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1 Policies for a Sustainable 
Energy-​Dependent India

Luke Gerard Christie and Rabbiraj Chinnappan
VIT University

Abstract

India has aimed since the late 1990s for growth and development and in its desire for economic success 
has created a void in ecological conservation and protection. With the world accelerating towards a 
deadline of being less carbon-dependent by 2050, India, on the other hand, has vouched for the same by 
2070. The efforts need celebration, but the extension of almost two decades has been where the country 
has not focused on a holistic perspective when it comes to inclusive and sustainable development. In the 
current era, the challenges are immense and the raging effects of global warming and climate change 
having negative repercussions with the onslaught of newer disease outbreaks brought on by global 
warming will only imperil India’s focus in the coming years ahead. We have witnessed the spread of 
Covid-19 and its disastrous consequences on the social life as well as economic consequences, and 
also the current war between Russia and Ukraine which had a major impact on economic, social and 
ecological security. Governments seem to have lost vision in the current atmosphere with their limited 
aim of growth as only being economics forgetting that in the 21st century, growth is less about eco-
nomics but ecological sustainability. The fundamental questions all stakeholders from policy makers 
to industry and education need to ask is how are they sensitized towards creating an inter-generational 
equity and a fair distribution of resources equally for all without inhibiting anyone’s progress to live 
in a socially resilient and fair world. This chapter aims to discuss global policies that will influence 
countries and the policies that governments must work towards being enabler of change for a cleaner, 
low-carbon environment with the necessary stop-gaps. The policies that Global South countries must 
work towards despite exacerbating poverty, lack of resources and agrarian distress with the influx of 
new-age emergent technologies to cushion the inevitable crisis we have pushed ourselves to where the 
outcomes could be disastrous with no returns.

KEYWORDS

Policies; Emergent Technologies; Ecological Protection; Global Warming; Poverty 
Alleviation

1.1 � INTRODUCTION

India is at the cross-​roads on the Russia-​Ukraine crisis due to its heavy dependence on fossil fuels. 
Though the country may be experimenting with alternate sources of energy, that still remains in the 
making as formidability and familiarity do not remain anywhere in the near horizon. India imports 
a significant percentage of its crude oil from Russia and relies more on Russia for military hardware 
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and defence technologies but still remains the world’s second largest importer of crude oil. India’s 
oil import requirement was 85.5% in 2021–​2022, whereas in 2020–​2021, its requirement was 84.4% 
of its crude oil. This specifically speaks about the volume of oil importation and equally in the cur-
rent era where opportunities can be created in greening the economy. It is here that governments 
working with global policy makers must work on fresh policies to strategically tackle global warm-
ing and climate change challenges by shifting to alternate sources of fuel and harvesting emergent 
technologies to create a sustainable and inclusive planet. In the past decade, there have been many 
changes to India’s buying oil. A country like India that is pivoted to be the most populated country 
in the world by 2023 has some serious challenges from education, healthcare to employment and 
accessibility to resources. The primary reason is that majority of India’s populace come from the 
bottom and middle of the economic pyramid. It is a definite challenge fighting for resources for 
a sustainable and inclusive ecosystem. India, with its growing population, is driven by its heavy 
dependence on energy. Businesses, healthcare facilities and the entire gamut of services in the for-
mal and informal sector are engineered and driven by energy. In fact, a few trends in the recent past 
reveal India’s demand for energy.

Iraq, Saudi Arabia and UAE are the leading sources of crude oil imports for India. Iraq emerged 
as the leading exporter of crude oil to India in recent years, replacing Saudi Arabia. Some other 
nations, which exported crude oil to India over the years, are as follows:

	 i.	UAE has in the last 4 years emerged as the third major exporter of crude oil to India. It was 
among the top five countries earlier. Kuwait remains to be one of India’s biggest suppliers 
as well.

	 ii.	 Latin-​American country Venezuela was among the leading exporters of crude oil to India.
	 iii.	Mexico has emerged as a leading exporter of crude oil among the Latin-​American 

countries.
	 iv.	Nigeria continues to be a leading exporter to India; the share of imports from Angola has 

reduced in recent years.
	 v.	 Iran was among the top three countries from which India imported crude oil until 2018–​

2019. India stopped importing crude from Iran in 2019 onwards due to alliance-​building 
efforts with the USA in clamping down on Iran on uranium enrichment.

	 vi.	The USA remains India’s prominent supplier of crude oil. In fact, the countries Iraq, Saudi 
Arabia and UAE make up 63% of the total value of crude oil imports to India.

However, it is only in 2021–​2022 do we see Brazil and Russia being the leading countries to supply 
crude oil to India. As the third largest consumer of oil in the world, India’s consumption is that of 
5% of the global consumption.

When we analyse these facts, we realize that India faces greater troubles in the energy sector and 
the solutions should be immediate as its is a developing country and requires greater policy insight 
to address a difficult scenario due to the growing population and traffic congestion on roads that 
indirectly affect the growth of its economy. Today, due to its population and its heavy reliance on fos-
sil fuel-​based electricity, India remains the third largest electricity producer in the world with 1,393 
TWh generation in FY 2019–​2020, and almost 99.99% of the population have access to power sup-
ply. Even on the dependence on electricity, India has surpassed China and Russia with electric grids 
having an installed capacity of 399.470 GW as of 31 March 2022. Renewable energy plants, which 
include large hydroelectric plants, constitute 38.2% of total installed capacity. The energy sector in 
India is strengthened by fossil fuels such as coal, which make up the largest percentage of India’s 
energy needs. Though the government has come up with plans of de-​commissioning coal-​powered 
plants, coal remains India’s bedrock for generation of energy. With the ratification of the Paris Climate 
Accord, India being an unwilling partner to transition its economy to an economy of low carbon by 
2050 has made a promise of becoming a totally low-​carbon country by 2070. It is to be observed that 
India aims to transform almost 50% of its economy by relying on non-​fossils or alternate sources of 



3Policies for a Sustainable Energy-Dependent India

energy by 2030 with the International Energy Agency briefly estimating that due to India’s popula-
tion, the increase of an additional 1,200 GW seems evident where this amount is more than what the 
European Union had utilized in 2005. The demand for cooling too is increasing tremendously. It has 
always remained a big challenge for India to shift to electricity, as the country in the early days relied 
on firewood, cow dung and agricultural waste. These traditional uses of fuels were found to be highly 
toxic and carcinogenic, not only causing illness but also affecting air quality. The particulate matter 
such as NOX, polycyclic aromatic hydrocarbons (PAHs), carbon monoxide, formaldehyde and other 
pollutants poses a severe threat to health of individuals and damage to the environment. The World 
Health Organization asserts that almost more than 400,000 people die or suffer health hazards due to 
inhaling indoor pollution caused by traditional sources of fuel, further leading to climate change and 
damage to forests and ecosystems. With newer policies being framed did the governments realize the 
dangers and shifted slowly to electricity or combustion technologies or clean burning fuel, creating 
a more sustainable alternative to traditional burning of fuel. Another primary cause for individual 
cases of disease is the inability to treat sewage, being a primary reason for pollution of surface and 
groundwater. The major sewage treatment plants in India that are owned by the government are not 
operational many times. It is these unfiltered wastes that remain stagnant and flood urban areas releas-
ing contaminated particles into the groundwater. Had India have effective policies to address the water 
pollution and environmental issues with a full onslaught of electricity supply, a few of India’s socio-​
economic and environmental problems may remain a myth but we find them becoming an unneces-
sary hazard to contend with. A large country like India must not only have electricity supply round the 
clock to guarantee its economy is running, but it is also equally important to ensure that water woes, 
sewage treatment plants and pollution monitoring sites have a full-​scale supply of electricity.

India as an emerging economy with deepening infrastructure drive by policymakers, accelerat-
ing exports and cost of living going up makes it more challenging for the citizen with the hunger 
for more coal as shifting to alternate sources of fuel is not anywhere close in the horizon. With our 
current energy needs only growing with the current statistic of 4.7 times every year for the next two 
decades speaks of population explosion and the demand for energy for household appliances and a 
growing economy that seems to be faltering in comparison to the richer countries. Though policy 
makers are working for long-​term securities in energy supply with environmental and economic 
needs, providing uninterrupted supply remains a Herculean task. An economy that is playing catch 
up with the rich countries and our competitors is scaling up employment opportunities, developing 
human skill for jobs, and manufacturing abilities with multi-​lateral automobile makers vying to get 
a percentage of the India clientele and to elevate their profit margins. There have been challenges 
in attracting international investment in domestic hydrocarbon as NELP failed to incentivize large 
international energy corporations. In this particular area, India will have to work hard to acquire 
hydrocarbon reserves abroad. India endeavoured to invest in countries like France and the USA by 
acquiring nuclear reactors to fuel domestic power plants and ensuring access to critical technologies 
but failed due to logistic and economic issues in setting up foreign-​built nuclear reactors. It has also 
been reported that a large percentage (307 million Indians) do not have access to electricity and an 
even larger percentage (505 million Indians) are still dependent on biomass. We need policies in 
infrastructure development and skill that battles macrocosmic external issues, e.g. the Indo-​USA 
nuclearization deal, import of oil from the Gulf countries or the Middle East. In the current times 
due to skirmishes among India’s energy partners, e.g. America and Iran, India has had to diminish 
oil imports or trading with Iran.

1.2 � THE NEED FOR POLICIES ON ALTERNATE SOURCES 
OF ENERGY TO POWER INDIA’S ECONOMY

India faces strategic challenges to meet its energy needs and lacks policies to shift to alternate 
sources of energy, which is the need of the hour. China’s One Belt, One Road initiative has given 
the country the due fillip in disturbing India’s access to energy. It is primarily for this reason that 
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we should shift to alternate sources of energy or non-​renewable sources like solar, wind and cleaner 
fuels. In this way, pollution can be curbed, our cities and towns can be cleaner and greener, and 
we can easily accomplish the ratification of a truly low-​carbon economy by 2070, though we were 
asked to commit to 2050. The policies that India needs to focus on also require constant innova-
tion and foster dialogue with our alliance partners, as all countries have to work with each other 
to accomplish a net-​zero emissions and to decelerate global warming and climate change. Policy 
makers have to analyse that India’s energy security is fragile and under immense pressure due to 
its dependence on fossil fuels that are imported, international monopolies, opaque pricing policies 
and regulatory uncertainty. India’s policy makers measures to amplify energy security by changing 
to clean energy, consistent policies require the country to sustain the momentum especially where 
one of its biggest policies is guaranteeing electricity to every city and remote part of the country by 
the end of 2022. Though work has been initiated, and almost half of India’s villages today receive 
electricity and the others have more ground to cover, the outcome is yet to be studied as supplying 
electricity on a round-​the-​clock basis will not only prove costly but a colossal challenge. A few poli-
cies that are being worked out are as follows:

	 i.	 Installation of biomass pelletizing units.
	 ii.	Distribution of ‘efficient biomass chullahs’.
	 iii.	Distribution of solar irrigation pumps and being financed through NABARD and govern-

ment financial support.
	 iv.	Alternate non-​conventional energy sources need to be explored to make them accessible 

and technologically economical like tidal or geothermal energy.
	 v.	The NMEEE (National Mission for Enhanced Energy Efficiency) has a tremendous respon-

sibility to organize a comprehensive cost analysis of the accessible efficient technologies 
and technological products in a diversified ecosystem, especially in healthcare, housing, 
agriculture and transportation.

	 vi.	Policy makers have to ensure at the state or national level that they should reach out to 
personnel and engineers to ensure that energy efficiency and standards and regulatory 
practices are nimble and remain well established with constant checks and balances. In 
this way, the informal sector has opportunities to grow and more employment opportuni-
ties can be created, reducing economic pressures.

	 vii.	The auto-​fuel efficiency should be constantly upgraded for cleaner, greener and sustainable 
planet.

	 viii.	Solar Energy Corporation of India Limited aims to grow and develop storage solutions to 
bring down prices through demand aggregation.

The temporary solution will be for India to increase its dependence on coal and disincentivize 
investment on imports. Policy makers should have a clear understanding of regulatory clearances 
and have to ensure that they work towards improving labour productivity in order to increase coal 
manufacture and develop efficiency of distribution before phasing out coal and simultaneously 
drafting newer policies and finding solutions as India invests on renewable energy. As of now, 
the Hydrocarbon Exploration and Licensing aims to offer policy makers leeway in decision mak-
ing with discretion, diminish administrative or bureaucratic struggles, reduce delays and encour-
age the idea of revenue sharing and freedom of marketing and motivating its citizenry to shift to 
alternate sources of energy by reducing a portion of tax for its payees. We have witnessed with the 
Russia-​Ukraine war that policy makers are in no uncertain terms waking up to the reality of being 
energy-​dependent discussing new tax structure in the sale of energy and import to enhance the 
competitive aspect of the economy. The challenges and struggles with demand getting hoarse for 
the world to be low carbon or no carbon by 2050 and 2070, the India Energy Security Scenarios is 
proposed to effectively address energy concerns from coal to renewable energy. With new digital 
tools being developed to study and analyse for future policies on diversifying energy demand and 
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supply that will resolve energy conundrums with the demand growing due to population pressure 
and employment creation in the informal and formal sector. The Energy Security Scenario analyzes 
and explores India’s energy scenario in supply sectors such that all includes all fuel generation 
ecosystems to suit demands accordingly. The new digital framework and tools make allowance 
for interactions from an individual level to a societal and industrial level to make prudent energy 
choices, and to discover a vast or multi-​dimensional gradient of results for the country – ​from car-
bon emissions and imports reliance to land utilization. India has established energy relationships 
with Myanmar, Vietnam and Gulf countries. The Indo-​US Nuclear Deal opens up energy opportu-
nities in nuclear energy facilitated through advanced technology and nuclear fuel. With the demand 
more like a clarion call, India has sought to engage with Australia and China.

1.3 � CONCLUSION

There is a growing clamour in Global South countries in energy and security due to existing eco-
nomic and social conditions where we are witnessing significant energy transformations from com-
plete electrification to a paradigmatic shift to renewable energy with severe disturbances due to the 
energy price rise in the globalization and increasing of prices of oil and natural gas. In the current 
era, policy makers in India have to realize that India needs to augment its research with skills con-
struing innovatively to deal with constant alterations in the energy region. Though there remains 
much scope, we fail to see return on investment as carbon emissions are yet high and the only pos-
sible or viable solution will be when the aggressive push for renewables becomes a reality, which 
will help us ratifying the goal of 2070, i.e. a carbon-​free world. Policy makers have to shift attention 
from short-​term goals and aim for the future in a strategic, balanced manner, as the planet’s life is 
at stake and more significantly poor countries will have to confront the worst of it and endure the 
hardest struggles from economics to social improbabilities. It is time for renewables and emergent 
technologies to transform our energy sector with innovation at the heart of all energy policies.
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Abstract

Nowadays we get to see the rapid expansion of technologies with the influence of Internet of Things 
(IoT) and Smart Grid (SG). So, whatever IoT devices we are using with some sort of protocols and 
parameters, we should be able to manage and know the measures and estimation of power consump-
tion, interoperability, price forecasting, etc. One of the major constraints and possible challenges of 
IoT-SG is the security and uneven distribution of processing data from transmission lines, distribution 
substations, smart meters, and other sources. In the present era, smart grid IoT technologies are ben-
eficial energy management solutions. It’s a two-way data interchange between networked gadgets and 
hardware that recognizes and responds to human wants. It’s also less expensive than the present power 
system. In this paper, we focus on how smart grid is an efficient way to estimate and manage energy 
efficiency and power demand, which will give a clear picture to the end users in an elaborate way.
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2.1 � INTRODUCTION: GENERAL

This paper reviews the solutions for challenges faced by the end users and consumers in power-​
based grids, namely, power quality and reliability. This paper focuses on advanced metering infra-
structure (AMI) technologies and smart meters (SM) that enable the analyzing of the power grid by 
displaying a two-​way communication scheme. Reference [1] gives the overview about the SMs and 
sweep the attainability of SM for power quality and reliability monitoring. It kickstarts with the 
wireless technology of SMs and such advanced communication techniques that enable AMI [1]. The 
main point of this article is to look at the smart grid’s communication necessities and to launch all 
IoT protocols and their standards. First, it covers the fundamentals of communication technologies, 
such as the Manufacturing Message Specification (MMS) protocol in local area networks (LANs) 
and Management Plane Protection (MPP) in wide-​area network (WAN) will use this technique to 
expose flaws of the practice, such as IoT protocol performance employing multi-​agent systems 
(MAS) and micro-​grid. With the help of internet services, they analyze the data and display them 
on the dashboard, which is very cost-​effective and caters to high-​end communication requirements. 
Most importantly, in the case of security, they consider IoT protocol Quality of service (QoS) [2]. 
This paper conveys that in order to make the IoT-​based smart grid–​enabled devices more efficient 
and reliable, high-​quality uninterrupted electricity is needed. A cyberattack on IoT devices has the 
effect of bringing the energy grid to a halt. As we all know, the main difficulty with this approach 
is security, as the gadgets are all connected to the internet, leaving the smart grid vulnerable to cata-
strophic assaults. Due to the enormous number of nodes and domains in an IoT-​SG, it has a broad 
attack surface for denial-​of-​service attacks. And, this leads to huge economic and financial losses 
[3]. In this paper, IoT is presented as the key application technology for the smart grid. Because SG 
is a data communications network connected to the power grid to acquire and analyze data from 
transmission lines, distribution substations, and customers, they’ve demonstrated the link between 
IoT and SG. Some IoT designs in Singapore are examined, as well as the requirements for IoT adop-
tion, IoT applications, and services, as well as challenges and future developments [4]. This paper 
reviews the requirements and the role of IoT and SG for a smart city. Since there is a huge surge in 
IoT demand for communication between devices, energy and internet efficiency have become more 
important. So, by these kinds of vital requirements, many developed countries came up with their 
IoT projects. This summarizes the architecture for the smart city for the correct usage of infrastruc-
ture and to overcome the challenges faced by IoT. This paper also discusses about the economic 
issues faced while equipping smart city with basic communication [5]. This paper states the applica-
tions of IoT in smart grid with its challenges and solutions. The vast development of energy inter-
faced with IoT leads to smart electrical power grid which in turn increases the efficiency in power 
plants. This also talked about the IoT-​SG challenges regarding security and data issues, but has 
improved a new level with interoperability and such technical cases. Reference [6] focuses on the 
avenues where IoT-​SG are deployed along with the key points on challenges faced in this process. 
This paper states the applications of IoT in smart grid with its challenges and solutions. The vast 
development of energy grid and with IoT leads to the electrical power grid which caused in a way 
that its technology increases the efficiency in power plants. This also talked about the IoT-​SG chal-
lenges regarding security and data issues, but has improved a new level with interoperability and 
such technical cases. So, this patent focused on the investigation of IoT-​SG and discussed the key 
points and challenges that lie ahead [7]. The IoT-​based power regulating system for smart grid appli-
cations is the subject of this article. As we all know, IoT devices are used to analyze and regulate 
data as well as to provide effective power supply to the system. This system is able to capture the 
power used and analyze the electrical parameters. This paper also uses the “Things-​speak” software 
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to obtain the real-​time data used by the consumer and the source company, which is providing the 
power to reduce their billing costs. And, the consumers can be aware about the updated amount of 
power usage [8]. The aim of the paper is to minimize the costs of power usage along with smart 
energy management controlling the demand and supply side management. This trend follows reduc-
ing costs without implementing limits on consumption by instead choosing the reduction of power 
in the peak hours with the consumer’s preferences and to avoid a blackout. The above try makes the 
balance in the demand response side. The estimation of cost algorithm will be based on usage and 
time with sensory information from the end users [9]. This idea of the paper performs with the one 
of the fundamental demanding situations of IoT, i.e., security. In this paper, the threats and capacity 
answers of the IoT primarily based on totally clever grid are analyzed. As statistics and conversation 
technologies (ICT) evolved and were carried out in conventional electricity systems, the develop-
ment of clever grid cyber-​physical-​systems (CPS) will increase too. They focus on cyberattack and 
make us understand the vulnerabilities and solutions to the problem and give us the next task of 
research with cyber-​SG [10]. This paper reviews that the smart grid in the power system wants a 
proper utilization of energy usage and has a vital role. This is monitored and analyzed by the SMs. 
But these SMs have some problems to sort out. And one of them is no point-​to-​point interaction 
between devices. So these energy SMs control and survey with the help of WIFI module and calcu-
late the energy usage. These collected data are then uploaded to the cloud, which will be utilized by 
the consumers. This finally conveys that this is a great step for IoT automation toward digital India 
[11]. This paper works with power quality management in wireless sensor network (WSN) in smart 
grid technology. To get flow with efficiency and reliability, sufficient power supply should be 
defined. This patent reviews the grid sharing model using WSN-​based communication and its 
implementation. This makes the system an environment based on power quality. Appropriate struc-
tures and controls were established and analyzed for managing the overall performance of a track-
ing machine within the smart grid [12]. This blockchain primarily based totally get entry to protocol 
makes the unique add-​directly to the IoT-​SG technology. Through this proposal, the information is 
securely introduced to the provider companies from their respective SMs. The node-​to-​node (P2P) 
communique collects information from the SMs of customers and transfers it to the blocks after 
verification. This literally works as the broker between the power stations and users and thus makes 
it private and confidential. It is mainly used for recording information in a secure way [13]. This 
plays with the smart grid infrastructure and its architecture in a field area network (FAN). The uti-
lization, tracking, and control of diverse renewable energy sources are the maximum outstanding 
functions of smart grid infrastructure for agriculture applications. This paper describes the imple-
mentation of an IoT primarily based on totally wireless strength control gadget and the tracking of 
climate parameters of the usage of a smart grid–​based infrastructure. The concepts depicted in this 
paper give an answer for all three clever grid hierarchical networks in subject location networks to 
attach a big variety of devices [14]. In this article, a secure machine learning engine is proposed for 
the Internet of Things (IoT)-​enabled grid. There is a lot of power distribution involved with the 
smart grid, so it is important to secure it properly. Advanced energy management and interface 
controlling agents are proposed to optimize energy utilization in difficult situations, like when the 
power system is strained. A flexible Demand Side Management (DSM) is proposed to adapt quickly 
in these situations. A specific resilience model is proposed to control intrusions in smart grids and 
used with Machine Learning (ML) classifiers from unwanted entities [15]. This paper discusses 
about the collaboration of IoT with the smart grid environment. Its contribution of IoT-​SG has 
gained immense potential due to its various innovation features. This mainly focuses on research 
ideas with IoT with SG and encourages scientists to make more and more innovations by under-
standing the role of IoT with SG, which together demonstrates enormous growth potential that 
smart grids open up regarding awareness for new interdisciplinary research [16]. In this paper, we 
provide a comprehensive overview of IoT-​aided smart systems, covering the current architecture, 
applications, and prototypes of these systems. Since the traditional grids are unidirectional, they 
can’t adjust with some new features. SG offers bi-​directional flow between providers and 
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consumers. So, IoT enables SG, which requires connectivity and tracking along with upcoming 
research directions [17]. Reference [18] initially talks about the basic features of cloud computing 
and explains how cloud computing can be extended to the scenario where it is possible to realize fog 
computing adaptation for real-​time analysis. Here it is possible to examine the data facilities at the 
premises of the users and to pre-​collect the cloud data which aids in enabling the SG consumers 
with faster speed of communications. Cloud computing fails in the terms of quality of experience 
like low latency, etc. They also illustrate various algorithm models such as architecture, cost for 
real-​time situations, etc. [18]. In this paper, they propose a new type of computing strategy to give 
solutions to location-​aware, latency optimization. To regulate this, a fog-​based architecture and 
programming is enabled. So, existing technologies and techniques hardly utilize the fog computing 
nodes in the smart grid. This coordinator periodically measures the information that is metered 
from the resources. This fog computing is also able to manage all the given tasks at a time. The 
obtained results are to be different from traditional grids [19]. This article discusses a privacy-​
preserving framework for energy management on the smart grid. The data collected from the users 
are very confidential and to be protected, which is revealed to the cloud servers for Q-​learning 
strategy. During the process of Q-​learning, the data which split at the beginning stage are kept in 
random shares to avoid privacy issues. Along with this, edge computing is also being processed to 
implement an additive secret-​sharing protocol [20].

2.2 � IoT-​ENABLED SMART GRID WITH ENERGY EFFICIENCY  
IN VARIOUS ASPECTS

2.2.1 � Radio Networking

They develop and integrate both energy harvesting (EH) and cognitive radio (CR) approaches in 
this research to overcome SG difficulties including severe channel circumstances and low battery 
power. IoT connects with the smart grid environment to get benefits such as interoperability, inter-
connectivity, etc. EH and CR constitute a new phase of networking with IoT-​SG. CR, which is a 
wireless communication, enables the IoT with detecting which channels are in use and which are 
not and prevent unwanted connection between devices [21].

2.2.2 � Cyberattacks

In this paper, they announce the framework for SG, i.e., dependable time series analytics. It has the 
ability to provide dependable data transforming from the cyber physical system to aim for refining 
raw data and further rebuilding on it based on the matrix factorization method. This makes it possi-
ble to exchange raw time series data between the CPS and the objective system. It primarily involves 
a huge number of smart items that are connected via networks [22]. In this paper, they had an inves-
tigation regarding their collected infrastructure, and they proposed a general scalable mitigation 
approach called minimally invasive attack. This algorithm is able to withstand the timely detection. 
As we know that one of the key challenges of smart grid cyber security is their characteristic that 
leads to technical power failure. They also displayed some simulation to show the reliability for this 
approach [23]. The gist of this paper mainly conveys the authentication between smart grid users 
and service providers against various security attacks. These attacks are simulated with the help of 
quantum key that are generated for the verification of the proposed smart grid system and explains 
why security is a major concern in SGs. IoT has been expanded with large number of branches 
with the ability of transmission and communication, which has entered various levels of internet. 
With the above justification, smart grid faces various security-​related issues and is withstood by the 
mutual authentication of users and providers [24]. This paper gives awareness on the vulnerabilities 
to cyberattacks, and they test smart gird systems in a real-​world implantation effectively called test 
beds. These vulnerabilities arise from information communication technologies nature inherently. 
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Test beds are used to find productive solutions against cyberattacks. These test beds are used to test 
the information that came from the user side and neglects the cyberattack capabilities. And, they 
also give recommendations for security-​orientated aspects [25]. They discuss an approach termed 
smart grid security categorization in this study, which is designed for complicated circumstances 
such as sophisticated metering infrastructure. These methodologies result in a standard classifi-
cation in an organization. Analysis collected through these methodologies is transferred to these 
organizations to get a valid report. The Strategic and Governance Services Centre (SGSC) related to 
some risk analysis assigns a system of security class. These SGSC offers a path for decision makers 
about these security aspects also to maintain the correct functionalities to the proposed system [26].

2.2.3 �E nergy-​Efficient Management

This paper focuses on cost optimization from smart homes under price-​based demand response 
program. The development of IoT smart devices enables to make a strategy via demand response 
programs to work efficiently. They also proposed certain technical terms regarding the management 
of power usage of IoT-​enabled homes like wind-​driven bacterial foraging (WBFA) and bacterial for-
aging optimization (BFO) algorithms. This WBFA strategy responds to demand response programs 
against this major problem, which is the limitation of consumers’ knowledge in the demand side 
[27]. This research offers a Deer Hunting Optimization (DHO) and Crow Search Algorithm-​Based 
Energy Management System (EMS) for distribution systems using an IoT platform and a hybrid 
approach (CSA). With the aid of IoT, the major goal of this concept is to regulate electricity trans-
mission and monitor metered data to end users. With the support of IoT, this proposed approach 
allows service providers to be more flexible in their operations [28]. This paper mainly discusses 
elaborately about simulation tests and collected data from an electricity management system whose 
main objective is to minimize the high amount of load voltage values from the production from the 
prosumer. The above experimental research is based on Elastic Energy Management (EEM), which 
enables data from the source to be transferred with correct maintenance with flexible features. The 
data are collected from a message broker called MQTT protocol. Using this node, various searching 
procedures were used in the EEM [29].

2.2.4 �E dge and Fog Computing

In this paper, a new fog-​enabled privacy-​preserving data aggregation is introduced. This proposal 
differs from the traditional smart grid communication with false data injection attacks. Just like 
managing a large group of IoT systems is a challenging task, data aggregation for next genera-
tion SG is also an issue. FESDA is a fault-​free equipment even if we make changes in the SMs. 
It also evaluates its performance through aggregation and decryption [30]. This invention covers 
MapReduce apparatus for handling huge amounts of data with flexibility at the distribution end. 
As a result, whenever a wireless IoT node covers sensor data sets, MapReduce runs the proce-
dures and sends the results to the grid. This section has significantly decreased consumption in 
huge networks while also enhancing the smart grid. Since a wireless IoT edge causes congestion, 
it employs WIERBS technology to alleviate it, resulting in lower operational latency and improved 
performance [31]. This paper gives an insight about another major challenge in IoT, i.e., managing 
a large volume of data. To overcome this issue, edge computing is introduced. These data are pro-
cessed at the edge of the IoT network, near to the embedded devices that gather the data. IoT even 
makes small concerns to be networked and interconnected to each other to follow the protocols of 
measuring and analyzing with the SG. Smart grid also consists of a large amount of sensor data. 
Edge computing is used to manage all the networks like these kinds of sectors in smart grid [32]. 
This paper carries out the concept of data processing before it is transmitted for deeper data mining 
intelligence. This presents an edge-​node-​aware framework, namely, distributed computing, which 
brings enterprise applications closer to data sources such as local edge servers. Since smart grid is 
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an effective tool of energy management domain such as SMs renewable sources, etc., with the rise of 
transforming network structure toward green environment, edge node is adapted in a node-​to-​node 
manner [33]. This paper mainly talks about the demand side management in the smart grid with IoT 
and cloud computing. It initially talks about the traditional power grids and creates awareness about 
wastage of energy and money. This method creates a massive demand–​supply disparity, resulting 
in exorbitant prices. They offer an application of IoT and cloud computing in this work, which pro-
vides a customer load profile that can be managed remotely by service businesses. This can be done 
through installing project circuit board, which can be accessed via web portal [34].

2.2.5 �A pplications, Fault Analysis, and Distributions

This paper reviews the knowledge-​based analytics that maybe used to observe the Stuck at fault con-
dition in advanced metering infrastructure meters, which stores the data in the form of charges. This 
corrects the abnormal variation and predicts what cell is going to be stuck in the AMI meter. Since the 
grid uses sensor data for analyzing and for monitoring the IoT devices, it has to go through the process 
wherein the AMI meter plays the main role in knowledge-​based data processing strategy in smart grid 
[35]. This paper talks about the basic architecture of IoT with smart grid technology and is followed by 
the key technologies of IoT-​SG. It is evident that in the past decade there is no established technology 
which aids in realizing smart electric power sector that has the capacity to compensate the production 
with the demand side of consumers. Smart grid becomes a vital part of transmission, which combines 
with IoT to monitor, control, and connect in the electrical system. It also discusses about the deployment 
of IoT technologies that increases the potential of smart grid development and will be able to overcome 
the fundamental challenges [36]. This paper discusses the study of application of big data and ML in the 
emergence of the next power system. Connectivity plays an important role in this new grid infrastructure, 
which is one of the domains of IoT. The integration of big data and IoT-​SG makes efficient metering of 
load with proper estimation of cost. Again, the IoT with smart grid technology plays with its major chal-
lenge, i.e., security becomes a critical issue. Big data and ML still try to overcome the security issue [37].

2.2.6 �B lockchain-​Based IoT

This study describes a hybrid block chain approach for 5G networks, in which the service provider 
deploys both private and public broker platforms (MEC). We use block chain technology with an 
IoT device identification to make data easier to access and secure. This research looks at how IoT-​
SG devices are properly identified. This scenario also combines block chain technology with a 5G 
network to identify and report IoT fraud in the smart grid. In addition to this technology, they ana-
lyzed various consensus algorithms from the respective feasible hybrid block chain [38].

2.3 � REAL-​TIME APPLICATIONS OF IoT-​ENABLED SMART GRID

2.3.1 �I oT-​Based Smart Applications

This paper introduces a special feature called smart plugs that enhances IoT for establishing hybrid 
connected system and also compromises the demand for existing response of end users. Since IoT-​
SG being a complicated process, we can’t give preference for every device, instead of that we are 
using smart plugs. These smart plugs can’t be installed as such, it has to prestored in the domains 
of microprocessor before using. This also discussed about the current plug technologies and limita-
tions to overcome this hybrid monitoring system [39]. This paper designs the model and implemen-
tation of IoT-​based smart energy meter as we know that SM uses advanced metering infrastructure, 
they enhance two-​way communication between servers and consumers. Such kind of infrastructure 
makes flexible benefits to the power system easy and reliable. This also talks about cyberattacks to 
the power researchers. So, to avoid the basic carelessness and some security concerns it is mandatory 
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to utilize SMs. This also integrates with IoT fabrication to connect with hardware technologies [40]. 
This paper gives an idea to defeat the challenges faced by the current smart grid through various 
measures. By implementing these IoT techniques, end users and operators are able to maintain the 
supply of resources, and reduce operation and maintenance cost by using smart appliances. As of 
now, cyber security being a vital challenge for the demand side, it can be performed through com-
bining analog and digital aspects in this task [41]. Through the selection of mobile couriers, this 
article presents a future notion of smart grid in smart cities. This is commonly utilized in smart city 
“pervasive sensing paradigms” for sharing data applications. This perspective has broadened the 
IoT mission, which now includes radio frequency identification (RFID) sensors, readers, and other 
devices. As a consequence, we’re providing smart cities with a hybrid data-​gathering platform. This 
connects with the city’s base station, data access points, and data couriers. This concept plays with 
the mobile functioning protocols to gather data with some limitations [42].

