fossil fuels do not

produce harmful gases into the atmosphere, in

contrast to sustainable energy. Carbon taxes
resembling levied in several countries and are
calculated according to the number of conservatory
emissions produced. In the case studies that were
selected to explore the effect of the influence on
generator scheduling, the amount of the carbon price
was tied to the target function. In this article, the grey
wolf optimization (GWO) [29] method of optimizing
case studies is discussed. The use of fuzzy selection
allowed for an investigation of the potential effects of
the OPF issue for valve-point loading and generator
emission [30]. OPF control for a hybrid PV, gasoline
power, and battery-separated technique is depicted in

[31, 32]. It was suggested in [33, 34] that a

comparable free-standing hybrid system that includes

PV cells, WT, and diesel generators might consider

using pumped hydro storage as an option for energy

storage. Adding renewable sources of power like
solar and wind to the grid is the subject of a number
of articles that have been published. However, the
primary emphasis of these papers was placed on the
effectiveness of the generators, as well as the various
pricing strategies implemented by the 1SO as well as
the utility operator. The minute-to-minute variance of
renewable energy sources was the subject of research
that was carried out so that economic efficiency
might be improved. A diesel generator and an
optimization platform were the components that
made up the hybrid system that was described in

[35]. The shortcomings of traditional methodology

are intended to be addressed by moth flow optimizer

(MFO) techniques. Qualitative restrictions can be

accommodated using MFO algorithms. MFO

approaches provide good outcomes for multipurpose
constraint situations. In many instances, they can find
the optimal answer on a global scale.

Detailed objectives include the following:

a) The invention of an indigenous MFO design to
address the OPF issue.

b) MFOs for stochastic wind energy are incorporated
into well-known standard bus interfaces such as
IEEE 30 and IEEE 57.

c) A statistical analysis of the OPF solution, as well as
a comparison of MFO to previous versions of
metaheuristic algorithms.

d) In this study, five distinct single-objective OPF
solutions utilizing MFO are examined: cost, loss,
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voltage variation, emission, cost-effectiveness, and
carbon footprint reduction.

The main purpose of this research is to find ways to
provide continuous and cost-effective power. The rest
of the paper is structured as follows: Section 2 is a
literature review of how the OPF was set up, and
section 3 is about the methods used to solve the OPF.
In section 4, the results of the investigation are
summarized. Section 5 discussed the constraints, and
section 6 discussed the conclusion and future work.

2.Literature review

To solve the optimization issue, success history-
based adaptive differential evolution (SHADE) was
applied [36]. The probability of finding a suitable
location drops as the population of the area drops,
and the algorithm might not find any feasible
solutions at all, or it might find answers that aren't
quite as good as the ones it was looking for. Because
of this, linear success history-based adaptive
differential evolution (L-SHADE) is the primary
explore design utilized if a constraint handling (CH)
approach is required to resolve restrictions. Because
of this, it is guaranteed that the determination of the
worldwide optimum of a limited, multimodal system,
nonlinear optimization challenge will be accurate and
prompt. In order to meet operational requirements
and load demand while also lowering operating fuel
costs and pollution levels, combined economic and
emission dispatch (CEED) challenges are being
developed by MFO [37-39]. Using the moth's
modified path in a new spiral around the flame, an
updated version of the dramatist’s MFO design called
the superiority of feasible solution moth flow
optimization (SF-MFO) was introduced.
Additionally, the suggested SF-MFO has been used
to solve the CEED issue, and its performance is
compared with those of other optimization
techniques. For attaining the best economic power
dispatch solutions, the barnacles mating optimizer
[40] numerical method was studied. The technique of
large-scale PV [41], loT-based intelligent fault
detection and normalization of a power distribution
system [42], Bangladesh's future energy needs and
potential for wind power [43], performance analysis
of non-renewable energy in Bangladesh [44],
affordable clean energy transition in developing
countries [45] make use of control parameters and
gains from attributes of the MFO process. The size of
the optimization is reduced via optimal reactive
power dispatch (ORPD), radial distribution network
(RDN), control parameters, shunt capacitor (SC),
hybrid active power filter (HAPE) compared to
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discretization in the time domain, issue. Thus, the
resulting method doesn't worry about system
nonlinearities, is quick to implement, and has a lower
computing complexity. It has been used and
evaluated on two real-world issues. Results indicate
that in ideal circumstances, the approach could
generate stabilizing controls. It is advised to test it
out on SF-MFO structures for future development.
All of these studies looked at situations involving a
single target for optimization. Within the context of
the multi-objective economic environmental power
dispatch (MOEED), the current research focuses on
power distribution made possible by using relatively
small-scale generators of hydroelectric, solar, wind,
and thermal power. In this paper, a review of several
optimization techniques utilized to solve OPF
problems was conducted. The OPF technologies are
fundamentally split between traditional methods and

artificial intelligence (Al) methods. Different sizes of
OPF problems, which are mathematically grounded,
are solved using conventional approaches. The rebuilt
network is made up of thermal, breeze, and cosmic
PV generators. Energy generation from wind in
Figure 1 and solar PV in Figure 2 is flexible. Figure
1 displays the breeze velocity frequency distributions
including weibull fitting following 8000 Monte-Carlo
runs with parameters set to 9 and 2. Figure 3
indicates the valve-loading effect for dual power
generator. The consequent modifications of MFO
implementation are shown in Figure 4. All
producing outputs and reserves must be combined to
adjust power output variances. All running expenses
for the generator including dual fire generators, fines,
and reserve charges are included in the total
production costs. Examples of various parameter
settings are displayed in Tables 1 and 2.

Table 1 provides an overview relating to the IEEE-30 bus system under discussion

Elements Amount Feature

Feeders 30 [40]

Subdivide 41 [40]

Thermoelectric Turbines (TG1,TG2,TG3) 3 Feeders:1(swing),2 and 8

Wind Turbines (WG1,WG2) 2 Feeders:5 and 11

PV Solar units(SPV) 1 Feeder:13

Constant tolerant 11 Scheduled real power for five generators, including

SPV, TG1, TG2, TG3, WG1 and WG2, as well as
voltages on the bus for every generator bus (6 Nos.)

Load Connected -

283.4 MW, 126.2 MVAr

Voltage span in load Feeder 24

[0.96-1.06] p.u

Table 2 PDF characteristics pulse wind energy bus coefficients at 11

Nominal Dissemination Shortest price amount Amount of conserve price Amount of fine
capacity ($/WM) ($/MW) price ($/MW)
40 MW M=6,6=0.6 0sc=1.6 Kis=3 Kps=1.5

[ Wind distribution

Frequency

o 5 10 15 20

30

Wind speed (m/s) for wind generator at bus 11

Figure 1 Wind generator at bus 11
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A few recent articles [39, 43] have discussed the
integration of renewable energy sources such as wind
and solar into the grid. Despite this, the great
majority of these efforts focused on the utility
operator's and ISO's respective real-time scheduling
of generators for cost-effective operation. We
investigated the minute-to-minute variability of
renewable energy sources with the goal of optimizing
dispatch. The hybrid system was composed of
stochastic solar power using the barnacle’s mating
optimizer and the MATLAB optimization platform
stated in [40] for the OPF solution. Although network
restrictions are sometimes disregarded in the
economic dispatch (ED) problem, they must be met
in OPF. Furthermore, the ED problem is frequently
confused with the OPF problem, rather than the
network voltage profile and emission properties.
More research is needed to investigate OPF in a
network that includes thermal, wind, and PV
generators.

