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The purpose of this research is to provide power grid energy efficiency solutions. In this
paper, a comprehensive review and its optimal solution is proposed considering the
various challenges of smart grid demand-side management. The main technique is based
on a novel idea in the Smart Grid—demand response optimization which enables
autonomous energy management on the demand side for a wide variety of customers.
The first section of this research examines the smart grid issue and evaluates the state-of-
the-art load management techniques in terms of the work’s scope. The demand-side load
management architecture consists of three primary levels, two of them in line planning and
low-cost scheduling, while the third layer, demand response which is a significant
expansion of this domain. The implementation of the proposed architecture in
MATLAB/Simulink, with test results. demonstrating the significance of the proposed
solution

Keywords: energy management, smart grid, scheduling, load management, optimization, demand side
managemant, energy efficiency

1 INTRODUCTION

This work aims to optimize the smart grid demand side, a development technology that influences
the electrical grid structure by combining contemporary communications technologies. Coal and
nuclear power generation in several EU and US countries [2011 Commission), Simon and Belles
(2009)] provide the bulk, but regulatory and grid exchange equates to high-speed absorption (Reddy
and Manohar, 2018). Increased global energy use, fossil fuel speculation, and global warming have all
contributed to a surge in interest in renewable energy during the last 2 decades. (Khan et al., 2017;
Kotsampopoulos et al., 2019). However, energy sources such as wind and solar energy have inherent
instability that might compromise the stability of the system by accounting for a sizable portion of
overall output. To ensure energy supply and distribution in the twenty-first century, scientists and
several businesses are working to modernize power grid resources and network technology. The
utilities, transportation, and distribution businesses, consumers, equipment manufacturers, service
providers, and power traders are all significant stakeholders in the electrical systems business.
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(Gunduz and Das, 2019; Hossain et al., 2019). Solar and wind
generation are not yet substantial enough to ensure network
stability, but structural and technical changes will be required
over the next decade if governments pursue green energy
programs (Majzoobi and Khodaei, 2016; Shapsough et al., 2016).

This work seeks to provide an innovative vision of smart grid
usage and energy management as a tool to assist choices on
sustainable energy and energy market expenditure. The study’s
goal is to tackle the requirement of optimization challenges and
provide an independent architecture of the system for this
purpose. This study adds to the harmonization of numerous
planning and optimization approaches to benefit from the time-
scale separation of home energy demand. In this scenario, the
architecture is layered, with distinct time scales and regulations in
each module. The system consists of three primary layers, which
proportionally address runtime, optimal scheduling and demand
for energy trading. In this manner, energy requirements may be
regulated and the environment flexible, while remaining
optimistic.

2 MATERIALS AND METHODS

2.1 An Overview of the Smart Grid
The blackout of 14 August 2003, with an estimated $7-10 billion
in consumer consequences in the North-East United States and
certain areas of Canada, was a significant incident that
highlighted worries about the stability of North American
power networks. The U.S. government recognized at that time
the need and need to update domestic energy infrastructure and
policies (Majzoobi and Khodaei, 2016; Meraj et al., 2016; Wang
et al., 2016). With the expansion of distributed power generation
and the large proportion of renewable resources, existing grids
catering to the needs of the market based on centralized carbon
production are faced with several challenges like increasing the
energy transit and quality while lowering carbon emissions.
Furthermore, user involvement in the electricity markets,
incorporation through standardization and inter-operability of
newer technologies, a high level of stability, and capital
investment in so many European Union Member States are all
important factors contributing to the formation of Smart Grids in
Europe (Abd et al., 2020). Although updating the entire grid can
be expensive, previous accomplishments in this sector have
already demonstrated its benefits. Energy can now be
produced and consumed within a single area of the grid, for
example, thanks to the integration of distributed generation (DG)
and removable energy sources (RES), allowing utilities to provide
power in the event of higher demand without improving
centralized production or growing transmission capacity
(Sgouras et al, 2014; Hu et al, 2015; Xie et al, 2019).
Nonetheless, enterprises must develop toward a new grids
design, behind which there are a plethora of various
conceivable advancements on both the hardware and software
levels to integrate technologies such as DG, RES, and PHEVSs to
enable energy conservation in the next decades (Javed and
Mugeet, 2021). The intelligent grid is a futuristic idea of
power infrastructure. describes Smart Grid functionally as a
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“electrical network that integrates all the consumers and
manufacturers’ actions for efficient, sustainable and safe
distribution of electricity.” In the same context, Schneider
Electric describes the Smart Grid as “an electrical network that
intelligently integrates the behaviour of all users linked to it -
generators, consumers and both - to supply sustainable, economic
and secure supplies of electricity effectively.” A CISCO business
case study is given more weight. (Navilgone and Thesis, 2008;
Wangand Lu, 2013; Yang et al., 2020). The smart grid is described
as “an integrated view using the information network to improve
the operation of the energy grid.” The Power Systems Perception
is an electric grid that incorporates energy production,
transmission, and distribution to meet the needs of customers.
(Zhang et al., 2011; Sindhuja and Lalitha, 2016; RAMADHAN
et al., 2017).