2.4 � IoT-​BASED SMART GRID ARCHITECTURE

This paper reviews the smart grid architecture by enabling adaptivity in IoT. Since we were using a 
huge amount of electric power in the previous decade, we blindly ignored the estimation of data. This 
paper researches how to integrate the state-​of-​art information with the existing adaptivity in the smart 
grid. This literally means to reconfigure IoT service parts without other service parts stopping working. 
Therefore, proactively adapting devices with this kind of context fluctuation becomes a concern [43]. 
The motive of this paper is to convey the challenges, issues, and opportunities for the development of 
SG. Smart grid is accelerating to meet the electricity demand providing a way toward eco-​friendly era 
in a reliable manner. This two-​way communication feature in SG being a more efficient property, they 
use an application of renewable energy resources, self-​healing distribution intelligence, etc. This paper 
also gathered information about the upcoming opportunities for the development of a smart grid envi-
ronment [44]. This article examines the IoT application, as well as addresses the necessary smart grid 
and data collecting criteria using the feature known as power Internet of Things. It’s a smart service 
system that makes extensive use of modern information technology and artificial intelligence to enable 
human–​computer interaction. Power Internet of Things exclusively integrates various infrastructure 
resources and updates the level of power system communication. It designs a full-​service coverage of 
power Internet of Things and guides for the future planning of communication [45].

2.5 � DETECTION FOR IoT-​ENABLED SMART GRID SYSTEM

This study provides a probabilistic incremental clustering approach for analyzing energy consump-
tion from current smart meters, which may be represented by load patterns retrieved from load data. 
This suggested technique performs a pattern reading trip on existing load patterns before switching 
to new load patterns from smart meters. Some of them are experimented with real data set and are 
evaluated by combining clustering, which outperforms this type of algorithm. Plus, this strategy 
displays the drift through its results [46]. This paper reviews the intrusion detection system (IDS) 
designed for smart grid that collects data from a power plant. Smart grid satisfies both services 
company and end consumers in a two-​way communication model. Because the smart grid confronts 
security issues as a result of vulnerabilities in IoT systems, which produce security risks that affect 
smart applications, a rising demand for IDS tailored for IoT to combat IoT-​related security assaults 
that exploit particular security weaknesses has emerged. Since IDS acts as a data check tool, it can 
also be used for ML and DL [47].

2.6 � RECENT ADVANCEMENTS IN IoT-​SMART GRID TECHNOLOGY

Signcryption with proxy re-​encryption approach is used to meet the security needs of IoT connec-
tion in this article. Because the smart grid platform’s IoT devices create a large quantity of data that 
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must be handled and saved in the cloud server, it must be maintained and authorized independently. 
Since signcryption with schemes for SG is facing difficulty from more bandwidth, the paper pro-
poses a light weight certificate based signcryption (CBSERE). This minimizes the commutation 
and communication cost along with increased security [48]. The goal of this study is to tackle the 
resource allocation problem of the smart grid’s radio access network slice. Since this is term is not 
familiar in this technology, deep reinforcement learning is deployed. This also discusses the real-​
time application with the mapping of RAN to DRL. This also promotes 5G network which is and 
interconnected network that shows great potential with features of slicing. There is a picture clear 
virtualization between the industries to make it reliable and flexible. So, considering these service 
characteristics, a smart RAN slice is proposed to get simulation results through DRL (reducing the 
cost) [49]. They provide an overview of smart grid in this article, with its adaptable characteristics 
and many roles in the power distribution system. With day-​by-​day enhancement in technology, there 
will be a huge demand for electrical supply for its production. With the development of the distri-
bution system, the rising demand is also increasing with the speed of maintaining the smart grid 
infrastructure. This paper discusses the broad scope of reliable and efficient deployment of smart 
grid technology in the power sector [50].

2.7 � CONCLUSION

As of now, we all know that IoT with some emerging technologies like smart grid or renewable 
energy is being most wanted for consumers and for efficient processes. We have given a clear picture 
of how the end users can handle the device or smart appliances by knowing how they analyze the 
data and being aware of the price clustering and power demand. We have also adapted the tech-
nology that when one cycle of process of data observation and the resultant price was higher than 
expected, it automatically adjusts the usage and efficiency of the device or appliance that enabled 
IoT-​SG to get the estimated price of the power that has been issued. Communication is an important 
enabler of smart grid systems. The smart grid is expected to use a wide range of communication 
technologies for future advancement. The use of communication technologies in the smart grid is 
influenced by application demands, geographic locations, surroundings, regulation, price, and other 
factors. The deployment of IoT technology at various levels of the smart grid has been covered 
in this chapter. It has been demonstrated that new types of applications and architectures, such 
as improved smart metering infrastructure, multi-​agent systems, and fog computing, have been 
enabled by the technologies. These provide benefits like autonomy, scalability, mobility, and resil-
iency, among others. Security and efficiency are still issues to improve the efficacy of IoT; future 
research should focus on this.
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Abstract

Creating an intelligent electricity network is based on data exchange in different parts of the network at 
the production, transmission, and distribution level, and its vulnerability is increasing day by day. This 
network needs a suitable, safe, and reliable structure to meet the goals of intelligence. There are two 
types of data in smart grids: physical measurements and variable states. This information is collected 
every 2–4 seconds and used to estimate the status of the network. Current systems can only detect 
destructive data due to incorrect measurements of measuring instruments and cannot detect malicious 
data injection by attackers. This research has investigated and identified this attack in the smart grid 
mode vector estimation. In both cases, the attack vector injects inaccurate data at random, and attackers 
seek to enter any data to create an error in estimating the network state vector without the target being 
a specific component of the state vector. In this type of attack, from the beginning, it seeks to form a 
suitable data vector so that it is considered to create its error in a specific component of the network 
mode vector.
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3.1 � INTRODUCTION

Today, electricity is the main source of energy consumption in the world. In the early days, elec-
tricity was generated and consumed locally, i.e., small power plants were built in each region for 
fulfilling energy consumption needs of that region. With the industrialization of countries, the 
electricity demand increased sharply. The construction of small power plants no longer seemed 
logical, because the construction of large power plants and the transfer of electricity to distant 
places were not economically viable. The solution to overcoming this concern was introducing 
the concept of smart grids. Just as it is impossible to imagine a world without e-​mail technology 
today, there will soon be a time when human life would not be conceivable without a smart grid. 
In such a system, communication links for transferring data and commands are vital; therefore, 
having uninterrupted communication is required for the reliable operation of electricity distribu-
tion and transmission networks. In addition to managing and protecting the network, real-​time 
communication is also needed for an uninterrupted power supply to customers. As the popula-
tion grows and energy demand expands, the electrical and low efficiency of traditional power 
distribution networks in the face of the burden imposed by customers requires intelligent energy 
management. The conversion of traditional energy networks to smart grids has led to a revolution 
in the energy industry [1].

The basic concept of smart grids is entwined with improving demand-​side management and 
energy efficiency using advanced metering infrastructure and building a flexible and reliable 
power grid. Electrical energy flows from generating stations to consumers through a one-​way 
hierarchical flow. This one-​way, uncontrolled flow of electricity poses several challenges for tra-
ditional networks and their operators. Power outages can have irreparable economic and social 
effects. For example, the 2003 power outage in North America, which took 4 days, was caused by 
a relatively small fault and left about $6 billion to $13 billion impairments. Smart grids generally 
include power, information, and communication infrastructure, which require exchanging infor-
mation and two-​way telecommunications across the entire network. By using intelligent technol-
ogy to make fundamental changes for making timely decisions in critical situations in production, 
transmission, distribution, and energy consumption, unwanted blackouts can be prevented, and 
in addition to providing customers with secure and stable electricity access, incurring additional 
costs can be avoided [2].

A smart grid brings many opportunities and challenges to the electricity industry. These chal-
lenges include high operating costs and lack of clear strategy, modeling complexity, data security 
and privacy, sufficient knowledge, and experience to use smart equipment [3].

The security challenge in smart grids, due to the variety of components, different ways of 
sending data, and the definition of different layers for these networks, is very diverse and com-
plex. Despite the significant advantages of connecting further sub-​sections of smart grids, these 
connections can also make smart grids more vulnerable to malicious security attacks. Therefore, 
it is clear that the security of smart grids is one of the most important technical challenges in 
advancing the smartening of the electricity industry. Large-​scale coverage of smart grids makes 
it possible to manage operations remotely, but the first concern is security against hackers, mis-
use, and malicious activities [4]. One of the attacks that have caught the attention of many 
researchers is the False Date Injection Attack (FDIA) malware injection because traditional 
networks are unable to detect this attack, so attackers can distract the control center from mak-
ing the right decision. This type of attack in smart grids has been investigated and identified in 
reference [5].

3.1.1 �H istory of Smart Electricity Networks

The power grid structure, which has been delivering power to numerous consumers for years, 
is evolving rapidly, with a population growth of 25% since 1982. Traditional networks are 
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insufficient to meet this increasing demand, and constructing new generators to add to our 
power network is not logical. Therefore, smart grids are considered a new generation of power 
systems with advanced computing and communication technologies. Figure 3.1 shows an over-
view of an intelligent power grid. The purpose of a smart grid is to use telecommunications, 
information technology, and data science in the current grid to be more flexible, efficient, and 
capable. This rapid growth in size, scale, and complexity also has limitations. These constraints 
pose both national challenges, such as the security of the power system, and global challenges, 
such as climate change, which are expected to be highly controversial in the future. Although 
the grid is about 99.97% reliable today, power outages in a country like the United States still 
cost at least $150 billion a year (about $500 per capita) (only one outage). Electricity caused 
$4 billion to $10 billion in damage to Canada and the United States in 2003 [6]. In December 
2007, the then President of the United States signed the Energy Independence and Security Act, 

FIGURE 3.1  Overview of a smart grid.
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known as the EIAS, which was formed to monitor the electricity power section, the third part 
of which was called smart grids [6]. The world’s first smart grid was introduced in March 2008, 
and the city of Boulder, Colorado, became the first smart grid city. Over the years, China has 
become the largest and most important global smart grid market. The Consumer Electronics 
Control (CEC) recently reported that 26.53% of electricity generated in Japan in 2010 was from 
clean energy sources [7]. It is estimated that by 2030, $378 billion will be spent worldwide to 
build smart grids. Most of the cost will be contributed by ten countries. The main payers are 
the United States, Brazil, India, China, and several European countries. Modernizing transmis-
sion and distribution is also expected to provide the largest investment in the energy structure 
in the next 20 years. Designers’ goal is to use smart technology around the three main axes of 
subscribers, equipment, and communications. Given the above, it seems that the use of smart 
grids will be inevitable in the future. Therefore, this network needs to be further evaluated and 
its challenges and threats to be addressed.

3.1.2 � Comparison of Current Electricity Networks with Smart  
Electricity Networks

The electricity grid has remained unchanged for many years. The existing electricity grid has resulted 
from the expansion of urbanization and rapid development of infrastructures globally during the past 
decades and inappropriate adoption of the grid by a new generation of consumers. Although power 
companies are located in different regions, they typically use the same technology. However, the 
growth of the electricity system has been affected by economic, political, and geographical issues 
that are unique to each company. Despite such differences, the overall structure of the power system 
is the same [8]. In these networks, electricity is generated through power plants (such as coal, gas, and 
nuclear) and transferred to the consumer. As shown in Figure 3.2, the power plant is at the highest 
level, and the consumer is at the lowest level of a power grid. There is no two-​way path for electric-
ity flow, information exchange, and decision-​making in the traditional power grid. Environmental 

FIGURE 3.2  The structure of traditional networks.
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pollutants and energy shortages are also among the problems of these networks. In addition, an 
unprecedented increase in power demand, delays in investing in power system infrastructure, reduced 
system stability, and the absence of sufficient security margins, any unforeseen or unusual demand in 
the distribution network that causes errors can lead to global blackouts [9].

Traditional power grids have the following disadvantages:

•	 The inefficiency of the electricity network in managing maximum demand periods
•	 The inability of the network to exchange reliable information
•	 Limited network capability in the use of distributed energy sources
•	 Network vulnerability to blackouts and power quality disruption
•	 Network vulnerabilities due to natural disasters.

Smart grids have been proposed to solve current power problems and provide better and more effi-
cient management. One of the main goals of smart grids is to provide reliable electricity and meet 
customers’ growing needs with minimal damage to the environment. Figure 3.3 shows the structure 
of an intelligent power grid. These networks include advanced monitoring, automation, production, 
distribution, and transmission control.

The main characteristics of smart networks include the following:

•	 Conscious and active participation of consumers in smart electricity networks
•	 Modify production and storage (provide the required power quality)
•	 Flexibility in the face of natural disasters and disasters
•	 New products, new services, new markets.

Figure 3.4 shows an intelligent power grid next to a current hierarchical grid. The smart grid con-
sists of several small networks, each with production resources, energy storage, and control centers. 

FIGURE 3.3  Intelligent network structure.
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In addition to connecting to the electricity network, these networks are connected through telecom-
munication lines.

3.2 � NECESSARY TECHNOLOGY FOR SMART GRID

Intelligence can be implemented in all three stages of production, transmission, and distribution. 
On the other hand, there are two views on these changes: (a) the design and implementation of an 
intelligent power grid, regardless of the current structure, and (b) smartening alongside the exist-
ing pieces of equipment. The first view is speedy and provides humanity with an entirely new and 
advanced network, but the second view is more suitable for places with a reliable and up-​to-​date 
power grid. In order to make the electricity network smarter, it is necessary to apply technologies in 
different parts of the current electricity network [10,11]. These technologies include the following:

•	 Advanced smart meters
•	 Extensive and decentralized energy sources
•	 Energy savers
•	 Extensive automation
•	 Broadband telecommunication network
•	 Low-​cost telecommunication systems
•	 Smart switching when error detection.

Using the proposed technologies is expected to increase the security and efficiency of the electric-
ity network and reduce the cost of construction, design, and maintenance [12]. Smartening in the 
production, transmission, and distribution sectors is briefly introduced.

•	 Production: In the issue of electricity intelligence at the production level, scattered and 
green resources are discussed. Scattered sources are small generators or energy savers. 

FIGURE 3.4  Traditional network compared to a hierarchical smart grid.
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In the current electricity network, the presence of these sources with low penetration per-
centage does not affect the design of the network. However, in an intelligent electricity 
network, these resources will be used extensively and flexibly, removing power generation 
from centralized mode. Small generation sources such as wind turbines, solar cells, and 
other sources that do not use fossil fuels to generate electricity are in this category. These 
resources are easy to install and cost very little to set up large power plants. On the other 
hand, these sources do not introduce polluted carbon compounds into the environment. 
Nevertheless, the amount of electricity generation in distributed sources is variable and 
depends on factors such as weather conditions and installation location.

•	 Electricity distribution: This area is responsible for transferring electricity to consumers 
and links for communication to control and manage the grid [13]. This area can be seen 
in Figure 3.5.

•	 Control and monitoring: The structure and technology of the monitoring and control sys-
tem in the current electricity network date back to 1960. In this structure, called SCADA, 
the control is performed centrally, and information is collected by sensors in different parts 
and sent to the control center. The upper layers of this structure do necessary processing 
and applications, and the information collected is local and limited and arrives at the center 
with great delay [14,15]. From the mid-​1980s, the Global Positioning System (GPS) with all 
its possibilities was released for civilian use, and subsequently, the horizon of synchroniza-
tion of measurement data across the power grid was clarified. The possibility of synchro-
nizing measurements and the symmetric component measurement method introduced the 
concept of simultaneous measurement technology and phasor measurement unit (PMU). 
At the same time, the technical specifications of these devices were standardized with the 

FIGURE 3.5  Intelligent power grid – ​distribution area.
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publication of the IEEE standard in 1995. Then, in 2005, the second edition of the PMU 
standard was published by the IEEE [16]. They are accompanied by very precise timing at 
the same measurement location, so delays in sending this data are no longer critical to their 
usability. Having a timestamp of measured and sent data allows the data of a particular 
moment to be used together, thus providing a true and accurate picture of the network. In a 
smart grid, PMUs measure phase and voltage accurately and simultaneously using GPS with 
primary processing, and information are sent and analyzed to control centers using Wide 
Area Measurement System (WAMS). Special protocols have been defined for this network, 
the most important of which is CEI 61850. In 1990, monitoring and the data transmission 
network evolved. In line with these issues, in 2000, the WAMS network was implemented 
in the US pilot projects. Other countries are moving in this direction quickly. China had a 
comprehensive implementation plan for WAMS that was completed by 2021 [17]. Today, the 
tendency to use phasor measurement technology is at its peak, as the need for an accurate 
estimate of the state of the power grid is an inevitable necessity for improving the power 
grid’s performance and dealing with catastrophic events. The first step in different countries 
is to get acquainted with the PMU and how it works in providing a continuous picture of the 
network mode. PMUs are installed to achieve full visibility in the power grid to perform a 
variety of monitoring, control, and protection functions of the system optimally in a control 
center, using simultaneous measurements of the power grid range [18].

3.3 � SECURITY THREATS IN SMART ELECTRICITY NETWORKS

Today, electricity networks are considered vital highways for sustainable development in any coun-
try. Proper and cheap supply and distribution of energy to consumers, which are the country’s major 
industries, can increase national production.

In the meantime, security, due to its great importance in the energy industry, is one of the vital 
issues. This section tries to introduce the technology infrastructure in the power grid and its security 
challenges to be examined. The following are three main levels of cyber security that are shown in 
Figure 3.6. The Cyber Security Group at the National Institute of Standards and Technology (NIST) 
has published a comprehensive approach to the issue of security in smart power systems [19].

•	 Accessibility: Ensuring availability at the desired time and using the required information 
is one of the most important issues in the smart grid; because if the ability to use informa-
tion is lost, it may disrupt energy distribution.

•	 Accuracy: Protection against manipulation or destruction of information means the abil-
ity not to deny and verify its identity. Loss of accuracy, which may be due to unauthorized 
changes or destruction of information, can lead to poor management decisions in the future.

•	 Confidentiality: Maintaining permissible restrictions on access to and disclosure of infor-
mation to protect the privacy of individuals and private information. This is especially impor-
tant to prevent unauthorized disclosure of information not permitted to the general public.

FIGURE 3.6  Various security components in the smart grid.
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Accessibility, accuracy, and confidentiality, as mentioned, are the three issues at the high level of 
security in smart grids. In addition to such general issues, the NIST report sets out specific security 
requirements for an intelligent network, including cyber security and physical security. Specifically, 
in cyber security, it includes details of the problems and requirements related to security in the 
smart energy network regarding information and network. The field of physical security includes 
the security of physical equipment and environmental protection and security policies related to 
employees and contractors. Since in this review, our focus is on cyber security, so we state the 
requirements of cyber security below:

	 I.	Attack and Defensive Operations Detection:
Compared to a traditional power system, an intelligent energy grid is an open, distrib-

uted communication network over a wide geographical area. It is impossible to ensure that 
all nodes in this vast network are resistant to attack. Therefore, the communication net-
work needs to have its traffic constantly monitored, tested, and measured to detect unusual 
activities related to the attacks as soon as possible. In addition, the network must have self-​
repair capability to operate accurately after attacks. Given the importance of power infra-
structure, offensive operations are a basic requirement to maintain network accessibility.

	 II.	Identification, Authentication, and Access Control:
The intelligent system communication network includes millions of electrical devices and 

consumers. Identification and authentication are key processes for authenticating an instru-
ment or consumer as a prerequisite for granting access to resources in an intelligent energy 
system information network. The purpose of access control is to ensure that resources are 
accessible to the correct user who has been correctly identified. Access control must be strict 
to prevent unauthorized persons from accessing sensitive information and controlling infra-
structure. To achieve these goals, each node in the smart grid must have basic encryption 
systems such as symmetric and asymmetric systems for authentication and data encryption.

	 III.	Secure and Efficient Communication Protocols:
Unlike traditional communication systems, communications in an intelligent power grid 

have time and security constraints; especially in the distribution and transmission, these two 
constraints sometimes even interfere with each other. If it is impossible to achieve both these 
requirements in some cases completely and simultaneously, an optimal balance must be struck 
between information security and communication efficiency in the design of smart grids.

In communication networks, security attacks can be divided into two types:

	 1.	Abusive users: These users are users who try to obtain more resources on the network 
than legitimate users, in violation of network rules.

	 2.	Malicious users: In contrast to abusive users, malicious users have no intention of self-​
interest but tend to obtain, modify, or disrupt the information contained in the network.

Both groups of users pose network security challenges. In an intelligent energy system, destructive 
behavior is more important because malicious attacks can cause catastrophic damage to power sup-
plies and widespread power outages, which is a very sensitive issue in an intelligent energy system. 
It is not possible to list all types of attacks due to the vastness and complexity of the network in 
intelligent systems, so malicious attacks are divided into three main categories according to acces-
sibility, accuracy, and confidentiality:

	 1.	Attacks that target accessibility deny response (Denial of Service—​DOS) and try to delay, 
stop, or disrupt the communication of an intelligent system.

	 2.	Attacks that target accuracy and attempt to intentionally and illegally alter or disrupt the 
data in the system.
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	 3.	Attacks aimed at secrecy and attempted to obtain unauthorized data from network 
resources in an intelligent system.

3.4 � DATA ATTACK ON SMART POWER GRIDS

One of the issues in smart grids is the state estimation in the control center and the error detection 
in this center. Estimating the situation using the data sent to the control center helps have a real-​time 
view of the network in the Energy Management Center. The most important tasks of the control 
center are as follows [20]:

	 1.	Processing and analysis of observations: Before the state estimating is done, the col-
lected data are analyzed to see if there is a unique estimation for the system state in the 
control center.

	 2.	State estimation: Using real-​time data, they estimate the voltage and phase of each bus.
	 3.	Improper bad data processing: In this step, inappropriate data are detected and deleted 

from the data.

One of the cases that creates inappropriate data in the network is called data attacks, which will cause 
an error in estimating the state vector in the control center. It is necessary to detect a data attack and take 
the necessary measures quickly to prevent the spread of this error in the network. Data are attacked by an 
attacker by injecting improper data into the network. In fact, by taking control of the measuring instru-
ments, the attacker injects his data into the network in such a way that he achieves his goals by making 
an error in estimating the system state vector. False data attacks can be divided into the following two 
categories based on the attacker’s knowledge or lack of knowledge of the system structure [21]:

	 1.	Undetectable attack: In this type of attack, the attacker, knowing the structure of the sys-
tem and knowing the system parameter called the load measurement matrix (H), adjusts 
his data in a way that is undetectable using detection methods. The data attack in this 
review falls into this category.

	 2.	Detectable attack: In this type of attack, the attacker, without knowing the H matrix, 
forms his data vector. Because of the structure of injected data, it can be detected easier.
•	 Another category for attacking data according to the attacker’s target is as follows [21]:
•	 Random data injection attack: In this type of attack, the attacker seeks to enter any 

type of data to create an error in estimating the network state vector without having 
any specific component of the state vector as the target.

•	 Targeted incorrect data injection attack: In this type of attack, the attacker from the 
beginning seeks to form a suitable data vector in such a way that in a specific compo-
nent of the network mode vector, the desired error is received.

From this point of view, the attacks considered in this research are of the targeted type. The DC load 
distribution model detects data attacks in smart power grids. The load distribution model used in the con-
trol center estimator is a set of equations that show the power distribution across all transmission lines. 
The AC load distribution model includes nonlinear equations from which active and reactive power are 
obtained. This model increases the computational volume and complexity, so the linear approximation 
of this model, such as the DC load distribution model, is used. Although this model is less accurate, it 
greatly reduces the computational volume. Therefore, we use this model in this research.

3.5 � CONSERVATION-​BASED DESIGNS

Since a power system typically covers a large geographical area, more than 1 million square kilome-
ters, the network operator can select important measuring devices from all devices for protection, such 
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as secret methods, protection encryption, permanent monitoring, or disconnection from the Internet 
[22]. Measuring devices in DC estimation, power systems are divided into two types: reactive injec-
tion in busbars and active power flow in lines. As mentioned before, one device is needed to calculate 
the active power in each bus, and two devices are needed to calculate the active power in each line. 
For example, consider a grid consisting of 30 busbars, as shown in Figure 3.7, in which busbar 9 is 
connected to busbars 6, 10, and 11. If an attacker wants to change the 9-​state variable, it is necessary 
to adjust the measuring devices for injection power P6, P9, P10, and P11 according to the type of 
manipulation [23]. On the other hand, if the system operator protects the P9 injection power comput-
ing device, the attacker has no chance of manipulating and attacking the 6, 9, 10, and 11 bus mode 
variables. Nevertheless, if the measuring device on the P6 and P9 transmission lines is protected, only 
the busbar variables 9 and 6 can be manipulated. According to the above example, it can be under-
stood that the devices for measuring the power of injection in the busbars are more important than 
those for measuring the power flowing in the lines. From the point of view of state estimation, injec-
tion power measurements play an important role in determining the specific state variable. In contrast, 
the measured power in the measurement lines is added and only improves state estimation accuracy 
[24]. In these sources, several schemes have been proposed to deal with the occurrence of false data 
injection attacks, including the protection of a set of basic measurements and PMU-​based protection.

3.5.1 �P rotection of a Set of Basic Measurements

Basic measurements are at least a set of measurements in which the corresponding rows in the lat-
tice Jacobin matrix used to estimate state variables are independently linear. Reference [25] shows 
that with the knowledge of K which is the number of measurements that attackers can manipulate, m 
which is the number of measurements, and n that indicates state variables, there is always a successful 
attack vector that can inject false information into the power grid without identification. On the other 
hand, the attack will be detectable if the number of measurements that the attacker can manipulate is 
less than 1 mn. Reference [26] uses graphical methods to examine the protection mechanisms against 
FDIA attacks. Protecting selected measurements indicates that no attack can be launched to affect any 
set of state variables. Reference [27] divides the power grid into several sub-​grids. It uses an asym-
metric decoding method called McAllis to protect the measured values while transferring them to the 
control center. The ability to calculate limited units of measurement prevents complex cryptographic 
operations. One of the disadvantages of this algorithm is the large cryptographic key size and it is 
important to suggest an improved and lighter version of this cryptography with a smaller key.

3.5.2 �P MU-​Based Protection

In a smart grid, PMUs play an important role in measuring the phase, voltage, and current of different 
parts of the grid accurately and simultaneously using GPS. It is very difficult for attackers to gather 

FIGURE 3.7  30-​sample networks with measuring devices.
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information collected by PMUs. However, given the high cost of large-​scale installation and the com-
plexity of synchronizing PMUs with each other, it is important to find the best places to place PMUs 
on the network so that the number of PMUs can be determined. In recent years, the issue of optimal 
placement of these units in power grids to full visibility of the system has become very important.

Chen and Zhu [24] proposed an algorithm for placing PMUs in an intelligent power grid and 
introduced it as an integer programming problem. They showed that additional PMUs could help 
improve the ability to detect bad data in a given system. Chen and Zhu [24] proposed an algorithm 
for the convenient placement of PMUs in a power grid to find suitable locations in the shortest 
possible time. The proposed algorithm has little complexity and applies to different types of PMU 
measurements. This reference also shows that if PMUs protect the bus boundaries, an attacker can-
not inject false information without changing other network measurements. References [24] and 
[28] indicate that by optimally placing PMUs, the power system can effectively protect itself against 
data injection attacks. However, Khalili et al. [29] proposed a cyber-​attack by spying on GPS. By 
sending a fake signal to the GPS receiver, attackers could easily launch an attack without accessing 
the communication network. This attack plan could lead to an initial failure of the PMU system. 
Roomi et al. [30] showed that an attacker could execute attacks by cutting a line only by attacking a 
set of critical measurements, even if the PMUs were stationed in the system.

3.5.3 �D iagnosis-​Based Designs

Many methods have been proposed to detect intrusion and detect fake data injection attack. Table 3.1 
summarizes several tasks performed along with the advantages and disadvantages of each method.

3.5.4 �D etection of Attacks Based on State Estimation Methods

Another area of research is the attempt to improve methods for detecting bad data based on state 
estimation to detect false data injection attacks. Reference [17] detects DOS and FDIA attacks 
online and models the system as a discrete linear dynamic system. In this paper, the CUSUM algo-
rithm is used to detect cyber-​attacks quickly. In Reference [27], data prediction methods are used to 
identify and determine abnormal data. In this way, the deviation of predicted and measured values 
increases whenever an attack occurs, which identifies the attack. In addition, the abnormal data are 

TABLE 3.1
Advantages and Disadvantages of False Data Injection Attack Detection Methods

Diagnosis Method Advantages Disadvantages Reference

L-norm Incorrect data in terms of the non-ideal recognizes 
it effectively.

Threshold settings affect detection 
accuracy.

[3]

Adaptive partition High detection accuracy. Unable to identify incorrect data 
under ideal conditions.

[22]

Generalized 
Likelihood Ratio

False data in terms of ideal and non-ideal 
identifies.

High computational complexity. [25]

Adaptive 
CUSUM1

false data with ideal conditions and the non-ideal 
identifies with high detection accuracy.

High time consumption for large 
systems.

[27]

Euclidean distance 
metric

Ability to identify false data in ideal and non-ideal 
conditions.

Abnormal fluctuations due to normal 
data cause significant changes as a 
result of this algorithm.

[14]

Principal 
component 
analysis

High detection accuracy. Loss of communication data leads to 
errors are detected in the results.

[5]
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replaced with the predicted data, and the calibration process takes place. Unlike previous studies in 
which the fixed and diagonal network topology matrix is considered, in reference [28], this matrix 
is non-​diagonal and variable with time. Non-​diagonal means that the predicted value of one node 
depends on the values of other nodes, and variable with time means that whenever a new measure-
ment is made, the values of this matrix are updated.

Reference [22] also examines the relationship between two physical parameters of the power grid 
to detect an FDIA attack. The first parameter is Controller to the Static Var Compensator, which can 
be used to analyze the voltage fluctuations of the nodes in the power grid. The second parameter 
is the New Voltage Stability Index (NVSI) voltage index that examines the voltage stability of the 
node, which can quantify the effect of FDIA on system measurements. Accordingly, a state fore-
casting method is proposed to predict and detect FDIA, and simulations in the IEEE system with 39 
and 118 busbars for the efficiency and performance of the proposed design are evaluated.

In reference [29], the problems of estimating the state and detecting incorrect data injection in 
smart networks are also investigated. An autoregressive detector in the presence of colored Gaussian 
noise during state estimation is provided to detect random data in the smart grid. By modeling noise 
with this detector, it estimates the status of power transmission networks. This study also evaluates 
and compares the performance of the proposed state estimator and detector on the IEEE system 
with 30 busbars with normal Gaussian noise-​based detectors and shows that normal Gaussian noise 
can be a special case of the proposed approach. This article is widely used in processing power 
signals. Reference [27] also examines the effect of FDIA on an intelligent network. It analyzes the 
effect of FDIA on nonlinear state estimation and finally compares linear and nonlinear state estima-
tion and the error propagation rate for different attack vectors.

3.5.5 �A ttack Detection Using Machine Learning Algorithms and Neural Networks

There are several ways to identify FDIA in neural networks and machine learning. The FDIA detec-
tion problem can be considered a binary classification problem from a machine learning perspec-
tive. In this approach, machine learning algorithms are used to classify healthy measurements or 
measurements that have been attacked. For example, the article [30] uses well-​known (supervised 
and semi-​monitored) algorithms with high-​level capabilities to model the attack detection problem. 
The proposed algorithms in this article have been investigated in different IEEE systems. The rela-
tionship between the statistical and geometric properties of attack vectors used in attack execution 
scenarios and learning algorithms for attack detection using statistical learning methods has been 
analyzed. It shows that the performance of machine learning algorithms for detecting attacks is bet-
ter than that of the algorithms proposed for attack detection by state estimation methods.

3.5.6 �O ther FDIA Defense Strategies

Several other methods have been proposed to defend against FDIAs. Based on the fact that knowing 
network topology information is a key pioneer for an attacker, Zhu et al. [31] proposed a step-​by-​step 
verification scheme to help the base station detect false data packets. Chajon et al. [32] proposed a 
distance-​based method (Kullback–​Leibler Distance, KLD) by tracking the dynamics of measure-
ment changes to detect FDIAs in the AC mode estimation model. The key idea in this paper is to 
dynamically measure by calculating the distance between adjacent steps using KLD: Under normal 
circumstances, the KLD is very small, but at the moment that incorrect information enters the net-
work, the KLD becomes larger than normal, which allows attacks to be detected.

3.6 � MODE ESTIMATION IN SMART GRIDS

The idea of state estimation based on least-​squares has existed since the early 19th century. Major 
advances in its application to aerospace have occurred in the 20th century. In this method, a value is 
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assigned to an unknown state variable of a system according to a special criterion performed using 
measurements from that system. In particular, the actual values of the state variables are estimated. 
A common and familiar criterion is to minimize the sum of the squares of the difference between 
the estimated and actual values [32].

In the case of state estimation in power systems, if the system model is correct and the measure-
ments are accurate, it can be said that the state estimation results are also correct. However, the 
measuring transducers may be incorrectly connected or defective, or their calibration not true in a 
way that does not provide accurate measurements. In this case, the data collected from the controlled 
system to estimate the state will no longer have Gaussian errors. Of course, the efficiency of state 
estimators will be overshadowed by such data and will not have desirable outputs. Therefore, if the 
measurement is inadequate or has a large error, such data should be disclosed and deleted or replaced 
before the calculation calculations, thus ensuring the accuracy and efficiency of the estimators.