3.Methods

3.1Thermal units

Fossil fuels are used to run thermal power plants. The
equilateral [8] connection roughly reflects the
connection between gasoline expenditure ($/h) and
energy output (MW) as shown in Equation 1:

N
Feost (Prrg) = Yiloa; + biPre; + ¢iPhg +
{d;sin[e;(PI& — Pre:)1} 1)

The cost coefficients of each generator are ai, bi, ci,
di, and ei, and P+ is all available power generated by
heat-producing devices. P1g; , where is the i-th
generator's lowest power setting, Pg; is the overall
count of thermal system generators, and Nt a valve
loading impact.
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3.2Reducing the cost of renewable energy
production

When incorporating renewable energy sources into
the electrical grid, several issues must be taken into
consideration, including their erratic and sporadic
nature. In general, solar PV and wind farms are
controlled by private businesses that engage in a PPA
with an ISO. As a result, the prices incurred by such
power sources are broken down into three groups:
direct costs, reserve costs, and finally punishment
costs. Here are the straight costs of generators that
are powered by wind and solar PV [34], which are
also considered in Equations 2 and 3:

Costyi(Puci) = GwejPwe; 2
COSts,k(PSG]) = 9sekPsc 3)

Where gwei and gsgk depart direct cost factors for
the jth and kth wind power plants, respectively. In
equation 4, PWG, J, and PSG, K show how much
electricity is expected to come from wind and solar
power plants.

Costsrgpste)=COstpsc+pre)=UsepsgtOrerHs  (4)

The direct cost coefficients for solar PV, gSG, and
gHG are PHG, gSg, and gHG , respectively. It should
be highlighted that the agreed-upon 1SO-agreed-upon
anticipated power production is set, and that this
energy will be delivered feeder through cosmic PV
and mini cogeneration combined units. The element
is frequently operated at full capacity due to micro
hydro's limited capacity and volatility because
cogeneration power output varies with river flow
rate, assuming a run-of-river configuration, a
continuous head.
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Figure 3 Price curve for only one and dual fire generator[46]

The actual quantity of energy produced by the sun
and wind farms are likely to be reduced than
predicted. Figure 4 depicts the MFO implementation,
and Figure 5 depicts the modified IEEE 30. This is
characterized as power overestimation from an
unknown source, and the system operator must plan
define and classify occasions to guarantee continuous
service to almost clients. The price of allocating
reserve-producing modules [34] is inflated, even for
wind and solar power generation, as shown in
Equations 5 and 6.

Costrw;i(Pwej — Pway,j) = Kawj(Pwe.j — Pway.j)
P .
=Kgw,j fo WGJ(PWG,j = Py ) fw(Pw,j)dpw (5)

COStRsK(P scx — P Sav,k) = Kgsx X fs(P Sav,k <
PSG,K) X [Psavie < Psgx — E(Psav e < Psg k)
(6)

Where Py, stands actual for capacity available
through the jth a wind turbine (WT) Kgy; is the
reserve price factor for that plant, and fw (Pw,; )
denotes wind energy likelihood densification formula
of that plant. The definite energy output through the
kth cosmic PV station is Ps, the conserve price
factor for that plant is Kgsx , the expectation that
cosmic PV power will be less dissimilarity. Psgx is
fs(Psavk ), and the expectation that solar PV power
will be less than Psg ik 1S E(Psavk < Psek (Psavk )- In
equation 7, the following example shows how the
cost of the reserve for a combination of solar PV and
small-scale hydropower is inflated:
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CostRsy (Psyg — Psnav) = Krsu (Psug X Psnav)

= Krst X fsu (Psrav < Psug)

X [Psug — E(Pspay < P SHG()7])
Where fsy (Pspav Psye ) what likelihood there is
combined solar and small hydropower shortage
relative to Psyg and E(PspaPshc ) is anticipated that
tiny hydropower and solar electricity will fall beneath
Pshe » Kgrsy the cost elasticity of the integrated
system, Psyay the real energy produced by the same
factory, and PgyaPsuc is the likelihood of this
occurring. When power is overestimated, real
delivered power may be more than expected values,
producing surplus power. Each problem must be
solved by putting a cost fine on the problem that is
proportional to the amount of extra energy. This may
be shown in Equation 8 to the order of solar and
breeze-producing facilities, respectively:

CostPWj(PWav_j - PW(;,-) = kPwj(Pwav,j — Pwe,j =
Pwr,
KPW.}f v ](PWJ -

Pweg,j
Py ) fw(Pw ) dpw j Costps k(Ps avi — Psc ) =
Kps,k (Psavx — Psc k) (8)

In which Py, is a rated output same source of the
power wind farm, Kpy; the cost of penalties for the
jth wind power project, Kpsk is the cost-of-penalty
factor for the kth PV solar array, and fs(Psavx > Psc.k)
indicate the likelihood that renewable solar PV
energy will be more than expected. The expectation
for solar PV is given by Pspg and E(Pspay Pshg)-
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Set the number of moths and the number of max
iteration

v

Initialization (random population and moth
parameters) and get the function details
(boundaries, dimension of variables)

.| Evaluation process for the problems in hand
(integrating OPRD, ED, and ANN)

Yes | Tagging at the

Out of Bounds? N
boundaries

Generate new solution (interaction of moth and
flame process)

Y

Update the position of moths with respect to the
positions of flame

v

Store the best solution and best objectives so far

v

Maximum Iteration?

Print the best objective and best solution

Figure 4 MFO implementation

3.3Loss reduction

The second intention of OPF is shown in Equation 9
as reducing total actual transmission system power
outages, which is defined as the sum of all energy
waste [32] in the transmission network:

nl nl
Fross = Z Z Gij [VLZ + ij - ZVLVI COS(6i - 6])]
il ji
©)

In which Vi and Vj represent along transmitting and
the recipient voltages as regards buses i & j, Gij
transmitting conductance lines i-j, and nl is how
many transmissions lines in the energy system.

3.4Decrease in voltage fluctuation

Even though Equation 10 shows that the ultimate
target of OPF is to get rid of voltage changes on all
buses in the electrical system's network, this is not
how it works in practice:

Fyp = XnicalViy — 1.0] (10)
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Where nL indicate quantity of energy feeders and
VLm, which is voltage on the load feeder.