The functioning of such a system is enabled from the
Information System View, using a communication architecture
that connects everything from all over the grid. To make this
integration effective and efficient, control mechanisms at all levels
of the grid are required. The “Control System View,” in which the
Smart Grid might be considered a system of systems,
complements the power and information views (Liang et al,
2013; Tan et al,, 2017; Gunduz and Das, 2020). In keeping with
this viewpoint, J. McDonald emphasized that the Smart Grid is
fundamentally a control challenge, which includes (Scholar et al.,
2016; Zhang et al., 2017; Zolfaghari et al., 2019): Improvements in
the power system delivery; requirement of the optimization.

2.2 Demand Side Management

Changing demand to match supply is one method for improving
solar and wind supply. Such techniques necessitate customer-to-
service communication as well as customer-side commuting
capabilities. In this regard, building automation; Smart
measurement are two fundamental technologies that enable
demand-side load optimization.

Smart energy shipment among Smart Grid customers would
immediately deploy smart meters and benefit from an optimal
energy system at home. (capable of managing devices and doing
cost-cutting above-the-line activities). Power pricing, renewable
power options, CO2 management, and use pattern observation
are just a few of the numerous building automation applications
that may be explored. District and energy buildings will be
created with the help of distributed generation (solar, wind,
biomass, geothermal, cogeneration) and storage (batteries,
fuels, PHEVs, compressed air) (L Cui L et al., 2020; Goldsmith
et al,, 2009; Syarif et al., 2016; Yan et al.,, 2012).

2.3 Demand Response

Setting up demand to balance out the load factor during peak
hours can significantly improve efficiency in power grids and
minimize operating expenses. The demand/response technique,
in which energy prices are dynamic and consumers may alter
demand based on supply conditions, is one of the aspects of smart
grid-to-home management technology. Since the latter point has
been well researched in the literature. In (Brandstetter et al., 2015;
Rawat and Bajracharya, 2015; Minhas and Member, 2016; Wang
etal., 2019) authors provides a comprehensive list of sources. At a
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D/R market-clearing price, the energy supply is inelastic, and the
utility manages the peak formation system using a supply offering
scheme. Essentially, each client sends a supply function to the
corporation, which determines the energy price based on
consumer offers. The consumer is therefore priced and pledges
to shed or increase his use according to his offer and the energy
price (Yang et al., 2011; Shinkhede, 2014; Brandstetter et al., 2015;
Dias, 2018). This latter research reveals that a global balance that
maximizes social welfare is reached in a price-taking market.
Conversely, according to (Babar et al., 2020; J.O. Petinrin and M.
Shaaban, 2015; Peng et al,, 2019), “the system achieves a Nash
balance three unique in an oligopoly, which enables customers to
optimize another complementary and global objective function.”
A distributed D/R framework with user flexibility is provided
(Dari and Essaaidi, 2016; Sanjab et al., 2016; Gunduz and Das,
2020). A system like this is based on the proportionately fair price
(PFP) of [13] [41], and [42], which asserts that each user declares
the price of his/her flow willing to be paid per unit. Those who pay
more will obtain more capacity under this arrangement
(Kreikebaum et al., 2010; Adhikari et al,, 2017; Hong and De
Leodn, 2017). This technique is well suited to the DSM architecture
outlined in this work since power prices should be flexible for
both utilities and customers. The aforementioned Demand/
Answer scheme involves two-way communication between
clients and the utilities. However, the establishment of an AMI
is a work in which only on the hypothesis of active client
engagement, costs can be justified.

2.4 Load Management Paradigms

Since the early 1990s, researchers have been studying demand-
side load management. Wacks presented the general idea of
demand side load management for altering energy demand/
offer balance in (Monteiro et al., 2011; Miura and Wu, 2014;
Lotfietal,, 20165 Jiang, 2019). To that purpose, the energy services
have developed three types of load control systems: local control,
direct control, and distributed control. It should be noted that
they all require real-time access to utility information, in-house
computer intelligence, home automation, and power-saving
devices. Local control includes voluntary consumer
cooperation to cut load peaks by considering various energy
rates, depending on daylight (Riaz et al., 2016; Schaer et al., 2016;
Eba et al., 2020). Customers who use a lot of electricity but don’t
need it right now are advised to modify the price over time.
Although this strategy is inexpensive and simple to implement, it
may have limited success since consumers seldom understand
each device’s kilowatt-hour use and associated cost, limiting their
ability to operate their options efficiently (Ennaji and Boulmalf,
2009; Dohn, 2011; Hu et al., 2020; Rose et al., 2020). The remote
switching of forced devices is the foundation of direct control.
Following the acquisition of financial incentives, customers can
install remotely controlled switches in their home systems that, if
necessary, manage the load by disconnecting selected appliances
(Mugeet et al.,, 2019). This implies that the air conditioning is
turned on and off dependent on the outside temperature, the time
of day, and the utility demands (Motoyama et al, 2014;
Andreasson et al., 2019; Hasan et al.,, 2020; Kirakosyan et al,,
2020). Similarly, the water heater would be restricted from
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operating during the hottest hours of the day, for example.
Decentralized control is a hybrid approach that relies on
customer involvement and service communication. The utility
has the ability to change energy costs in real time based on the
energy market and system load, but the user must modify its
consumption based on its own judgments. Home automation
plays a key part in this scenario (Meier et al., 2016; Mishra and
Tiwari, 2017; Stellios et al., 2018; Ullah et al., 2020). For example,
a dishwasher like the HEM (Home Energy Manager) can provide
the user the option of running the cycle on demand or
transferring it to economic benefit for specific periods of time.
Woacks’ piece concludes by highlighting how important home
automation is for controlling the electrical demand, and how
smart gadgets should be constructed accordingly. This 1991 paper
addresses the key principles that led to smart homes and
intelligent grids today (Ye et al., 2005; Firouzi et al., 2017; Pan
and Yang, 2018; Shahab et al,, 2021).