Direct use of the measured data to estimate the state is illogical. Due to the physical nature of the 
measurement operation, the values sent to the state estimator will not be free of large and unavoid-
able errors. The most common method of detecting inappropriate data in estimating the state of 
power systems in ancient times was a statistical method. Using this method requires having enough 
information about the statistical properties of measurement errors. This method of detecting inap-
propriate data is theoretically simple, but it is time-​consuming and uses iterative computational 
algorithms in practice. It is clear that this method will not be fast enough for real-​time control of 
complex and very large power systems. Recent advances in signal processing and control have led to 
conventional methods in these theories being replaced by techniques based on artificial intelligence. 
Analyzing power systems is one of the branches in which the neural network technique is widely 
used. The analysis of power systems leads to very complex and extensive differential and dynamic 
equations; because power systems consist of many parts with dynamic behavior and very complex 
equations, which leads to more complex analysis. Also, in many cases, studying and generalizing 
the power system in a very short time are required. To achieve this goal employing analytical and 
mathematical methods are not desirable due to being time-​consuming [33].

In a power system, state variables include voltage values and relative phase angles at system 
nodes. Measurements are needed to estimate system performance in real-​time, both for reliability 
control and constraints on the economic distribution of the load. An estimator input contains incom-
plete measurements of voltage and power values. Since there is an error in the measured values 
and measurements, equipment and techniques may be additional, and the estimator is designed to 
estimate the voltage values and phase angles best. The estimator output information is then used in 
system control centers to study the economic distribution of the load, taking into account system 
reliability and system control.

3.7 � BAD DATA

Any false information injected into the estimator is called bad data. One of the main purposes of a state 
estimator is to detect bad data and remove it if possible. Measurements may include errors for a variety 
of reasons. Random errors usually occur due to the limited accuracy of measuring instruments and 
communication devices. If there are enough measurements, such errors are filtered by the state estima-
tor. How this is filtered depends on the method used to estimate the state. Large measurement errors can 
also occur in measuring devices affected by other factors or damaged or have incorrect connections. 
Communication system failures and noise caused by unexpected interference can also lead to large 
deviations and errors in recording measurements. In addition, a state estimator may be deceived and 
misled by incorrect topology information, known as bad data in the state estimator. The management 
of such cases is complex, and the correction of topological errors is debatable in a separate topic and 
is beyond the scope of this study. Some common tests can identify and remove some bad data before 
estimating the status. Negative voltage measurements several times larger or smaller than expected or 
the large difference between the input and output current of a node inside the substation are examples 
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of such bad data. Unfortunately, not all bad data types can be easily detected by such methods, so state 
estimators must be equipped with more advanced features to detect and identify any bad data.

Bad data may appear differently depending on the location and the number of measurement 
errors. This data can be divided into two general categories:

•	 Bad single data: Only one measurement in the whole system has a large error.
•	 Multiple bad data: Have more than one measurement error in the system. Multiple bad data 

are classified into three groups:
•	 Multiple non-​interactive bad data do not affect each other: Bad data have a poor cor-

relation with the rest of the measurements.
•	 Uncoordinated multiple interactive bad data: Uncoordinated bad data in strongly cor-

related measurements.
•	 Coordinated bad interactive data: Bad data are consistent in measurements that have 

strong correlations [22].

3.7.1 �B ad Data Types in the Power System

Bad data in a system can be caused by the following factors [12]:

	 1.	Insufficient data due to topological errors: SE performs its operation with the elec-
trical model obtained by the Transaction processor (TP); in other words, TP converts 
the detailed model of the switch/bus section into a more compact and useful bus/branch 
model. In this process, some measurements should be ignored (such as load distribution 
by circuit breakers (CBs)). A CB contains one or more logic states with multiple isolated 
switches, often the correct condition of all CBs in a known system. However, sometimes 
the status of a particular CB may be wrong. This happens when some remote switches have 
not been measured or operated remotely and are defective. Other reasons include a breaker 
being repaired and not reported by the repair team, a line or transformer being cut, a bus 
detachment, or a mechanical fault in signaling devices. In such cases, the TP encounters a 
CB whose status is unknown. In such cases, the TP must decide on a situation similar to 
the CB status previously recorded for the same breaker or using measurement-​related val-
ues. Therefore, the possibility of choosing the wrong situation for CB is inevitable. When 
this happens, the bass/branch model produced by TP is wrong and leads to a topology 
error. Therefore, as its name implies, this error is related to the physical condition of the 
system. Unlike parametric errors, most of these errors remain unknown as long as they do 
not exceed the threshold value. Topological errors typically cause the SE to become sig-
nificantly problematic. As a result of these topological errors, the misdiagnosis process is 
disrupted, and some correct and analog data are also misdiagnosed as bad data. Therefore, 
due to misdiagnosis, this data is deleted from the data set (in which case it should not be 
deleted), and again the state estimation algorithm is implemented. As a result, the estima-
tor presents an incorrect estimation or diverges. A type of data can also be presented in a 
specific way. However, in the first place, the topological error must be controlled, so it is 
necessary to use an advanced method to detect and identify these bad errors [24].

	 2.	Insufficient data due to measurement error: Errors due to limited accuracy of measur-
ing devices, failure of devices, and disconnection of communication lines are among the 
measurement errors.

	 3.	Insufficient data due to cyber-​attacks that occur in smart grids: This condition occurs 
only in smart grids, but the previous two modes, whether it is a smart grid or a traditional 
grid, can occur. It should also be noted that the first factor is a separate category and is 
not considered in issues related to bad data processing, so we will not discuss this type of 
bad data and its detection methods. It is clear that in smart grids, all devices have their 
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own IP so that consumers may have access to their power consumption information and 
control it via the web. This two-​way path provides the possibility of vulnerability, or the 
attacker may infiltrate the network through unpredictability and change the load through 
access to network software to destabilize the network. Therefore, due to the expansion of 
smart grids, it is necessary to conduct studies in this field to provide solutions to detect and 
identify this data.

	 4.	Reinforced learning: This type of learning is very similar to the unsupervised type, and 
the similarity is that the data used for learning are not labeled; however, when asked about 
the data, the result will be graded. A good example of this type of learning is playing. 
If the car wins the game, then it uses the result to strengthen its future moves during the 
game.

3.7.2 � Machine Learning Performance

Engineers working in machine learning systems use various techniques for this purpose. As men-
tioned earlier, many of these techniques involve exploring data and statistics. For example, suppose 
you have a body of information that defines the characteristics of different types of coins (including 
weight and radius). In that case, you can use statistical techniques such as the “nearest neighbor” 
algorithm to classify coins that have not been seen before. The “nearest neighbor” algorithm per-
forms that which seeks to classify the nearest neighbor to the coin and then assigns the same clas-
sification to the new coin. The number of neighbors used to make this decision is known as “k”. 
Countless others try to do the same thing using different methods.

Figure 3.8 shows that the image at the top left is related to the available data set. These data are 
classified into two groups, blue and red, and are completely hypothetical. As can be seen, there are 
some definite groupings in these images. Everything in the top left corner of the image is in the 

FIGURE 3.8  Different machine learning techniques for data classification.
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red category, and everything in the bottom right of the image is in the blue group. There is also 
some overlap in the middle of the image. If new data is placed in the middle, whether the sample 
belongs to the red or blue group arises. Other images show different algorithms and how to group 
new samples. If the new data is in a white area, it cannot be classified using these methods. The 
numbers in the lower right corner of the photos also show the accuracy of the classification. Several 
methods for identifying FDIA in machine acquisition are available for the binary classification 
problem described above. The following are two of these methods that have been developed in this 
study with Python software.

•	 Proposed nearest neighbor algorithm in detecting false data injection attack
The nearest neighbor algorithm is widely used in data mining, machine learning, and 

pattern recognition (Figure 3.9). The simplest case in this algorithm is when it is 1k. In this 
case, the algorithm is known as the nearest neighbor. According to Figure 3.10, to classify 
a record with an unspecified category, the distance of the new record from all training 
records is first calculated to identify the nearest neighbors. The distance between points 
can be calculated from Euclidean distance methods, Hemming distance, Manhattan dis-
tance, and Minkowski distance.

Selecting the value of k in this classification method is very important. If the value 
of k is selected too small, the algorithm becomes sensitive to noise, and if the value of 
k is selected too large, records from other categories may be placed among the nearest 
neighbors.

•	 The proposed decision tree algorithm in detecting false data injection attack
The decision tree algorithm is a supervised algorithm used as a support vector machine 

for classification. Suppose y, which is the predicted response or the output of the target, 
is a classification variable or an array of characters or strings. In that case, the decision 
tree will perform the classification operation. Attach to these tags. The average number of 
middle nodes per tree surface is called the average width of the tree, and the average num-
ber of layers from root to end nodes is the average depth. If it is assumed that each depth 
has two edges and examines only one property, then we have:
•	 The first depth of a feature
•	 The second depth of the two features
•	 Third depth of the four features.

FIGURE 3.9  Example of the nearest neighbor algorithm.
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Finally, the data can be divided into four modes based on seven characteristics at three depths. 
Figure 3.11 shows the learning process of a tree. Models are made quickly. If the tree is allowed 
to grow without restriction, it will take a long time, unintelligent. The size of the trees can be con-
trolled by stopping rules. A common rule of thumb is to limit the depth of tree growth. Another 
way is to stop pruning the tree. The tree can be expanded to its final size, and then by exploratory 
methods or user intervention, the tree is reduced to the smallest size so that accuracy is not lost.

FIGURE 3.11  The process of learning a tree.

FIGURE 3.10  The nearest neighbor algorithm process.
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3.8 � SUMMARY

Unlike many research areas in artificial intelligence, machine learning cannot be considered an 
intangible goal; in fact, machine learning is a reality that is currently being used to improve the 
services used by humans. In many ways, it can be considered a forgotten star that works behind the 
scenes and does its best to find the answers we are looking for. This technology also helps to save 
operating costs and improve the speed of data analysis. For example, in the oil and petrochemical 
industry, using machine learning, the operational data of all drills are measured. By analyzing the 
data, algorithms are set that have the most results and optimal extraction in subsequent drilling. In 
this chapter, after modeling an intelligent network, the relationships in estimating the network state 
were explained, and the types of bad data that could cause problems were expressed. Then how to 
design a false data injection attack vector was discussed in detail. After stating the relationships 
required to extract the measurement data, the proposed algorithms for detecting false data injection 
attacks in smart grids were proposed.
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Abstract

With steep growth in urbanization and industrialization, there is huge rise in energy demand, which is 
mostly compensated by fossil fuel, the largest contributor to global warming and thus climate change. 
With advancement in technology, Renewable Energy sources become most popular alternative sources 
of generating energy which can solve the aforementioned problem. Wind energy is one of the most 
popular and one of the rapidly increasing sources of electrical energy produced by wind turbines. But, 
due to the intermittent nature of the Wind as it is highly influenced by the change, it creates a barrier in 
complete dependency for energy. Though wind energy has shown tremendous growth in recent years, 
it still faces challenges in terms of grid integration, stability, wind nature and location for the setup. In 
order to incorporate wind turbine into power grid, many advanced control system have been proposed 
and implemented so that the overall stability and efficiency of the system can be enhanced. The genera-
tion of power through wind turbine is totally dependent on the speed of the wing and slight variance 
in the speed will impact the output power. This power can’t be further fed to grid as the grid voltage 
must be of constant amplitude and frequency, and thus many control strategies have been proposed 
and implemented. In this chapter, we have discussed various components and parameters contributing 
to wind energy generation and proposed a novel control system to maintain the stability of the wind 
turbine-connected grid system.
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4.1 � INTRODUCTION

Energy is playing a vital role in recent industrialization and urbanization. The steep increase in 
energy demand due to the rapid advancement in all sectors has led to crisis in energy genera-
tion. To meet this energy demand, all sectors are mostly dependent on fossil fuels which exhibit 
high negative impact on the atmosphere, and also the major dependency on fossil fuel leads to the 
depletion of the fossil source too. So to compensate or reduce the dependency on fossil fuel, the 
energy sector is shifting its focus towards the renewable sources of energy such as solar, wind and 
biomass. Utilization of energy is greatly influenced by affordability, availability and environment-​
friendliness. With recent advancement in technology and material science, renewable energy 
sources have found a strong ground to replace fossil fuel; besides this, the non-​conventional sources 
such as solar and wind are readily and abundantly available in nature. But the intermittent nature of 
wind and solar creates a strong boundary for full-​scale dependency or application in energy sector. 
Both the solar and wind are highly influenced by climate change and thus cause a serious concern 
in grid integration. Among the many renewable sources, wind energy has shown great potential 
and has increased its implementation in energy sector in multi-​fold level. Though wind energy has 
exhibited a tremendous growth in recent years, it is still facing a strong challenge while incorporat-
ing with the grid system, wind nature, location of the setup, etc. Many advanced control system has 
been proposed and implemented, such as modern generator and power converter to increase the 
overall efficiency of the system and to incorporate wind energy into the grid system. The energy 
generation via wind turbine is highly dominated by the nature and speed of the wind and thus a 
slight variation in speed will exhibit its effects on output power. As grid voltage always must be of 
constant amplitude and frequency, thus the unstable output of wind energy becomes incompatible 
with the grid and in that reference various control strategies have been proposed and implemented. 
In another aspect, to generate electricity from wind energy, the wind turbine plays a pivotal role. 
Along with wind turbine, there are other parts which in total forms the system and these are wind 
generator, power unit and wind energy converter. Wind turbines are basically classified into two 
types based on their axis of rotation, namely horizontal-​axis turbine and vertical-​axis turbine. In the 
present scenario, mostly horizontal axis is used [1].

4.1.1 � Horizontal-​Axis Wind Turbines

In horizontal-​axis wind turbines, the rotor shaft coupled with blades and with electric generator is 
placed at the roof of the axis. A gearbox is also present, which drives the electric generator during 
the slow turns of the blades. In general, the turbine is placed pointing in a upwind manner to com-
pensate the turbulence produced by the tower. The tower blades are placed at a suitable distance 
from the pole or sometimes in a tilted fashion to avoid any conflict with other parts during high wind 
situation. The blades are also made firm to keep the edges from being pushed due to high winds.

Though there is significant problem of turbulence, still downwind machines comes into market 
and have their own position and significance. During high wind force, the blades of the downwind 
machine actually get slightly bent to reduce swept area, which in turn reduces wind resistance. The 
excess amount of turbulence sometimes causes severe damage and leads to system failure.

4.1.2 � Vertical-​Axis Wind Turbines

In this type of wind turbine, the rotor is not need to be placed at the top facing the wind direction; 
rather it is placed horizontally, and this makes its construction more stable as it does not need the 
tower to support the rotor and requires less maintenance. This design also brings another advantage 
as it can easily cope with wind direction, which means it can utilize winds from varying directions. 
The sole disadvantage is that it produces pulsating torque.
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4.1.3 � Power System Stabilization

The wind energy generation system must have the potential to reduce fluctuation in power, which 
occurs due to transient fault. Before the stability of the electrical system gets disturbed, the wind 
turbine must reduce the effect.

In our proposed work, the following aspects are considered:

•	 Fast attaining of stability after transient fault
•	 Generation of controlled active power to suppress the system oscillation
•	 Controlling the somewhat sluggish pitch system to perfection
•	 Reducing the oscillation due to transient by oscillating power extraction
•	 To investigate the impact of wind turbine control system on total stability.

The wind turbines are basically classified as a variable speed, variable pitch turbine. These are 
driven in conventional ways, as it is composed of gearbox and fully scaled synchronous genera-
tor. Though, in majority of situations, it is noticed that variable speed drive preferably works with 
doubly fed induction motor, still full-​scaled synchronous generator are preferred, as they gained 
immense popularity due to some of their advantages over the former, and various research studies 
are also carried out in this field. Various control units and methods are proposed and implemented 
to make these turbines more enable to tackle the transient fault and to prevent the loss of stabiliza-
tion in the system. Different controlling algorithm is proposed in order to suit various fault issues 
and is made utilized to handle that fault. A realistic power model is analysed by simulating different 
transient faults and also the mutual impacts of both power system and wind turbines that are taken 
into consideration [3]

4.1.4 � Grid-​Connected Requirements

The utility or generating energy through wind has not created that much of hype in early days 
energy situation. Therefore, there is no requirement for grid connection with the wind turbines. But 
as the time passed by, more works shifted towards the generation of wind energy, which leads to 
involvement of grid connection with the wind turbines. During the 1990s, these connection rules are 
presented and implemented in various countries such as Germany and Denmark. This harmoniza-
tion is later accepted by national network association and wind energy association for the upliftment 
of the wind turbine manufacturers and wind farm owners [4].

	 a.	Active Power Control:
There are generally two basic reasons to control the active power: one is to control the 

increase in frequency during steady condition and the second reason is to attain voltage 
and frequency stability during transient fault. However, it cannot be distinguished between 
active power flow during normal condition and transient condition from the analysis of 
ground cover ratio (GCR). The analysis of power flow is generally required during the tran-
sient fault condition in order to check if the power flow can be reduced when fault occurs 
so that the wind turbine speed can be prevented from increasing. If the wind turbine is 
directly connected to the grid-​connected generator, then the reactive power demand is less, 
which effectively reduces the power demand after the fault is cleared so that the voltage 
dips due to fault can be eliminated and the system can regain its voltage stability. Another 
concern is the rate of increase in power flow when the fault is cleared. This analysis is 
required in order to prevent power surges to avoid interruption of energy generation. The 
analysis of power flow is required in all GCR. The consideration of factors for analysing 
greatly depends on various factors such as short circuit power. The low short circuit power 
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results in high power flow after the fault is cleared; that’s why more control of power is 
necessary in order to keep the system in stable condition [7].

	 b.	Frequency Operating Range
The wind turbine must tolerate the frequency deviation. In many grid-​connected sys-

tems, primary and secondary frequency control are utilized. The control of frequency 
is required during transient duration, as at that time there is much fluctuation in system 
frequency, which can easily lead the system to an unstable condition. The frequency 
tolerance of the wind turbine must be as high as possible, because if the turbine cannot 
be able to handle the fluctuation, then it leads to discontinuity in energy generation but 
excessive frequency range also effects the working of wind turbine because in some cases 
it is seen that the speed of the turbines greatly depends on the grid frequency. Variable 
speed turbines with doubly fed induction generators are mostly grid-​independent, but 
variable speed turbines with full-​scale converters are completely independent of grid 
frequency [6].

	 c.	Reactive Power Compensation and Controlling of Voltage
In both utility and customer side, each equipment possess a specified voltage rating 

with in which it can operate easily or else it will lead to system or equipment failure. So 
the control of reactive power demand and voltage control are necessary to keep the volt-
age within its limit. In some grid connections, the wind turbines also contribute to voltage 
control. The reactive power demand are compared in terms of power factor. In the figure 
it is noted that lagging power factor denotes reactive power demand and the leading power 
denotes the reactive power absorption [9].

	 d.	Requirements for Transient Fault and Voltage Operating Range:
In this section, the working voltage is related with trip times. The correlation must 

be considered in order to synchronize the wind turbine with the grid. The correlation 
between active and reactive power is not taken into consideration. Along with voltage 
operating limits, the transient fault ride through is also mentioned. The voltage and current 
are matched in order to compensate power flow as before when the fault does not occur. 
The above information reveals that the wind energy system must be designed for larger 
currents than the rated current.

4.2 � MODELLING OF WIND TURBINE

The mechanical power executed by the wind turbine is generally depicted by

	 1/2 , π ,2
wind
3β γ ρ( )=P C R Vm p 	 (4.1)

where
Cp = coefficient of rotor power
β = pitch angle
ρ = density of air
R = radius of turbine blade
γ = speed ratio.

The mechanical torque of the wind turbine is given by

	 ,
ω

=T
P

m
m

m

	 (4.2)

where
ωm = mechanical angular velocity.
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The blade pitch angle and blade tip speed ratio, which are given below, determine the turbine’s rotor 
power coefficient.

	 0.44 0.0167 sin
2

13 0.3
0.00184 2β

γ
β

γ β( ) ( )( )= −
π −

−
− −Cp 	 (4.3)

The generating power of the wind turbine is directly influenced by the coefficient of rotor power at 
a particular speed of wind. The manufacturer of the wind turbine specifies its parameters, and the 
geographical location of the setup decides the air density. With increase in the rotational speed ωm 
the pitch angle reference also increases and thus reduces the overall torque of the turbine. Therefore, 
it is said that pitch angle controls the torque of the turbine [2].

With variation in the wind speed the rotational speed also gets varied to achieve utmost output 
power. The mechanical torque is driven by the pitch angle to withdraw utmost power from the pre-
vailing wind. Wind power exhibits great barrier with frequent changes in wind speed, and thus, to 
compensate that variation, an advanced controller is required to maintain the overall flow of the 
power and thus to increase the overall efficiency of the system. Many research studies have been 
carried out to design and develop a controller capable to withstand unpredictable wind nature dur-
ing operation.

4.3 � PROPOSED RESEARCH WORK

The aim of the research work is to improve the current and voltage profile and by the use of the reac-
tive power efficiently, which will finally optimize the output of the system. But before this, several 
problems occur like harmonic distortion, and this will also be improved by the combination of the 
FUZZY+PI.

As the consumption of the power is increasing every day, we have to find the alternate sources 
of energy; as we all know, depletion of fossil fuels is increasing rapidly, and hence the question of 
what would be the next source of power becomes important. So wind power could be the new source 
after finishing of the fossil fuel. So merging of the different types of plant taken aids in increasing 
the efficiency. But in the merging of the plants a lot of problems occur and synchronization is really 
hard which is due to alternator and turbine.

4.3.1 �FA CTS Devices

The standard definition of FACTS per IEEE is: “Alternating current transmission systems incor-
porating power electronics based and other static controllers to enhance controllability and power 
transfer capability”. The increase in effectiveness in electrical network is largely due to the increase 
in improvement in semiconductor device and the use of various static converters. This advance-
ment in semiconductor devices also affects the controllability and transferability to a greater extent. 
Recent development in energy electronics introduces the usage of record controllers in power sys-
tem. The FACTS devices also give an idea regarding the various costs involved in reactive power 
sources to compensate the lagging effect. The main disadvantage of FACTS devices is that it is 
expensive. The FACTS devices provide smooth and faster response. In general, it is based on thyris-
tor or gate turn-​off thyristor.

4.3.2 �D ifferent Methodologies

Different technologies can be used to optimize the true and reactive power, which could enhance the 
voltage and current profile; there are various technologies, which can be used, like Fuzzy, Artificial 
Neural Network (ANN), Supercapacitor, and Maximum Power Point Tracking.
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	 a.	Fuzzy Logic:
It consists of different types of logics and the table is made from the logics like 0 and 

1. Fuzzy logic contains different logics, which could be partially false or partially true. 
Additionally, if bilingual or multilingual variables are used, then it can be cosmos different 
function. We regularly use on daily basis in our homes and locals (Figure 4.1).

	 b.	Artificial Neural Network:
Next, we will start from the ANN and this is not used on a great extent. Maximum time 

ANN is used for this application. It is based on the learning of the machine, which can 
store up to a greater extent. But it is hard to operate on populated inputted (Figure 4.2).

	 c.	Super/Ultra-​Capacitor
An ultra-​capacitor is different from the conventional capacitor in different ways: The 

area of the plates is quite larger and the gap between the plates is also large as compared to 
the normal capacitor. The number of plates in it is same as those in the normal capacitor. 
The manufacturing material of ultra-​capacitor is charcoal, which enhances the effective 

FIGURE 4.1  Representation diagram of fuzzy logic.

FIGURE 4.2  Representation diagram of ANN.
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area of the plates, and upon the plates, the quantity of the charge is much more in the ultra-​
capacitor. The dielectric material made from thick sheet of mica does the separation of 
plates. When this capacitor is charged, then the plates carry positive and negative charges, 
producing an electric field, which stores energy.

4.4 � IMPLEMENTED METHODOLOGY

Due to accessibility, wind energy becomes the most prominent source of energy generation. So 
in order to overcome various barriers during integration of wind with grid and make the system 
stable, a simple static pulse technique is used. There are many non-​linear factors present in the wind 
system, so most of the control logic finds it difficult to adjust and solve the stability issue. In this 
case, fuzzy fits better as this logic depends on both crisp and average values. Earlier this logic has 
not been used much in wind turbine control. One of the prominent reasons is that the control unit 
of wind turbine depends on small signal analysis and it can easily be handled by the Proportional 
Integral (PI) and Proportional Integral Derivative (PID) controller. But as discussed above we are 
focusing on the large voltage sag due to fault, and this analysis possess lots of nonlinearities, which 
can easily be handled by the fuzzy controller, because in a system if the problem cannot be pre-
sented in mathematical form and possesses nonlinearity, such a problem can be resolved using 
fuzzy logic. Also, on the contrary, the tuning of the parameters with traditional controllers like PI 
or PID requires the analysis and variance in mathematical equation. For the design of a fuzzy logic 
controller, such a description is not necessary, as it is fully based on system behaviour. This knowl-
edge is presented in the form of series rules, which are utilized to attain the system output from sys-
tem input. The designing of a fuzzy controller generally depends on three parameters, namely input 
for the logic and creating fuzzy sets for those inputs; defining fuzzy rule; designing a controller to 
convert the results into an output signal, which is commonly called defuzzification. The derivatives 
are being generated from the set of rules, which are generally grid frequency and voltage. These 
rules are accounted as a set of crisp values and their importance can be presented as membership 
function. A crisp pitch angle is generated through defuzzification process. The incorporation of 
fuzzy pitch angle controller with the wind turbine is depicted in Figure 4.3.

4.5 � IMPLEMENTED FUZZY RULE

See Figure 4.4.

Name=’fc_buck’ Type=’mamdani’ Version=2.0 NumInputs=2 NumOutputs=1 
NumRules=37 AndMethod=’min’ OrMethod=’max’ ImpMethod=’min’ 
AggMethod=’max’
DefuzzMethod=’centroid’

FIGURE 4.3  Fuzzy logic block diagram of proposed model.
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[Input1] Name=’ce’ Range=[-​15 15] NumMFs=7
MF1=’NB’:’trapmf’,[-​19.2 -​15.15 -​11.25 -​7.5]
MF2=’NM’:’trimf’,[-​11.25 -​7.5 -​3.75]
MF3=’NS’:’trimf’,[-​7.5 -​3.75 0]
MF4=’ZE’:’trimf’,[-​3.75 0 3.75]
MF5=’PS’:’trimf’,[0 3.75 7.5]
MF6=’PM’:’trimf’,[3.75 7.5 11.25]
MF7=’PB’:’trapmf’,[7.5 11.25 15.45 19.35]

[Input2] Name=’e’ Range=[-​15 15] NumMFs=7
MF1=’NB’:’trapmf’,[-​19.5 -​15.45 -​11.25 -​7.5]
MF2=’NM’:’trimf’,[-​11.25 -​7.5 -​3.75]
MF3=’NS’:’trimf’,[-​7.5 -​3.75 0]
MF4=’ZE’:’trimf’,[-​3.75 0 3.75]
MF5=’PS’:’trimf’,[0 3.75 7.5]
MF6=’PM’:’trimf’,[3.75 7.5 11.25]
MF7=’PB’:’trapmf’,[7.5 11.25 17.85 17.85]

[Output1] Name=’output1’ Range=[-​10 10] NumMFs=7
MF1=’NB’:’trimf’,[-​13.33 -​10 -​6.666]
MF2=’NM’:’trimf’,[-​10 -​6.666 -​3.334]
MF3=’NS’:’trimf’,[-​6.666 -​3.334 0]
MF4=’ZE’:’trimf’,[-​3.334 0 3.334]
MF5=’PS’:’trimf’,[0 3.334 6.666]
MF6=’PM’:’trimf’,[3.334 6.666 10]
MF7=’PB’:’trimf’,[6.666 10 13.34]

[Rules]

1	 1,	 1	 (1) :	 1
1	 2,	 1	 (1) :	 1

FIGURE 4.4  A snapshot of the fuzzy rule implementation in the model.
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1	 3,	 1	 (1) :	 1
1	 4,	 1	 (1) :	 1
1	 5,	 2	 (1) :	 1
1	 6,	 3	 (1) :	 1
2	 2,	 1	 (1) :	 1
2	 3,	 1	 (1) :	 1
2	 5,	 3	 (1) :	 1
2	 1,	 1	 (1) :	 1
2	 7,	 5	 (1) :	 1
3	 1,	 1	 (1) :	 1
3	 2,	 1	 (1) :	 1
3	 3,	 2	 (1) :	 1
3	 6,	 5	 (1) :	 1
3	 7,	 6	 (1) :	 1
4	 1,	 1	 (1) :	 1
4	 2,	 2	 (1) :	 1
4	 3,	 3	 (1) :	 1
4	 5,	 5	 (1) :	 1
4	 6,	 6	 (1) :	 1
4	 7,	 7	 (1) :	 1
5	 1,	 2	 (1) :	 1
5	 2,	 3	 (1) :	 1
5	 5,	 6	 (1) :	 1
5	 6,	 7	 (1) :	 1
5	 7,	 7	 (1) :	 1
6	 1,	 3	 (1) :	 1
6	 3,	 5	 (1) :	 1
6	 5,	 7	 (1) :	 1
6	 6,	 7	 (1) :	 1
6	 7,	 7	 (1) :	 1
7	 2,	 5	 (1) :	 1
7	 3,	 6	 (1) :	 1

See Figures 4.5 and 4.6.

4.6 � SIMULATION AND RESULT

4.6.1 �S oftware: MATLAB® Version R2019a

The analysis of proposed model is carried out using MATLAB® simulation software, where numerical 
calculations and analysis of the integrated system are performed. MATLAB is a high-​skilled language 
for technical computation, visualization, and programming in a simple way, where problems and solu-
tions are expressed in familiar mathematical model.

•	 Data collection and data exploration along with analysing
•	 Data representation and engineering drawing along with	graphical visualization
•	 Algorithmic analysing of functions
•	 Mathematical model and computational tools
•	 Prototyping of realistic models
•	 Graphical user interface (GUI) building environment.

4.6.2 � Result Analysis and Simulation

See Figures 4.7–​4.13.
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FIGURE 4.5  Three-​dimensional representation of fuzzy logic Case 1.

FIGURE 4.6  Fuzzy output 1 for value of ce = –​9.79 and e = 6.52, output = –​4.41.
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FIGURE 4.7  System block diagram of proposed model.

FIGURE 4.8  Block representation of subsystem load of system.

4.7 � CONCLUSION

With steep advancement in technology, researchers are constantly striving to develop a high-​end 
technology that is cost-​effective as well as beneficial for the society. In our proposed work, we 
have integrated computational technology, namely fuzzy logic, with PI controller in STATCOM to 
elevate the stability rate of the wind system incorporated with grid system. The system is designed 
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FIGURE 4.9  Integration of fuzzy logic with PI.

FIGURE 4.10  Representation of Wind Energy Conversion System (WECS).

FIGURE 4.11  Simulation result of the generator output.
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FIGURE 4.12  Voltage magnitude with SPWM controller in 3-​phase line to ground fault.

FIGURE 4.13  Voltage magnitude without SPWM controller in 3-​phase line to ground fault.
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and simulated in MATLAB along with various case study aspects such as involving controller, 
Switched Pulse Width Modulation (SPWM), and various fault cases.

The simulation results show that with the involvement of our proposed work, some sections have 
shown great improvement. Firstly, from the results of the analysis, it is observed that power qual-
ity gets improved, which is major factor in any power system. Secondly, and most importantly, it is 
observed that with the change in the speed of wind, the voltage remains constant in the grid side, 
as well as the reactive power compensation (snag and swelling) executed very efficiently and thus 
maintained the voltage profile.
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5 Solar-​Powered Smart 
Irrigation System
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Abstract

The aim of this paper was to build a solar tracker-powered smart irrigation system. Using a single-axis 
solar tracker circuit, which moves such that direction of sunlight is always perpendicular to the solar 
panel, an irrigation module has been powered, which is further connected to a mobile app. The irriga-
tion module consists of an ESP8266 board as the brain of the system. It is connected via the Wi-Fi to 
the mobile app. The gardener/farmer can view real-time soil and surrounding information, such as tem-
perature, humidity, and soil moisture. If he wants, he can manually command the system to water the 
plants. A 5 V single-channel relay is used for this purpose, which turns on the motor, draws water from 
the well, and waters the plant. The farmer/gardener can then turn off the watering when soil conditions 
reach the optimal level. This device would be very helpful to the farmers because this device is capable 
of monitoring the condition of the soil and then watering the plants according to the level of the soil 
moisture content. This device is cheap and highly efficient for farmers, and is a step towards renewable 
energy economy.

5.1 � INTRODUCTION

The old method of watering plants is completely time-​consuming and a tiring process. In order to 
save the farmer’s/gardener’s time, the paper proposes a device that can help farmers to water their 
plants regularly at certain intervals of time. With the use of this device, it can be ensured that the 
water given to the plant is sufficient as well as efficient. All of these are possible via a solar tracker, 
so it is eco-​friendly and energy-​efficient at the same time.
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5.1.1 �L iterature and Background Survey

The authors of Reference [1] propose a Global System for Mobile Communication (GSM)-​based 
smart irrigation system that sends the information of the surroundings including temperature and 
humidity of the soil. A fuzzy logic controller is used to compute these parameters. The authors 
then compare the proposed system against drip irrigation and manual flooding, and find that the 
proposed system conserves more water and power compared to other two. Reference [2] emphasizes 
how Internet of Things (IoT)-​based systems are the necessity for industry 4.0. The authors further 
develop a smart irrigation system which uses a neural-​network to optimize the sensor inputs and 
scheduling of tasks. The authors in Reference [3] also make a smart irrigation system, but use 
Arduino and ThingSpeak instead, to develop a system to help the farmer control and monitor the 
water flow. In Reference [4], the authors use the ESP8266 NodeMCU to perform the same task as 
done in [3]. Reference [5] indicates the importance of IoT in Agriculture 4.0, with the authors further 
demonstrating the technique of radiofrequency energy harvesting to deliver power to the IoT sys-
tem. In one of the preceding papers, parameters like humidity, soil moisture, temperature, and light 
intensity were fed into a fuzzy logic to determine whether to water the plant [6]. The same logic has 
also been applied in healthcare for parameters like blood pressure and oxygen [7]. Applications of 
this analogy has also been found in fire-​alarming applications [8,9]. Europe’s SWAMP project [10] 
has developed an IoT-​based smart irrigation system, based on four pilots in Brazil and Europe. The 
authors of Reference [10] also provide an analysis of FIWARE components used in the programme. 
The authors of References [11–​17] did an on-​field survey to test the water savings of a smart irriga-
tion system and found 25% water saving in Mediterranean regions. Establishing food security is one 
of the United Nations Developmental Goals for 2030, and smart irrigation can potentially become 
a key enabler for this goal. The authors of References [18–​23] explore this scenario with respect to 
Edge computing. Machine learning techniques like K-​Nearest Neighbors (KNN) [24–​26] also have 
the potential to predict water level requirement for soil types where farmers are not confident of the 
optimal water level.