3.5Generation of electricity and emission
reductions

This objective function solely applies to thermal

power generation, which emits greenhouse gases

SOx, NOx, and CO, out into the air. The Equation 11

shows some ways to reduce emissions [37]:
nTG

Femission = Z[ai + BiPrg; + Y Phg; + weiPrad]

i=1

11)

In this case ai, Pi, yi, ®i and pi represent the
exhalation factor for the i-th generator, including the
valve loading impact lowering the power generation
and pollution. Putting in place a carbon price to
decrease emissions of greenhouse gases is the third
objective that needs to be investigated.
FCE:Fcost TG I:Emission

Where ci represents the $20 per hour carbon tax [27].

3.6Constraints

All potential OPF solutions must fulfill all equality
and inequality standards. To meet the equality
criteria, the real and reactive power Equations in 12
and 13 must be satisfied, as shown below [3]:

Pgi — Pp; — Vi 272, V[ Gyj sin(8y;) + By sin(8;)] =

0V,€ nB 12)
nB
Qci — Qpi — Vi Z Vi[G;; sin(8;;) — By; cos(6y;)]
j=1
= 0VienB
(13)

Pci and Qg; reflect active plus combative energy
output at the bus I (together with breeze and cosmic
power),Pp; and Qp; represent actual and combative
power at the feeder I, and nB represents the system's
total number of buses. Where ij is the voltage angle
that sets apart bus j from bus i. In contrast, the
functioning restraint of the energy structure
components are inequality constraint, which can be
shown by Equations 14 through 20:

PPN < Pro; < PRAY -1 NTG (14)
PRt j < Pye,j S PR&%,j =1, .....Nyg (15)
PR < Poq o < PIRAY k=1, NSG (16)
Q;né? < Qrgi < Qrgi- 1=1, Nrg (17)
QWi < Que,j < Q5 k —1,Ngg (18)
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QU™ < Q56 ; < QW% k—1,Ngg (19)
VI < Vo S VY i =1,NG (20)

Using the cost curve, this study explores the limited
zones of thermal generators. To produce consistent
results, entire thing limitations fall under the
managed flow of energy software (MATPOWER).

3.70ptimizer algorithms for different test cases
Three metaheuristic algorithms were investigated for
use in addressing the OPF issue in this article. GWO,
MFO, and SHADE are their names. They are
discussed in the sections that follow.

3.7.1MFO FOR OPF

Origin moths have about 160,000 unique species, and
their life cycles are like those of butterflies (i.e., a
moth has two phases of life: larva and adult, where it
is turned into a moth by whale). The unusual night
navigation method of moths is the most interesting
feature of their lives [47]. They have developed to fly
at night with the help of moonlight. A transverse
orientation navigation system was also used. It's a
highly efficient means of traveling for long distances
in a straight line, and this mechanism allows the moth
to do so by keeping it at a consistent angle to the
moon while it flies. Because the moon is so far away,
this mechanism ensures that the moth remains on
track. Humans may utilize a similar navigation
approach. Assume the moon is on the south side of
the sky and you want to go east. He will be able to
walk straight toward the east if he walks with the
moon on his left side. The moths do not fly forward
but rather spiral around lights. This is because the
transverse orientation strategy is only successful
when the light source is very far away (moonlight).
When moths are exposed to artificial light, they want
to keep flying at the same angle. As a result, moths
form spirals around lights.

3.7.2GWO for OPF

To reflect the wolf pack's own internal hierarchy, we
classify the wolves as either alpha, beta, delta, or
omega, with the top, second, and third rankings
members being designated as alpha, beta, and delta,
sequentially, and leftover members being classified
as omega. See Figure 5 for an explanation of how
alpha, beta, and delta regulate the GWO's search
behavior. They lead their pack members (W) to
fruitful hunting grounds. Three wolves, designated as
alpha, beta, and delta, evaluate the likely location of
process prey during the iterative search process.
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Subordinate Wolves
Advisor

Y
Scouts, Sentinels, Hunters,
Caretakers and EMers
w
Lowest Ranking Wolves

Figure 5 GWO considering OPF [29]

3.7.3SHADE for OPF

Differential evolution, which adjusts parameters
based on past performance, is used to solve the
optimization challenge. SHADE is an expert form of
DE that takes into account past values of control
parameters to inform decisions about what those
parameters should be in the future. This ensures that
the global optimums of a nonlinear optimization
problem with constraints on several variables can be
found rapidly and with high accuracy. SHADE is
utilized in conjunction with the method for managing
constraints that emphasizes the SF. Nearly all OPF
literature uses a penalty function technique to identify
restriction violations. The choice of the punishment
coefficient has an impact on this method. Small
penalty coefficients overuse the impractical region,
extending the search for workable alternatives.

4.Results
4.1A system using IEEE 30 bus with the
modifications listed below

The system is a customized version of the IEEE 30-
bus scenarios, OPF simulations, and MATLAB for
five different instances. In addition, the Pg, no-fly
zones are listed in Table 2. The pl value has been set
to 21, the MFO population to 30, and the maximum
iteration to 200. This section examines OPF-
prediction accuracy and compares it to the SF model
and one-dimensional approximation of the alternating
current (AC) model. In addition, it evaluates
numerous design decisions in depth. Data sets
experiments investigate potential models from
MATLAB, a variety of power networks (MFO,
GWO, and SHADE). The analysis focuses mostly on
the IEEE 30 and IEEE 57-feeder structure for ease of
presentation. The results, however, are consistent
across the full benchmark set. The ground truth data
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are compiled in the following manner: Various
benchmarks are developed for each network by
varying the nominal load inside a variance of 20%
consequently, the loads are sampled from the
distributions. Consequently, the resulting benchmarks
have load requirements that vary by up to 20% of
their nominal values: Many of them become
substantially more computationally difficult and
crowded than their initial counterparts. The network
value constituting the dataset entry possible and
practicable for OPF explanation by addressing the
SHADE issue. The MFO approach outperforms the
SHADE algorithm, as expected. It should be
observed that there are only a few iterations (mean of
4 outer iterations per run); nevertheless, MFO

algorithm is roughly 6 times slower than the SHADE
algorithm, as expected, since the price (processing
time) of a single SHADE solution is almost 1.5 times
higher than that of a trust region.

Case 1: Lower manufacturing expenses

The objective here is to lower the expense of
producing power using cogeneration power sources
like those described in section 2. All breeze, celestial,
cosmic PV, with a few hydro models make use of
PDF features. MFO beat other comparison algorithms
in all statistical analyses from 30 simulation runs, as
shown in Table 3. MFO had the lowest cost of
generation, 888.7248 $/h, while GWO had the
highest, 889.9486 $/h.