2.5 Forecasting Energy Demand

Energy use profiling may be one of the most appealing aspects for
consumers and utilities once the connection between appliances
and home energy management is established. (N Cui N et al,
2020; Guerrero et al., 2013; Pérez-Guzmaén et al.,, 2018). In
actuality, such information would assist consumers in better
planning their household activities in light of rising energy
expenditures. It would be extremely beneficial in optimizing
energy dispatch on the utility side. Since the late 1970s, this
has been one of the most researched topics in energy
management. There are many references in this topic and this
problem seems to have been examined using totally various
methodologies, capable of illuminating different features and
providing solutions accordingly. Consumption of buildings can
be separated into electricity and thermal energy. As mentioned in
(Kreikebaum et al., 2010; Khan et al., 2017; Kotsampopoulos
etal., 2019), the forecasting process can be based on top-down or
bottom-up methodologies. The first technique leverages data
from energy providers on regional consumption to regard
users as energy sinks, whereas the second approach uses
information from the user level and advances in the modelling
process to match energy suppliers to aggregate data. Because
historical data has been combined with macroeconomic
indicators (income, oil price, etc.), peace in technological
progress, and climate, the top-down technique does not imply
that single user consumption cannot be split and anticipated. The
simplicity of this approach, which just requires aggregate data
that is widely available, is its benefit. Furthermore, past data give
the model some “inertia.” We consider the inability to capture
technology or climatic information to be more inconvenient than
the inability to infer particular user information. Despite this, this
technique provides reasonable forecasts for long-term energy
demand across vast regions. Bottom-up approaches, including
statistical and technological procedures, appear to be more
feasible (Meraj et al., 2016; Wang et al, 2016; Gunduz and
Das, 2019; Hossain et al., 2019). These approaches employ
data from individual end-users, groups of homes, or
communities to extrapolate a model for a whole area or even
a country depending on the representativeness of consumer
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groups or sub-groups used throughout the modelling process.
Statistics and engineering approaches are used in the bottom-up
approach. Statistical models use historical data to relate
household energy use to specific end applications and employ
various regression approaches. Once a link between end uses and
energy consumption has been established, the model is used to
estimate home energy consumption. Among the s are regression,
conditional demand analysis, and neural networks. Instead,
engineering approaches aim to forecast household thermal
energy consumption, equipment consumption profiles
(together with market penetration statistics for the most
common goods), and household behaviour (Navilgone and
Thesis, 2008; Wang and Lu, 2013; Motoyama et al., 2014; Hu
etal., 2020). Distributions, archetypes and samples are among the
most important ways of engineering. The archetypal approach
entails categorizing homes by era, size, style of residence, and so
on. Then data and features can be aggregated on devices to make
up the model. The more archetypes accessible, the more precise
and realistic the estimate of energy consumption for a certain
location may be (Zhang et al., 2011; Sindhuja and Lalitha, 2016;
Adhikari et al., 2017; Tan et al., 2017). Because the consumption
of each item is available, this present technology appears to be a
promising choice for increasing the capabilities of the Home
Energy Manager. Residential geometry, presence of equipment
and equipment, indoor and outdoor temperature, and occupancy
schedules are all common input data for downstream approaches.
This level of detail is an important component of the bottom-up
method, since it allows for the modelling of technological growth
in society. However, because of the irrational behaviour of
unmolded families, the bottom-up method may be so exact
that the building’s energy requirement is underestimated. This
latest issue is the weakness and significant dependence on family
behaviour of the engineering approaches (Monteiro et al., 2011;
Miura and Wu, 2014; Scholar et al., 2016; Gunduz and Das, 2020).
An approach that disaggregates consumption data and
categorizes it by device and day type might be useful
(weekday, weekend, Sunday, etc). To that purpose, a
predictive model for energy use, based on a statistical study of
historical data, can be used for Bayesian inference. 15 consumers
15. The authors provide a behavioural model for household
energy use in (Yan et al., 2012; Guerrero et al., 2013; Rawat
and Bajracharya, 2015; Zolfaghari et al., 2019). Their approach is
more a matter of psychology than of engineering. Your study is
however helpful in explaining and interpreting measurement
data. A. Capasso presents an intriguing development of the
latter approach in (Hu et al, 2020; J.O. Petinrin and M.
Shaaban, 2015; Wang et al., 2019; Yang et al., 2011), where a
customized bottom-up approach is built The authors integrate
statistical and engineering concepts with Monte Carlo
consumption simulations to demonstrate how the model can
reasonably anticipate the family’s energy demands throughout
the day. While this analysis was conducted for the Italian energy
market, taking into consideration Italian home habits and
equipment ownership, this model may be adapted to other
countries provided the required data from surveys. Again, this
strategy can easily be combined with a planning approach for
energy management at home because HEM can provide
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information about the use of appliances, statistics and house
occupancy information, (Kumar and Bhimasingu, 2015; Dari and
Essaaidi, 2016; Peng et al, 2019; Babar et al., 2020), offers a
relevant charge pattern based on measurements to guarantee that
the user is allocated an acceptable energy pricing. This would
result in more equitable energy production, transmission, and
distribution rates. The bottom-up strategy is more appealing than
the top-down one for achieving this aim, and modelling home
habits is required. (Ahshan, 2013; Sanjab et al., 2016; Petrenko
and Makoveichuk, 2017; Gunduz and Das, 2020).