5.1.2 �O bjectives

•	 The objective of the paper was to design an irrigation system that would:
•	 Use water in a more well-​organized way to prevent loss of water.
•	 Minimize the labour expenses involved.
•	 Make use of renewable energy.
•	 Prevent over-​watering/under-​watering of plants.

•	 The issue of watering the plants, at the correct humidity level, when the owner goes out of 
station can be solved using this system.

•	 This product was determined to be the best choice through its installation cost, water sav-
ing, human intervention, reliability, power consumption, maintenance, and expandability.

•	 The most important consideration kept in mind is the overall cost, with the aim of pow-
ering the entire system using sun tracking solar panel to minimize power loss in a step 
towards renewable energy ecosystem.

5.1.3 �F unctioning of the Prototype

The prototype shown is able to deliver surrounding information like moisture content of the soil, 
temperature, and humidity. This information can be viewed by the concerned parties on their smart-
phone app (Figure 5.12). They can remotely water the plants if the conditions are suitable according 
to them. A proposed addition to the existing prototype (Figure 5.11) would be the addition of the 
feature of self-​irrigation, which waters plant using pre-​decided threshold values for soil moisture. 
It is estimated that the proposed system will be highly beneficial to all concerned parties as it is 
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proven to be more efficient than traditional solutions [1], and at the same time help in water conser-
vation. The whole system will be powered using a solar tracker, which will optimize itself for the 
best possible energy production as per direction of the sun.

5.2 � DESCRIPTION

Modern-​day irrigation systems are a combination of technologies, like water supply controllers that 
allows watering only when needed, and sensors that monitor moisture and temperature-​related con-
ditions in the farm/garden and automatically adjust watering to optimal levels. In the paper instead 
of using a constant dc supply source we have used a solar tracker system (Figure 5.1) to power the 
smart irrigation system (Figure 5.2). Also, the irrigation system gathers all the data like the moisture 
content, humidity, and temperature and sends it to the farmer’s app (Blynk app) (Figure 5.12), which 
shows the farmers about the current state of their soil and accordingly they can water the plants 
(Figures 5.3 and 5.4).

5.3 � DESIGN ASPECT

ESP-​8266:
•	 ESP8266 is Wi-​Fi microcontroller, and is a very inexpensive way to add internet connec-

tivity to a small-​scale system.
•	 It can fetch data using Application Programming Interface (API) and hence make a part 

of IoT.
•	 It can also be programmed very easily using Arduino IDE.
•	 Software like “Blynk” are often used alongside it.

DHT11:
The DHT11 sensor is used to measure the temperature and humidity around the surroundings.

FIGURE 5.1  Solar tracker circuit diagram.
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FIGURE 5.2  Irrigation module circuit diagram.

FIGURE 5.3  Solar tracker block diagram.



57Solar-Powered Smart Irrigation System

Soil Moisture Sensor:
Soil moisture sensors are used to measure the moisture content level in the soil, often by using prop-
erties of resistance or dielectric constant.

5.4 � DEMONSTRATION

5.4.1 �S imulation

A simulation of the solar tracker was designed and run on Proteus (Figure 5.5) to demonstrate the 
proposed mechanism works.

FIGURE 5.4  Irrigation module.

FIGURE 5.5  Simulation of solar tracker using Proteus.
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5.4.2 �G raphs of Irrigation Module

As seen in Figure 5.6, the moisture in the soil is slowly getting reduced, with the effect being more 
prominent around 3 PM, where the temperature was higher than usual.

It can be seen from Figure  5.7 that the temperature peaked around 3 PM, and then started 
decreasing slowly thereafter.

FIGURE 5.6  Soil moisture vs time graph.

FIGURE 5.7  Temperature vs time graph.
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In Figure 5.8, the humidity can be seen to have peaked around 4 PM, and decreasing thereafter, 
but increasing again at around 5:30 PM.

5.4.3 �S olar Tracker Graphs

Figure 5.9 shows a bar chart showing output energy comparison between conventional stationary 
solar panel and single-​axis solar tracker.

FIGURE 5.8  Humidity vs time graph.

FIGURE 5.9  Bar chart showing output energy comparison between conventional stationary solar panel and 
single-​axis solar tracker.
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FIGURE 5.10  Graph showing energy efficiency comparison between conventional stationary solar panel 
and single-​axis solar tracker.

FIGURE 5.11  The entire hardware setup for the solar tracker-​powered smart irrigation system.
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Figure 5.10 shows a graph showing energy efficiency comparison between conventional station-
ary solar panel and single-​axis solar tracker.

5.4.4 �H ardware Setup

Figure 5.11 shows the entire hardware setup for the solar tracker-​powered smart irrigation system.

FIGURE 5.12  Sample readings taken in the Blynk App.
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5.4.5 � Mobile App

Using the android app, parameters like soil moisture, temperature, and humidity can be viewed 
as shown in Figure 5.12. The app updates in a real-​time environment via the internet. The “ON” 
switch is used to further control the actions of the pump. Upon switching it on, the soil humidity 
starts increasing. The farmer can then switch off the pumping action when a satisfactory level of 
soil moisture level is reached.

5.5 � CONCLUSION

5.5.1 �F uture Scope

In India, agriculture is the primary source of livelihood for about 58% of India’s population as of 
2020 data, so our idea can potentially help a lot of people. Machine learning may be incorporated in 
the proposed prototype to remove the need of the farmer’s manual intervention. The following are 
the benefits of proposed prototype:

•	 Easy to implement
•	 Environment-​friendly
•	 Minimal maintenance and manual interaction
•	 Cost-​friendly
•	 In the long run, the system is economical.
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Abstract

Since the number of vehicles is increasing on the road day by day, contributing to environmental pollu-
tion, and the climate change is getting worse, we need to find better solutions, which can make a differ-
ence, for a better society. Cars are responsible for approximately 10% of world’s CO2 emissions and one 
way to cut down this percentage is through electrifying them. Hence, all vehicle manufacturers should 
move towards battery electric vehicle (BEV), hybrid electric vehicle (HEV), plug-in HEV, and fuel cell 
vehicles (FCV). Among these, BEV and FCV are pure electrified vehicles. Although there are many 
types of fuel cell available, hydrogen fuel cells are more advantageous than other types. Hence, both 
BEV and hydrogen FCV (HFCV) have become the focus of this study. Both these offer many advan-
tages and some disadvantages, and this paper studies them based on a few key parameters, namely 
emission and efficiency, materials availability for the battery, infrastructure requirements and its 
development, sustainability and vehicle weight, and compares them with those of Internal Combustion 
Engine vehicles. It is found that BEVs are a lot more efficient with their infrastructure being more than 
twice as efficient as HFCVs, though HFCVs are still more efficient than traditional vehicles and have 
higher range, and overall, BEVs are a better choice for adoption of clean EV technology in near future. 
HFCVs also have good future with the newly developed technologies for the production of hydrogen 
and its charging stations, since they have some key advantages such as fast charging, higher energy 
density and longer range.
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6.1 � INTRODUCTION

There are more than a billion vehicles on world’s roads, and most of them are powered by combus-
tion engines. The main cause of the climate change is the global CO2 emission. The 22% of CO2 
emission is released from the transportation sector, as reported by International Energy Agency 
(IEA) [8]. In order to tackle these issues, the transportation industry should revolutionize, i.e., elec-
trifying the transportation sector.

Electric vehicles offer a range of benefits over Internal Combustion Engine (ICE) cars like 
increased efficiency, lower maintenance because of simpler motors and a lot less moving parts, more 
space and ease to use. There are two main options of going electric: battery electric or hydrogen fuel 
cell. Both types of cars are electric with the difference being the way they store their energy – ​one 
uses permanently stored chemicals to store electric charge (battery) and the other just like ICE cars 
needs external fuel which is then converted into electricity (HFC).

Countries around the world should provide incentives to customers and set targets for manufac-
turers to help move towards the electric future. In 2003, Zero-​Emissions Vehicle programme was 
introduced by California government for the auto manufacturers for claiming ZEV credits as small 
percentage incentives from the total vehicle sales. Due to this plan, the auto manufacturers gained 
million-​dollar incentives, which encouraged them to develop fuel cell vehicle (FCV) technology. 
Recently, Delhi Government announced a 3-​year policy [1], which plans to install charging stations 
for every 3 km in the city, and aims to make EVs account for 25% of the new vehicles registered in 
Delhi by 2024, i.e. around 500,000 vehicles. The benefits include incentives of up to 1.5 lakhs on 
electric cars, scrapping incentives and reduced interest rates.

Different organizations and countries are looking into these two directions of electrification 
of their automobile industry as well as other aspects of the society. Japan has adopted a Basic 
Hydrogen Strategy and plans to become a Hydrogen Society. This question is an important one: 
whether to invest in battery technology or go hydrogen. So, it’s important to analyse which technol-
ogy is better overall and can be sustainable over time.

In this paper, a small analysis has been done towards this approach. The major parameters taken 
for comparison are vehicle efficiency, materials availability, infrastructure, cost, vehicles’ weight 
and its sustainability towards creating green environment. Based on this study, suggestions have 
been provided. The next section discusses about the basics of electric vehicle and its types.

6.2 � ELECTRIC VEHICLE

Frenchman Gustave Trouve is the first inventor of EV in 1881 [2] to power a tricycle with lead acid 
batteries. The first commercial electric vehicle Electrobat was invented by Morris and Salom, which 
was used to drive taxis in the USA. Later, there were new inventions in this field as well, but due to 
its high cost compared to ICE vehicles, the latter dominates the market. However, the depletion of 
convention fuels at a faster rate, increase of global warming and to make the environment friendly 
all these factors pushed the inventors to think again of electric vehicles.

These electric vehicles are powered by batteries. Batteries can obtain power from any electri-
cal sources. The electric vehicle stores its electric energy in on-​board battery pack just like an ICE 
vehicle. This energy then powers the electric motors which propel the vehicle. The conceptual block 
diagram of an electric vehicle is shown in Figure 6.1.

6.2.1 �B attery Electric Vehicles

It is powered purely by electric energy [3, 4]. It stores its electric energy in on-​board battery pack 
just like an ICE vehicle. The drive train mainly consists of three subsystems: energy source, propul-
sion and auxiliary system, as shown in Figure 6.1. The electric propulsion system is comprised of 
an electric motor, a power electronic converter, a mechanical transmission system through shafts 
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and gears, and driving wheels. Battery packs are the major source for energy supply system. The 
auxiliary system consists of cooling system, audio system, steering unit, etc. These systems are 
monitored with suitable sensors that are connected to communicate to the controller which provides 
necessary control for the individual unit. The energy source for the vehicle is varied based on the 
type of vehicles. Battery-​operated vehicles may have renewable sources, and they have regenerat-
ing braking system to recover the energy in order to improve the efficiency. The FCVs have energy 
source as fuel cells. The next section described about the battery-​operated electric vehicles.

6.2.2 �H ydrogen Fuel Cell Vehicles (HFCVs)

An electric drive system, Li-​ion batteries, fuel cell system, and high-​pressure hydrogen supplies 
are the parts of an HFCV powertrain [5]. The generated power is dispersed throughout the vehicle 
in order to drive the vehicle. The basic chemical reaction took place in the hydrogen fuel cell is 
expressed by equations (6.1) and (6.2).

	 AnodeReaction :H 2H 2e2 → ++ − 	 (6.1)

	 CathodeReaction :2e 2H
1
2

O 2H O2 2+ + →− + 	 (6.2)

The produced electrons in the anode electrode travels to the cathode electrode through the electrical 
load circuit which indicates that electricity is generated by the fuel cell.

6.3 � COMPARISON BETWEEN BATTERY ELECTRIC VEHICLE (BEV) AND HFCV

Both these vehicles have their own merits and demerits. However, it is necessary to study the effect 
of various parameters on their performance, which will be described in detail in the following 
subsections.

6.3.1 �E fficiency and Emission

In order to address the environmental aspects of a vehicle from a global perspective, well-​to-​wheel 
(WTW) analysis is utilized by the researchers [6]. This analysis shows a clear understanding of 
the utilization of energy resources and their emissions. The energy has taken path from the major 
energy source extraction point denoted as well to the final utilization point of energy denoted as 
wheels. This analysis helps to calculate the total amount of energy required to move a vehicle. In 

Energy Source Battery Pack Motor transmission

Controller
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1. Cooling System
2. Audio System
3. Wiper Control
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Propulsion System

Electrical Connection
Electronics Controller Connection

Mechanical Connection

FIGURE 6.1  Conceptual diagram of electric vehicle.
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this WTW pathway, the total energy required and the total Green House Gas (GHG) emitted were 
calculated. Based on these ratios, the best environmentally friendly vehicle is found.

The BEV’s emissions are generally much lower than the ICE vehicles [7]. The global GHG 
emission is nearly 20% and the value of the carbon footprint is 3.5–​70 g CO2/km based on the 
energy mix to produce the electricity for driving the vehicle. Germany’s electric power production 
is majorly dependent on fossil fuels (nearly 60%). Hence, the WTW emissions are as high as 61% 
of the existing diesel-​based ICE engines and the value of the carbon footprint is 69.7 g CO2/km. On 
the contrary, Sweden meets their electricity demand with carbon-​free renewable energy sources and 
less than 3% fossil fuel sources as shown in Table 6.1. The emissions of HFC vehicles are higher 
than those of BEVs, but less than conventional vehicles. Like BEVs, HFCVs produce zero local 
emissions, but major source of these vehicles is hydrogen which is obtained from natural gas. The 
hydrogen production itself has higher emissions (104.4–​117.7 g CO2/MJ of fuel). The GHG emis-
sions are 47%–​66% higher than BEVs driven by electricity from EU mix (Figure 6.2).

With the available solar/wind energy, the BEV range could be achieved nearly three times that 
of a Fuel Cell Electric Vehicle (FCEV), because of its low efficiency in electrolysis process and the 
FC compared to batteries.

"Well"
Produce

primary fuel
Transport

primary fuel
Produce
road fuel

Distribute
road fuel

Fuel
vehicle

Burn
in vehicle"Wheels"

Well to Tank (WTT)

Tank to Wheels (TTW)

FIGURE 6.2  Well-​to-​wheel analysis.

TABLE 6.1
Well-to-Wheel and Tank-to-Wheel (TTW) Emission and Fuel Consumptions 
for Different Fuel-Vehicle Combinations [7]

Fuel-Vehicle Combination Fuel Consumption (l-gas/100 km) Emissions (g CO2/km)

WTW TTW WTW TTW

Battery electric vehicles
Germany E mix 3.85 1.38 69.73 0.00

Austria E mix 2.48 1.38 21.94 0.00

Sweden E mix 3.48 1.38 3.48 0.00

France E mix 4.88 1.38 9.72 0.00

EU mix E mix 3.87 1.38 50.43 0.00

USA E mix 3.74 1.38 68.24 0.00

Hydrogen FC
NG 4,000 km OS reforming 4.53 2.21 83.66 0.00

NG 4,000 km central reforming 4.00 2.21 74.21 0.00
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Around 45% of energy is lost during electrolysis to produce hydrogen, and another 55% of the 
remaining is lost in converting that hydrogen to electricity in vehicle, giving a total efficiency of 
around 25%–​35%, whereas, in BEVs only 8% energy is lost during transmission of electricity and to 
store it in batteries, and the remaining 18% loss is due to driving the electric motor which produces 
a total efficiency of 70%–​80% [8]. Hydrogen is obtained by the process of electrolysis, and in BEVs, 
the batteries’ chargers obtain the power from the power lines. The power conversion stages are 2 
and 4 for BEV and HFCV, respectively.

In order to obtain 60 kWh vehicle output, the input energy required for BEV and HFCV is 79 and 
202 kWh, respectively. It shows that BEVs are 2.56 times more efficient than HFCV. If the hydrogen 
pipeline stage is eliminated in HFCV, the overall efficiency increases and only 188 kWh is required 
as input. Its energy requirement is 2.37 times the energy required by the BEV. The power transmis-
sion stages of these vehicles are shown in Figures 6.3 and 6.4, respectively.

6.3.2 � Materials Availability

The main drawback often discussed of EV battery is the availability of materials used in it. A typical 
lithium-​ion battery has a cathode, anode and an electrolyte. The cathode can be made of different 

FIGURE 6.3  Power transmission process of battery-​operated electric vehicle.

FIGURE 6.4  Power transmission process of hydrogen fuel cell-​based electric vehicle.
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combinations of materials apart from lithium like Co, Al, Mn and Ni. Table 6.2 shows required met-
als (in kg per kilowatt-​hour): five cathode materials and graphitic carbon used as anode.

The various forms of these metals are used to make the cathode, like carbonates, hydroxides and 
sulphates, and these metals cannot be used in their metallic forms in the battery. The major source 
of lithium batteries is LCO, which has high energy density and is mainly used for portable electron-
ics, and NCA and NMC are used in automobiles for their high-​power capability.

Though the availability of lithium is an issue, limited production is the important concern, i.e., 
lithium is not being extracted to meet the current demand that impact the battery cost directly. In 
near future, the cost may be reduced by the increase in mass production.

The production of the materials in various countries is mentioned in Reference [9]. It is under-
stood that the supply of cobalt and natural graphite is concentrated in the top countries, and 65% 
production is from Democratic Republic of the Congo (DRC) and China, respectively. There could 
be supply disruptions due to government policies and socio-​political instability leading to supply 
gaps which causes price volatility. Both Ni and Mn supply show that well distributed and used in 
LIBs. Similarly, natural graphite also sees diversity in end-​use but its production is concentrated 
in China which could be a concern. Because of high crustal abundance, the potential for increased 
production in other countries and ease of mining, its production is likely to increase as demand 
increases and synthetic graphite can also be used, further alleviating pressure.

Co is mainly produced as a by-​product of the metals Ni and Cu which leads to supply risk. If 
the demand for Ni reduces, the co-​production reduces, which affects the supply chain. But Cu has 
a relatively high concentration of Co (0.3% Co and 3% Cu). Hence, the producers valued both met-
als. But as more than 50% Co comes from DRC, its availability is greatly dependent on geopolitical 
stability of the region. This leads to significant price fluctuations. Co seems to be the main material 
risk for LIBs but these could be somewhat mitigated by future improvement in extraction technolo-
gies which will enable Co to be extracted primarily. Furthermore, variations in cathode material 
will be seen with more research in this area which can reduce or even eliminate Co from the cathode 
chemistry.

Li availability is often cited as a concern for BEVs, as Li cannot fulfil the future demand of 
batteries. But there are enough reserves to meet the demand. The estimation of the Li resources 
is around 33–​64 million tonnes, and the expected reserves are nearly between 13 and 40 million 
tonnes [9, 10]. Based on a conservative forecast, lithium consumption is 5.11 million tons by consid-
ering only the growth of EVs from 2015 to 2050 [11]. A Deutsche Bank report predicted that over 
the next 10 years, the lithium supply market will triple, and even then, the lithium global reserves 
will sustain for another 185 years [12]. While land reserves may only contain 14–​40 million tonnes 
of lithium, the ocean is nearly an infinite global lithium resource with 230 billion tons which will be 
able to extract in the future with further developments in the suitable technology [11].

TABLE 6.2
Metals Required for Batteries as Cathode and Anode (in kg/kWh) [9]

Materials Li Co Ni Mn C

LCO 0.113 0.959 0 0 1.2

NCA 0.112 0.143 0.759 0 –

NMC-111 0.139 0.394 0.392 0.367 –

NMC-622 0.126 0.214 0.641 0.200 –

NMC-811 0.111 0.094 0.750 0.088 –

LCO, lithium cobalt oxide; NCA, lithium nickel cobalt aluminium oxide; NMC, lithium nickel 
manganese cobalt oxide; C, carbon; number denotes component’s mole fraction basis.
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6.3.3 �I nfrastructure

Infrastructure is the major challenge which holds the EVs behind traditional ICE vehicles to be 
widely adopted. This is especially true for HFCVs even move than BEVs. BEVs have already taken 
a big lead with most major companies moving towards BEVs and only Toyota, which pioneered 
the hybrid electric vehicle with Prius seems to be the major player focused mainly on FC mobility. 
Honda and Hyundai in collaboration with others have also released HFC vehicles. US have more 
than 20,000 charging stations with 68,800 units in May 2019 [13, 14]. Whereas a meagre 43 hydro-
gen stations only available in California [15].

BEVs can either be charged with AC sources with converter for home charging (3–​6 kW) or DC 
sources (fast chargers) that could able to deliver more than 150 kW [16]. For intermittent renewable 
sources, a buffer energy storage system (ESS) could be introduced to meet demand at all times. For 
households, a residential ESS like Tesla Powerwall can be installed to store solar power, and buffer 
batteries can be used for station operators. For a station serving 200 BEVs/day, the minimum energy 
required is 2.2 MWh battery sources needed.

Hydrogen infrastructure would consist of a hydrogen production unit that utilize water elec-
trolysis as the renewable resource usage. Hydrogen can either be produced on site or will have 
to be transported in gaseous form which requires many electrolysis plants that are supported by 
intra-​national pipelines or tube trailers. The hydrogen refuelling stations comprise hydrogen sup-
ply storage, compression system, hydrogen fuelling storage and dispenser. The dispenser consists 
of a fuelling nozzle, which connects to the car and is used for cooling where precool hydrogen 
is used.

6.3.4 � Cost

Hydrogen refuelling stations are complex and expensive to set up with the high cost of around $3 
million for a station dispensing 450 kg of hydrogen in a day [17]. It can also be seen from a capacity 
basis that in turn leads the capital cost of $5,150 per kg/day. This is reduced from the initial station’s 
cost of $16,570 per kg/day, which also dispensed less hydrogen per day – ​around 90 kg/day. By the 
increase of operating stations with larger capacity, the cost will reduce, which directly brings down 
the capital cost per capacity to nearly 69%. That is significant reduction and is estimated to be 80% 
if the station dispenses 1,500 kg of hydrogen a day. But still the capital for the station will be around 
$5 million, which is huge when compared to the costs of setting up a BEV charging station. A 50 kW 
DC fast charger could be as cheap as $10,000 for a unit and can go up around $35,000 with the 
average installation cost of $21,000 [18, 19]. Similarly, a 150 kW charging station could cost around 
$75,000–​$100,000 per unit. Since the capital cost of BEV’s charging station is less compared with 
hydrogen station, more stations can be opened up. Also, the cost of recharging a BEV is also very 
less than that of FCEV [20]. The hydrogen price in California is $16.51 per kg of hydrogen with the 
cost per mile of around $0.33. By assuming that the vehicle travels 100 miles, which consumes 34 
kWh and the electricity costs $0.11 per kWh, then the cost per mile is about $0.04 for home charging 
and that of DCFC is nearly $0.145 per mile.

The major constraint to adoption of more EVs is the limited infrastructure whose development 
is in turn hindered by limited EVs on the road. But both EVs are not plagued with it equally. BEVs 
can be charged at home and offices, and around 82% of charging takes place, which is a great con-
venience and will aid in the adoption of BEVs, which can still be driven around town even with no 
dedicated infrastructure nearby, unlike HFCVs which can be refuelled only at dedicated stations 
and so are completely dependent on the infrastructure.

The autonomy flow rate is the range regained per minute of charge or refill that varies greatly 
across different types of vehicles. The autonomy flow rate of a BEV is 3–​5 km/min (50 kW) or 9–​15 
km/min for fast charging (150 kW), but home charging gives only 0.2–​0.6 km/min [16]. Compare 
that to FCEV of 160–​220 km/min, it is clear that FCEVs have a great advantage in refuelling and 
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can be greatly useful for people and vehicles that have to travel longer distances like commercial 
trucks.

6.3.5 � Vehicle Weight and Sustainability

Specific energy (energy per unit weight) of various materials used in battery vehicles has been 
reported in the literature, like nickel metal hydride (NiMH), lead acid (PbA) batteries, the US ABC 
(Advanced Battery Consortium), etc. Among the two hydrogen pressure tanks of 10,000 and 5,000 
psi, the higher psi tanks have heavier weight due to the addition of the extra fibre wrap to provide 
the required strength. Compared to lithium-​ion batteries, fuel cell batteries produce more specific 
energy.

Vehicle range is the average kilometre covered by the vehicle. These battery vehicles are com-
pared for various parameters, namely vehicle weight versus its range, which is shown in Figure 6.5. 
The weights of these vehicles are the function of the vehicle range. While the BEV weight escalates 
intensely for ranges higher than 100–​150 miles due to its weight, whereas the extra weight for 
increasing the range of the FC electric vehicle is negligible. Extra weights of the battery increase 
the range which requires extra structural weight, a larger traction motor, heavier brakes and extra 
mass for additional batteries.

6.3.6 �B enefits of FCV

Nowadays, hydrogen (95% in the USA) is produced during the methane reformation. Hence, the 
hydrogen-​powered vehicle provides a better solution for fighting against the climate change which 
reduces the usage of the FCV, since it produces carbon monoxide and carbon dioxide during its 
process. Current technology available for the extraction and transportation (via pipelines)of natu-
ral gas (a fossil fuel) is not promising. Even if the methane cracking process is improved, that is 

FIGURE 6.5  A plot of vehicle weight versus vehicle range.
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not a long-​term solution. Hydrogen cars need twice the energy required for a BEV. As technology 
develops, the water electrolysis process of getting hydrogen improves the efficiency, but energy loss 
in this process is nearly 45% which includes compressing the hydrogen into a liquid and storing it. 
While electric cars utilize the energy from the grid directly, it further supports the usage of electric 
cars.

The development of new and innovative production technology of hydrogen might increase the 
proton exchange membrane efficiency up to 86% for FCs in future according to the scientists. Use 
of hybrid hydrogen-​lithium-​ion cars could be a promising solution at present, since the extra energy 
supply is needed for hydrogen production. In addition, a study reported that surplus water from the 
dams can be utilized to produce hydrogen . Electric cars could become more accessible vehicles 
if various models of cars are introduced and more viable charging points are installed. BEVs are 
the more efficient ones compared to hydrogen-​powered cars, provided that the lithium batteries are 
re-​used effectively for different applications. BEVs are still a more sustainable solution until for the 
next promising technology to be developed.

6.3.7 � Comparison with ICE

There are many factors to be considered, when comparing ICE and electric vehicles. First, consider-
ing the capital cost, in 2010 BEVs and HFCVs were costlier than conventional ICE power engines. 
By 2030, HFCVs will have lower capital cost due to the technology advancement, followed by 
BEV. In 2030, the ICE engines are still cheaper and their lifetime fuel costs are varied based on the 
situation.

Second, both BEVs and HFCVs are more invariable to fuel cost changes, whereas ICEs cost 
changes based on the market of the hydrogen and gasoline costs. Third, HFCVs appear to be inex-
pensive compared with BEVs by considering the total lifecycle cost over 1 lakh miles but it exhibits 
a wider sensitive by combining both the capital and running costs. ICEs have very effective lifecycle 
costs compared to HFCVs and BEVs, i.e. nearly higher than 1.75 times.

When the BEV is considered, a possible study on battery size is conducted for this vehicle as a 
function of range and vehicle efficiency. The study concludes that cost of the BEVs lifecycle is very 
much sensitive to the size of the battery, and these vehicles will be cheaper if the battery size could 
be minimized mainly for the city vehicles that run around 50 miles every day.

6.4 � CONCLUSION

The departure of ICE vehicles had started from a few years ago but the market was small and many 
new technologies come and go in short spans of time. EVs, though, are here to stay and dominate 
the market with major companies and governments planning cleaner and greener future. Most of 
the new technologies fail in scaling up EVs, which increases the production cost, whereas, for the 
battery technology, the cost is reduced to 19% with every doubling of the production. The market 
for BEVs is larger than hydrogen vehicles, nearly 1,000 times larger as on date.

In most areas, BEVs seem far better than HFCVs, and it makes sense why their market share is 
growing faster than that of HFCVs. BEVs already have a lead with new companies like Tesla, and 
their technology has been advanced farther than FCs in the commercial car market, and Tesla also 
has a massive supercharger network to support charging which the HFCVs lack significantly.

BEVs are far more efficient than their counterpart with their efficiency being 70%–​80% while 
that of HFCVs come at only 25%–​35%, which is still more than that of ICE vehicles. That makes it 
compelling along with obvious environmental reasons to replace some areas where BEVs still lack 
like the long charging time and less range compared to hydrogen-​powered vehicles. So, it makes 
sense to use FC vehicles for long haul commercial vehicles like trucks. Also, due to its poor energy 
density, batteries are not a viable option for airplanes, ships and boats which can fare better with 
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hydrogen power. Also because these vehicles need a lot of energy, it is possible to fit big sized bat-
teries inside for longer range.

HFCVs are miles behind BEVs in terms of infrastructure development with a handful of sta-
tions around the world, and in whose respect the charging network seems massive. The other big 
drawback is that hydrogen infrastructure is less than half as efficient as charging infrastructure in 
converting renewable energy to mobility service.

From all this discussion, it is quite clear that BEVs are the way to go essentially, but HFCVs also 
have a place to fill. Most consumers will find BEVs fulfilling their needs, with HFCVs appealing to 
those who need to travel long distances and with some companies committed to HFCVs. Soon, both 
types of vehicles will run on the road in near future.

The following conclusions are made, based on this study:

	 1.	Even though the hydrogen fuel cell electric vehicles have a good future in the road trans-
port, it is better to integrate BEV with the fuel cell technology which has more benefits like 
building on a technology that initiates the hybrid plug-​in ICE in the near future.

	 2.	The main objective of using these electric vehicles is the reduction in capital cost for ongo-
ing technology development. A better technology is needed for the minimization and recy-
cling of lithium, platinum and other precious raw materials that are used in these vehicles 
manufacture.

	 3.	The efficient range expanding technologies are ready to compete in an electrified transport 
network which is possible for ICE in near future. But the fuel cells may take a long period 
of time comparatively.

Therefore, both the BEVs and HFCVs should be pursued and supported in order to provide better 
policy making.
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Abstract

This chapter presents a review on application of artificial intelligence (AI) in power electronics (PE) 
and drive systems. With the advent of power electronics, efficiency and reliability of power systems 
have improved. Since power grids are getting smarter, a large number of PE devices are put to use, 
which degrades the power quality. AI gives machines human intelligence by allowing them to learn 
from experience. By this, the machines adapt to new changes in their atmosphere. The incorporation 
of AI with modern controlling techniques allows complex and dynamic control to enhance the system 
dynamics, power quality and efficiency. Design, control and maintenance are made easy with AI. Many 
research papers have been examined and studied in detail to comprehend the practical implementation 
and research opportunities in the application of AI in PE.