Table 3 Statical results used in generation cost for different algorithms

Innovation Minimum(MW) Maximum(MW) Average Standard
value(MW) deviation(MW)

SHADE 891.2346 892.6542 891.0876 1.234987

MFO 888.7248 891.1283 889.3877 0.998364

GWO 889.9486 894.0422 890.3444 2.522093

SHADE is utilized in conjunction with the method
for managing constraints that emphasizes the SF.
Nearly all OPF literature uses a penalty function
technique to identify restriction violations. The
choice of the punishment coefficient has an impact
on this method. Small penalty coefficients overuse
the impractical region, extending the search for
workable alternatives. All algorithms produced the
same operating points and succeeded in generating
the solution in Figure 6.
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Figure 6 Convergence curve for generation cost

It's noteworthy that MFO and GWO arrive at vastly
different results at $1.2238 per hour. At a rate of
$1.2238 per hour for 8760 hours of saving, a total of
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$10,720.488 would be accumulated (24 hours each
day, 365 days per year, 24x365=8760 hrs x
$1.2238=$10,720.488).

Table 4 displays all the top outcomes for state
variables and control variables from all methods.
Table 5 demonstrates that the desired outcomes of the
control variables and state variables for each
approach fall within the predetermined limitations.

Apart from the SF, which generates 65 MW, all
algorithms on thermal generator bus 2 avoided
banned operation zones. In the appendix’'s Tables Al
and A2, the control variables for the IEEE-30 and
IEEE-57 buses are displayed, respectively. This table
also shows how long it takes to compute each
algorithm. It should be noted that MFO ultimately
performed better than other tactics even though it
took more time to analyse the data. Parallel
computing also could significantly lighten the
computational load. The conclusion drawn from
Table 3 and the previous scenarios is that it's ideal for
the reversal cost to be as minimal as feasible, as in
the first three hypotheses, in which the rated power of
a wind farm is equal to the scheduled power of the
wind farm, thereby minimizing thermal unit sharing
and maximizing wind farm sharing, thereby lowering
total generation cost. The deviation of load from two
breeze units that was optimally scheduled in respect
to reserve cost variations is shown in Figure. 1. The
abbreviations and recommended method for
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resolving OPF issues are presented in Appendix I and
Table A3. The optimal projected load for the two
breeze units lowers as load increases since less
spinning reserve is required as expected. As seen in
Figure 3, thermal generators raise outputs to make up

Table 4 Optimal control variable findings for Cases 1-2

for energy farms' decreased outputs, which raises the
cost of generation. As the penalty cost increases,
Figure 6 shows that the overall cost of generating
remains relatively constant for two wind farms
operating at their rated power.

Limit Case 1 Case 2

Item Min Max GWO MFO GWO MFO

Pg2 0.00 100.00 49.89 26.24 51.90 9.56

Pg5 0.00 140.00 75.00 75.00 136.69 140.00

Pg8 0.00 100.00 34.60 35.00 97.15 100.00

Pgll 0.00 550.00 57.44 60.00 315.76 315.96

Pg13 0.00 200.00 18.29 39.24 198.28 200.00

Vgl 0.00 210.00 1.06 1.06 210.00 210.00

Vg2 0.95 1.10 1.05 1.05 1.03 1.02

Vg5 0.95 1.10 1.04 1.04 1.07 1.10

Vg8 0.95 1.10 1.10 1.10 1.02 1.02

Vgll 0.95 1.10 1.10 1.10 1.04 1.02

Vgl2 0.95 1.10 1.04 1.03 1.03 1.03

Vgl13 0.95 1.10 1.03 1.02 0.98 1.10

Vgl4 0.95 1.10 1.4 1.05 0.98 0.98

Cost($/h) 2.0108334562  1.73864886 31364.7846739117 29574.61785

Floss(MW) 2.106456965 2.07457453 20.05246417 19.68200787
Table 5 Results for case 1-2’s state variables
State variables Limit Casel Limit Case 2

Min Max MFO GWO Min Max MFO GWO
Pgl 50 200 50.86651 50.53166 0 450 376.01682 377.28608
MW MW MW MW

Qgl(Mvar) -20 150.0  -20.00000 -20.00000 -140 200 28.61165 76.82446
Qg2(Mvar) -20 60.0 21.49194 18.25091 -17 50 50.00000 50.00000
Qg5(Mvar) -30 35.0 19.80614 21.87291 -10 60 47.61349 -1.89348
Qg8(Mvar) -15 40.0 40.00000 40.00000 -8 25 12.86673 25.00000
Qgl1(Mvar) -25 30.0 30.00000 29.40358 -140 200 52.52669 57.82163
Qg13(Mvar) -20 25.0 18.29288 21.26882 -3 9 9.00000 9.00000

4.1.2 Case 2: lowering transmission loss overall

The desired function in this instance is to lower total
transmission loss. After running the load flow
program, the MATPOWER then returns the total
loss. The statistical outcomes of MFO are compared
to those of several metaheuristic techniques in Table
6. This table shows that MFO, SHADE, and GWO
are in order of decreasing loss. In terms of
consistency, MFO outperforms SHADE, as

Table 6 Minimization of total transmission loss

evidenced by highest, mean, and predictable error
values by 30 simulation trial. Figure 7 depicts a
boxplot for all algorithms in this scenario, with the
MFO and GWO attaining the lowest loss. Table 6
highlights the full optimum findings achieved.

For control variables and state variables utilizing all
methodologies. Both MFO and GWO provide closed
findings with the same loss of 7.022743 MW.

Innovation Minimum(MW) Maximum(MW) Average value(MW)  Standard deviation(MW)
SHADE 7.033887 8.001233 7.091237 0.065432
MFO 7.022743 7.188386 7.064235 0.064396
GWO 7.995548 8.103882 7.246823 0.039223
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Figure 7 Transmission loss boxplot for all algorithms

The MFO is more accurate and efficient than the
SHADE, as evidenced by a comparison of the price
of used and energy losses between the two
approaches. According to the data, the MFO is highly
effective at resolving the OPF issue by lowering
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SHADE

distribution dropping and production prices rather
than preserving network safety (potential standard
lowest and highest load restriction). Figure 8 depicts
the voltage profile for the best algorithm run in this
scenario; the range is within acceptable bounds.

12345678 910111213141516171819202122232425

=®—=GCWO =0—MFO

Figure 8 Voltage profile for IEEE 30 bus

4.1.3 Case 3: Voltage deviation has been reduced

For Case 3, reducing voltage difference is crucial
since it represents the voltage quality every bus in a
network of the electrical system. Table 7 displays the
simulation results for this situation.

MFO has been demonstrated to offer the greatest
results in terms of lowest voltage fluctuation while
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SHADE

excelling in terms of maximum, average, and SD for
lowest voltage fluctuation. Figure 9 depicts the
voltage profiles obtained by each approach at the
load buses. Most of them seem very similar, with
magnitudes between 0.98 and 1.05 p.u., with GWO
being the most efficient in minimizing voltage
volatility (0.0962 p.u.).
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Table 7 Minimization of voltage deviation

Algorithms Min(p.u) Max(p.u) Mean(p.u) Std Dev(p.u)
SHADE 0.916542 1.062775 1.046523 0.062541
MFO 0.898822 1.05105527 1.03101 0.077822
GWO 0.953718 1.082556 1.038136 0.057878
1.1
1.08
. 1.06
3 1.04
5 1.02
g 1
S 0.98
> 0.96
0.94
0.92
0.9
Bus No
=@=G\WO =@=NMFO SHADE

Figure 9 Characteristics of voltage for every algorithm

4.1.4 Case 4: emission reduction superior to that of any other method in designation of
In this instance, reducing emissions is the target the lowest, highest, mean, and predictable error. The
function. The statistical findings from 30 simulations boxplot in Figure 10 shows that MFO outperforms
run for all methodologies are presented in Table 8. others in terms of all statistical descriptors.