The optimum answer to energy management and peak load
problems should be Dynamic DSM in the smart grid
environment [55]. Minimizing energy costs and reducing peak
loads are the key concerns under consideration. For home
appliances planning, many optimization-based techniques are
available. PSO is one of the HEMS scheduling techniques [56, 57].
In [57], HMES based on PSOs was referred to as the future smart
grid The Binary Particle Swarm Algorithm (BPSA) is used for
energy management to reduce overall energy expenses while
taking into consideration specific limits on the use of electrical
devices: power constraints and electrical customers’ personal
lifestyle. A working time chart is provided by mathematical
calculations for appliances that meet the reduced tariffs and
power limits of end-users and providers. The utility and
consumers are linked; the utility routinely checks customer
demand and requests that appliances be turned off or delayed
when consumption exceeds the maximum limit. When demand is
low, utilities urge that end customers utilize the devices to shift
load. The operation time of the appliances has been controlled,
and an ideal timetable has been set using BPSA. 100 end-users
with 11 devices and a random operating time were taken into
account. (Firouzi et al., 2017; Hong and De Ledn, 2017; Pérez-
Guzmadn et al., 2018; Kirakosyan et al., 2020).

Considers 3 GA applications in electrical distribution,
including network layout for loss reduction, optimal safety
disposal, and priority management in distributive network
domains. The paper presents preliminary test results obtained
through the use of genuine circumstances. (Lotfi et al., 2016; Riaz
et al., 2016; Trinklein et al., 2020).

The electrical requirements of Pakistan are going to quadruple
by 2050. If adequate resources are not allocated, the country’s
energy situation would intensify. An autonomous national energy
organization is required to develop and implement long-term
strategies for indigenous regenerative resources such as
hydroelectricity, coal, nuclear, and renewables (Mugqeet et al.,
2021). It is also vital to analyze the options available for importing
energy from neighbouring nations in order to secure the
country’s future. When TAPI and IPI are compared to LNG
import possibilities, it is clear that LNG is suited for gas pipelines.
It is critical to make the most use of existing thermal power plants
and combined cycle power plants. Pakistan has a large potential
for renewable energy resources. Circular debt can be reduced by
incorporating more renewable energy into the national grid.

With the expanding trend of smart grid implementation,
Pakistan’s energy producers are searching for domestic and
international investment. This will assist utilities in managing
the electricity shortage. The existing electrical market structure is

Frontiers in Energy Research | www.frontiersin.org

May 2022 | Volume 10 | Article 861571


https://www.frontiersin.org/journals/energy-research
www.frontiersin.org
https://www.frontiersin.org/journals/energy-research#articles

Balouch et al.

unsuitable for investors due to WAPDA and KESC’s
monopolistic posture. The government should encourage
private investors to make smart grid contributions (Javed
et al, 2021). The regulation reform will make the market
more competitive and will thus establish a smart grid and
DSM environment for customers to better satisfy their
consumers in terms of cost reduction and quality services. In a
competitive market, smart grid implementation is considerably
easier than in a monopoly market, since potential buyers are able
to acquire electricity from several sources. The government
should fundamentally reform policies to enhance the
competitiveness of the power industry by promoting domestic
and foreign investment.

3 METHODOLOGY

In future energy management systems, DSM is intended to play
an essential role. This section gives a full description, comparison
and optimization approach for the planning of intelligent home
equipment. Dynamic pricing-based energy consumption
scheduling (ECS) is highlighted, with peak load reduction and
a residential decrease in energy bills by consumers. In addition,
the chapter describes domestic energy dynamic pricing,
accompanying  optimization = methodologies and  the
comparative examination of recent systems. The majority of
dynamic energy management systems are built on the
assumption that modern information, communication and
control infrastructures are available. In general, however, the
realization of the smart grid and in particular of successful DSM
still confront several hurdles.