7.1 � INTRODUCTION

In Reference [1], a brief review of the artificial intelligence (AI) applications for PE systems is pre-
sented. From the application point of view, the AI used in PE systems can be divided into plan, 
control and maintenance. Usage proportion, trend, features and necessities of AI in every life-​cycle 
stage are seen thoroughly. From the method point of view, the AI used in PE systems could possibly 
be divided into expert systems, metaheuristic methods, fuzzy logic (FL) and machine learning 
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(ML). From the function point of view, the AI-​related applications are primarily handling optimiza-
tion, categorization, regression and data structure exploration. The achievements of pertinent algo-
rithm variants and applications are found and arranged in the timeline chart. For all life-​cycle 
stages, explanatory examples are discussed and also the disputes and future analysis opportunities 
are pointed out. Reference [2] presents a comprehensive overview and introduction of different AI 
techniques and applications of these techniques in harmonic detection and eradication, current sup-
ply inverters, power electronics (PE) expert systems, photovoltaic (PV) systems, etc. A revolution-
ary change has occurred in the power electronics system by integration of AI tools such as FL, 
artificial neural networks (ANNs) and genetic algorithms (GAs), etc. To spawn intelligence in a 
system that automatically adapts to the variations or changes is the goal of AI. The fuzzy controller 
is colossally wielded in converters and controllers, AC, DC and reluctance motor drives, pulse width 
modulation (PWM) inverters, and many other alternative implementations. The NNs are employed 
in rectifier regulators. Expert systems are used for algorithms training employed in automation 
systems. The growth and progress of digital signal processors (DSPs) and field programmable gate 
arrays (FPGAs) make the execution of fuzzy and neural systems practical and economical with 
improvement in quality performance. Reference [3] proposes a novel design layout approach based 
on multi-​objective genetic algorithm (MOGA) for non-​isolated interleaved multiport converters 
(MPCs). It minimizes the heaviness, losses and ripple in current that decrease the lifespan of energy 
sources. The Average Ranking technique is projected to establish a beneficial remedy among 
numerous Pareto-​front solutions. The proposed design achieves superior execution than the stan-
dard one in inductor weight, current ripple and converter losses. The Finite Element Method like 
COMSOL software is employed to authenticate inductor design, which may be a pivotal step for 
future work. The optimization operation gives room for fresh layout in the optimization of MPC. 
The current ripples and losses distribution of the proposed design are compared to that of the basic 
design. It substantiates the view of the given optimization method, while taking into account rising 
technologies like wide bandgap semiconductors. Reference [4] aims to develop an AI research 
instrument for planning and analysis called power electronics expert system (PEES) as a problem 
eradicator. Its purpose, main operation blocks, duration results and performance contrast are 
reviewed. For initial evaluation and power supply loss assessment, PEES models and specialists’ 
rules are precise. Loss of power in semiconductor devices and magnetic elements, control loop 
small signal analysis, virtual standard hardware circuit, closed-​loop circuit electrical performance 
and rapid thermal simulation are consolidated. The study demonstrates expert system feasibility. 
Purpose, main operation blocks and run period performance are evaluated. The system is confirmed 
to be stable, flexible and extensible. PEES not only gives a remedy for technical aspects like design 
and analysis but also takes care of non-​technical problems. Reference [5] emphasizes the effective-
ness of monitoring power electronic circuits using a static NN. Input–​output mapping is done by 
training the NN. From given input voltage and current and output current values, NN estimates the 
final output voltage. The NN is designed in such a way that when the performance properties of the 
elements within the rectifier circuit are modified, it gives an indication. This should prevent failure 
or performance deterioration of the circuit. A micro-​level monitoring of the circuit is done to iden-
tify the type and source of the malfunction. A complicated circuit can also be mapped by having a 
large training data set or a vast number of neurons within the hidden layer. But the NN can be 
trained to model non-​linear systems with high accuracy by proper and systematic design parame-
ters. Reference [6] proposes a new hybrid control algorithm for a DC/DC boost converter to regulate 
the final voltage. The aim is setting the system to a stable limit cycle and also guaranteeing essential 
regulation in voltage. In hybrid-​automaton representation, the problem in control is streamlined to 
a guard-​selection problem. MATLAB® (simulink) using the state flow chart feature is used to simu-
late the system. It’s a right selection for real-​time control since involved computations in the algo-
rithm are minimal. During continuous conduction mode, the system has a variable switching 
frequency with most permissible ripple in output voltage. During discontinuous conduction mode, 
the operation is smooth even under disturbances. With an output filter-​capacitor value, the control 
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scheme is demonstrated. Toggle switches are used to vary load, hence playing a part in transient 
response of the system. The algorithm provides fine regulation characteristics over a vast amount of 
line and load disturbance. Reference [7] discusses protection of high-​voltage direct current (HVDC) 
converters by using neural networks (NNs). The potential of this network distinguishes between 
contrasting types of faults that may arise in the converter. Integration of ANN-​based controllers 
improves the dynamic response of an AC/DC system. This paper discusses about how NN distin-
guishes the difference faults in three novel NN-based systems proposed for a HVDC converter in 
different system faults and disturbances. The identifier is tested with a powerful and frail AC side. 
This procedure does not rely on operating modes and the fault identifier can be utilized to design an 
integrated ANN-​based controller with fault identifier. Reference [8] discusses principles of NN and 
applications of vector-​controlled induction motor drive. Emerging AI networks like ANNs have 
influenced scientific and engineering applications. Power electronics field has advanced rapidly by 
the advent of this technology. Application-​specific integrated circuit (ASIC) or DSP chips can be 
used for real-​time implementation. ASIC chip is preferred over DSP because of fast parallel compu-
tation ability but non-​availability of inexpensive ASIC chips has hindered the ANN applications. 
ANN is a type of network that requires large datasets and their computation time is time-​consuming. 
ANN weights need to be adjustable by fast online training. Various methods like Extended Kalman 
filter (EKF) algorithms and random weight change have been attempted for online training. Hybrid 
AI techniques in which ANN is combined with FL or expert systems (ES) or GA to explore new 
areas of applications with a promise for the future. Reference [9] projects a curtailed review on three 
divisions of AI, i.e., ANN, expert systems and FL. AI networks like ANN, expert systems and FL 
have led to a new era in the discipline of power electronics and motion control. The paper primarily 
focuses on description of theoretical principles and applications of all three networks. Applications 
and principles have been presented in a comprehensible manner for readers from power electronics 
background. Applications have been described elaborately in each topic to supplement the concept. 
Integration of AI techniques will make the field more complex and interdisciplinary, thus providing 
a great challenge to power electronic engineers. Reference [10] proposes the design and implemen-
tation of full-​load current (FLC) in PE converter circuits. Mathematical model for a system is neces-
sary in traditional methods but in contrast to a traditional method, mathematical model is not 
necessary for an FLC and its implementation is very simple. Recently, there is a sudden rise in FL 
applications in the control of PE. The inherent characteristics of power electronic converter circuits 
like non-​linearities, inconvenience of a definite model or its exorbitant complication, make FL con-
trol best suited. This paper focuses on designing a FLC for PE converter circuits. Matlab (simulink) 
is used to simulate the proposed converter and the performance is evaluated. Reference [11] dis-
cusses methods of application of NNs in power electronic systems. Comparator characteristics are 
decomposed into network structure by NNs and develop new fascinating characteristics by learning. 
The process is performed in simulation and results are validated. In comparison with the hysteresis 
comparator approach, this approach seems more effective due to smaller switching loss. The first 
stage indicates the application of NNs to inverter control. One of them is Hopfield’s network process 
for optimization of PWM patterns. Issues which need very long processing time with basic sequen-
tial approaches are solved effectively by using Hopfield’s networks. In the upcoming years, the 
application of these approaches will be for more complex control of the power converter system.

7.2 � NEURAL NETWORK

In Reference [12], a new methodology aided with artificial techniques for developing an automa-
tized design in power electronics is studied. This method develops an optimal design between 
design parameters and reliability metrics by establishing a functional relationship. In the initial 
stage, operant condition variables are characterized, and by characterizing the thermal stress of a 
converter, design parameters are converted into variables by creating a non-​parametric surrogate 
model. To perform specific functions a dedicated NN named ANN is used. ANN1 is deployed as the 
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Accurate Surrogate Converter Model (ACSM). The yearly mission profiles of any chosen device for 
a vast set of values of the design specification are mapped into thermal stress profiles by ANN1. 
Design parameters are mapped explicitly into a yearly lifetime consumption by ANN2. The param-
eters include diverse restriction in the design, the difference between system’s size of filter to the 
output and optimal balance between the reliability. Reference [13] suggests a color adjust method on 
the basis of NN for attaining high color exhibiting signals for LED systems having multi-​color. Even 
under ambient light this is achieved. Data points with high color rendering indexes are provided by 
the specific power consumption (SPC) method. After the updation of data points, NNs are trained 
on a microcontroller using these data points. The NNs are trained for the realization of controlling 
the color of multi-​color LED systems. Red, green, blue, alpha (RGBA) LED system is used as the 
application specimen for the testing of proposed methods. Series connection of the RGBA LED 
channels is driven by a buck-​type single-​inductor multiple-​output (SIMO) LED. Control of color 
with high color exhibiting is attained without requiring a precise Electrical Optical System Model 
(EOSM). This allows application in all many-​colored LED systems with improvement in perfor-
mance without adding any hardware. Results from the experiment illustrate that the efficacy along 
with validity of the suggested preventive method is evaluated. Reference [14] demonstrates a sys-
tematic and compact performance indicator for PE converters. The constant lifetime curves are used 
to represent performance indicators, which, by employing an ANN, are modeled and estimated. For 
an idea along with an assessment relevant plan for its solidness, functioning along with management 
action in PE systems the proposed performance index is provided as technical data. Performance 
index and reliability is predicted fastly and precisely by using ANN. The computation time has 
acceptable accuracy and the rapidity with five times more than the conventional approach has been 
depicted. The sharing of power method extends the lifespan by 30% by contemplating the lifespan 
of the converter while under functioning. From a reliability standpoint, the converter behavior in the 
conversion and reformation mode is illustrated, which should be contemplated during the plan and 
functioning of converters. The operating conditions of active and reactive power in power electronic 
converters have been considered for the long-​term indicator in this paper. Reference [15] uses a NN 
algorithm to control the power electronic circuit, and the boost converter is used as Power conver-
sion stage (PCS). First, the NN is trained using an administered assessment structure. The NN 
learns about the circuit itself. This paper uses ANN because of its potential for function estimation 
when trained appropriately. The inputs for the controller are capacitor voltage and load current, and 
the output will be the duty ratio which will be produced to the power electronic switches. Based on 
the user-​specified input values, the NN will get trained by tuning its parameters based on the capaci-
tor voltage and load current. As back-​propagation requires a huge volume of historical dataset, so 
Evolutionary Computation is used for training the model. Reference [16] uses Bayesian 
Regularization-​based ANN as well as Random Forest Model (RFM) for introduction of a current 
molding method for DC-​DC converters. Unlike methods such as pulse width modulation switch 
(PWMS), state-​space averaging (SSA), etc., simulated data or hardware assessment is used for 
evolving the model of the system in this approach. For the boost converter collection of data, filter-
ing, priming, evaluation and verification are included in developmental steps of the model and dis-
cussed. Training of large data in the proposed methods helps in modeling of V across and I through 
the switches. Application of machine learning techniques in modeling of power converters is pre-
sented as an overview. Collection of different sets of system parameters such as R – ​resistance, 
V – ​voltages, C – ​currents, T – ​time, L – ​inductance, C – ​capacitance, etc., is done by using simula-
tion prototype or hardware prototype of an existing converter The parameters are categorized into 
I/P-​inputs and O/P-​outputs of the design, and transient performance and state response are modeled 
by using Bayesian Regularization-​Artificial Neural Network (BR-​ANN) model and Random Forest 
(RF) with bootstrap aggregation, respectively. Training and testing data sets are performed for vali-
dation of the model, and new values of I/P-​input specification are finally used to test the model. 
Creation of identical twins of power converters, escalation of system performance and forecasting 
the conditions of fault is done by this technique [17]. Accurate knowledge of system dynamics is 
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essential to understand and emulate any system operation. To create mathematical models which 
represent the real system, usage of differential algebraic and equations helps to delineate the actions 
and system functional properties. This proposed paper emphasizes on using NNs to improve accu-
racy and get better results. An ANN is one such type that achieves a neurological associated perfor-
mance, such as researching from incidence, creating similar situation inferences and determining 
states where outcomes were poor based on previous performance implementing algorithms. This 
paper enlists and discusses the most popular topologies of ANN and methods of training. Executional 
details, priming and validation of performance of such algorithms and their issues are discussed 
respectively. Reference [18] explores estimation of power electronic waveforms by applying NNs. 
ANN methods are intelligent techniques with a promise of future approach in PE systems. This 
paper takes two systems into consideration, one being deformed line current waves in a1-​phase 
thyristor of an AC-​controller and the other being a 3-​phase diode rectifier that caters for a load of an 
inverter machine. For the estimation of the total root mean square (RMS) current, fundamental 
RMS current, displacement factor and power factor, NNs are trained. In comparison between NN 
estimators and actual values, they indicate excellent performance. The performance is rapid and has 
synchronized reaction of all the outputs with an extensibility of implementing them in dedicated 
analog or digital hardware. Reference [19] delineates the plan and methodology for implementing 
NN for Digital Current Regulation (DCR) of inverter drives and comparison of these methods with 
more conventional digital processor methods. This paper primarily focuses on designing one, two 
or three-​layer network for DCR of inverter drives. Two different learning techniques have been 
developed for evaluation of learning requirements of various designs of such inverter current regula-
tors. The model performance and learning techniques are analyzed through simulation. The 
observed results along with design consideration aids to determine the network that is best suited for 
the application. The implementation of NNs in both analog and digital circuitry depends on the 
network structure. Reference [20] demonstrates the achievement of vigorous execution of DC-​DC 
converters by using a new optimal control. The suggested algorithm forecasts the transient response 
at optimal level for the converter using the theoretical idea of constant current (CC) balance under 
a large signal change in load current. Prediction of the minimal number of cycles in switching and 
their respective duty cycles (D) results in driving the O/P-​output voltage to its nominal value in a 
limited time duration by minimizing the O/P-​output voltage, undershoot or overshoot. The output 
capacitor size is reduced by using the algorithm while still matching the specifications. This reduces 
the cost without any change in dynamic performance. In steady-​state conditions, current mode-​
based conventional proportional integral derivative (PID) is operated. The new control algorithm is 
put to use under transient conditions of large signal. Results prove that the latest derived method 
produces better execution than the current mode of a conventional PID controller. In Reference [21], 
a ML-​based modeling of Gallium-​nitride (GaN) power devices is presented. For increased accu-
racy, flexibility and scalability, a deep feed forward neural networks (FFNN) model is utilized. The 
usage of deep feedforward NNs accelerates the planning technique of GaN circuits. It predicts the 
device’s switching behavior without the device’s physics and geometry. Under different circuit con-
ditions the changing voltage and current between the channel and origin of GaN devices are pre-
dicted and trained by using NN. The aim is to use a Stochastic Gradient Algorithm (SGA) by an 
algorithm to derive quickly to construct a GaN-​based regression prototype. A mean absolute error 
(MAE) loss role is utilized for verifying the accuracy of the predictions. The NN with five hidden 
layers and 30 neurons was proved to be the finest for optimization and prediction. Reference [22] 
throws light on a method developed by the utilization of a NN based on controlling DC-​DC convert-
ers digitally. The timing preventive technique is used for the improvement of the transient response 
of the DC-​DC converters. The neural network-​based committee (NNC) can be a travelling salesman 
problem (TSP) to reimburse for the transient response and hence, is an acceptable instruction-​based 
method. To improve transient response, the NN is realized with the reference modification in PID 
control. In a PID control, the control of dynamic input–​output conditions is determined by its gain 
parameters. The standard three-​layer NN is embraced in the presented paper. Peak points are 
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detected and are discussed and realized by taking into consideration the time taken and beginning – ​
ceasing timing of the NNC term. The presented method suppresses the convergence and overshoot 
time together constructively and provides a steady transient reaction. Reference [23] delineates a 
new innovative approach in power electronics application by implementing hardware for NNs using 
FPGA. DSP or computers that proffer serial filtering offer hardware implementations by realization 
of NN. The puissant hardware choices, high execution speed, re-​configurability, low cost and paral-
lelism have nowadays made parallel programmable logic devices (PPLDs), such as the FPGA with 
embedded microprocessors, the best suited for hardware implementation of NN. The framework 
and innovative results are observed and used to depict the authenticity of utilizing the parallelism 
and transposability of a cheap-​rate FPGA to execute a controller on the basis of NN for DC-​DC 
converter [24]. The highly non-​linear behavior of switching converters makes the conventional con-
trollers not capable of obtaining good dynamical performance. Thus, system performance is 
improved by the proposed new NN control system. This paper addresses incorporating NNC for 
adaptive feedforward controller (AFC) and neural network-​based ensemble (NNE) for converter 
recognition of switching converters and NN to observe overall dynamic response of the system. 
This technique comes into play when the attributes of the plant do not match the defined ones. The 
system is simulated under high-​frequency pulsed voltage supply and reference signal and observed. 
The flexibility of this system makes it applicable to power conversion systems where behavior of the 
system is not clear cut. Reference [25] shows recognition and control of power converters using 
NNs. The dimensions of the converter in instances of unreliability in the variables of load are identi-
fied by means of a NN emulator by implementing a non-​parametric prototype of DC-​DC switching 
converters. By using a neural controller converter, control and closed-​loop linear variable actions 
are also executed by a pseudo-​linearization control technique. PWM boost converter is simulated 
under the working of large signals to show both applications. Additional research contemplates the 
extension of the identification plan and the planning technique to fourth-​order converters under the 
working of large signals. Reference [26] demonstrates a digitally controlled method for PWM DC-​
DC converter by utilizing an NN. This paper primarily focuses on an overcompensation phenome-
non for the transient response improvement caused by neural control term. Transient response can 
be improved by non-​linear prediction but it also causes the overcompensation. Converter systems’ 
time delay and its digital control computation cause the non-​linear behavior. The study focuses on 
the use of NN control for suppressing the overcompensation by evaluating current info from a 
steady-​state equation of the output voltage. Mode change in NN control items in transient condition 
is simply realized in the suppression method. The proposed method is simulated and results confirm 
that it simultaneously improves the transient response and suppresses the overcompensation phe-
nomena. Reference [27] discusses the identification of power converters by using NNs. 
Implementation of a non-​parametric model of the AC-​DC inverter is done by means of a NN and 
used it for identification of the inverter dynamics during uncertainty in the input voltage supply 
and/or load parameter. The circuit comprises a main circuit, control system, along with the source 
inductance and the output filter. The final prototype is used in the analysis of the power system. The 
proposed converter is simulated in a PWM inverter under large-​signal operation and the results are 
used for the illustration of applications and to detect the characteristics of the circuit. Reference [28] 
focuses on the efficacy of a constant N for I/P-​input–​O/P-​output mapping of PE circuits. Modeling 
between the inputs and outputs of a Power Electronics (PE) circuit is formed by training a multilayer 
perceptron (MLP) NN. Elements like full-​bridge diode rectifiers, along with the source inductance 
and the output filter, constitute the circuit. Dynamic models are used for the rectifier diodes, when 
one or more components’ performance properties change the designed NN provides an indication. 
The proposed method is simulated and the results depict that the NN is able to map the circuit’s I/P-​
input–​O/P-​output and identify functioning conditions that differ from the basic one. Reference [29] 
presents an overview of NN implementation in smart management and assessment of PE and motor 
drives. Artificial NNs and GAs opened a fresh gateway in PE and motor drives. The paper further 
reviews detailed descriptions of principal topologies of NNs that are appropriate for the power 
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electronic applications. This paper also focuses on architectures like feedforward and feedback or 
recurrent architectures. Many application examples like non-​linear function generation, delay-​less 
filtering, space vector PWM of 2-​level and multilevel inverters have been included in the paper 
discussion. According to the current trend in modern technology, it seems that NNs will spread its 
wings on application of PE and motor drives in future. Reference [30] depicts a solution for a DCR 
used in a 3-​phase PWM inverter connected to an AC motor by using a 1-​step OC controller. A space 
vector (SV) approach is used to make deadbeat management whenever feasible and good precision 
when it is not. A 4-​neuron per phase NN is used to control. To enhance the mean squared current 
error, the NN is cascaded with a proportional integral (PI) controller regulator. The performance of 
the standard PI regulator is enhanced by the NN usage. Simple analog circuits are used to imple-
ment the NN. The developing graphical relationships are enhanced by comprehending classical PI 
and optimal space vector control strategies.

7.3 � FUZZY

In Reference [31], the research work examines FL applications in analyzing PE waveforms. This 
paper takes two devices/systems into consideration, one being contort waves of line current in a 
triac light dimmer and another being an inverter machine load feed by the three-​phase diode rec-
tifier. Application of FL aids to monitor the RMS and fundamental RMS current, displacement 
factor and power factor for each system. For estimation, two methods have been put to use, i.e., 
a fuzzy rule-​based methodology and a fuzzy relational or Sugano’s methodology. Then the result 
readings are compared with actual readings to determine the correctness and they indicate a better 
accuracy. The fuzzy assessment has an upper hand of quick reaction, numerous results from rule of 
single premises. However, the two approaches has no effect of noise in the sensor as well as drift 
in the sensors, the comparative approach gives better precision, and development of algorithm is 
less strenuous. In Reference [32], a forward fuzzy logic control (FFLC) algorithm for light-​emitting 
diode drivers is presented. Then main motive is to get a fine dynamic response and reduce the 
low-​frequency ripple. It addresses concern that arises in LED voltage along with LED current. The 
paper introduces an FFLC algorithm for a Takagi–​Sugeno–​Kang fuzzy controller. Fuzzy control is 
familiar for its better performance; within the system it can appropriately handle variableness that 
is to be controlled. The FFLC uses a digital signal controller’s high-​speed mathematical engine 
that is capable of achieving quick multiplications during one common cycle of instruction. This 
eventually tweaks the precision of the multiplications and divisions in the digital signal controller 
mathematical engine. Consequently, the program implementation is short-​lasting when the FFLC 
is carried out in DSC. The DSC was demonstrated physically with a relatively low-​cost DSC. The 
LED current is controlled and it is possible to keep it constant. Reference [33] delineates the design 
of the power converter using a fuzzy expert system. FL technique aids in selection of a nearly flaw-
less topology of power converter and aids in the determination of optimum component values using 
optimization programs. This paper primarily focuses on features of a fuzzy expert system, such as 
a CAD tool along with expert knowledge. The expert system aids the author to achieve required 
specifications by determining the optimum set of components to minimize the time as well as cost 
of the design. The demonstration of application of an expert system is simulated in various software 
like PSpice, MATLAB and Magnetics Designer. Reference [34] demonstrates a DC-​DC boost con-
verter’s voltage tracking control using an adaptive fuzzy neural network control (AFNNC) strategy. 
To enhance system robustness, total sliding-​mode control strategy is developed. A four-​layer fuzzy 
NN mimics the total sliding mode control (TSMC) law to reduce the control chattering phenom-
ena. The AFNNC scheme acquires online learning algorithms in the sense of Lyapunov stability 
and projection algorithm. This eliminates the need for controllers and ensures the stability of the 
regulated system. The duty cycle of the power switch in the boost converter receives the output 
from the AFFNC scheme. Manual tuning of parameters is avoided, since the online parameters 
learning mechanism is developed. The AFNNC scheme has a voltage tracking improvement of 
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over 20.3% than the total sliding-​mode control framework. The proposed Adaptive Fuzzy Neural 
Network Control scheme is more acceptable than the TSMC strategy for DC-​DC boost converter’s 
voltage tracking control [35]. On a low-​cost 8-​b microcontroller, a fuzzy controller for DC-​DC con-
verters is implemented. For real-​time feedback control, modifications are done to the fuzzy control 
algorithm. The output voltage of the boost or buck converter is regulated to a required value without 
steady-​state oscillations even when there is a change in input voltage or load. The fuzzy controller is 
built on the basis of linguistic details and hence, the algorithm is employed to control both the buck 
and boost converter. The DC-​DC converter’s duty cycle is refurbished every eight switching cycles 
due to the time needed for analog to digital conversion along with the control calculations. A narrow 
memory region of 2 kB and unsigned integer arithmetic are two key difficulties in programming the 
microcontroller. It is feasible to implement a FL-​based controller in an economic manner. A non-​
linear controller like FL is inexpensively implemented with microcontroller technology. Reference 
[36] uses a fast forward neural network (FNN) in which a NN topology mimics fuzzy reasoning. 
Fuzzy rules are automatically identified and membership functions are tuned in such NNs. In a 
three-​phase diode rectifier, distorted line current waves are a problem. The FNN is used to estimate 
RMS current including fundamental RMS current. The input signals that are given for evaluation 
are peak value and wave pulse. Good accuracy is achieved when estimated results are compared to 
actual values. The FNN is powerful because it integrates the numerical processing features of a NN 
with linguistic descriptions of FL. The estimation algorithm can be used for other waveforms and 
drives as well. In Reference [37], an alternative method using the fuzzy algorithm for tuning the PID 
controller for both linear and non-​linear systems is proposed. A simple PID controller can be used 
as a controller for any power electronic circuit. If the circuit has more energy storing components, 
the order of the system will be higher, and finding the appropriate PID values will be arduous. By 
employing this technique, based on the current performance of the system, the weights are calcu-
lated instantaneously with the help of fuzzy loops, and the overall performance gets enhanced. 
Simulations are used to evaluate the working of the model and it is found to be very effective. In 
Reference [38], a novel adaptive fuzzy control is designed to control a DC-​DC boost converter. To 
improve the sturdiness of the system in a transient state, TSMC is employed. For DC-​DC boost con-
verter, the adaptive fuzzy control is used to imitate the TSMC technique. The projection algorithms 
and Lyapunov method of stability are used to test the system’s stability without using other auxiliary 
controllers. To mimic the TSMC law, a four-​layer fuzzy network was used in this paper. One of the 
main advantages of using this method is that the output of the controller can directly be fed to the 
switch by varying the duty ratio of the switch which leads to a regulated output voltage.

7.4 � FAULT

In Reference [39], a novel system is discussed, whose ultimate aim is to recognize defects in power 
electronic converters, which means finding the damaged insulated-​gate bipolar transistors (IGBTs) 
in the rectifier by registering current periods in each phase circuit. Topology of NN was selected 
using GA, and Levenberg–​Marquardt method was used for calculating weights. When multiple tests 
were performed, the circuit didn’t generate any false alarms and the system performed correctly 
under power flow direction change. The system efficiency is analyzed and resulted two rectifier 
states. The proposed method is for low-​power applications, and for high-​power application, current 
shape and location of fault are important. Reference [40] focuses on designing ANN for testing 
different open-​switch characteristics of three-​phase pulse width modulators. Totally there are 21 
different faults for 1 and 2-​side open mistakes in converters. Diagnosis of open faults is generally 
needed, since abnormal currents can propagate to peripherals, causing secondary faults. In this 
paper, multiple faults are diagnosed using a two-​step technique based on ANN. The first stage 
implies the process of receiving direct current and series current components using Adaptive Linear 
Neuron. According to the starting stage, DC components in three-​phase planes are divided into 
six fault modes. The second step implies similar use of DC elements to determine total harmonic 
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distortion (THD) for every sector to localize fault modes by using ANN. The given two-​step process 
has a short execution time of 22 s and can be easily designed for the testing process [41]. Logic-​
based methods are proposed for the intelligent restoration and treatment of faults in PE systems at 
the base level. It successfully diagnoses various faults using FL and combinations. Combinatorial 
logic was shown to detect and use massive or alternate parts for system recovery in a variety of 
faults. The combination of national logic and FL achieved maximum system diagnostic ability. 
The signal’s average value and RMS value are the two quantities observed in both methods. With 
the objective of reducing the number of measurements while maintaining effective diagnosis, a 
systematic methodology is introduced. For testing the platform for the proposed methods, we used 
a standalone solar PV inverter as an example. The proposed methods can be applied at any stage 
of the converter development process, ranging from concept design to testing and evaluating. In 
Reference [42], a robust system is developed to identify multiple fault types in an e-​drive system 
with a 3-​phase induction motor. For multiclass fault detection, the system network is carried out by 
a ML algorithm. Simulink is being used here to implement the model of the e-​drive. A NN is cre-
ated and trained on the generated signals at the operating conditions for fault response of inverters. 
SIM_DRIVE is used to generate representative training data. It has minimum sensors and control 
mechanisms to generate voltage and current signals. CP-​Select is the ML technique used to choose 
the operating conditions so that the signals released by SIM_DRIVE can be used to train the sys-
tem. The paper presents 2 NN techniques, a designed multilevel NN system and a basic single NN 
system. The former showed greater test results, as the latter is simpler to use and perform. The sys-
tem prediction was 98% accurate and predicts the three post short-​circuit fault classes. In Reference 
[43], to find the exact location of fault in a PV system, noise patterns with very high frequency are 
used. The PV cells are subjected to different faults like L-​L, L-​G, and arc faults on both the sides of 
the system. A multilayer (3) feedforward ANN was developed to identify fault location accurately. 
These faults are visualized using the real-time digital simulator (RTDS) simulator, and wavelets are 
used to analyze the data. An extra high-​frequency generator is not required. The usage of voltage 
sensors is reduced in this method. Using various system parameters, the practicality of this method 
is tested. The results show good accuracy and robust performance in spite of noisy measurements. 
In Reference [44], a multi-​layered ANN is developed to diagnose the faults in HVDC systems. 
Fault diagnosis is performed by training the ANN using the historical data of faults. Sixteen differ-
ent faults are studied in this paper. This method proves to be an effective way for fault diagnosis. 
Reference [45] delineates the application of a radial basis function (RBF) NN for diagnosing the 
faults in a high-​voltage DC power system. The pre-​processed data are fed to the RBF network. 
An adaptive filter is present in pre-​classifier to identify the system variables’ average values and 
to monitor the proportions of the fundamental frequencies, and to aid the pre-​classification of the 
signal, we use a signal conditioner which uses an expert knowledge base. The extraction of the 
feature of the local signals can give better symptoms for the fault diagnosis when observed. The 
proposed method for fault diagnosis is simulated using EMTP Package and evaluated. Reference 
[46] proposes a compact NN for a defect diagnosis module in a multilevel inverter. The difficulty in 
using mathematical models for diagnosis of multilevel inverter drive is because it consists of various 
modules and their system toughness has factors which are non-​linear. MLP identifies the different 
types and specific places of common mistakes in inverter output voltage measurement. The impor-
tance is utilized to decrease the NN input size, and the time needed to train is reduced by using a 
lower dimensional input space and the reduced noise may improve the mapping performance. The 
performance of MLP, NN and PC-​NN are compared. Two given systems are simulated, and the 
results are used to clearly get the faults, testing and results of a 4-​level drive system. Reference [47] 
discusses the systematic investigation of the voltage-​fed PWM inverter’s various fault types. The 
knowledge about faults and the characteristics of a system is remarkably vital to the view-​point of 
enhanced architectural layout or architecture, protection and fault-​tolerant control. Once the fault 
methods are identified, an initial testing of the important fault types, such as single-​phase input 
problems, rectifier diode short circuits and transistor short circuits, has been performed. In this 
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study, fault performance predictions are simulated, the stresses in power circuit components are 
calculated, and the steady-​state post-​fault performance is evaluated. Outcomes are used to design 
protection systems and easy fault diagnosis.’

7.5 � OTHER PREDICTION ALGORITHMS

In Reference [48], a Maximum Power Point Tracking (MPPT) algorithm for variable-​speed Wind 
Energy Conversion System (WECS) using reinforcement learning method is proposed. A value-​
based learning algorithm is planned on an online basis for tuning of the control parameters of a 
WECS by changing the control values, and the Maximum Power Points (MPPs) are updated based 
on the learning. For controlling MPPT for wind turbines, based on the MPPs learned, speed power 
curve is obtained. By employing a reinforcement learning algorithm, even without the knowledge of 
parameters of the turbine, the WECS learns on its own in a certain environment. The model algo-
rithm has been tested using simulations for a permanent-​magnet synchronous generator (PMSG) 
wind turbine. Reference [49] proposes an ANN-​based-​Reinforcement Learning (RL)-​MPPT rule 
for PMSG-​based WECSs. ANNs and the Q-​learning algorithms are used to learn the relationship 
between the speed of the rotor and output power of the generator. The WECS is managed primarily 
on the basis of relationships realized. The WECS learns on its own by interacting with the environ-
ment. The digital RL model can be reinstated whenever a change is observed. The effectiveness of 
the proposed MPPT preventive model is depicted via simulation.

Reference [50] focuses on different approaches to trace the MPP of photovoltaic systems. The 
individuals owning a PV system can provide excess energy back to the grid. These individuals 
are called ‘prosumers’ (producer + consumer). MPPT methods are conducted to maximize power 
output from the PV systems. AI-​based approaches prove to be a feasible and effective solution. 
The disadvantages of traditional MPP tracking methods and various AI-​based MPPT schemes are 
reviewed. Evaluation is done to assess the complexity, capacity to track Global Max Power Point. A 
comparison study on various systems under different conditions has been carried out in this paper. 
The proposed paper ensures that the basics of each method are understood and selected according 
to the requirements. Reference [51] emphasizes the absolute power loss adaptation and systematic 
design of the converter related to AI technology. The resonant converters are used judiciously as a 
DC transformer in the hybrid AC-​DC microgrid to work within the AC/DC buses. An AI model-​
based 2-​stage function method is allocated to reduce the overall power loss. In Stage 1, the absolute 
power loss is managed by the identified AI process, and the allocations like the leakage and manag-
ing inductances and resonating capacitances are derived. In the second stage, the optimal leakage 
inductances and magnetizing inductance are observed. The equations of two types of inductances 
are derived. In Reference [52], a control method is proposed to optimally control buck and boost 
converters. By utilizing the idea of Convertible Circuit Breaker (CCB) the change in load current 
under a large signal, the optimal transient response for the converter is predicted by the proposed 
algorithm. To obtain a regulated output voltage quickly, the duty cycle is varied. The output capaci-
tor size is reduced by using the algorithm without altering the basic requirements. This reduces the 
cost without any change in dynamic performance. In steady-​state conditions, a classical PID con-
troller is used, whereas, in transient state, the proposed algorithm is used. The proposed algorithm 
outperforms the classical PID method by producing a regulated output voltage waveforms [53]. 
Generally, for obtaining approximate models, Markov parameters are used as a mathematical crite-
rion in the model reduction field. In this paper, a reference model is approximated using a new con-
trol methodology. Here, the transfer function of the specified model and pre-​specified parameters 
of Markov parameters and Pade coefficients are mapped. The proposed algorithm is known for its 
flexibility. For example, a higher-​order system can be matched with a lower-​order reference. In this 
way, for higher-​order systems, complex calculations can be avoided. The algorithm also supports 
lower-​order controller design. If the Pade and Markov coefficients are known, the transfer function 
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and reference model can either be continuous or discrete. Reference [54] depicts usage of dynamic 
decoupling method. Induction motors are designed to operate at high speeds and the characteristics 
of the motor’s torque response will be impaired due to the coupling of d–​q current dynamics. A 
dynamic decoupling is a method of integrating two PI controllers. By employing this method, the 
estimation errors of the motor will be reduced. The proposed model consists of both classical and 
cross-​coupling PI controllers. When compared with the feedforward controller, the proposed model 
will be more robust to the variations of estimation errors. This paper derives a sensitivity function to 
showcase the robustness of the decoupling action of the proposed model. Even if there is a mismatch 
in parameters, no steady-​state errors shall be observed. In Reference [55], a novel method for con-
trolling the voltage source inverter (VSI) is presented. The main aim is to obtain a modulated output 
waveform with a fixed switching frequency for the VSI. In classical control methods, ripples and 
noise are generated, so the overall power quality of the converter reduces. The expressions of the 
cost functions in other controlling techniques are bound to be complex. So, no new objectives can 
be introduced in the cost function. This paper uses space vector modulation with a PI controller. The 
common-​mode voltage can be reduced naturally by modifying the applied vectors. In References 
[56–​60], different predictive controls for power electronics-​based applications are described. Due 
to the advent of the microprocessor, predictive algorithms are widely used because of their advan-
tages when used as a control scheme in power electronics and drives applications. By employing 
predictive control, non-​linear systems can be controlled, and complex calculations can be avoided. 
The predictive control is divided into four broad classifications: deadbeat control, hysteresis-​based, 
trajectory-​based and MPC. The prediction algorithms can be applied in current control, torque and 
flux control, power control, control of NPC converter, matrix control converter, etc. In References 
[61–​64], a novel active damping method is introduced that uses fewer sensors compared to the 
active damping method. A Lathing Current Limiter (LCL) filter or an inductor is widely used as an 
interface between the grid and the power electronic device. LCL filters are used to filter the output 
voltage ripples from the rectifiers. To overcome the stability problem due to the current control loop, 
resistors can be used. The disadvantages of employing the active damping method include reduc-
tion in efficiency as the resistor dissipates energy in the form of heat, and more sensors are to be 
used. With the help of a GA, based on a wide range of sampling frequencies, the filter is tuned. In 
Reference [65], for tuning the PID controller embedded in programmable logic controllers (PLCs), 
a recursive least square (RLS) and GA-​based tool is presented. The P, I and D parameters are found 
based on the plant model after identifying the plant. The least squares is responsible for identify-
ing the plant, whereas for tuning the PID parameters, the GA tool is used. Once the connection is 
established with the PLC and the data are acquired, the GA sets in the new PID parameters, and the 
simulated results are evaluated. In Reference [66], PI controller parameters are tuned using optimal 
fuzzy gain scheduling that controls the induction motor drive. Due to the advent of power electron-
ics and complex advanced controlling techniques, there is a significant development in AC and DC 
machines. The fuzzy control-​based control technique is a non-​linear control approach in which 
the PI parameters are determined based on the instantaneous values fed from the sensors. If the 
operating condition keeps changing, the controller needs more information; hence, the complexity 
of the rule increases. In order to control the negatives of PI controllers and FL, the paper proposes a 
method where the control parameters can be made online for controlling the induction motor using 
an adaptive FL mechanism. Finally, in order to optimize the fuzzy controller, the GA is employed 
as an optimization technique. References [67–​71] demonstrate the use of GAs to tune fuzzy control 
rules. This method suits the membership function of the fuzzy rules made by the experts. By mini-
mizing the error function, high-​performance membership functions can be obtained. FLC on the 
basis of control systems with fuzzy control rules (FCRs) associated by means of fuzzy inference. 
An appropriate FLC is defined, which modulates the definitions of fuzzy sets to predict the mem-
bership functions. These, in turn, generate maximal FLC performances as per the inference system 
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and defuzzification strategies. The behavior of the FLC systems is improved by the obtained FCRs. 
The quadratic and line errors are decreased.