The performance of MFO in reducing emissions is

Table 8 shows the emissions of different algorithms

Innovation Minimum($/h) Maximum$/h) Average value($/h) Standard deviation($/h)
SHADE 1.3729425 1.410963 1.410752 0.003527
MFO 1.2405803 1.409189 1.408086 0.001542
GWO 1.392753 1.471462 1.420413 0.031498
17| ! ; ' |
+
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S
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Figure 10 Boxplot for emission
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4,15 Case 5: Cost reduction in generation and
emissions

In this situation, the aim function to be reduced is the
production cost, which includes the emission effect.
Table 9 shows the statistical results of each method
after 30 simulated attempts. MFO once more
outperformed the other algorithms in terms of the
lowest, medium, and highest costs of producing
output from 30 simulation trials.

The lowest cost per unit of production is held by
MFO (47.16332 $ per hour), followed by GWO

Table 9 Reduction of production and emissions costs

(48.6827 $ per hour). The cost difference between
MFO and GWO is $1.51938/h, which equates to a
cost reduction year of $1.51938/hx8760 h = $
13309.7688. Utilizing renewable energy sources like
wind, solar, and hydropower is encouraged by carbon
pricing. After 30 runs of algorithms, Figure 11
depicts the distribution findings obtained by all
boxplots for this situation. This graph clearly shows
that MFO surpasses other algorithms in terms of
accuracy.

Innovation Minimum($/h) Maximum($/h) Average value($/h) Standard deviation($/h)
SHADE 49.64231 52.90654 49.6579 0.924567
MFO 47.16332 51.32719 49,7018 0.921646
GWO 48.6827 49.55677 49.16828 0.327878
—_— +
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505 -
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S0 - 4
" — .
A — *
-
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Figure 11 Boxplot being cost and emission minimization

4.2 An IEEE 57-bus system that has been changed
A modified version of the IEEE-57 bus could be used
to test the system. Buses 6 and 12 feature a
combination of solar PV and mild hydropower, while
buses 9 and 12 each have a solar generator. This test
system requires 13 variables: thermal power output
on buses 2, 3, and 8; stochastic power generation
(combined solar, micro hydro, and solar and wind
generators) a voltage on each of these six power
generation buses, and a single.

The lowest and maximum values for this system's
control and state variables may be found in the
MATPOWER package's case studies folder.

4.2.1 Case 1: lowering production costs

The overall outcomes obtained by combining MFO
with the metaheuristic algorithms SHADE and GWO
are displayed in Table 10. Based on the fact that
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SHADE

MFO and SHADE got different results from the
IEEE 57 bus protocol, these two approaches have
been chosen. MFO outperformed the other two
strategies in relation to achieving the aim lowest
price for the OPF issue. MFO has lowest generation
cost at 30121.85 $/h, while GWO has the highest
generation cost at 30655.87 $/h. SHADE obtained a
comparable result to MFO, which was 30275.67 $/h.
The difference between MFO and SHADE values is
153.82 $/h, suggesting considerable cost savings of
$153.82 h x 8760 h = $ 1,338,703.2 per year.

The potential profiles at the energy feeder generated
by each technique shown in Figure 12; the bulk of
them are similar in shape and limit 0.98 to 1.05 p.u.
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Table 10 Statistic results for generation cost for different algorithms is based on this table

Innovation Minimum(MW) Maximum(MW) Average value(MW) Standard deviation(MW)
SHADE 30275.6722 32081.6722 32875.167 509.371673
MFO 30121.85 30750.98 31735.92 608.9789
GWO 30655.87 31730.35 31225.39 504.5374
1.40
1.20
= 100 (g pvuete0settted Vogr —wette™” ¥ 000990000980000
3 080 MﬂMWM
S
£ 0.60
o
> 0.40
0.20
0.00
1 3 5 7 9111315171921 23252729 31333537 3941434547 49
Bus No
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Figure 12 IEEE-57 bus voltage distribution for case 1
Analyzing the distribution results offered by all

strategies for 30 trials, Figure 13 depicts a boxplot
for this case.
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Figure 13 Box plot curve- case 1

When compared to other algorithms, this figure
reveals that SHADE and GWO have more robust
performance, but MFO has higher accuracy. Four
values—®6, 14, 22, and 26—reflecting 23 %, 50 %, 70
%, and 90 % of the earth's community, respectively,
were used to examine the effects of changing the pl
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must find a medium between exploiting the resource
and discovering new things about it. Based on the
findings of the simulation, the Pl = 21 parameters
were shown to be the most advantageous outcome for
each IEEE 30 and 57-feeder structure. This parameter
produced the highest quality outcomes when
contrasted with the other options.

4.2.2 Case 2: Less overall transmission loss

The target function in this case is to reduce
transmission loss overall. The load flow program is
conducted, and then the MATPOWER returns the
overall loss. Note that MFO achieved the best loss
reduction result according to Table 11 with 19.70055
MW. The overall flexible main and secondary
findings because of the redesigned IEEE 57-feeder
protocol that is highlighted in Tables 12 and 13. The
convergence curve is evident in Figure 14.

The IEEE 30-feeder and IEEE-57 feeder structure
were optimized using MFO approaches. According to
the data, the MFO is highly effective at resolving the
OPF issue by lowering distribution dropping and
production prices for preserving network safety
(potential standard, lowest and highest load ranges).
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Table 11 Minimization of total transmission loss