Naturally, the energy management work is an optimization
issue in which the goal is energy consumption and user comfort,
among other things, while energy availability and device-specific
needs are regular restrictions. The next sections cover the
optimization difficulties together with case studies of certain
optimization strategies.

3.1 Optimization and Smart Appliances
Scheduling

Optimization plays an essential function in smart home planning
to smooth the load pro-file and save user costs. The task of energy
management comprises several goals and restrictions. In order to
tackle these challenges, the researchers highlighted numerous
optimization strategies. In the following sections, several relevant
strategies have been outlined, followed by a discussion of how
these strategies might be effectively applied to energy
management concerns. At the end of this chapter also a full
comparison of possible optimization approaches is offered.

3.1.1 Knapsack Problem

Knapsack is a combinatorial optimization problem that optimizes
a set of pieces, each with a mass and value. The number of items in
a collection will be chosen in such a way that the total weight is
less than or equal to the stated limit. (Mantovani et al., 2015;
Kulkarni and Thorat, 2019; Zardari et al., 2019; Ardabili et al.,

Optimal Scheduling Smart Grid Demand-Side Management
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FIGURE 1 | Basic proposed architecture of particle swarm optimization.

2020; Frequency et al., 2020; Hu et al., 2020; Ji et al., 2020; Lin
et al., 2020). In other terms, the problem with knapsack is a
problem in which several things with varied weights are presented
and the one with not more weight is chosen than a fixed one
called W. Two kinds of knapsack problems exist: 0-1 Knapsack
issue, fractional knapsack issue (Saharia et al., 2016; Wei and Hu,
2018; Riaz et al., 2019; Vigneswari et al., 2019).

If the item is taken first or not (accepted/r ejected), there are no
additional alternatives such as OFF (0) or ON, in our situation
(1). Items in fractional situations are divisible, and any fractional
value can be considered. The mathematical solution to this issue
is as follows: Assume there are n articles, Zi to Zn, where Zi has
both Viand Wi values. Xi is the number of copies of the preceding
item Zi, which must be either zero or one. W is the maximum bag
weight. The assumption is prevalent that all values have to be
non-negative.

Maximize the value of objects in the knapsack to a minimum
or equivalent weight of the knapsack capacity (W)[164There are
several algorithms that might solve the 0-1 crash problem, such
as brute strength, dynamic programming, memory functions,
gullible algorithm, branch and bound, GA, and so on [165] [166].

3.1.2 Particle Swarm Optimization

Optimization techniques characterized their ease of use, rapid
convergence and skills in solving multi-optimization issues which
are not linear and non-differential. Many evolutionary strategies
fight for the optimum answer to problems of optimization. PSO is
one of the most robust and diverse approaches (A. et al., 2016;
Tantrapon et al., 2020; Zhang et al., 2014). Kennedy and Eberhart
[88-90] devised PSO after being inspired by avian flocculation. A
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swarm of birds hunting for food in a search area can explain PSO.
During the search, each bird has a position and a speed. Every
bird’s speed and position are updated based on its position and
the position of the bird nearest to food (Karami and Guerrero-
Zapata, 2015; Lakshmanaprabu et al, 2019; Boussaad and
Boucetta, 2020).

PSO is a computer technique in which each particle is a
solution of a swarm population [25], [94-102]. Every particle
in the swarm travels in the space of search, and each particle
discovers its own experience as well as the particles around it. The
PSO algorithm’s stages are as shown in Figure 1.

James Kennedy and Eberhart hosted a classical optimization of
BPSO during the year (1995). The fitness parameters for this
Particle Swarm Optimization are determined from the (swarm)
trajectory movement of persons (particles). An n-length vector is
defined that indicates its position and a vector v that indicates its
present position (Hosseini and Shahgholian, 2017; Siva
Subramanyam Reddy et al, 2017; Ruth et al, 2019). The
velocity vector is determined using the equation shown below;

Vi, =wVi+CLR (P, - Xi)+ CZRZ(P - X;) (3.1)

i
global

R1 and R2 are the random functions, and C1 and C2 are the
training coefficients. This is the inertia weight dimension. The
following outcome can be characterized as:

(3.2)
(3.3)

W = Wipax — {(wmax - wmin) - kmax}xk
X = X+ Vi

The PSO formula remained unaffected. A logistic conversion
S(Vik) is used to achieve this amendment that is written in

) . 1
S(Vi,,) =si de(Vi, )= ——————
(Vi) = sigmod e (V) 1+exp(Vi,,)
If randaS(V),, )then: X}, ; Else X}, = 0; (3.4)

The function S (vi) is a restrictive sigmoid for achieving a new
change and rand is a quasi-quantity selected from a constant
distribution in.