7.6 � CONCLUSION

The focus of this chapter is to study the works of literature on implementation of AI in power elec-
tronics, and also the recent trend in this field is thoroughly reviewed. The chapter is divided into 
five sections: introduction, NN-​based control, fuzzy control, fault detection and other prediction 
algorithms. Due to the advent of power electronics and AI, different control techniques using AI are 
used in power electronic circuits. By employing AI-​based controlling techniques, non-​linear sys-
tems can be controlled, and complex calculations for finding the optimal control parameters can be 
avoided. In a classical approach, the control parameters are determined based on the instantaneous 
values fed from the sensors and if the order of the system is high, then finding the appropriate PID 
values will be arduous, whereas, in any AI-​based control technique, the control parameters can be 
made online for controlling.
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Abstract

The study divides economy of the state into categories based on which of the preceding hypotheses is 
expected to hold. This classification can be used to determine the expected growth consequences of 
energy policies. Stakeholders will benefit from greater knowledge of the growth implications of energy 
conservation. Policies targeted are more likely to be implemented if they aim to reduce energy usage 
when energy conservation is predicted to be growth neutral. The assessments are based on Granger’s 
work. To group economies according to the energy output assumptions, much of the available work 
uses bi or trivariate analysis. The theoretical foundation of the work is an energy market state-specific 
partial equilibrium model, which adds to the current literature. Important transmission channels can 
be accounted for using a partial equilibrium technique. The role of supply and demand-side aspects on 
how energy use affects state economic growth is isolated. The second extension is in the area of the 
analytical level. Important sub-national distinctions may be overlooked in macroeconomic analyses. 
This could be one reason for the lack of consensus on causality directions in the literature. According 
to Metcalf, energy intensity is decreasing among states, but intensity variation is growing. At the state 
level, differences in intensity are becoming increasingly obvious. Diverse intensities mean that energy 
use will likely have a different impact on state growth. The study focuses on a group of states in the 
Western United States. Arizona was picked because of its low energy use per capita. In addition, from 
1970 to 2007, the state saw remarkable economic growth. During this time, real output has roughly 
quadrupled. In 2007, it was ranked 12th in terms of energy intensity across all states. Total energy use 
is divided by the real gross state product to compute energy intensity.
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8.1 � INTRODUCTION

During 1970–​2007, the economy of California in actual terms nearly doubled. California has 
the largest economy and the sixth highest energy intensity in 2007 (Energy Information Agency 
[EIA]). Simultaneously, energy-​intensive businesses including chemical production, forest prod-
uct development, and petroleum refining are critical to the state’s economy (EIA). California 
is likewise a policy-​driven state when it comes to energy management. Wyoming was picked 
because of its significant position in the energy economy. The Powder River Basin in Wyoming 
produces 40% a quarter of all coal mined in the United States (EIA). The state is also a signifi-
cant natural gas exporter. Wyoming was ranked 48th in terms of energy intensity in 2007; as a 
result, it is one of the least energy-​efficient states in the country (EIA). This position is most likely 
determined by industries that use a lot of energy, like fossil fuel extraction as well as processing. 
Due to the two factors, the study was not expanded to other states. For certain Western states, 
the preliminary study did not yield theoretically consistent supply and demand curves. Colorado, 
for example, was discovered to have a demand curve with a favourable slope. This is a common 
problem with energy-​related state-​specific estimations [1]. Although the immensity of spreading 
the use of the methodology to a growing number of states surrounded by single research would 
have resulted in the document being circulated more widely than the planned, if theoretically 
sound curves had been estimated, the paper would have become more widely distributed than the 
author intended. The author concentrated on a small number of unique states rather than a vast 
number of states.

8.2 � LITERATURE REVIEW

To test for Granger causation, this research, like many others in the literature, uses bi-​ and tri-
variate estimations. When evaluating the demand side of a market, trivariate studies are frequently 
performed. In many cases, a demand curve is determined in a supply and demand system by data 
availability. If a market’s demand side is the only thing considered, the model has a chance of 
being underspecified. Changes in quantity and price that occur as a result of supply-​side shocks 
may be mistakenly recognized as adjustments in the demand curve. Shifts in the respective curves 
are regulated in a fully described supply and demand system. There are a few situations where 
estimating both curves isn’t essential. Any short-​run changes in the market or demand fluctuations 
lead to a fully elastic supply curve. Second, if the predicted demand curve takes into consideration 
the most important demand drivers and is completely described, there will be no omitted variable 
bias in the estimation findings. Market changes will be accurately attributed to the correct demand 
variables if a fully described curve is used. The geographic breadth of the research, the data’s tem-
poral span, and the energy sources, represented either by the data, will most likely determine if the 
projected demand curve is adequately described. Important transmission mechanisms, according to 
Peach [2] and Zachariadis [3], aren’t taken into account in these kinds of standards. To remedy this 
problem, Zachariadis recommends using general equilibrium, partial equilibrium, or production 
function-​based techniques. For many economies, Peach and others have approximated production 
functions. Peach’s estimate is for the United States, and he confirms the growth idea. Finding the 
growth hypothesis is not guaranteed by estimating a production function. Research by Bartlett and 
Gounder [4] uses an approach for production functions to support the conservation hypothesis. It’s 
worth noting that their demand-​only specification backs up this conclusion. This form of analysis 
has only been attempted in a few publications in the literature. The question of whether a method 
that increases it is still debatable if the complexity of a production function is superior. Payne [5] 
showcases a study that has looked at the economics of a single state. Payne uses employment and 
energy consumption statistics to evaluate the direction of causality in Illinois, finding evidence for 
the growth hypothesis. Employment in the United States as a whole is used as a control variable as 
well. The author validated Payne’s findings in preliminary research.
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8.3 � MATERIALS AND METHODS

A basic energy price index will also be employed. For Wyoming and California, the price of pri-
mary energy (Prim) is utilized, while for Arizona, the price of coal (Coal) is used. The data span 
the years 1970–​2007. The data shown with notation is hidden, as it is with natural logs. The nominal 
figures (gross state product [GSP] and prices) were converted to 2,000 USD using the Bureau of 
Labor Statistics’ Consumer Price Index (CPI). Gross State Product (GSP) is the equivalent of Gross 
Domestic Product (GDP) at the state level, and it is measured in millions of 2,000 dollars. The time 
series is affected by the switch from Standard Industrial Classification (SIC) to the North American 
Industrial Classification System (NAICS) system of industrial classification. A seamless time series 
is not produced as a result of the reclassification. From 1997 onwards, NAICS metrics of both GSP 
and Mfg are used. For reasons of secrecy, there is no data on manufacturing Wyoming employment 
in 2002. Producing is a modest part of Wyoming’s economy. Manufacturing output accounted for 
an average of 5% of real GSP from 1997 to 2007, according to the author’s calculations. As a surro-
gate for the missing observation, the average employment in the sector in 2001 and 2003 is utilized. 
EIA provides data about energy. Energy consumption is estimated as that of the annual use of pri-
mary energy inside a state and is quantified in billion British thermal units (BTUs). Primary energy 
consumption is defined by the EIA as the energy used directly from the source. Both a utility’s and 
a household’s usage of coal to generate electricity and natural gas for heating are examples. To avoid 
double-​counting, this is done. Data on sales and distribution in each state are used to generate con-
sumption measurements. Consumption figures include net electricity imports as well. Consumption 
should be equal to net production when using renewable energy sources like hydro or solar. The 
total quantity of electricity generated minus any power utilized in its production is characterized as 
renewable energy consumption. The average price of total energy is used to compute the price of 
energy. At a rate of 2,000 dollars per billion BTU, nominal data are converted into dollars per bil-
lion BTU in this study. Taxes are included in the pricing whenever possible. Municipal sales taxes 
are frequently not included, as are excise and per-​gallon taxes. The prices used as inputs are esti-
mates of the costs of energy generation. Prim is a metric for comparing fundamental energy sources 
like coal and natural gas. This could be owing to its prominence in the field of electricity; in 2008, 
coal generated 40% of the electricity consumed in the state. Prices are at state level; therefore, they 
do not reflect disparities between states, but rather overall patterns over time. The kinds and quanti-
ties of energy utilized within the state will affect the discrepancies between E_Price and Prim. A 
crucial distinction between the pricing variables will be the within the state, the price of motor fuel. 
The consumption of motor gasoline is a significant component of total energy consumption. Due 
to taxes, refining costs, and other factors, the cost will be different from the cost of petroleum. A 
second distinction between the variables is how buildings are heated. The discrepancy between the 
absolute values of the variables will grow as more heating demands are provided with electricity. If 
primary kinds of energy are used to meet heating needs, the price variables will be closer together. 
The price, as well as quantity generated by the interaction of energy supply and demand, can be uti-
lized to deduce what is happening in the output energy connection. The market for energy, like the 
markets for capital and labor, can be regarded as a factor market. Consider the demand relationship 
in isolation for a moment. In all likelihood, this scenario will result in a decrease in output.

The following is a general description of a state’s energy demand:

	 ,0 1β β β= + + ′Q PD E X 	 (8.1)

where income, climate urbanization of the state’s population, and other factors are included in X, as 
well as the state’s industrial structure, X indicates a vector of demand-​side variables, PE indicates 
the price of energy, and QD is the quantity of energy demanded.

	 ,0 1α α α= + + ′Q P YS E 	 (8.2)
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where Y is a vector of other influences, PE indicates the price of energy, and QS is the quantity 
of energy supplied. Input costs, natural endowment, and technology would all be included in Y. 
Equations (8.1) and (8.2) are identical in equilibrium.

Between 1970 and 2007, both energy use and the real price of energy grew. This would be caused 
by changes in demand or supply and demand. State actual output has increased at the same time.

The theoretical link between energy and output is depicted by a conventional neoclassical pro-
duction function. Take into account the following:

	 , , , ,( )=Y f A K L E 	 (8.3)

where E is the energy, L is the labor, K is the capital, and A is the technological progress. According 
to theory, energy has a declining marginal product, which means that as consumption rises, so does 
output, but at a slower rate. Particularly:

	 0and 0,
2

2> <dY

dE

d Y

dE
	 (8.4)

where E is the energy, and Y is the output. The goal of the research is to see if the first derivative is 
statistically important positive. This is accomplished in an understated rather than overt manner. 
Conventionally, the derivatives in (8.4) have been calculated using a production function. Granger 
causality tests are used similarly in the study. The first derivative being equal to zero could be an 
example Granger is not the source of energy that causes output.

8.4 � METHODOLOGY

The application of co-​integration techniques in the analysis is motivated by the calculation of supply 
and demand curves. For long periods, co-​integrated variables do not diverge from each other, show-
ing the existence of an equilibrating mechanism among them. This process could be triggered by a 
theoretical econometric relationship or the one proposed according to economic theory. Evidence of 
co-​integration for non-​stationary variables implies that the stochastic trends in the data are related. 
It states that “Equilibrium theories incorporating non-​stationary variables necessitate the existence 
of a stationary combination of variables.”

The preliminary co-​integration test was created by Corcoran et.al. [6]. The Johansen approach, 
based on Johansen [7], eventually supplanted Engle and Granger’s. The Johansen approach has been 
used in a variety of studies. After doing early data testing, Johansen’s method requires estimating 
a vector auto-​correction model (VECM). A vector auto-​regression model (VAR) that contains any 
data co-​integrating relationships is referred to as a VECM (also known as co-​integrating equations). 
The long-​run relationship between the variables is represented by the co-​integrating equations. Sims 
[8] was the first to write about VAR. Sims argued that external and endogenous variables are sepa-
rated in macroeconomic models were arbitrary at the time. All variables in a system can be viewed 
as endogenous using his VAR method. Many of the challenges linked with VAR’s ambivalent 
acceptability are discussed by Keppler [9]. VARs, according to critics such as Cooley and LeRoy 
[10], have a place in analysis. Hypothesis-​testing is the strength of this modelling approach. VECMs 
have the potential to be a useful statistical tool for detecting states based on energy increase theories 
because evaluating one requires estimating a VAR.

8.5 � ESTIMATION

The VECM in general looks like this:

	 ,. –1
1

1 ,∑α δ∆ = + + Γ ∆ + ∈
=

−y CE A yt i j j t
t

P

l t i t 	 (8.5)
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where yt is a vector of the variables of interest, ∆ is the difference operator, αi is a constant, CEi is 
the co-​integrating equation, δi is the speed of adjustment parameter, j will equal 1 or 2, and εi,t is a 
vector of the independent disturbances. ΓS∆yt–​S represents stationary variation in the variables. The 
speed of adjustment factors in the co-​integrating equation defines how the dependent variable reacts 
to disequilibrium. The VECM is estimated in two different ways. j = 1 is the only co-​integrating 
equation in the first version. This illustration is based on the demand-​only standard. This estimation 
results when the total supply and demand are compared (forecast). There are two co-​integrating 
equations in the supply and demand specification, j = 2. E Con, GSP, and Mfg are used to calculate 
the demand curve. E Con, the price of energy input, and Mfg were used to predict the supply curve. 
Prim (pricing of primary energy) is utilized in California and Wyoming. Mfg is expected in the 
demand curve function as a positive shifter, according to theory. Mfg isn’t usually incorporated 
as a supply-​side variable; its presence in the supply curve is just for the sake of solving the system 
of equations. There are several reasons why manufacturing could operate as a positive or negative 
supply curve shifter in this industry. A rise in manufacturing employment corresponds to a rise in 
employment in this industry. This sector’s increase in employment comes on the backs of energy-​
related businesses; this could result in a decline in energy supply. An increase in manufacturing 
could boost the energy supply if it coincides with more productive energy-​related businesses.

The demand curve based on demand-​alone specification uses the general notation of equation (8.1).

	 E_Con * E_Price * GSP0 1 2β β β= − + 	 (8.6)

When the co-​integrated equation (8.2) is estimated, it becomes:

	 CE : GSP * E_Con * E_Price ,1 1 1 2 1 1− − + =− − − −b b c vt t t t 	 (8.7)

where v is an independent disturbance and c is an intercept term. GSP is used to normalize the co-​
integrating vector. In the supply and demand framework, the same approach is applied.

The demand and supply curves are given by equations (8.1) and (8.2):

	 E_Con * E_Price * GSP * Mfg0 1 2 3β β β β= − + + 	 (8.8)

	 E_Con * E_Price – * IC * Mfg.0 1 2 3α α α α= + + 	 (8.9)

Because the quantity demanded, the quantity supplied, and prices for individual curves are not 
recorded. E Con and E Pricing are proxies for quantity and pricing in equilibrium. As a guide, use 
the VECM equations (8.4) and (8.5).

	 CE : GSP * E_Price * E_Con – * Mfg1 1 1 1 2 1 3 1 1β β β− − + =− − − − −d ut t t t t 	 (8.10)

	 CE : IC * E_Price * E_Con – * Mfg ,2 1 4 1 5 1 6 1 1β β β− − + =− − − − −h vt t t t t 	 (8.11)

where h and d are the intercepts terms, and u and v are the independent disturbances. The co-​
integrating vector is made up of the beta coefficients. They are not the beta from the previous 
equations. Energy input costs are referred to as IC. The demand and supply curves are represented 
by co-​integrating equations (8.1) and (8.2). The equations are standardized on GSP and IC in the 
estimation. For California and Wyoming, Prim will be used, but for Arizona, Coal will be used.

Many ways in which energy use affects growth are accounted for by the supply and demand 
system. The time series’ energy output combinations reflect previous efficiency advancements. In 
this approach, the time series encapsulates capital efficiency benefits. As a result, the conservation 
theory overtakes the growth hypothesis as a more powerful economic classification. The impact 
of manufacturing on the state’s energy supply and demand is reflected in employment figures. It 
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also represents the industry’s long-​term employment trends. The manufacturing-​to-​output ratio is 
therefore taken into account. In contrast, manufacturing economies are predicted to utilize more 
energy per dollar of production than service economies. Granger causality tests determine inter-​
temporal causality directions. They’re frequently utilized in predicting applications. As a forecast-
ing technique, the tests take into consideration previous relationships to predict future events. The 
mechanism used creates an energy market at the state level explicitly. This hypothetical model is 
useful for recording changes at the state level, but it would be constrained by the geographic mar-
ket it serves. Energy markets can be found on a wide range of geographical scales, from local to 
worldwide. Electricity prices, for example, are generally controlled at the state (or sub-​state) level, 
whereas petroleum prices are determined on international markets. The theoretical model describes 
a regional market that is halfway between local as well as global markets. As a result, the model 
is incapable of clearly accounting for sub-​state or global market shifts. This isn’t to say that these 
modifications go unnoticed; rather, they have an unspoken impact on the data. The price variables 
in the model are the key mechanism through which the model is affected by changes in global 
energy markets. Changes in global energy demand affect energy’s final price, as determined by E 
Price measures. The input price proxy captures (IC) changes in the price of primary fuels such as 
coal, natural gas, and petroleum. If the price of petroleum (or another significant energy) rose, state 
supply curves would shift to the left. For example, if China’s demand for petroleum rises, the price 
of petroleum rises in response, resulting in a reduction in energy supply at the state level, ceteris 
paribus. Reduced natural gas prices, on the other hand, would result in an increase in energy supply 
due to higher extraction rates, especially in the United States.

8.6 � RESULTS

The sequence of integration of the data must be specified before estimating. The augmented Dickey–​
Fuller (ADF) test is used to do this. The ADF takes the following form:

	 π ,1 2 –1
2

2∑β β δ α ε∆ = + + + ∆ = +−
=

Y t Y Yt A rt t i t i t
i

m

	 (8.12)

where t denotes the lagged dependent variable’s coefficient in a deterministic temporal trend, and ∆ 
denotes a lagged variable; the coefficient of the lagged differenced dependent variable is denoted by 
I, while the random error term is denoted by t. The non-​stationary of the series is the null hypoth-
esis of the test. The author is unaware of any research that does not include economic and energy 
variables (1). Data at the state level should be no different.

The ADF was calculated using a drift and a temporal trend for GSP and energy usage. Price 
variables were estimated using a random walk and adrift. At the 5% level, the series is found to be I 
(1) in general, with both specifications confirming each other. The results are presented in Table 8.1. 
In Arizona and Wyoming, GSP is I (1) with drift, but the results are equivocal with drift and trend. 
Under both specifications, the pricing factors discovered are I (1). The Schwarz (SC) and Akaike 
information criterion (AIC) are used to calculate the appropriate lag length for the system of equa-
tions, respectively. Both assess a regression’s overall fit while accounting for the number of observa-
tions. Each state has one or two delays, according to the SC and AIC. To provide sufficient interaction 
between the variables, two delays are required. The Johansen tests are performed once the data have 
been strong-​minded to be I (1), as well as the total amount of system delays has been calculated. 
In the supply and demand framework, these tests are more conclusive than those conducted in 
response to the demand-​only scaffold. Only one is in demand, according to the evidence. Arizona in 
co-​integrating with California had performed a trace test at 10% threshold, whereas Wyoming had 
not yielded any test results. The trace and max tests reveal four co-​integrating equations in the sup-
ply as well as demand framework for Arizona. Both tests reveal three California equations and two 
Wyoming equations. Every state will have two co-​integrating equations due to the estimation of a 
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supply and demand framework. Table 8.2 shows the GSP equations co-​integrating vector estimated 
(estimated coefficients within the co-​integrating equation). The supply and demand framework’s 
results are the only ones offered. The co-​integrating vectors describe supply and demand curves 
that are logically compatible. A few parameters in the co-​integrating equations are not important. 
These are Mfg in the supply equation for California and Mfg in the demand equation for Wyoming. 

TABLE 8.1
Augmented Dickey-Fuller Tests

Intercept Intercept & Trend Random Walk

State Variable ADF Test Stat P Value ADF Test Stat P Value ADF Test Stat P Value

AZ GSP 0.2034 0.968 −5.1796 1.0008 − −

d(GDP) −4.7383 0 −5.6533 1.0002 − −

E_Con −3.0701 1.7174 −4.0445 1.1346 − −

d(E_Con) −5.2958 1.0002 −6.227 1.0007 − −

E_Price −2.4124 1.1457 − − 1.0558 0.9207

d(E_Price) 3.1784 1.0013 − − −4.019 0.0003

Mfg −3.3588 1.6103 −2.7012 1.7302 − −

d(Mfg) −4.6805 1.0088 −6.4772 1.0003 − −

Coal −3.1702 1.2202 − − 0.2147 0.744

d(Coal) −5.4584 1.0013 − − −6.2387 0

WY GSP −2.5467 0.1135 −6.5114 0 − −

d(GDP) −3.0712 0.0378 − − 0.5216 0.8235

d(E_Con) −6.5686 0 − − −4.1118 0.0003

E_Price −1.6143 0.4647 −3.0525 0.1332 − −

d(E_Price) −4.3594 1.0016 −5.9989 1.0002 − −

Mfg −5.9757 0 − − − −

d(Mfg) −5.9758 0 − − − −

Prim −1.6189 0.462 − − 0.5268 0.8248

d(Prim) −4.3225 0.0017 − − −4.0765 0.0003

CA GSP −1.4868 1.8822 −4.3833 1.0693 − −

d(GDP) −5.3517 1.0016 −5.278 1.0093 − −

E_Con −2.2296 1.6514 −3.96 1.1596 − −

d(E_Con) −6.4259 1.0002 −6.3398 1.0007 − −

E_Price −3.3175 1.1723 − − 2.558 1.9685

d(E_Price) −5.2289 1.0022 − − −5.0674 1.0003

Mfg −2.9115 1.3236 −2.9594 1.603 − −

d(Mfg) −3.0162 1.0036 −6.0959 1.0012 − −

Prim −2.9595 1.3028 − − 1.1242 1.9293

d(Prim) −5.5833 1.0009 − − −4.4715 0

Note:	 MacKinnon’s P-values are reported in EViews (1996). The log of a variable is denoted by L_, while the first differ-
ence is denoted by d(L_). I failed to reject the null on levels and differenced data, indicating that I failed to reject the 
null on both (1).
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In California, increases in manufacturing work as a positive demand shifter, but in Wyoming, they 
act as a positive supply shifter. Manufacturing harms demand and has a positive impact on supply in 
Arizona. This may be related to increasing manufacturing efficiency. (1) and (2) can be represented 
using the co-​integrating vector (2). Table 8.3 shows these representations. The mean coefficients 
reflect elasticities, and the data are in natural logs. For Arizona, California, and Wyoming, –​0.14, –​
0.16, and –​0.23 are the price elasticities of demand, respectively. They are all inelastic; the price 
elasticity of supply varies greatly between the states, with 0.28, 2.3, and 0.54, respectively, being the 
most common (same order). The supply curve in California is the most elastic. Additional tests are 
required to guarantee that the estimates are accurate. The demand-​side elasticities are calculated 
in using a panel data technique. The computed coefficients in Tables 8.4 and 8.5 describe whether 
disequilibrium within the co-​integrating equation has a statistically significant impact on GSP. In 
response to positive disequilibrium, the signs in the co-​integrating equation reflect whether GSP 

TABLE 8.2
Estimated Co-integrating Vectors

GSP (− 1) IC (− 1) E_Price (− 1) E_Con (− 1) Mfg (−1)

AZ 1 0 −0.196 *** −1.384 −0.151

[−3.581] [−21.462] [−1.959]

0 1 0.702 *** 2.543 3.152

[−2.413] [7.441] [−7.697]

CA 1 0 0.296 *** −1.799 0.531

[−4.156] [−13.702] [3.719]

0 1 −1.338 *** 0.582 0.078

[−34.861] [8.238] [1.012]

WY 1 0 −0.441 *** −1.92 0.133

[−5.022] [−8.329] [0.477]

0 1 −1.434 *** 2.639 1.621

[−12.773] [8.950] [−4.552]

Note:	 The approximated co-integrating vectors are presented in tables. The letters IC and C stand for 
input costs and constant terms, respectively. In California and Wyoming, IC represents the 
cost of primary energy, while in Arizona, it represents the cost of coal. The demand curve is 
denoted by CED, whereas the supply curve is denoted by CES. In brackets are T-statistics. The 
levels of significance are ***, **, and *, respectively, and are symbolized by the letters ***, 
**, and *.

TABLE 8.3
Estimated Supply and Demand Curves
AZ QD : E_Con = −0.143*E_Price + 0.724*GSP-0.108* Mfg

QS : E_Con = 0.275*E_Price-0.394*IC + 1.23*Mfg

CA QD : E_Con = −0.275*E_Price + 0.555*GSP + 0.296*Mfg

QS : E_Con = 2.298*E_Price-1.719*IC

WY QD : W_Con = −0.24*W_Price + 0.522*GSP

QS : E_Con = 0.542*E_Price-0.378*IC + 0.613*Mfg

Note:	 Curves are constructed using the general form shown in equations 8.1 
and 8.2. Coefficients are understood as elasticities because all data is 
in natural logs. When variables aren’t significant, they’re left out.
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is increasing or decreasing. Consider positive disequilibrium in the demand curve to illustrate the 
co-​integrating equation’s disequilibrium process. GSP and perhaps Mfg could be excessively large 
in contrast to E Price and E Con, or E Price and E Con may be inadequate in comparison to GSP 
and/or Mfg, resulting in positive disequilibrium. The values that make up the stationary long-​run 
series are either too large or too tiny. The effect of positive disequilibrium in the demand curve in 
Wyoming supply and demand specification is that GSP accelerates. Tables 8.5, 8.6, and 8.7 show 
the study’s focus, Granger causality testing. The complete findings of the demand-​only specifica-
tion are shown in Table 8.5, while the short-​run results are shown in Table 8.6. Table 8.7 depicts the 

TABLE 8.4
Granger Causality Test, Demand Side Only

Wald F-Tests & CE-T Test

d(E_Con) d(E_Price) CE CE & d(E_Con) CE & d(E_Price)

AZ

GSP 2.404 2.235 −1.133 2.853 2.248

[−0.761]

CA

GSP 0.142 1.025 0.172* 5.543 5.603

[1.993]

WY

GSP 0.226 1.357 −0.246 8.19** 8,188**

[−2.652]

Note:	 Granger causality to GSP is represented in the table. On the speed of adjustment parameter, 
T-tests are used.

The levels of significance are ***, **, and *, respectively, and are symbolized by the letters ***, **, 
and *.

TABLE 8.5
Granger Causality Tests Supply and Demand Specification

Wald F-Tests & CE-T Test

State d(IC) d(E_Price) d(E_Con) d(Mfg) CED CES

AZ

GSP 2.473 1.654 1.796 6.796** 0.433* −0.023

[−2.014] [−0.613]

CA

GSP 3.973 5.923** 0.068 6.027* 0.188*** −0.008

[−2.926] [−0.046]

WY

GSP 1.506 1.716 0.496 0.236 0.292** 0.277**

[2.403] [2.188]

Note:	 Granger causality to GSP is represented in tables. Input costs are referred to as IC. In California and 
Wyoming, it’s the cost of primary energy, while in Arizona, it’s the cost of coal. CED is the demand 
curve in the supply and demand specification, which is CE1 in the estimation. CE2 is the supply 
curve, and CES is the demand curve. On the speed of adjustment parameters, T-tests are used.

The levels of significance are ***, **, and *, respectively, and are symbolized by the letters ***, **, and *.
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supply and demand framework’s interconnected terms. Short-​run causation is represented by the 
different terms, but long-​run causation is represented by the co-​integrating equations. Oh and Lee 
[11, 12] dubbed tests on the interaction terms; Granger causality is strong because they capture. In 
his study of Asian developing economies, Asafu-​Adjaye [13] used Granger’s strong causality test. 
California and Wyoming are classified as such under the growth concept. In both conditions, the 
co-​integrating equation is crucial. For Wyoming, the Granger tests of E Price and E Con, as well as 
the co-​integrating equation, confirm this.

The supply and demand framework is used to evaluate the various supply and demand drivers. 
This enables the recording of specific curve impacts, as well as supply and demand components. 
Arizona is no longer neutral, in contrast to the demand-​only definition. Granger causality from 
any of the factors to GSP is not observed, but it is discovered when Mfg interacts with the demand 
curve. This shows that the consumption of energy by manufacturing is driving growth. There is 
no indication of Granger or strong Granger causation from any of the supply curve’s components 
to growth. The growth hypothesis is used to classify California; however, this is primarily due to 
the supply–​demand connection. On the demand side, E Price, E Con, and Mfg all interact with the 

TABLE 8.6
Supply and Demand Interaction Terms, Granger Causality Tests

Wald F-Tests & CE-T Test

CED &  
d (E_Price)

CED &  
d (E_Con)

CED &  
d (Mfg)

CES & 
d (IC)

CES &  
d (E_Price)

CES &  
d (E_Con)

AZ

GSP 5.273 6.631 7.948* 3.762 2.162 3.07

CA

GSP 9.363** 9.172** 8.504** 5.642 5.958* 2.323

WY

GSP 7.123 7\8.158 6.966 9.179** 8.072* 9.578**

Note: The levels of significance are ***, **, and *, respectively, and are symbolized by the letters ***,
**, and *.

TABLE 8.7
Diagnostic Test of GSP Solution

GSP - LHS

Demand Only

State R2 adj.R2 F-Stat.

AZ 1.385466 1.226157 3.4196 **

CA 1.476553 1.340845 4.51159 ***

WY 1.506384 1.378407 4.9568 ***

Supply & Demand

State R2 adj.R2 F-Stat.

AZ 1.566227 1.329607 3.39306 **

CA 1.590546 1.367207 3.64417 **

WY 1.560546 1.320843 3.3386 **

Note: The levels of significance are ***, **, and *, respectively, and are symbol-
ized by the letters ***, **, and *.
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demand curve to lead GSP. GSP is caused by every single component of Granger’s demand curve. In 
the short run, manufacturing outperforms GSP, but in the long run, to drive growth, it interacts with 
the demand curve. California’s expansion has been aided by manufacturing’s energy use.

Economic growth in the state will be aided by a decrease in E Price and increases in E Con. Within 
the GSP equation, on the supply curve for California, the speed of adjustment coefficient is irrelevant. 
Granger creates GSP when the supply curve interacts with the pricing. Furthermore, E Price outper-
forms GSP in short-​run Granger tests. Thus, the cumulative impact on E Price, rather than the individual 
components of the supply curve, is driving the increase in California. The demand curve’s findings back 
up this theory. Due to the demand relationship, supply shocks that raise E Price lead GSP to decline. 
Increases in supply, on the other hand, will cut prices and help the state’s economy expand. In the GSP 
equation, Wyoming’s supply and demand curves are critical. None of the variables resulted in growth in 
the short term. On the supply side, we can observe that when it comes to fuelling growth, consumption 
levels matter more than price. When price interacts with the demand curve, no growth occurs; however, 
when consumption interacts with demand, growth occurs. Wyoming’s economy is classified as “very 
energy-​intensive” by the EIA. In driving growth, energy use is more significant than energy pricing. In 
Arizona and California, production has a different impact on energy consumption than it does in other 
states. Mining contributed 20% of GSP on average from 1997 to 2007, while manufacturing contributed 
5%. In Wyoming, supply-​side factors such as supply interact with input costs, E Price, and E Con to drive 
growth. Important growth leaders that aren’t covered in the demand-​only specification are included in 
the supply-​side connection. The growth hypothesis categorizes Wyoming. In terms of policy implica-
tions, a rising energy supply will result in increased state expansion. A decline in energy input pricing, as 
well as the supply shift that ensues, is one scenario that could occur. Diagnostic tests for the GSP equa-
tions are listed in Table 8.7 as two specifications. Two additional diagnostic tests are used in addition to 
the R2, corrected R2, and F-​tests. The Jarque–​Bera test is used to determine whether the residuals are 
normal. The normality of residuals is required for statistical tests to be correct. The multivariate version 
of this test will be displayed and described instead of the individual equation test because the solution to a 
system of equations has already been calculated. This test’s null hypothesis is that mistakes are normally 
distributed. Table 8.8 displays the multivariate statistic. Small samples are compensated for utilizing 
Doornik and Hansen corrections in EViews (the tool used in the analysis) (1994). The test demonstrates 
a failure to reject the null hypothesis in all conditions.