Innovation Minimum(MW) Maximum(MW)  Average value(MW) Standard deviation(MW)
SHADE 21.76092 23.80031 0.16159 24.76878
MFO 19.70055 20.66049 0.370332 20.12781
GWO 20.24059 22.23845 0.783371 20.96234
Table 12 Optimal control variable findings for Cases 1-2
Limit Case 1 Case 2
Item Min Max GWO MFO GWO MFO
Pg2 0.00 100.00 49.89 26.24 51.90 9.56
Pg5 0.00 140.00 75.00 75.00 136.69 140.00
Pg8 0.00 100.00 34.60 35.00 97.15 100.00
Pgll 0.00 550.00 57.44 60.00 315.76 315.96
Pg13 0.00 200.00 18.29 39.24 198.28 200.00
V¢l 0.00 210.00 1.06 1.06 210.00 210.00
Vg2 0.95 1.10 1.05 1.05 1.03 1.02
Vg5 0.95 1.10 1.04 1.04 1.07 1.10
Vg8 0.95 1.10 1.10 1.10 1.02 1.02
Vgll 0.95 1.10 1.10 1.10 1.04 1.02
Vgi12 0.95 1.10 1.04 1.03 1.03 1.03
Vg13 0.95 1.10 1.03 1.02 0.98 1.10
Vgl4 0.95 1.10 14 1.05 0.98 0.98
Cost($/h) 2.0108334562  1.73864886 31364.7846739117 29574.61785
Floss(MW) 2.106456965 2.07457453 20.05246417 19.68200787
Table 13 State variable results for Cases 1-2
State variables  Limit Casel Limit Case 2
Min Max MFO GWO Min Max MFO GWO
Pgl 50 200 50.86651 MW  50.53166 0 450 376.01682 377.28608 MW
MW MW
Qgl(Mvar) -20 150.0 -20.00000 -20.00000  -140 200 28.61165 76.82446
Qg2(Mvar) -20 60.0 21.49194 18.25091 -17 50 50.00000 50.00000
Qg5(Mvar) -30 35.0 19.80614 21.87291 -10 60 47.61349 -1.89348
Qg8(Mvar) -15 40.0 40.00000 40.00000 -8 25 12.86673 25.00000
Qgl1(Mvar) -25 30.0 30.00000 29.40358 -140 200 52.52669 57.82163
Qg13(Mvar) -20 25.0 18.29288 21.26882 -3 9 9.00000 9.00000
4.2.3 Case 3: decrease in voltage deviation
mor . Case 3 focuses on lowering voltage deviation because
120 )\T Srace | | it has an impact on each bus's quality of voltage and
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Figure 14 Convergence curve -case 2
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is crucial to the power system network. Table 14
displays the simulation results for this scenario.

MFO has been demonstrated to produce the lowest
voltage variation yet giving superior findings
expressed as max, mean, and std dev. The lowest
voltage deviation reduction result, which comes from
MFO, is 0.898822p.u. The load-specific voltage
profiles buses produced by all techniques for this
scenario are shown in Figure 15, the majority of
which have a similar pattern and a p.u. between 0.98
and 1.05.
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Table 14 Voltage deviation

Innovation Minimum(p.u) Maximum(p.u) Average value(p.u) Stdandard deviation(p.u)
SHADE 0.956523 1.05432 1.01982 0.065429
MFO 0.898822 1.035527 1.03101 0.077822
GWO 0.953718 1.082556 1.03813 0.057878
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Figure 15 Voltage profile for case 3

4.2.4 Case 4: Emission reduction

The target function in this scenario is to reduce
emissions. The statistical results for all approaches
after 30 simulation trials are demonstrated in Table
15. The results of lowest, highest, mean, and SD

Table 15 Methods for the reduction of emissions

emission minimization achieved using MFO are
highlighted. MFO outperforms others in terms of all
statistical descriptors, as shown by the boxplot in
Figure 16.

Innovation Minimum(t/hr) Maximum(t/hr) Average value(t/hr)  Standard deviation(t/hr)
SHADE 1.761888 1.762467 1.762134 0.000245
MFO 1.013588 1.222048 1.163162 0.086073
GWO 1.197978 1.361709 1.280448 0.065786
4.2.5 Case 5: Reducing generating costs and emissions
17f : The main desire in this situation is a price reduction,
+ that includes the emission impact. Table 16 shows the
er detailed results. MFO outperformed GWO and
15l SHADE at a cost of 248.4547 $/hr vs 281.2938 $/hr
) B . and 252.9079 $/hr, respectively. It is worth noticing
141 ! e that MFO produced a little better result than GWO in
o this scenario. The difference in results between MFO
' N and GWO is 32.8391 $/h, which equates to
I — ‘ $32.8391/h x 8760 h = $ 287670.516 cost savings per
l year.
11+ :
1l ¥ 4 . The boxplot for all strategies utilized to tackle this

Figure 16 Boxplot for case 4
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problem is shown in Figure 17.
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Table 16 Reduction of production including emissions prices

Innovation Minimum(MW) Maximum(MW) Average value(MW) Standard deviation(MW)
SHADE 252.9079 134.9079096 134.9079096 2.59032E-12
MFO 248.4547 304.7858 284.1007 22.41016
GWO 281.2938 310.1459 12.64427 297.2727
discovered when comparing techniques. The annual
ol —_ price gaining’s for the IEEE 30-feeder and IEEE 57-
l o feeder structures are estimated to be $1,338,703.2
a0 | ! and $28, 7670.516, respectively.
e S — — 5.1 Limitation to the implementation of online
5 — OPF
2 N Both study and closed-loop implementation methods
260 - l are used for online OPF applications. The OPF
+ ‘ results are offered to the express as suggestions in the
o | study process. The design of an OPF's interface with
220 | other online operations that are conducted at various
— periodicities is a significant challenge when the OPF
Hre N;::::m awe is operating in closed-loop mode. Individual use,

Figure 17 Boxplot for case 5

The SHADE and GWO algorithms do not coincide
when a uniform began or a midway location is
employed, however all methods coincide when the
first point is an initial load move colloid. The initial
step lengths of the LP iterate are too close to zero due
to insufficient  centrality,  which  prevents
convergence. The MFO algorithm converged in each
case. The MFO algorithm executes a similar amount
of outer iterations for each of its three initializations
(6 to 9 iterations).

5.Discussion

In order to address the OPF issue, this work suggests
MFO, a brand-new evolutionary-based metaheuristic
algorithm. We assessed the effectiveness of MFO in
addressing OPF issues by applying it to five different
OPF objective functions on two well-known test
systems. Cost, transmission loss, emission costs,
voltage stability, and generating costs, including
emission costs, were all factors that we examined.
Analyses of statistics and comparisons demonstrate
that MFO routinely outperforms most algorithms and
generates results that are very competitive. The
variables gSG and gHG present in equation (4) and in
(6) become more significant as the number of binding
inequalities in the ideal solution increases, and the
accuracy of the least-squares estimate declines. MFO
power production costs being IEEE 30-feeder and
IEEE 57-feeder structure are 888.7248 $/h and
31121.85 $/h, corresponding is 1.23% and 1.92% less
expensive per hour than the least expensive values
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traditional ED, real-time sequence, security analysis,
AGC, and others are a few of these features.
Emphasis should be placed on creating consistency
between these functions and static optimal solutions
generated by the OPF to lessen the disparity between
idealized and reality OPF situations. In situation 1
the best-scheduled value for two wind farms was
found to be the rated value after setting punishment
price factor (Kp) and reserve cost coefficient (Kg) to
the lowest value of 0.01 ($/kwh). It is not
unreasonably expensive to acquire electricity from
another source, regardless of how much breeze there
is generated less of the expected total. The lowest
total generation cost was achieved with an
underestimation cost of 0 (USD/hr), overestimation
cost of 69.95 ($/hr), and final production price of
888.7248 ($/hr), with wind farms contributing the
most to the power system and thermal units
contributing the least. Consistency needs the OPF to
be properly integrated and interfaced with these
functions.