1 o¢ B; &< Bjjax (3.5)
OOCPiOCPmax (36)
T,.={1,2,...,Tf} (3.7)

3.1.3 Genetic Algorithm (GA)

GA is an optimization strategy that is based on the theoretical idea
of natural evolutionary processes such as mutation, inheritance,
crossover, and selection. Non-linear issues are easily handled by
GA [106]. In GA, a population of chromosomes is created, and
each chromosome represents a solution, with the population size
determined by the difficulty of the issue. The fitness value of each
person in the population is assessed using a fitness function, and
comparatively fit chromosomes are chosen to convey information
to the next generation, as well as genetic techniques such as
mutation, selection, and crossover. Individual fitness improves
as the number of generations grows. This technique is repeated
until the best group of chromosomes according to a specific
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FIGURE 2 | General mechanism of the genetic algorithm.

criterion is found. (Mahsal Khan et al,, 2013; Teek et al., 2013;
Papamartzivanos et al., 2018; Kotyan and Vargas, 2020).

A generic algorithm, often known as a global heuristic
algorithm, predicts an ideal answer by generating different
individuals. Focused fitness function is one of the algorithm
techniques. This section discusses the basic pieces of a generic
algorithm. Figure 2 shows the general mechanism of the genetic
algorithm (Yusoff et al., 2011; Kubat, 2017; Zhang et al., 2019;
Mishra et al., 2021).

The genetic algorithm starts with a basic population of
random chromosomes containing genes with a 0s or 1s
sequence. The programme then directs people through
repetitious processes, including crossover and selection
operators, to an optimum answer. A new population is
evolving in two ways: stationary GA and generational GA
(Hong et al., 2001; Chen et al., 2015; Elngar, 2018; Kulkarni
and Thorat, 2019; Strader et al., 2020). In the former case, a
generational GA replaces one or two of the population at the same
time that it replaces all the generated humans of a generation.

The genetic algorithm defines the fitness function as a system
for rating each chromosome based on its qualification. The
allocated score is a characteristic of future replication. Because
of the problem’s reliance on the fitness function, the problem
cannot be described in the event of specific problems. Individuals
are naturally permitted to pass on to the next generation based on
their fitness. Individuals’ fate is therefore determined by their
score [105] [118]-[123].

Every successive generation produces a new generation by
adopting individuals of the present generation to cater to the
foundations of their fitness. People with better fitness ratings are
more likely to be chosen, resulting in preferred adoption of the
best answer. Most functions comprise an element that is
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stochastically designed to accommodate a small number of people
who are less suitable for maintaining diversity in the population.
Among the many selection methods, Roulette-Wheel is adopted
to differentiate proper individuals with the probability of:

_FH
Y7 Fi

Where fitness chromosomes and population size are Fi and “n.”
Each person is allocated a value between 0 and one according to
the roulette wheel.

The main step of manufacturing is the process of crossing or
reproduction. In reality, sexual reproduction mechanisms that
carry down genetic characteristics from generation to generation
are duplicated. The crossover step in the reproduction process
takes a few people as parents through the breeding process. The
process in the new population continues to grow until it reaches
the goal size. In general, there are several crossover operations,
each with its own set of goals. The simplest approach to divide
patent roles is by a single point [16] [60], [95] [124]-[129].

We discussed DSM strategies in the smart grid, including load
shedding, incentive-based DLC, and dynamic pricing-based ECS.
In the area of smart appliance scheduling, optimization
techniques such as Knap-sack, PSO, and GA have been
presented. A comparison of multiple dynamic pricing-based
ECS is offered, taking into account various criteria such as
billing mechanism, user fairness, algorithm processing times,
and so on. Analyses were performed on ten contemporary and
important ECS designs. The maximum level of fairness (73
percent) is achieved in [55], while the biggest PAR decrease
(38.1 percent) among the evaluated schemes is offered in [11]. To
manage energy usage, many DLC systems have been used These
systems are more beneficial for heavier loads with a higher
potential for peak load reduction. ECS enables more effective
DSM, particularly for residential loads, by utilizing efficient
optimization approaches while protecting customers’ privacy
and comfort. Efficient DSM methods are critical for reducing
energy use. To reap the benefits of DSM in smart grid, a variety of
technologies, including ICTs and improved control mechanisms,
are necessary. Finding adequate communication and control
infrastructure, developing DSM rules, and optimizing energy
usage are continuing research issues in smart grid efficiency
[99] [101], [106] [130]-[133].

Pi (3.8)

3.2 Residential Demand Supply

Management

Modelling the load level of the aggregator is studied. Consumer
device data is provided to the local aggregator and the aggregator
is accountable to gather and reprograming consumer devices
according to the service provider’s answer. For this model, there
are two types of dwellings (Drotar, 2000; Sahraie et al., 2015;
Kalita and Emilia, 2018; Ardabili et al., 2020; Ganesh Kumar et al.,
2020; Tigga and Garg, 2020). Houses with no DGs (n) and Houses
with no DGs (n) (m). In this proposed approach, 6.000 home
customers were divided into consumer appliance load profiles in
order to collect data and establish flexible hours when consumers
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FIGURE 3 | Rescheduling of consumer appliances.

likely to use the following equipment. Figure 3 shows the
rescheduling of the consumer appliances.