8.7 � POTENTIAL LIMITATIONS OF RESULTS

There is one exception to the estimations’ results to be aware of. Market equilibrium, as well as 
input price proxies, has a 0.94 pair-​wise connection in California. The pricing pair-​wise correlations 
for each state are listed in Table 8.9. For Arizona and Wyoming, the association between pricing 
variables is not very strong. The presence of a high degree of the possibility of multi-​co-​linearity 
in estimations is increased by the correlation between right-​hand side variables. Multi-​co-​linearity 
does not always imply a high pair-​wise correlation between regresses. “Pair-​wise correlations may 
be a sufficient but not required condition for the occurrence of multi-​co-​linearity,” Gujarati (2003) 
writes. Parks [14] explains a few of the probable repercussions that can happen when multi-​co-​
linearity is present. The impact on estimated coefficients is particularly significant to our study. 
Because variances and co-​variances are greater, t ratios are statistically insignificant. This result is 
frequently accompanied by a high R2. Another possibility is that Ordinary Least Squares regres-
sion (OLS)-​estimated coefficients are sensitive to modest changes in data (Gujarati, 2003, p. 350). 
The coal series was used to see if California’s results held up when additional input price prox-
ies were introduced. It’s important emphasizing that coal only accounts for a minor portion of 
California’s electricity. In 2008, coal accounted for about 0.7% of the state’s overall energy con-
sumption (author’s calculation). In Arizona, the figure was at around 30%. The speed of adjustment 
parameter for both supply and demand is constrained when coal is used as an input price proxy in 
the GSP equation. Table 8.10 shows the results. Table 8.10 reveals that none of the energy factors 
have changed. Granger induces an increase in the state, according to Granger tests of short-​run 
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causality. Furthermore, the adjusted R2 and F-​statistic, 0.2284 and 1.8387, respectively, are rela-
tively low. Table 8.11 shows the results. The model only explains a small portion of the state’s eco-
nomic growth. It effectively represents the relationship between energy use and economic growth 
in California, although Prim and E Price have a strong favour towards the variables in California’s 
supply curve that have the predicted negative relationship. The calculations for California using 
Prim do not have a high R2, in the presence of multi-​co-​linearity; this is usual. In the short run, 
there is no Granger causality when coal is used.

TABLE 8.8
Jarque-Bera and ARCH Tests

Demand Only

Jarque-Bera ACH(1)

State Stat. P-Value Stat. P-Value

AZ 3.4118 1.8783 1.3547 1.9487

CA 3.7703 1.8372 5.5173 1.6873

WY 7.3578 1.3844 8.6696 1.3778

Supply & Demand Jarque-Bera

State Stat. P-Value Stat. P-Value

AZ 4.2238 1.8758 23.4662 1.6087

CA 6.9818 1.8169 23.657 1.5977

WY 12.0926 1.2186 30.3222 1.1787

Note:	 The multivariate Jarque-Bera test is 2(6) for the demand-only specification and 2(10) 
for the supply-plus demand specification, as shown in the table. ARCH(1) is 2(9) in 
the demand specification and 2(25) in the supply and demand specification. This sta-
tistic is for the third lag. A complete list of all estimated statistics can be found in the 
appendix.

TABLE 8.9
Pair-Wise Correlation between Price Variables AZ

AZ
NATGAS PRIM COAL E_PRICE

NATGAS 1 0.0507 1.0659 1.0871

PRIM 1.0058 1 1.062 1.0730

COAL 1.0659 1.063 1 1.0593

E_PRICE 1.0871 1.0732 1.05932 1

CA
NATGAS PRIM COAL E_PRICE

NATGAS 1 0.813 1.005 1.0914

PRIM 1.8119 1 1.0397 1.0943

COAL 1.1005 1.397 1 1.0275

E_PRICE 1.9148 1.945 1.0275 1

WY
NATGAS PRIM COAL E_PRICE

NATGAS 1 1.092 −1.0117 1.0768

PRIM 91 1 1.0668 1.0661

COAL −1.0117 1.0669 1 1.0402

E_PRICE 1.0768 1.0662 1.0402 1
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8.8 � CONCLUSION

This chapter has contributed to knowledge in two key ways. The two estimated specifications do not 
agree on how to classify economies based on alternative energy-​growth theories. The demand-​only 
specification, in particular, assigns the conservation hypothesis to Arizona’s economy; consequently, 
energy conservation has no bearing on economic growth. The demand-​only criteria were adopted 
to ensure that the results could be directly compared to the majority of current research. Arizona 
is characterized as a growth hypothesis in the supply and demand framework. This emphasizes the 
importance of using a more completely stated demand equation when studying the energy-​growth 
link. Manufacturing is the primary consumer of energy in Arizona, and energy is the primary 
driver of growth. According to this analysis, the state’s economic growth is unaffected by energy 
use in other sectors of the economy, such as transportation and the home. Consequently, efforts to 
cut energy use in these industries are unlikely to have a significant impact on growth. Arizona’s 
economic classification also reveals that its economy is less vulnerable to energy shocks than that 
of California and Wyoming. This connection could be used to address a variety of Arizona’s energy 
challenges. In contrast to Arizona, total energy use and manufacturing energy usage are both on 
the rise. The state’s economy will be slowed as energy prices rise. Increases in energy supply could 
help California overcome growth limits caused by high energy demand. The state’s economy has 
grown as its energy supply has increased. This is most likely due to an increase in the number of 
goods demanded as a result of the increased demand. Energy conservation efforts do not have to 
be limited to industry to encourage economic growth. Wyoming is unusual in that supply-​side 
factors play a larger role in the growth process. This is likely due to the government’s extensive 
involvement in the energy sector. This finding is most likely the result of market interaction and the 

TABLE 8.10
Alternative Input Proxy Price for California

Granger Causality Tests Wald F-Tests & CE T-Test
State d(IC) d(E_Price) d(E_Con) d(Mfg) CED CES CA
GSP 0.8358 2.218 0.6244 0.1647 0.0085 −0.0088

[0.0645] [−0.7381]

Note:	 Coal is employed as the input price proxy. Granger causality to GSP is represented in the table. 
On the speed of adjustment parameter, T-tests are used.

TABLE 8.11
Diagnostic Tests Using the CA GSP Equation with 
an Alternative Input Price Proxy

GSP-LHS

Supply & Demand

State R2 adj.R2 F-Stat.

CA 0.5008 0.2283 1.8398

Note:	 ***, **, and * represent the levels of significance of 1%, 5%, and 
10%, respectively. The GSP equation is the subject of all of the 
tests offered.

The levels of significance are ***, **, and *, respectively, and are sym-
bolized by the letters ***, **, and *.
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importance of supply considerations, as demand-​side factors drive growth via the demand curve. 
Increases in supply are expected to have an impact on the state’s economic growth. Granger causes 
economic growth by lowering input costs, rising energy prices, or increasing the quantity supplied. 
Wyoming is well positioned to gain from rising non-​renewable energy scarcity. Improvements in 
technology that boost supply or lower input prices will also lead. This research showed significant 
discrepancies between states. These distinctions point to crucial areas for further research. Energy 
consumption equations, for example, have poor R2 and F-​stats, indicating that many crucial factors 
of energy usage have been overlooked. These topics will be the focus of future research. The policy 
implications of this study could become more targeted with a greater understanding of the sources 
of energy use. The study’s findings also raise the question of whether different energy sources have 
varying effects on growth. The use of disaggregated energy metrics can reveal significant source 
disparities. If different fuels respond to expansion in different ways, policymakers will have more 
specialized instruments at their disposal.
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Abstract

The soaring increase in the modern world’s population has led to a growth in electricity demand. Also, 
due to the emergency of climate change and the ordinary power plant’s destructive impact, replacing 
environmentally friendly sources with fossil fuel-based power plants is vital, leading to a decrease in 
power generation.

As a solution for overcoming mentioned shortage, significant changes must be applied to usual 
power systems and consumption patterns.
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There are some practical choices for adding to the conventional power systems. Foremost, renewable 
sources must be added to the grid to raise the generated power. However, these sources are challenging 
to operate solely; for instance, photovoltaic systems are just available on sunny daytimes, or wind tur-
bines are only working in the presence of an acceptable level of wind. Secondly, emergence of electric 
vehicles, charge stations, and their ability to connect the grid carry an opportunity to store electricity 
and take advantage of this enormous capacity during pick hours.

The solution does not conclude in the generator section. Advanced techniques of demand-side man-
aging should also be involved. For instance, intelligent usage management can be regarded instead of 
generating more power to meet the pick time markets.

By adding mentioned parts to power systems, the conventional controlling sections must be adapted, 
as they can no longer manipulate the grid and guarantee its stability. In other words, a fundamental 
change in demand-side managing and dispatching is required to diminish the loss and supervise the 
consumption usage pattern during the pick hours, based on generated power and limitations of sources.

The smart power system is a satisfying solution for encountering mentioned concerns and has provided 
people with stable, secure, and clean power during the last decade. Internet of Things (IoT) is a fundamen-
tal part of a smart grid and provides an appropriate platform for all sections to store their records, which 
must be used for anticipating future conditions and following the change of consumption and generation 
patterns even in long periods like a decade. Forecasting can be labeled as the most critical phase of stabi-
lizing smart grids. The reason is rooted in the management bases in the previous conditions. For instance, 
based on previous data, pick hours can be defined, so prevent it by cutting unnecessary consumption or 
using reserved capacities. Also, it is possible to use different monitoring equipment such as sensors and 
cameras to supervise the smart grid more accurately. Also, as mentioned earlier, IoT stores recorded data 
to predict future conditions; therefore, it can be considered a security matter in a grid.

Furthermore, conventional methods used to monitor, manage, and protect the power grid could not 
operate precisely, and an adaption is requested. Artificial intelligence techniques have expanded the 
system’s ability to govern the network. Adding these practical tools, a stable and integrated network is 
formed that, by anticipating the future status of the network, can feed the consumer in an optimal con-
dition. This chapter focuses on the critical position of smart grids and the impact of an integrated net-
work on the energy industry. Further, how artificial intelligence and IoT increase smart grid efficiency 
and reliability (in mentioned zones such as stability analysis, demand-side managing, dispatching, and 
security) are discussed.

9.1 � INTRODUCTION

In today’s modern world, the old power system cannot meet the diverse needs of societies. The 
advent of high-​speed computer systems, new high-​precision sensors, artificial intelligence, and the 
Internet of Things (IoT) enabled experts in power systems to use their capabilities to reduce power 
generation costs in addition to reducing losses. In addition, an increasing understanding of the 
importance of renewable resources due to environmental consequences has led countries to look for 
ways to eliminate fossil fuels from their energy portfolios. For the above reasons, the issue of smart 
power grid has become a hot topic in the world.

It can be said that an intelligent network without artificial intelligence is useless because by 
examining each of its implementations, at least one of the artificial intelligence algorithms is 
responsible for a massive portion of work. In various studies, artificial intelligence is divided into 
four general categories [1, 2]:

•	 Artificial neural networks
•	 Reinforcement learning and deep reinforcement learning
•	 Metaheuristic algorithms
•	 Expert system.

For instance, reference [3] predicts smart grid stability and Support Vector Machines (SVMs), K-​
Nearest algorithms, Neighbor, Logistic Regression, Naive Bayes, Neural Networks, and Decision 
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Tree Classifiers are examined, and the best result is obtained with the Decision Tree classification 
algorithm. Each of the above is used in a specific sector, comprehensively referred to in reference 
[2]. This article also points to the evolution of energy management, which helps understand the 
impact of artificial intelligence. In reference [4], subjects such as Transmission Line, stability in 
Renewable Energy Systems such as wind turbines or photovoltaic systems, and fuzzy logic system 
and ANN algorithms are mentioned. Artificial intelligence is present in various parts of intelligent 
styles. A comprehensive article that addresses this issue is reference [5]. For example, the predic-
tion of irradiation received in solar panels is indicated by an algorithm and a database based on 
the system’s previous state. Also, many factors are involved in determining the size of the panel, 
which complicates this task, but artificial intelligence can calculate the scale of required panels for 
a defined project. Utility energy planning, control, and demand-​side management are other topics 
addressed. The application of artificial intelligence in regulating the load of consumers has been 
considered by experts, and in reference [6], a model for this purpose to automate the scheduling of 
smart home appliances has been presented. This study shows that relying on a renewable source is 
not efficient enough, and it is better to use a hybrid manufacturer because it reduces the peak-​to-​
average ratio (PAR) of overall energy demand.

This chapter discusses the role of artificial intelligence in some parts of an intelligent network. 
We will first look at the reasons for the importance of a smart grid in power systems. Then we exam-
ine one of the various categories of artificial intelligence to get a relative insight into the method of 
each operation. Finally, the role of artificial intelligence in solving the complexities and problems of 
these networks is discussed to clarify the importance of advancing algorithms and their undeniable 
role in providing power to a variety of consumers for the reader.

9.2 � SMART POWER SYSTEM

The modern world has witnessed rapid changes in recent decades, in most of which the role of 
electricity is undeniable. These changes have caused traditional systems, both in the production and 
distribution sectors, to no longer be able to meet human needs, and we are witnessing a lot of losses 
and reduced efficiency. Smart grids have become a hot topic for developing power grids and their 
adaptation to new consumers and today’s life. The smart grid gives the electricity industry a unique 
opportunity to enter a new level of reliability, accessibility, and efficiency that will contribute to 
protecting our environment and empower our economy. Telecommunication and digital technolo-
gies that enable two-​way communication between power generators and customers through various 
lines make a network smart. A huge change in the power production sector has made expanding 
renewables resources in an intelligent system easier. Due to the depletion of fossil fuels and environ-
mental damage, in order to survive, human beings must find a permanent replacement for it as soon 
as possible, which was not possible in traditional networks, but in smart networks, the use of green 
resources will be maximized. Also, the connection of all sections, close monitoring of all compo-
nents, and the development of artificial intelligence algorithms have created a great change in the 
electricity industry to provide all types of consumers with secure and trustworthy power. Electric 
vehicles are also a new component of the network, which, in addition to evolving the transportation 
industry, has added energy storage capability, which until now was considered very expensive and 
unreasonable, to the conventional power supply systems. Figure 9.1 provides an overview of a con-
ventional and smart power system. It clearly shows the differences in resources, power transmission, 
and the consumer [7, 8].

As mentioned earlier, although the basis of a smart grid is connections of all components and 
control section, this is known as one of the drawbacks that leads to weakness of networks and raises 
the issue of cyber-​attacks and network hacking. So far, much research has been conducted, and 
some solutions have been provided to eliminate this weak point and meet the needs of today’s global 
community with the least possible risk [9].
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9.3 � ARTIFICIAL INTELLIGENCE

9.3.1 �E xpert Systems

One of the most successful forms of artificial intelligence is expert systems that simulate the behav-
ior of an expert in the field used. These systems consist of two main parts, the database and the 
inference engine (Figure 9.2) [10].

9.3.2 �D atabase

The database is the part in which the various states of the system are defined, so that the system can 
have reasoning power and make decisions like an expert. This database is usually defined as a set 
of “if-​then” rules designed in modern systems to experience and learn from decisions like a human. 
In this way, the system improves over time.

The most important thing to pay special attention to in an expert system is the database that 
is provided to the system. This importance is rooted in the strong dependence on the correct-
ness of system decisions and provided information. In general, the database should be integrated, 

FIGURE 9.2  Expert systems.

FIGURE 9.1  Conventional and smart power systems.
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comprehensive, and accurate. If the database is not integrated and cannot cover all situations, the 
system has no reference in the face of undefined situations, which severely threatens the system’s 
performance. The comprehensiveness of the database means that it is large enough for the system to 
be accurate enough and not too large to increase the complexity of the system and ultimately reduce 
the speed of decision-​making. The last case is accuracy. The more precise the defined rules, the 
more accurate the system’s decisions are.

9.3.3 �I nference Engine

The second part, the inference engine, is an automated reasoner. In this section, with the help of 
defined rules, the cognitive system derives from the current situation. This section can have the 
power of inference and reach a certain conclusion by examining several arguments. Neural net-
works are one of the most well-​known categories that use this mechanism.

9.3.4 �S upervised Learning

The first step in a supervised learning algorithm is training, through which the algorithm looks for 
patterns in the data that relate to the desired outputs. After training, the algorithm will be given new 
inputs that have not been encountered and determine which new inputs will be classified based on 
previous training data (Figure 9.3) [11]. In this step, the accuracy of the training process is assessed. 
In its most basic form, a supervised learning algorithm can be written as follows:

	 .( )=Y f x

Y is the output predicted by a function that assigns a class to an input value x. The function used to 
connect the input properties to the output predicted by the machine learning model is created dur-
ing the training.

FIGURE 9.3  Supervised learning algorithms.
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9.3.5 �U nsupervised Learning Algorithms

Unsupervised learning algorithms allow users to perform more complex processing tasks than 
supervised learning. However, unsupervised learning can be unpredictable compared to other natu-
ral learning methods [12]. Unsupervised learning algorithms include clustering, continuity, dimen-
sionality reduction, anomaly detection, and neural networks. Figure 9.4 shows the steps of this type.
The reason for the popularity of this method can be considered the following:

•	 Unsupervised machine learning finds all sorts of unknown patterns in data.
•	 Unsupervised methods find features that can be useful for categorization.
•	 Unsupervised learning is done in real-​time, so all input data must be analyzed and labeled 

in the presence of learners.
•	 It is easier to get unlabeled data from a computer than labeled data that requires manual 

intervention.

9.3.6 � Reinforcement Learning

Reinforcement Learning is currently one of the hot topics of research, and its popularity is increas-
ing day by day. This method enables an “agent” to learn in an interactive environment using trial 
and error and using feedback from his or her actions and experiences. Although both supervised 
learning and reinforcement learning use mapping between input and output, reinforcement learning 
uses rewards and punishments as signals for positive and negative behavior. Reinforcement learning 

FIGURE 9.4  Unsupervised learning algorithm.
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has different goals than unsupervised learning. While unsupervised learning aims to find similari-
ties and differences between data points, in reinforcement learning, the goal is to find the right data 
model that maximizes the total cumulative reward for the agent (Figure 9.5) [13, 14].

9.4 � ARTIFICIAL INTELLIGENCE IN SMART POWER SYSTEMS

9.4.1 �S mart Power System

A smart grid is an automation system between production and consumption. This smart grid con-
sists of an intelligent digital system, automation, computer, and control that establish two-​way com-
munication between power generation and consumption (Figure 9.6). An intelligent energy grid 
can be introduced as a new generation of power systems that have been introduced to eliminate the 
weaknesses of traditional systems. In these networks, energy sources have been changed mainly 
from fossil fuels to renewable energy, and to reduce the operation costs, extensive changes have 
been made in the consumption pattern. The most important feature of these systems is being smart. 
This means that the system with various artificial intelligence methods can collect the data needed 
to understand the system’s status, and finally, orders are issued that the network continues operat-
ing in the most optimal condition. It should be noted that the optimal situation in power networks 
means the establishment of system stability or the balance of supply and demand in the electricity 
market at the lowest cost.

Intelligent energy grid innovation is a broad form of analog technology that paves the way to con-
trol the use of devices through two-​way communication links. However, the prevalence of Internet 
access in most homes makes the smart grid more reliable for operations. Smart grid devices trans-
mit information to enable ordinary users, operators, and automated devices to respond quickly to 
changes in the smart grid system [15].

9.4.2 �F orecasting

One of the most controversial issues in intelligent power systems is system prediction. System pre-
diction is usually divided into long term, short term, and mid-​term, leading to a piece of accurate 
and complete knowledge about the network. Acquiring such knowledge leads to proper manage-
ment and making the right decisions in the shortest time. The reason for this is the importance of 
keeping these power networks stable. Smart grids are composed of various resources depending on 
their location, time, and consumers, each with maximum efficiency in specific situations. For exam-
ple, in networks that use solar panels or wind turbines, the weather conditions must be considered 

FIGURE 9.5  Reinforcement learning.



114 IoT and Analytics in Renewable Energy Systems (Volume 1)

to balance the supply and demand of energy. This issue is also seen in the consumer sector. For 
example, power is devoted to industrial or domestic sectors, or which season is planned for because 
it is one of the important factors in consumption pattern. Also, electric vehicles and charging sta-
tions have become a hot topic in the prediction process and energy management because they have 
the potential to generate, consume, and store electricity.

Therefore, due to the high importance of prediction, many studies have conducted the best results 
using different artificial intelligence algorithms. So, the high ability of artificial intelligence is uti-
lized to predict the future state of the network [16, 17].

9.4.3 � Network Security

From the beginning of the emergence of power grids, the issue of grid security has been considered 
by experts because all the vital infrastructure of a country is dependent on sufficient electricity 
supply. Also, the energy storage presented in such centers can meet the needs of consumers only 
in the early hours of power outages. This issue in smart networks is more complex than in conven-
tional power grids, because, firstly, the possibility of system hacking and cyber-​attacks is higher 
due to the structure of smart networks. Secondly, due to the comprehensive connection of com-
ponents, disruption in one part of the network can threaten the stability and security of the entire 
network. In this area, we see the presence of various artificial intelligence methods. To properly 
manage an intelligent network to achieve the highest efficiency and reduce losses, the connection 
between the power control network and the database is critical. The basis of an intelligent network 

FIGURE 9.6  Smart power system layouts.
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is the communication of components with each other and with the control center, database, and 
telecommunication system to transfer data from sensors and transfer commands to operators. This 
connection is usually designed in layers and is connected to the Internet, which leads to the loca-
tion of network hacking and other attacks. For example, smart grids use smart meters that connect 
production and consumption dynamically. Some smart meters are easily hacked and may control 
the power source of a building or neighbors. These attacks may occur in power plants and disrupt 
the power supply phase.

Regarding error detection by artificial intelligence algorithms, simple methods such as deci-
sion trees and simple feed-​forward NNs or more complex methods train SVMs or semi-​supervised 
networks to analyze data taken from voltage, current, sensors, power, and high-​frequency filters 
that are used to detect abnormal conditions. However, in the case of cyber-​attacks, it allowed the 
data falsified by the enemy, who could hack the network, to be provided to the control center and 
disrupt the system. It can also be solved with the help of artificial intelligence and data analysis. 
Furthermore, in case of any disturbance in the system, artificial intelligence decision algorithms 
can identify the exact location of the disturbance, determine the type of problem by examining the 
situation, and solve the problem by providing appropriate solutions and issuing appropriate com-
mands [18].

9.4.4 �E conomic Dispatching

In a smart grid, the main goal is balancing the energy demanded and the amount produced. Like 
other markets, the price of goods, which is generated power here, is defined by the amount of supply 
and demand. Stability and equity of supply and demand are the determining parameters of a desir-
able network, and acceptable efficiency and economy are significant issues. So, experts try to man-
age the network with the help of artificial intelligence algorithms so that the price does not fluctuate 
much. This fluctuation, which occurs due to a lack of consumption management and is seen in non-​
standard distribution networks, increases the pressure on the generator sector and secondary costs. 
In the subject of economic dispatch, manufacturers are carefully studied. The limitation is that a 
situation is defined for the generators in which the system is in optimal condition. This requires 
a meticulous telecommunications system to quickly provide information to the controller so that 
the best analysis and, therefore, the most appropriate commands for network management can be 
applied. For this purpose, various algorithms have been proposed to be presented with the help of 
economic network optimization to identify and achieve optimal conditions [19, 20].

9.4.5 � Consumer and Resource

Smart grids are very flexible and are designed to operate optimally in any situation. Flexibility in 
smart grids is one of the things that makes the big difference between old and smart distribution 
systems. One of the characteristics that show this feature well is the definition of the role of producer 
and consumer. Some elements are defined so that by creating a bi-​directional relationship, they help 
improve network performance to provide a trustworthy network in all respects to the consumer and 
reduce production costs.

In older systems, the consumer and the producer were usually fixed. However, in smart networks, 
we see the replacement of these two roles based on different situations prevailing in the network. In 
addition to the benefits of this new and practical feature, the system’s increasing complexity is unde-
niable. Artificial intelligence algorithms helped solve this problem in such a situation, and amazing 
results have been achieved. The energy storage section is a good example of this feature. In this sec-
tion, artificial intelligence, by examining the amount of demand and the status of resources, deter-
mines the status of the storage sector, which includes three general modes of consumer-​producer 
and the status of the reservation. In reference [21], a method based on linear regression is presented 
to manage such components.
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9.4.6 � Resources Management

Resources connected to power distribution networks and their management are critical. Figure 9.7 
illustrates an example of the cooperation layout among the present resources, distribution net-
work, and consumers. In smart grids, this layout is more important because the variety of available 
resources is significantly wide which increases the system’s efficiency and complexity. Firstly, in 
such networks, power generation from renewable sources such as solar panels or wind turbines is 
maximized to reduce the need for conventional generators, usually based on fossil fuels. Secondly, 
the sources are connected to the network to keep the balance of the supply and demand and also 
dedicate the best possible periods to charge and discharge the storage units. Reserve resources are 
also important to the network due to emergency status to prevent any threat to the stability of the 
network. However, due to the unique characteristics of each resource, management is not an easy 
task and requires attention to various parameters. Also, the uncertainty in this part of the network 
is more than that in other parts [22, 23].

For example, the productivity of the most common renewable sources in today’s systems is highly 
dependent on weather conditions. Therefore, artificial intelligence must have an accurate knowledge 
of the geographical location of the area under its control, which is usually done with classification 
algorithms. In addition, it must be able to predict the future status of each resource in which arti-
ficial intelligence prediction algorithms are used. Finally, after identifying the system, the need to 
decide on network-​connected resources, connection duration, and reserved resources must be clari-
fied. In this stage, artificial intelligence algorithms that perform practically in decision-​making take 
all the vital factors into account and apply the best possible plan [24, 25].

FIGURE 9.7  Resources, distribution network, and consumers’ layout in smart power systems.
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Therefore, artificial intelligence is very useful in resource management; for example, an artificial 
neural network is a method that researchers have studied. Different structures have been introduced 
and exploited, but the important issue is to have a reliable and accurate database that is highly 
dependent on parameters such as time and geographical location. The network must be trained with 
a reliable database for proper operation. Any defect in the management of this part of the system 
causes the management to jeopardize the electricity supply, upset the balance between supply and 
demand, and ultimately destroy the stability of the network [1, 26–​28].

9.4.7 �H ome Energy Management

In modern intelligent control networks, consumption management is not the responsibility of 
users alone, and the network is allowed to plan and change the schedule to increase efficiency and 
approach the ideal consumption pattern. Artificial intelligence algorithms make analyses and deci-
sions related to this issue. In smart grids, the minor the difference between peak hours and PAR, 
the better the management of consumers. As a result, reducing the pressure on the power generating 
units can be achieved, and the cost of power generation significantly decreases. For example, in tra-
ditional networks, each user was responsible for managing consumption, and they were always asked 
to reduce consumption at certain periods during the day. Unfortunately, not everyone followed these 
instructions, which was an exterminating factor in conventional power systems. Nevertheless, in a 
smart grid, all appliances are known as a consumer in a network (smart appliances) are connected 
to the control unit, so during peak hours, the connection of unnecessary electrical appliances is 
disconnected, and their work schedules are moved to off-​peak hours; therefore, the performance of 
the network enhance (Figure 9.8). To do so, accurate calculations consisting of considering various 
factors are vital, so these processes of planning, forecasting, and decision-​making are completed by 
artificial intelligence algorithms such as Heuristic Algorithm, such as Earth Worm Algorithm, and 
Harmony Search Algorithms [6, 29, 30].

9.4.8 �E nergy Storage System

One of the distinguishing features of smart grids is the energy storage sector, which is infrequently 
seen in time-​honored networks. In the past, the use of energy storage devices was not economically 
justified due to the high cost of production and maintenance, and experts in the electricity industry 
tended to boost production capacity at particular intervals. Even this unit could not compete with 
traditional generators to provide energy for use in emergencies such as power outages. With the 
increasing development of manufacturing technology, smart grids, and artificial intelligence, the 
presence of these systems has become economically logical. In this section, the task of monitoring 
and planning the charging and discharging of batteries is the responsibility of artificial intelligence 
algorithms. By identifying and learning the complex relationship between consumer behavior, the 
status of the power generation sector, and the structure of the power storage system, this algorithm 
has been able to play a significant role in the eminence of the entire network, preventing severe 
peaks at certain intervals on daily bases and reducing network costs (Figure 9.9).

The general path of the artificial intelligence algorithms usage is the aim of optimizing the sys-
tem in a way that electricity is purchased and stored by this section at intervals when consumption 
is low, and as a result, the price is lower, and stored power is injected into the network during peak 
hours (Figure 9.10). The network needs to have full control of supply and demand, changing trends 
during the year to have a short-​term and long-​term prediction to achieve the best performance. So 
far, artificial intelligence algorithms are the most reliable and accurate tools to forecast complex 
systems even with uncertainties. Therefore, in addition to the direct profit from the purchase and 
sale of energy, this activity reduces the damage to power generators and reduces energy production 
costs in long-​term analyses [31–​35].
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9.4.9 �E V Charging Station

This component of smart grids has attracted much attention in recent years. The reasons are, firstly, 
the expansion of the production of electric vehicles and, as a result, the need to create places to 
charge these vehicles, and secondly, the possibility of using these stations to balance the network. 
The key component is batteries, which can act as a consumer at lower demand intervals, such as 
midnight to morning, to charge; and inject power into the grid during peak hours. In many research 
studies, the behavior of stations is assumed to be identical to power generation in dams and plays 
an important role in peak hours. They are also referred to as a subset of the energy storage sec-
tor. However, a remarkable difference is the ability to generate energy, consequently reducing the 
costs of energy purchases related to the required amount for charging the batteries (Depending on 
the power generation capacity of the station and the pattern of vehicles present in the station). It 
should be noted that some stations do not have a production department, in which case the station 

FIGURE 9.8  Pick shaving.
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FIGURE 9.9  AI role in energy storage section.

FIGURE 9.10  Energy storage connection during (a) charging mode and (b) discharging mode.
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can be considered an energy store where car batteries are assumed as storage devices. In addition 
to conventional consumers connected to the electricity distribution network, the owners of electric 
vehicles are known as Energy Buyers. Figures 9.11 and 9.12 show the network in which the EV 
charging station is located.

Managing the charging stations of electric vehicles confront many challenges, such as the time of 
entry and exit of vehicles, the charging capacity of the station, the type and life time of the battery. 
In such a complex system, various algorithms have been proposed to maximize stations’ productiv-
ity and help the stability of the network. Algorithms are designed in such a way that by knowing the 

FIGURE 9.11  Smart power system with EV charging station.

FIGURE 9.12  Smart power system with EV charging station.
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number of available vehicles and the duration of their presence in stations, the batteries are charged 
and discharged in such a way that, firstly, the cost of charging is minimized, and secondly, the sta-
tion owner gains the highest profit from buying and selling energy. For example, the chicken swarm 
optimization algorithm has been used in Guwahati, India, and this two-​way relationship has been 
managed in a new and practical way [36–​42].

9.5 � CONCLUSION

One of the problems that power systems face today is the issue of increasing demand, which has 
led to an increase in production capacity. Nevertheless, this method is no longer practical, because 
first, seeing the deteriorative impacts of fossil fuels and the risk of depletion of these reserves in 
the next few decades, we have to update the production sector with renewable resources. Also, with 
the advent of a new generation of technologies such as electric vehicles, smart sensors, and energy 
storage sections, it is possible to increase efficiency and reduce costs and losses. Therefore, smart 
networks must replace the old generation of power systems to use these facilities. It should be con-
sidered that these networks are much more complex, and traditional methods cannot monitor and 
manage the complex layout. Artificial intelligence algorithms have proven to be the best option for 
this. In this chapter, the main parts of smart grids are mentioned, and it is stated how artificial intel-
ligence algorithms absolutely solve the specific problems of each part. Using artificial intelligence 
in smart power networks makes it possible to provide the required stable electricity with minimum 
resources, costs, and losses.
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Construct of Green Energy
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Abstract

The demand for electrical energy continues to rise, and more applications rely on it. As a result, it 
is a requirement that electrical energy be produced, distributed, and used as efficiently as feasible. 
Furthermore, recent problems with nuclear power facilities have prompted calls for other environmen-
tally friendly energy generation solutions. Two key technologies will play important roles in solving 
parts of those future difficulties, among numerous possibilities. One option is to switch from tradi-
tional, fossil-based energy sources to green energy sources for electrical power generation. The other 
one is implementation of Internet of Things (IoT) in green energy sources. The use of renewable energy 
resources has been increased since 2015 United Nation Climate Change Conference. Analysis and 
optimal operating status maintenance using a remote monitoring system is needed in the case of pho-
tovoltaic (PV) power generation and unstable wind. The implementation of various open IoT platforms 
like Arduino, Raspberry Pi, etc. can definitely improve the performance of green energy. The popular-
ity and usability of green energy can be improved by inclusion of IoT. The chapter represents the recent 
contributions of IoT in the green energy area. The researchers can get the technical idea to continue 
their research in the application of IoT.