The toughest demands on technology are made by
online implementations. smooth nonlinear
programming  formulations of the classic
formulations are much too hazy depictions of the
real-world issues to result in good connected
execution. Realistic operational and security
consideration modeling has advanced significantly,
but much more work is still required to build OPF-
model-based systems that will either result in
specialized tools or elements of separate power flow
analysis software intricate operational processes.
Most relevant key conditions—which must be
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fulfilled for an online OPF package to be successfully
implemented and used—uwere briefly discussed.

6.Conclusion and future work
The proposed MFO might offer an answer to the OPF
problem. The investigation into utilizing multiple-
objective metaheuristic design for multi-objective
OPF issues will be covered in more detail shortly.
Additionally, MFO obviously needs additional
processing time to provide a better response. On the
other hand, employing the parallel computing
paradigm may reduce the computational cost,
creating new chances and difficulties for MFOs to
grow going forward. The following are major areas in
which the study contributed:

Incorporate the MFO for an OPF solution for the

modification of systems powered by stochastic wind,

solar, and micro-hydro using the IEEE 30 and

IEEES7 feeders.

1) An evaluation of the MFO vs earlier metaheuristic
algorithms used in OPF solutions.

2) We believe our key contribution will be the
incorporation of MFO into OPF alongside
stochastic wind, solar, and micro-hydroelectric
power generation.

To assess the MFO algorithm's performance in big
systems, an actual 1211-feeder structure is employed.
Due to the low voltage magnitudes on some buses,
the constrained voltage limit ranges, and the absence
of shunt correction in the optimization, this system is
challenging to optimize.

Here are a few topics for further study:

1) The proposed MFO algorithms have rather static
parameter settings. To increase the dynamism in
the linked parameters, we advise combining yet
another system of MFO techniques. Reduced
transaction time is necessary for integration with
other computer technologies, such as parallel
computing.

2) To conduct an experiment to see if the MFO
algorithm outperforms random search and to
quantify how much better the MFO method
outperforms random search.

3) To solve dynamic challenges, more literature is
needed.

4) Real-world issues need to be solved by parameter
adjustment. Sadly, the investigators make no
attempt to investigate the MFO specifications.

5) More study on the theoretical side of MFO is
required for it to be more stable.
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6) To address more challenging large-scale multi-
objective optimization issues, further study is
necessary.
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Appendix |

S.No.  Abbreviation  Description

1 AC Alternating Current

2 AGC Automatic Gain Control

3 Al Artificial Intelligence

4 ANN Artificial Neural Networks

5 CEED Combined Economic and Emission
Dispatch

6 CH Constraint Handling

7 Cl Computational Intelligence

8 DE Differential Evolution

9 DED Dynamic Economic Dispatch

10 DFIG Doubly Fed Induction Generator

11 DG Distributed Generation Or Generator

12 EA Evolutionary Algorithm

13 EC Epsilon (¢) Constraint Handling
Technique

14 ED Economic Dispatch

15 EED Economic Environmental Dispatch

16 EMS Energy Management Systems

17 FACTS Flexible Alternating Current
Transmission System

18 GWO Grey Wolf Optimization

19 HAPF Hybrid Active Power Filter

20 IEEE Institute of Electrical and Electronics

Engineers

21 1ISO Independent System Operator

22 Kp Penalty Cost Coefficient

23 Kgr Reserve Cost Coefficient

24 LSHADE Linear Success History Based
Adaptive Differential Evolution

25 LP Linear Programming

26 MFO Moth Flow Optimization

27 MOEA Multi Objective  Evolutionary
Algorithm

28 MOEED Multi Objective Economic
Environmental Dispatch

29 MOOPF Multi  Objective Optimal Power
Flow

30 MOP Multi Objective  Optimization
Problem

31 OPF Optimal Power Flow

32 ORPD Optimal Reactive Power Dispatch

33 PSO Particle Swarm Optimization

34 PDF Probability Density Function

35 p.u. Per Unit

36 PPA Power Purchase Agreement

37 PV Photovoltaic

38 RDN Radial Distribution Network

39 SC Shunt Capacitor

40 SF Superiority of Feasible Solutions

41 SF-MFO Superiority of Feasible Solutions
Moth Flow Optimization

42 SHADE Success History Based Adaptive
Differential Evolution

43 SMODE Summation Based Multi Objective
Differential Evolution

44 uc Unit Commitment

45 WT Wind Turbine

Table Al control variables for case 1-5 for IEEE-30 bus- results Different cases 1-5 detail results

Limit Case 1 Case 2 Case 3 Case 4 Case 5

Ite Mi Max MF GW SHA MF GW SHA MF GW SHA MF GW SHA MF GW SHA

m n 0 O DE (©) (©) DE (©) (©) DE (©) (©) DE 0 0 DE

Pg2 0.0 100. 22 226 228 22. 328 226 22. 229 65 22. 229 56 22. 229 228
0 00 7 4 8 6 8

Pg5 0.0 140. 15 15 15 15 25 15 20 45 15 25 55 25 15 29 25
0 00

Pg8 0.0 100. 55 25 54 58 25 34 65 55 35 56 65 67 65 55 25
0 00

Pgl 0.0 550. 33 36 54 57 4 55 52 55 15 90 220 35 450 53 59

1 0 00

Pgl 0.0 200. 57 87 87 57 89 110 150 155 157 158 165 167 190 185 97

3 0 00

Vg 0.0 210. 65 56 75 86 68 202 25 54 36 195 175 109 190 187 173

1 0 00

Vg 09 110 .99 .98 .96 .97 1 1.1 .98 .99 1 1.1 1.1 .98 1 1.1 .99

2 5

Vg 09 110 11 .98 .97 1.1 1.1 1 .99 .98 .98 1 1.1 1 1.1 1 1.1

5 5

Vg 09 110 .98 .96 .98 .99 .99 11 11 11 .98 1 11 1 .98 1 .96

8 5

Vg 09 110 .97 .99 .99 .98 .98 1 1 1 .98 .99 .98 .98 .99 1.1 .98

11 5

Vg 09 110 .99 .98 1.1 .96 1.1 1.1 1.1 1.1 .99 .99 .98 .98 .99 1.1 1.1

12 5
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Vg 09 110 1 .96 1 .98 1 1 1.1 1 11 1 1.1 11 1 11 1