The above Figure 3 shows the step by step procedure to solve
the proposed. It is based on the search method to explore the
optimal cost during the execution. The rearrangement model is
intended for customers that use schedulable devices. Once the
individual device’s location is discovered, the procedure begins
for a time during which the utility estimate is lower than the
prediction desired by the consumer. (Shahinfar et al., 2014; Lopez
Pineda et al., 2015; Mantovani et al., 2015; Ozel et al., 2016; Lin
et al,, 2019; Zardari et al,, 2019). The next stage is to discover
random devices that require time to work. Then an aggregator
identifies a residence that uses the selected device and replaces it
at various times (Farran et al., 2019). When the reprogramming
of the appliance is completed, the data gets updated in the system.
This occurs after rescheduling to ensure that consumer forecast
data is current. When this rescheduling is finished, the model
checks to see whether the consumer forecast is bigger than
predicted and if so, the model will run for a maximum of 20
replacement schedules per instant to reduce the consumer
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TABLE 1 | Line impedance data.
Variable 1 2 3
Z; 0.93 +j0.24

0.223 +j0.34 0.54 +j0.32
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Table 2 below displays optimization limits and their initial
states. The voltage limitations should be about one p. u. Since
This model is meant to analyze the influence of actual power on
the system; each time, real power fluctuation is limited to 0.3%.

TABLE 2 | Optimization limits and data.

Variable Type Lower Upper Initial
Limit (per unit) Limit (per unit) state (per unit)

Vi Node Voltage 0.9 1.1 1

0; Node Angle -1 1 0

P; Real Power Customer Forecast x 0.7% Consumer Forecast x 1.3% Forecast

Q Reactive Power Consumer Forecast x 0.01% Consumer Forecast x 2.6% Forecast

PF Power Factor 0.8 1 1
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FIGURE 4 | Consumer demands forecasts.

forecast load from time to time. This limit ensures that the
rescheduling devices are completed within a time range and
respects the satisfaction of the consumer by restricting the
number of devices scheduled (Alehegn and Joshi, 2017; Barriga
and Yoo, 2017; Ferrdo, 2017; Ghani et al., 2019; Islam Ayon and
Milon Islam, 2019; Latha and Vetrivelan, 2019; Melotti and
Premebida, 2020; Yoon and Park, 2020; Ahmad et al, 2021).
The software returns back to the optimization model once the
rescheduling is completed and needs to start running again since the
appliances are now rescheduled in separate time intervals
[152]-[162].

4 RESULTS

IEEE 4-bus radial distribution feeder with a rated voltage of
4.16 kV line per line is utilized for numerical analysis of the
proposed model [13]. Each node is presumed to be controlled by
a local aggregator and nodes two to four are modelled with the
users following Table 1 line impedances. This radial feeder is
modelled on unidirectional power flow and the following
information is obtained from the information on the
available IEEE four bus feeder[13].

2500
2400
2300
2200
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Utility load forecast (kW)

1900
1800

1700
6:00 AM 9:00 AM 12:00 PM 3:00 PM 6:00 PM 9:00 PM 12:00 AM3:00 AM 6:00 AM

--------- Forecast | — — Forecast 2 Forecast 3

FIGURE 5 | Three utility forecasts.

The reactive power restrictions are relaxed to accommodate
tough constraints such as power factor and voltage fluctuation.

The following analyses are simulated and the results illustrate
the voltage deviation and distribution supply power factors for 30
consumer projections following rescheduling of consumer loads.

The figure below shows the utility projections. The three-
different utility forecast was examined to evaluate the
reprogramming of customer loads as described. Figure 4
shows the consumer energy demand forecast, while Figure 5
shows the three-utility forecast.

The simulation’s results were further examined by classifying
them into two groups. In the first instance, how does rescheduling
assist the customer, and in the second instance, how does
rescheduling benefit the utility at the distribution level. The
impetus for this work and for two of our aims to discover the
benefits for customers and the utility. In terms of consumer
benefit, the number of appliances reprogrammed by the DR
programme is used to assess customer satisfaction. Table 3
shows the average number of reprogrammed consumer
appliances for 30 consumer predictions, with the same
number of appliances for each utility estimate. Similarly,
Table 4; Table 5 shows the results of utility two and utility
three respectively. Electric iron and random equipment have been
reprogrammed to all utilities’ projections more than other
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TABLE 3 | Number of reschedule forecasts in utility one.

Optimal Scheduling Smart Grid Demand-Side Management

Load Type For Utility Forecast 1
Node 02 Node 03 Node 04
Total Consumers at each node
Out of 2000 consumers Out of 2000 consumers Out of 2000 consumers
Programmable 950 31 590 17 790 72
Dishwasher
Washer and Dryer 1,140 55 850 21 1,195 50
Electric Vehicle 35 6 35 5 20 4
Iron 1,498 217 1,499 156 1,290 266
Random Appliance 1950 262 1,690 214 2290 312
TABLE 4 | Number of reschedule forecasts in utility two.
Load Type For Utility 2
Node 02 Node 03 Node 04
Total Participants at each node
Out of 2000 customers Out of 2000 customers Out of 2000 customers
Electric Iron 1,490 164 1,490 144 1,290 210
Dishwasher 990 17 599 5 790 32
Washer with Dryer 1,190 34 890 16 1,190 43
Miscellaneous Appliance 1990 196 1,690 179 2290 223
Electric Vehicle 34 4 34 3 10 3

TABLE 5 | Number of reschedule forecasts in utility three.