13 5

Teo 09 11 1 1.1 1.1 1.1 .9 1.1 9 1.1 1 1 1.1 1

Tex 09 11 1.1 .9 1.0 1.1 .98 9 1.1 1 11 9 1 11 9 11 1

0

T, 09 11 1 1.1 11 9 1.1 9 1 1.1 11 9 1 1.1 1.1 11 11

2

T, 09 11 1.1 .9 9 1 9 1 1.1 .9 1 1.1 .9 9 9 1.1 11

27

Qo O 5 5 1 0 5 0 5 0 5 0 5 0 5 0 5 0

Quaz O 5 0 5 1 5 5 1 0 5 0 5 0 1 5 1 0

Qus O 5 0 5 5 4 5 2 5 3 5 4 0 1 4 3 0

Qu O 5 0 3 3 5 5 3 3 5 3 3 3 1 5 3 3

Qo O 5 0 4 3 5 3 5 5 3 5 5 5 5 4 5 5

Qu O 5 0 5 0 5 0 5 5 0 5 0 5 0 5 0 5

Qw2 O 5 5 4 3 4 2 4 5 2 4 3 4 3 4 5 3

Qe O 5 5 4 4 3 5 4 5 5 5 4 5 4 2 3 5

Qu O 5 5 3 2 3 4 5 4 5 2 5 4 2 5 3 2

Fuel Valve 888 889. 8912 898 899. 8962 887 888. 899.2 898 883. 8982 896 885. 897.2

Cost($/h) 7 9 7 9 7 9 7 9 7 9

Qqen($/h) 19. 212 203 18. 222 213 23. 252 26.3 24, 252 243 20. 26.2 243
0 0 0 0 0

Woeencost($/h) 247 245, 2542 256 275. 257.2 277 285, 2742 247 285. 2642 277 265. 259.2
7 3 7 3 7 3 7 3 7 3

Ploss(MW) 7 79 7 7 77 7 7 76 7 7 73 7 7 75 7

Grestvatur($/h) 782 783 785 786 787 788 786 787 775 772 793 795 772 783 785
.6 .6 .6 .6 .6

Femission(ton/h) 12 13 13 16 16 15 1.7 18 18 15 13 17 16 18 17

Computation 81. 787 773 85. 887 873 86. 98.7 783 86. 887 873 86. 747 783

time(s) 5 5 5 5 5

Table A2 Control variables for case 1-5 for IEEE-57 bus- results

Limit Case 1 Case 2 Case 3 Case 4 Case 5

Ite M Ma MF GW SHA MF GW SHA MF GW SHA MF GW SHA MF GW SHA

m in X O O DE (0] (0] DE O O DE O O DE O O DE

Pg 0. 100 227 226 228 224 56.8 526 828 729 65 926 829 56 228 829 228

2 00 .00

Pg 0. 140 15 15 15 15 25 15 20 65 15 65 55 75 65 59 25

5 00 .00

Pg 0. 100 55 25 54 58 25 34 65 55 35 56 65 67 65 55 25

8 00 .00

Pg 0. 550 37 36 54 57 4 55 52 55 15 90 220 35 450 53 59

11 00 .00

Pg 0. 200 57 43 87 57 89 110 150 155 157 158 165 167 190 185 97

13 00 .00

Vg O. 210 65 56 75 86 68 202 25 54 36 195 175 109 190 187 173

1 00 .00

Vg 0. 11 .99 .98 .96 .97 1 1.1 .98 .99 1 1.1 1.1 .98 1 1.1 .99

2 95 0

vg 0 11 11 .98 .97 1.1 1.1 1 .99 .98 .98 1 1.1 1 1.1 1 1.1

5 95 0

Vg 0. 11 .98 .96 .98 .99 .99 1.1 11 11 .98 1 1.1 1 .98 1 .96

8 95 0

Vg 0. 11 97 .99 .99 .98 .98 1 1 1 .98 .99 .98 .98 .99 1.1 .98

11 95 0

Vg 0. 11 .99 .98 1.1 .96 1.1 1.1 1.1 1.1 .99 .99 .98 .98 .99 1.1 1.1

12 95 0

vg 0. 11 1 .96 1 .98 1 1 1.1 1 1.1 1 1.1 1.1 1 1.1 1

13 95 0
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Teo 0. 11 1 1.1 1 9 11 .9 119 1.1 9 1.1 1 1 11 1
9
Tex 0. 11 11 9 1.0 11 98 .9 1.1 1 1.1 9 1 1.1 9 1.1 1
9
0
Toe 0. 11 1 1.1 11 9 11 .9 1 1.1 11 9 1 1.1 1.1 11 11
9
2
T 0 11 11 9 9 1 9 1 11 9 1 11 .9 9 9 1.1 11
9
27
Qu 0 5 5 1 0 5 0 5 0 5 0 5 0 5 0 5 0
0
Qu 0 5 0 5 1 5 5 1 0 5 0 5 0 1 5 1 0
2
Qu 0 5 0 5 5 4 5 2 5 3 5 4 0 1 4 3 0
5
Qu 0 5 0 3 3 5 5 3 3 5 3 3 3 1 5 3 3
7
Q: 0 5 0 4 3 5 3 5 5 3 5 5 5 5 4 5 5
0
Q: 0 5 0 5 0 5 0 5 5 0 5 0 5 0 5 0 5
1
Q. 0 5 5 4 3 4 2 4 5 2 4 3 4 3 4 5 3
3
Q. 0 5 5 4 4 3 5 4 5 5 5 4 5 4 2 3 5
4
Q. 0 5 5 3 2 3 4 5 4 5 2 5 4 2 5 3 2
9
Fuel Valve 3000 3010 3020 3020 3004 3050 3005 3020 3000 3040 3050 3010 3060 3060 3080
Cost($/h) 99 99 99 99 99 99 99 99 99 99 99 99 99 99 99
Qgen($/h) 119.  121. 120. 118. 212. 211. 223. 245. 266. 244, 235. 234, 240. 262. 244
0 2 3 0 2 3 0 2 3 0 2 3 0 2 3
Woencost($/h) 247. 245, 254, 256. 275. 257. 277. 285. 274 247. 285. 264. 277. 265. 259.
7 3 2 7 3 2 7 3 2 7 3 2 7 3 2
Pross(MW) 21 19 22 23 24 22 23 25 21 26 27 22 7 21 22
Goestvaur($/h) 1782 1783 1785 1786 1787 1788 1786 1787 1775 1772 1793 1795 1772 1783 785
6 6 6 6 6
Femission(ton/h) 1.7 14 15 18 17 185 16 18 19 17 18 18 19 18 17
Computation 181. 178 177. 185, 188. 187. 186. 198. 178. 186. 188. 187. 186. 174. 783
time(s) 5 7 3 5 7 3 5 7 3 5 7 3 5 7

Table A3 The ideal way to handle OPF problems

Function objective to be optimized

Suitable methods

Reason to use that method

Economic dispatch

EMS

Rapid method

ED with irregular cost functions

LP

Non-linear difficulty

Reactive power enhancement

Al,SF

Accurate procedures

The optimal placement of OPF devices

EMS,SF

Multipurpose nonlinear problem

OPF security restrictions

SF,LP

Consistent convergence

Congestion Management

SF

Multi objective nonlinear problem

Social fortun

e

SF,Al

Multidimensional nonlinear issue
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