For Utility Forecast 3

Node 03 Node 04

Total Participants at each node

Load Type
Node 02
Out of 2000 customers
Electric Iron 1,490 220
Programmable 990 30
Dishwasher
Washer withDryer 1,190 43
Miscellaneous Appliance 1990 279
Electric Vehicle 34 8

equipment. The reason for this is that both electrical iron and
random device categories are less powerful. It is therefore time for
1700 1800 1900 2000 2100 2200 2300 2400 2500 to reduce
considerable power reduction and archive. 6:00 a.m. 9:00 a.m.
12:00 p.m. 15:00 p.m. 12:00 p.m. 6:00 p.m. Forecast for utility load
(kW) Forecast one Projection two Projection 3 30 Expected load
forecast profile utilities. They are also scheduled to function over
a broader duration. The reprogramming process has therefore
selected both these devices more than the other.

The distribution level advantage is considered by examining
the voltage differential and how the rescheduled customer
demand profile reflects the projected utility charging profile.
This work intends to retain the power factor within the
limitations of each node by further rearranging the load for
the consumer appliance. Finally, after rescheduling occasions

Out of 2000 customers Out of 2000 customers

1,490 145 1,300 292
590 6 790 77
890 23 1,190 54

1700 208 2300 330

34 6 19 7

where customer demand exceeds the scheduled utility load,
the energy is evaluated above the predicted energy to be used
in the following day generation. For each utility prediction, the
average voltage variation before and after rescheduling for each
node is provided below. Figure 6 show the node voltages after
reprogramming for utility predictions 01 without rescheduling
while Figure 7 displays node voltages. The reprogrammed nodal
tensions are maintained at near to 1.0 per unit and within 0.9 and
1.1 limits.

Figure 6 depicts the voltages for utility forecast 02 without
rescheduling and Figure 7 depicts the voltages with
rescheduling, while the voltage without scheduling is given
in Figure 8.

Voltages for utility forecast 03 without rescheduling is shown
in Figure 9 and rescheduling is shown in Figure 10.
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For the utility forecast, the average for simulations was 01,
indicating an average of 170 kWh of energy that could not be
delivered with up to 240 kWh and 125 kWh of energy that
could not be supplied in both of its 30 scenarios. When the 30
simulations for the 02 utility forecast were run, the greatest
average power that could not be utilized was roughly
290 kWh on average. It could not serve up to 340 kWh of
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FIGURE 10 | Without rescheduling, node voltages for utility forecast 03.
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FIGURE 11 | Utility forecast 03 node voltages with reschedule.

electricity in accordance with the utility forecast 02. The
simulations for the Utility 03 forecast show the average
energy of 260 kWh between 01 and 03. These utility
forecast profiles imply that a more precise model is needed
to anticipate the consumer forecast for the next day. As
already indicated, the closer the utility load estimate gets,
the minimum number of opportunities are that consumer
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FIGURE 12 | Average number of times that the rescheduled forecast
higher than utility forecast.

appliances have to be reprogrammed and that benefit the
consumers in general.

As the number of equipment in this model is not modified and
power factors are also employed as tough limitations for the objective
faction, the Figure 11 show a slight difference while the Figure 12
shows the average number of the times of reschedule. . The 0.86 0.88
0.90.920.940.96 0.98 1 1.02 nevertheless, 6 a.m. 9a.m. 12 a.m. 3 a.m.
6 am. 9 am. 12:00 p.m. 6:00 p.m. Power Factor Node two Node
three Node 4 0.86 0.88 0.92 0.94 0.96 0.98 1 1.02 Power Factor Time
Node 2 6:00 a.m. 9:00 Uhr 12:00 Uhr 15:00 Uhr 18:00 Uhr 9:00 Uhr
12:00 p.m. 6:00 p.m. The power factor time node two Node three
Node 4 41 is within the range of 0.8 and 1. The outcome within the
expected range or better gives this research an extra value.

5 CONCLUSION

This research examines the feasibility of reprogramming
consumer products at high loads during system overloads
according to the requirements of the distribution system.
This analysis considers three different levels of utility load
forecasts to evaluate the possibility of changing consumer
appliances at various times of the day to aid the local
substation in providing an uninterrupted power supply
without additional generating devices or acquiring power
from nearby energy providers. The analysis shows the
number of devices reprogrammed for all utility projections.
On average, reprogramming succeeded in reducing peak
demand. As projected, additional needs were created during
lower demand periods. This implies that decreased demand
times can sustain additional demand and fulfil the
requirements of the distribution system. The scope of this
work can be extended to include the following subjects. 1)
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