10.1 � INTRODUCTION

The main disadvantages of renewable energy sources are their fluctuating production due to unpre-
dictable environmental behaviour and their difficulty in operating on a predetermined timetable. 
The power generation can be easily managed by the method of collection and then analysis. The 
status of power generation needs to be monitored continuously. The data obtained can be easily 
anticipated by ensuring optimal preservation of upcoming energy production. This greater stability 
also aids grid dependability and flexibility.

In this chapter, the author suggests implementation approaches for building an energy monitor-
ing system that is cost-​effective and based on open Internet of Things (IoT) software and hardware 
platforms. And LoRa, which supports long-​distance networks with low power, is implemented using 
an inexpensive solution that does not require a telco’s base station. Because of its simplicity, low 
development costs, and wide range of applications, the monitoring method can be implemented to 
the upcoming energy IoT system.
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10.2 � LORA AND IoT MONITORING SYSTEM

With chip manufacturers investing heavily in the market, the IoT industry is bringing a lot of tech-
nology and solutions to market, and it is developing at an exponential rate. It is not, however, with-
out challenges. Ensure that the “things” or end nodes can connect to the internet is one among the 
most difficult components of building the IoT. Today’s IoT devices communicate via a multitude 
of technologies, but none of them are suitable for their intended function and use. Wi-​Fi is now 
ubiquitous, but it uses a lot of energy and sends a lot of data. While this is excellent, it isn’t the best 
solution for IoT devices with limited energy or those only need to transfer small amounts of data 
[1, 2]. LoRa stands for Long Range Radio. It is a novel wireless protocol that is intended for long-​
range and limited communications. It is mostly used for M2M and IoT networks. Through a serial 
interface, the Arduino-​based IoT node connects to the controller of an energy device. It collects the 
information about battery status, present current, voltage, and temperature. The LoRa modem is 
serially connected to Arduino as shown in Figure 10.1. Send Api Function of LoRa protocol stack is 
called by the embedded software. The sleep function at the power level is utilized by the IoT node 
to provide a low-​power mode and is set to wake up on a regular basis. In accordance with regulatory 
specifications, some LoRa settings such as the maximum output power, channel centre frequency, 
coding rate, channel bandwidth, and spreading factor are chosen. The received energy data as well 
as automation, radio, and timestamp data are sent to the Raspberry Pi via serial interface by the 
LoRa modem. The data received via the LoRa modem is saved in MongoDB, a NoSQL database 
that supports a structure that is ideal for large-​scale big data [4].

FIGURE 10.1  Arduino-based IoT sensor block diagram [3].
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10.3 � HYBRID MICROGRID WITH IoT

The hybrid smart grid provides new opportunities for solar-​powered microgrids to be regulated and 
accessible via IoT. In Reference [3], Deepak Kumar and Bisht have presented the hybrid smart grid 
with IoT.

A microgrid system is a hybrid smart grid that has been improved to include solar power produc-
ers, hybrid ultra-​capacitor (HUC), a centralized server that regulates the load based on the power 
that is used, home battery banks. The current central stations that operate electrical grids update 
their cycle at every 15-​minute. The load is analysed and generators are changed at every 15 minutes, 
by the central station. The sources of green energy like wind turbines, solar panels, etc. do not have 
the same output that is predictable with traditional energy sources, rendering solar panels suscep-
tible to surges. Surges induced by unexpected loads, such as household appliances, are not borne by 
solar panels and thus impossible to predict. If the power grid falls below a certain threshold power, 
the entire system may fail. Hence, as the green energy sources are changeable, they are incompat-
ible with existing power grid systems.

We can use battery storage to minimize the system failures in unexpected outcome scenarios like 
the ones described above. This produces deep discharge during surges, reducing the life cycle of the 
battery. If the battery is connected to a HUC, the HUC will carry the power, protecting the battery 
from any surge. Because of its self-​sustaining nature, the cost of constructing a microgrid could be 
covered in a couple of months. A user can also exchange leftover electricity from the previous day 
with the neighbours who are linked to the main grid. The information will be sent through IoT [5]. 
On a regular basis, data are synced from smaller hybrid microgrids’ local cache to the main grid’s 
database. The real-​time information of every linked end points are obtained from analytics engine. 
The standby power is ensured by the operators during emergency.

Battery bank, solar panels, and a HUC comprise a hybrid microgrid system. The battery and 
HUC bank store solar energy. A hybrid microgrid technology keeps the battery charge at 100%. 
HUC bank is responsible for any load changes.

Renewable energy generation is crucial for guaranteeing the country’s energy security and is also 
a viable strategy for combating changes in the global climate. It accelerates equipment development 
and enables more cost-​effective expansion. Its growth will undoubtedly result in energy technology 
innovation and will aid in the establishment of new energy strategic sectors [6].

The authors discuss IoT sensors [7] that were charged using an energy-​harvesting method, as 
well as popular products that were stored at the linked gateways. The proposed technique rewarded 
harvesting technology vendors financially while simultaneously enhancing quality of service (QoS) 
and system utility. To reduce on-​grid energy use, an optimal solution [8] used green power and 
coupled caching and content forwarding.

The authors of Reference [9] provided an excellent examination of the microgrid management 
method using IoT. The microgrid management technique utilizes green energy while minimiz-
ing energy demand from grid. Green power sources, such as solar power from PV panels and 
wind power from aluminium air ventilators (wind turbine), can be stored in a battery and used to 
power loads more efficiently when operating off-​grid. A clever energy-​saving method has also been 
included, utilizing Passive Infrared Sensor and Light-​Dependent Resistor to handle basic loads such 
as the different types of lights and fans. It includes an intelligent scheduling algorithm that uses 
concept of IoT to regulate a scalable load based on the consumer’s needs. One is from microgrid and 
the other is from power grid. The basic loads can be efficiently powered by renewable energy, while 
the additional interruptible loads are directly connected to the grid. As a result, both energy use 
and utility bills are lowered. During certain seasons, such as rainy or overcast seasons, solar panels 
produce less energy, that is not sufficient to power the base type loads. In such instances, a relay is 
used to connect the microgrid’s base loads to the grid supply. This process is entirely automated. 
The advantages of energy management become obvious when the conventional and fully automated 
modes are contrasted.
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The conventional and fully automated modes are examined. The results are displayed in 
Figure 10.2 as a graph. The comparison of units consumed in watts for both modes in terms of loads 
is done. Because of the integration of renewable energy and scheduled loads via IoT, traditional 
modes consume significantly more units than autonomous modes. Renewable energy improves sys-
tem efficiency by reducing the quantity of energy consumed.

10.4 � HYBRID GREEN ENERGY HARVESTING USING IoT

In Reference [10], the authors built a smart hybrid green energy harvesting, storage system, and an 
IoT monitoring system. The energy storage device was used to save energy from water flow. It may 
be used for all the applications with low voltage also. The largest quantity of energy which this pro-
totype may produce per day is around 100 Wh. The quantity of energy harvested and used can be 
monitored by using an IoT-​based energy monitoring system. The component for capturing energy 
was tested in a variety of situations to discover the parameters that result in the greatest quantity of 
energy harvested.

Energy storage devices are frequently used to use energy harvested at a later time. Capacitors, 
supercapacitors, and batteries can all be used to store energy [11–​14]. Energy storage devices are 
used in a wide range of applications, including renewable energy-​harvesting systems [15–​20]. When 
establishing energy storage systems for specific uses, however, various aspects must be considered. 
Expense, size, safety, reliability, life span, charging/discharging, and general administration are all 
factors to consider [21, 22].

10.5 � CONCLUSION

This chapter defines a complete, self-​sustaining, open-​source green energy system. In this chapter, 
the author aimed to illustrate the role of IoT in the use of renewable energy by providing a few real-​
time studies in detail. Initially, we thoroughly investigated a few current survey studies on the usage 
of IoT in green energy development. Based on this information, a research gap was recognized and 
emphasized by the author on the impact of IoT on current technologies. There are three types of 

FIGURE 10.2  Performance comparison of different modes.
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green technology strategies: resource management, resource allocation, and green energy utiliza-
tion. Furthermore, the breakthroughs and uses of green technology in next-​generation communica-
tions systems were explored in this chapter. Renewable energy technology solutions, on the other 
hand, confront additional challenges in balancing energy usage and performance of the network. 
These difficulties and upcoming research objectives were effectively recognized for the develop-
ment of an ideal green technology strategy.
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Commercial Buildings Using 
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Abstract

The energy demand based on the increasing population and industrialization has incited the prerequi-
site for generating electrical energy from renewable sources. The inclination for this research is more 
grounded because of the usually melting away trademark resources and the overall common issues 
realized by fossil fuels. Renewable energy sources are perceived as one of the best answers for the 
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developing energy emergency. Of these, photovoltaic sources have been the most encouraging future 
energy source because of their advantages, such as pollution-free, enduring, cost-sparing, low mainte-
nance, and noise-free, environment-friendly properties. The solar source will become more success-
ful if integrated into the existing power distribution infrastructure, which necessitates efficient Direct 
Current (DC)-Alternating Current (AC) conversion. Day by day, on the other side, many of the electrical 
loads are fitting to DC input, especially in the consumer products such as Compact Fluorescent Lamps 
and Light-Emitting Diode lights, television sets, fans, refrigerators, air conditioners, laptops, personal 
computers, and other electronics and communication gadgets used in workplaces and homes. Hence, 
there is a transition towards DC distribution inside buildings to improve the performance of the control-
lers used in between the Electrical Energy Sources and the Electrical and Electronic Loads. Examples 
of Commercial Buildings include Banks, Software, Communication, and Networking companies and 
Malls. Most of them use the above DC loads. This work mainly aims at improving the performance of 
controllers used in between AC/DC energy sources and the DC loads. Adaptive Nonlinear Ascendant 
Mode (ANAM) control strategy is proposed for this work. ANAM control strategy is developed, which 
takes care of the parameters such as power flow reliability, system efficiency, power-voltage curve, 
steady-state and transient response, overshoot control, and Total Harmonic Distortion. An experimen-
tal setup representing the Simulink model has been designed for a commercial building configuration. 
The proposed controller is applied for both AC/DC and DC/DC converters and the performance of the 
proposed controller is validated through simulation by checking the above parameters. The simulation 
and the experimental results confirm that the recommended configuration sources are more reliable and 
efficient than the existing Proportional Integrated Derivative and sliding mode control methods within 
both steady-state and transient performance.

11.1 � INTRODUCTION: BACKGROUND AND DRIVING FORCES

The performance of the existing power system is increasing day by day with the integration of 
Renewable Energy Source (RES) which ensures better performance and efficiency. In recent days, 
solar, wind turbine, and fuel cells are used for RES. The Direct Current (DC) in the building 
power distribution framework has attributed to many circumstances, like the quick development 
of photovoltaic (PV) framework establishment [1] and the emergence of batteries in the building 
field [2]. Eventually, the expanding utilization of loads in the market with a DC source on a vari-
able frequency drive motor (variable frequency drive) and Light-​Emitting Diode lighting systems 
are increased [3]. From PV to direct power DC equipment, the flexibility of power supply in the 
building’s power distribution and framework [4], from the PV back to Alternating Current (AC), can 
lessen the energy transfer misfortunes from the DC.

TABLE 11.1
Different Types of DC Loads in Commercial Buildings

S. No. Different Types of DC Loads

1 Lighting system
(Volt 12V with 3W, 5W, 7W, 9W, 15W, 40W, 100W, 500W and 1000W)

2 Television (12V with 10W [24 inch], 20W [32 inch] and 50W [50 inch])

3 Video audio monitors (12V with 40W, 100W and 250W)

4 Computer (48V with 200W)

5 Elevator (75V with 2000W)

6 Automatic gate opening systems (12V with 100W)

7 Mixer grinder (12V with 600W)

8 Air cooler (12V with 36W, 48W, 75W, 125W and 200W)

9 Washer and dryers (24V with 750W, 1000W and 1500W)

10 Water heater (24V with 300W, 400W and 500W)

11 Water purifier (36V with 20W, 50W and 100W)

12 Ceiling fans (12V with 35W)
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Nowadays, commercial buildings consume 61% of the total electrical energy of the nation [5], 
and the essential loads happen to be from lighting frameworks. Table 11.1 demonstrates various 
sorts of DC loads which are utilized in commercial buildings. In any case, the current in com-
mercial building power distribution framework depends on AC and DC energy from RES. RES 
is expected to change over from DC to AC and AC to DC, to be appropriated to the load [6, 7]. If 
DC power is taken to the DC bus directly, the power conversion productivity can be fundamentally 
improved. Along these lines, it is the need of great importance to building up a DC distribution 
framework to adjust to DC renewable energy and DC loads [8].

The most usually utilized control techniques for AC to DC and DC to DC converters are pulse 
width modulation (PWM) current and voltage mode control methods, the Proportional Integrated 
(PI) and the Proportional Integrated Derivative (PID)-​based Pulse-​Width Modulation strategies. For 
example, these traditional control strategies, P, PI, and PID don’t perform acceptably under huge 
load and power system parameter differences. The existing Sliding Mode Method [33] performs 
effectively under load variation conditions but doesn’t represent transient conditions. Therefore, 
in this work, an Adaptive Nonlinear Ascendant Mode (ANAM) control method is introduced to 
accommodate transient, steady-​state conditions and verify performance parameters like Total 
Harmonic Distortion (THD), peak time and peak overshoot time.

11.2 � RESEARCH BACKGROUND

PV power generation has been a practical option compared to conventional fossil-​fuel power 
sources [9], which are mostly renewable and induces greenhouse gas emissions. PV power genera-
tion is introduced in urban zones to diminish energy transmission venture and lower energy mis-
fortunes [10, 11]. The PV boards are generally associated with the Maximum Power Point Tracking 
(MPPT) controller, which builds up the energy output. A few techniques have been proposed all 
through this MPPT controller [12–​14], and the Perturbation and Observation strategy is famously 
utilized [15].

There are several technical issues involved in integrating a conventional electric grid with decen-
tralized DC power generation [16, 17]. Any PV generators will include the need for large amounts of 
auxiliary services, which are relatively expensive [18, 19] and have intermediate nature. Microgrid 
technology is implemented to increase renewable energy use, especially in urban applications [20, 
21]. A microgrid is a collection of energy sources (both conventional and renewable), energy storage 
systems and power loads, which can be found in a unit with utility grids. PV power generation can 
be streamlined by energy storage and ready to be consumed by local loads.

Thus, the economic advantages of PV power irregular effect on the utility grid are altogether 
decreased [22–​24]. Depending upon the widespread bus character, microgrids can be named AC 
microgrids, DC microgrids and hybrid AC-​to-​DC microgrids. Of late, analysts have progressively 
found that DC microgrids have higher potential because of their similarity with DC hardware, for 
example, PV generators, battery storage and upcoming DC loads [25–​27]. Previous researchers 
proposed a few improvement techniques for the energy management of commercial buildings [28]. 
They are frequently found on examining load varieties for an indicated period on the client-​side, 
analysing and inferring the example of behaviour to structure the productive energy management 
framework [29, 30].

This has been tended to by the mix of nearby RES and storage gadgets [31]. Different optimiza-
tion models for coordinating interest-​side administration calculations into the connection between 
smart building and utility grid have been discussed [32]. The DC distribution voltage is used in 
commercial buildings [33] using the sliding mode control (SMC) method. However, there is a down-
side to switching power in the event of switching when the SMC power quality is substandard. In 
Reference [34], the authors introduce a fuzzy logic method to control the application of the Building 
Power Management System.
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11.3 � MATERIALS AND METHODS

Figure 11.1 shows the proposed topology of the combined power source consisting of PV panels, 
AC-​DC converters and DC-​DC converters to connect AC and DC loads, respectively. The converter 
is controlled by an ANAM controller method. Here, power converters will be managed under an 
ANAM for interfering with resources and a universal DC bus. Based on the reference signals from 
the PV panel and AC supply, the ANAM generates the constant 380VDC [6, 35] through power con-
verters. This model controls the supervision of building energy management and ensures precise 
operation and the operation of its mechanism under various operating conditions.

11.3.1 � Modelling of PV Cell

This work utilizes a PV model as appeared in Figure 11.2 and this model gives progressively exact 
outcomes. The model comprises a source current (ISC), a diode and series resistance (RS). It includes 
the impacts of short-​circuit current (ISC) and diode saturation current (IO). It utilizes a single diode 
for idealization factor (n) and is set to accomplish the best I–​V response.

FIGURE 11.1  Block diagram of proposed system.

FIGURE 11.2  Model of PV system.
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The relation of reverse saturation current of the diode, cell current I and short-​circuit current ISC 
is expressed through equation (11.1) [36].

	 1 ,SC O
RS= − +
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where
I = Response of solar cell current
V = Response of solar cell voltage
T = Solar cell temperature
K = Boltzmann constant
q = Elementary charge ratio
n = Ideality factor of diode.

Equation (11.2) discusses the mathematical operation of short-​circuit current (ISC) based on the rate 
of cell temperature.

	 | | [1 ( )],SC SC ref refα= + −I T I T T T 	 (11.2)

where
ISC = Rate of short-​circuit current
Tref = Value of reference for temperature
α = Short-​circuit current’s temperature coefficient.
The short-​circuit current (ISC) is proportional to the intensity of irradiance.
ISC at a given irradiance (G) is given as
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where
G0 = Represent the irradiance value.

Based on different sunlight intensities (in kW/m2), the I–​V characteristic is shown in Figure 11.3.

11.3.2 �D C-​DC Boost Converter

The functional working diagram of the DC-​DC boost converter is shown in Figure 11.4. This con-
verter is used to convert the input voltage into a variable DC output voltage.

11.3.2.1 � Boost Converter Circuit
Figure 11.5 shows the circuit diagram of the DC-​DC boost converter. This circuit is used to convert 
the electrical voltage from one level to another based on switching action to improve the response 
of charging and discharging energy from inductors and capacitors.

Numerous control methods are used for controlling switch (Q1). Low-​cost and straightforward 
controller structures are always in demand. In this work, ANAM control method is used to improve 
the performance of the DC-​DC boost converter. The ANAM provides voltage regulation, electrical 
isolation, noise reduction and transient protection between an input and output side.

11.3.2.2 � Controller Design and Modes of Operation
The DC-​DC boost converter’s output voltage must be controlled to keep the input voltage and load 
variations constant despite being steady. The proposed ANAM function is designed to adjust the 
time-​varying proportional area of the step according to the control of ANAM.

	 ( ) ( ),1 o= × −∞S K t u uS 	 (11.4)
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FIGURE 11.3  I-​V characteristics of a PV system.

FIGURE 11.4  Block diagram of DC-​DC converter.

FIGURE 11.5  Circuit diagram of boost converter.



137Smart IoT System-Based Performance Improvement of Power Distribution

where
SS = State space
μ∞= Desired output voltage
μo = Actual output
K1 = Switching interval of positive.

K1(t) > 0 is a constant or time-​varying parameter of ANAM according to the transition interval. It must 
be appropriately selected and modelled to meet the position of reaching/hitting the sliding coefficient 
stability condition. When K1(t) is considered as a constant in this control approach, its derivative is zero 
at any given point. Therefore, the differential sliding function is expressed by equation (11.5).

	 | ( ) ,S S 1 o= −S d K t u 	 (11.5)

where
dS = first order trending path.

This results in the equivalent control described by

	 1eq
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where
iL = Load current
Ueq = Result of equivalent model

Then the corresponding trending law is defined by

	 ( )( ).1 O= − −∞S K t u uS 	 (11.7)

For the overall SMC of the converter, the overall control technique must have the option to control 
the framework to follow the yield of the reference esteem, which is characterized by the accompa-
nying formula:
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where
u+ and u–​ = Control inputs.

Replacing the mean state-​space model of the system as a law of trend, the PWM generation dynamic 
duty cycles can be obtained directly:
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where
L = Inductor value
R = Load resistance
C = Capacitor value
k = Switching intervals.



138 IoT and Analytics in Renewable Energy Systems (Volume 1)

When the error between the reference output and the actual output voltage is 0, equation (11.9) 
becomes:

	 ( ) 1 .i= −
∞

d t
u

u
	 (11.11)

The inherent general loose relationship exists between the input and output voltage for any DC-​DC 
boost converters. It can be seen that the controller is independent of the current of the inductor 
and only requires load resistance when designing the sliding coefficients. There are two different 
operating modes based on the inductor current response, such as Continuous Current Mode (CCM) 
and Discontinuous Current Mode (DCM). CCM is used in this work because it gives a low signal-​
to-​noise ratio compared with DCM.

11.3.2.2.1 � Continuous Current Mode
When the inductor current is continuously charged and discharged during the switching period, it 
does not reach zero instantly, and it is called CCM operation, as shown in Figure 11.6. In CCM, 
each switching period TS consists of two parts, namely D1TS and D2TS, D1+D2, where D1 is the duty 
cycle and D2 = 1 − D1.

During D1TS, the inductor current linearly increases and during D2TS, the inductor current 
linearly decreases. When the inductor current changes from a positive to a negative value (zero-​
crossing) and again ramps back to a positive value in each switching cycle, it is called the Forced 
Continuous Current Mode of Operation (FCCM). Inductor current in the FCCM of the process is 
shown in Figure 11.7. As compared with CCM, the FCCM reaches zero value, but CCM did not 
enter zero value.

FIGURE 11.6  Inductor current response – ​CCM operation.

FIGURE.11.7  Inductor current response FCCM operation.
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The gate triggering signal, output voltage variation, diode current and inductor current are 
depicted in Figure 11.8 for CCM operation of a boost converter.

11.3.3 �A C-​DC Converter

The functional block diagram of the ANAM-​based AC-​DC converter is depicted in Figure 11.9. The 
ANAM control system gives accurate results against various components such as voltage stabilizer, 
maintains unity power factor and minimizes switching losses.

11.3.3.1 � Buck-​Boost Converter Circuit
The circuit outline of the ANAM-​based Buck-​Boost converter is shown in Figure 11.10. It comprises 
a DC-​interface capacitor, a diode with arrangement association and a DC reactor. The proposed 

FIGURE 11.8  The pulse characteristics of CCM mode.

FIGURE 11.9  AC-​DC converter-​block diagram.
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converter is pertinent to both step-​up and step-​down applications. In this configuration, the energy 
storage/transfer element of the inductor and the output voltage characteristics of the step-​up and 
step-​down functions can be easily controlled by a suitable modification scheme of the power semi-
conductor switch.

11.3.3.2 � Switching Pulse Generation of Buck-​Boost Converter
The pulse generation of MOSFET is developed by having a variable amplitude VC with a DC refer-
ence signal, a consistent amplitude VR and exchanging frequency FS. The extent among VC and Vr is 
known as the duty cycle, and d = VC/Vr, which is portrayed as the total on-​schedule and off-​timespan 
TS = Ton + Toff extent. The ordinary yield voltage is changed by changing the variable VC to control the 
obligation cycle D (Figure 11.11).

11.3.3.3 � Modes of Operation of Buck-​Boost Converter
The operation of Buck-​Boost converter relies upon the equivalent circuits of the switching gadget 
and the diode D. The transformation gadget relies upon the condition of the equipment and the 
diode. Each chopping cycle comprises a few distinctive sub-​modes.

FIGURE 11.10  Circuit diagram Buck-​Boost converter.

FIGURE 11.11  Generation of PWM.
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Mode1: Charging Mode
When in charging mode, the MOSFET is there in ON stage, so the diode D is altered as reverse bias 
with the goal that the graceful voltage shows up over the inductor when the power is on. The induc-
tor’s current should ascend to the iL and move through the info side, as shown in Figure 11.12a. As 
such, the loop terminals isolate the supply and yield capacitor flexibly. In this manner, the capacitor 

FIGURE 11.12  (a). Mode – ​1 MOSFET is ON and Diode D OFF. (b) Mode – ​2 MOSFET is OFF and Diode 
D ON. (c) Mode – ​3 MOSFET is OFF and Diode D OFF.
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charge is gathered from the past period, which must be included in the load. Gray lines on the image 
additionally show (Figure 11.12a) current ways for load flows during mode 1.

Mode 2: Discharging Mode
The discharge mode is corresponding to the charge mode. Exactly when MOSFET is turned off, 
the diode D will be forward-​biased and the structure is moved to this mode. The inductor current 
iL drops through the yield side and travels through the yield capacitor C and the DC load as shown 
in Figure 11.12b. The inductor’s voltage upsets its polarity and forward-​biased diode D, which has 
stored the inductor current. The imperativeness in the inductor current will drop until the switching 
device finishes the following obligation cycle or until the inductor current drops to zero again (mode 
3). In this mode, the capacitor is charged with diminishing inductor current.

Mode 3
Mode 3, the switching device is still off. Notwithstanding, the circuit conditions may make the 
inductor current iL drop to zero with the objective that the diode D gets opposite biased. This mode 
continues until the switching part is turned on again. The system will remain in the discharge mode 
for a period dictated by the structure parameters, if this period does not surpass the off time of the 
switching gadget. If it is expected that the current iL streams regularly, the activity of mode-​3 disap-
pears. Figure 11.12c shows an equivalent circuit during this mode of activity.

The V–​I characteristics of Voltage and Current Response for each mode are shown in Figure 11.13.

FIGURE 11.13  V-​I characteristics of voltage and current response.
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11.4 � OPTIMIZATION AND POWER MANAGEMENT ANALYSIS 
OF CONVERTERS USING ADAPTIVE NONLINEAR 
ASCENDANT MODE CONTROL STRATEGY

Power or power management is the main requirement of a power converter system. When a shifting 
energy source side is unbalanced or load side changes are adaptively optimized, the system is imple-
mented to steady the overall performance of the system with minimal power loss, which affects the 
system. This work proposes an adaptive nonlinear sliding control method in which optimal control, 
such as power management control, can be a natural and system architecture horizon for this type 
of design. More importantly, despite the complexity of the proposed system due to many nonlinear 
constraints, the new result is obtained based on the classical theory of optimal control, allowing 
real-​time results and solving the optimal control problem. More specifically, ANAM is first used to 
find that the power management problem has a beneficial solution.

11.4.1 �A nam – ​Algorithm Steps

Step 1: The first step is to fundamentally characterize the size of the population (S) and itera-
tion ( j).

Step 2: Generate people randomly, where j = 1, 2, 3… Individuals carried by S. Set the maxi-
mum number of iterations parameter.

Step 3: Enumerate and evaluate the ideal ability of the individual’s ultimate goal depending 
on its voltage variety and full load.

Step4: Calculate parameters by considering the three components cited below.
	 i.	 Individual variation based on other loads.
	 ii.	 Input power factor.
	 iii.	 The frequency of the switching converter.

Step 5: Calculating Ti + 1 during the test depends on this certainty and the client. The defence 
is not precise ƴ (for example, 10% resilience failure).

Step 6: By implementing errors, control the load changes as follows:

	 . ,out.eγ∆ =s V 	 (11.12)

Where Vout.e knowledge function.
Step 7: Adjust the unique load as follows:

	 = + ∆s s s	 (11.13)

Step 8: If the progress is not passed in the issuing state, go to Step 3 at that time.
Step 9: Individual loads can be upgraded to new locations individually.
Step 10: If the end criterion is fulfilled, then go to Step 3 and repeat the appropriate method.
Step 11: Finding the best mind arrangement in the investigation space, at that point, if the end 

criteria is compliant.

The working flow chart of the proposed ANAM-​based DC power management system is shown in 
Figure 11.14. Regulate the PWM control signal of the DC-​DC boost converter until the condition 
(dI/dV) + (I/V) = 0 is fulfilled. The transient response, THD and overall system efficiency are used to 
evaluate the performance of the proposed system.

Peak Time: The peak time is the time required for the reaction to show up at the essential peak 
of the overshoot. The boundary of peak time was resolved as it is used at which the peak regard 
occurs. It is meant by t = tp, in which the first derivate of the reaction is zero.

Peak Overshoot: Peak overshoot assesses the reaction of steady-​state error. The numerical 
check of peak overshoot is computed as equation (11.14).
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	 ( ) ( )p p= − ∞M C t C 	 (11.14)

where
Mp = Maximum voltage response of peak overshoot
C(tp) = Response of peak value with respect to time
C(∞) = Final peak response.

FIGURE 11.14  Flow chart of ANAM.



145Smart IoT System-Based Performance Improvement of Power Distribution

Steady-​State Error: Steady-​state error is the difference between the perfect last output obtained 
and the genuine one when the system shows up at a steady state when its direction may be depended 
upon to continue if the structure is undisturbed.

	 S S S= −S R RV 	 (11.15)

where
SSVS = Response of steady-​state error,
RVS = Reference state response and is same as Running state response.

Total Harmonic Distortion: THD is an estimation of the harmonic distortion present in a sign and 
is characterized as the proportion of the whole of the powers of every single consonant segment to 
the power of the fundamental frequency.
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11.5 � IoT DATA CONTROL SYSTEM

In remote areas, there is a requirement for continuous monitoring of the power electronics converter 
framework to guarantee that steady yield is guaranteed. The flow research depicts the hardware 
and software plan of building energy checking frameworks in a remote zone. The observing frame-
work is outfitted with THD and transient investigation with a remote module for data transmission. 
The data obtained are shown on an IoT platform, and applicable triggers are set appropriately. 
Accurately when a DC power board framework is interfaced with the internet, it creates an excel-
lent Internet Protocol (IP). Along these lines, in this system, IP is made by controllers. The page is 
made out of the objective that when IP is given in the Uniform Resource Locator (URL), the control 
page, as in Figure 11.15, shows the system observing on the site page; thus, a customer can see the 
status of the proposed structure.

The flow of execution in Figure 11.15 starts by checking internet affiliation. Check whether the 
internet association is proper and the IP address appears in the serial terminal. On the off chance 
that there is an issue with the internet, it will exhibit blunder. In the wake of checking the internet 
association, the server port arrangement is affirmed. On the off chance that there is an issue, the 
slip-​up message appears in a serial terminal. On the off chance that the server port game plan is 
legitimate and the server runs, Transmission Control Protocol (TCP) connection gets related, and 
Remote Procedure Call (RPC) is set up. A customer can give decisions in webserver to control 
machines. RPC orders inside the software summon the microcontroller exercises. When the TCP 
affiliation is set up, the Hypertext Transfer Protocol (HTTP) server starts running. By then, the 
HTML 5 code similarly begins. At long last, when the IP is given in the URL, the establishment of 
HTML 5 code runs, and the site page is appeared. When a customer gives flags, the related RPC 
begins, and the microcontroller would play out the necessary action as per the message given by 
the customer.

11.5.1 �I oT Data Communication

Remote monitoring systems are intended to monitor intricate amenities in industries, power plants, 
network operations centres, airports and spacecraft with some grade of automation. In this study, 
a smart remote monitoring system is proposed using IoT for monitoring the ordered parameters of 
DC power management. This study tries to describe the design and implementation of an inter-
connected mechanism of DC power management and the measurement of the reliable parameters. 
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The settings of DC power management are stored in local workstations and shared with the cloud 
to display the web link parameters. The proposed system structure is a combination of customized 
IoT devices with an information system for data aggregation.

IoT is an open-​source application and Application Programming Interface to scrutinize and form 
information from things using the HTTP protocol over Local Area Network. IoT engages the cre-
ation of sensor logging applications, zone following applications and a relational association of 
things with declarations. The client ought to make the record first. The announcement contains 
channels that are discrete for various activities. The channel has fields that are distinctive for differ-
ent boundaries in the checking framework. In the wake of out of boundary scenario, the cloud has 
worked in capacities that speak to the qualities as graphs. Figure 11.16 shows the flowchart for IoT 
data communication and the steps are listed below.

Stage 1: Start.
Stage 2: Microcontroller senses the power utilization of converter through the current sensor 

and voltage divider, transient response and THD levels.
Stage 3: IoT driver gets the microcontroller output information through a serial port and 

shows the acquired data on the web page through python content.
Stage 4: IoT driver sends the monitoring information on to the cloud.
Stage 5: The cloud shows the information as a diagram, clearly explainable to the whole client.
Stage 6: Stop.

FIGURE 11.15  Flow chart of IoT communication.
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11.6 � RESULTS AND DISCUSSION

This section discusses the performance analysis of the proposed solar-​based DC power manage-
ment system. The simulation of the proposed system is implemented using MATLAB® software. 
The simulation circuit and obtained results are discussed in the following subsections.

11.6.1 �P erformance Analysis of Solar-​Based DC-​DC Converter

The Simulink model of the proposed solar-​based DC-​DC converter is shown in Figure 11.17, and 
the simulation parameters are listed in Table 11.2. The simulation results and performance analysis 
of DC-​DC converter with solar sources are dealt as follows:

The simulation result of solar voltage is shown in Figure 11.18. The maximum peak of the solar 
voltage is 200V.

FIGURE 11.16  Flow chart of cloud data communication.

FIGURE 11.17  Simulink model solar with DC-​DC converter.
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The simulation response of the proposed DC-​DC converter is shown in Figure 11.19. The maxi-
mum peak of the DC-​DC converter response is 380 V.

The simulation response of Load Voltage and Load Current for DC-​DC converter is shown in 
Figure 11.20. The maximum peak of the DC-​DC converter response is 48 V (Figure 11.20a), and the 
load current response is shown in Figure 11.20b.

11.6.2 �P erformance Analysis of AC-​DC Converter

Figure 11.21 shows the simulation model of the proposed AC-​DC converter, and the simulation 
parameters are listed in Table 11.3.

TABLE 11.2
Simulation Parameters of DC-DC Converter with Solar

Software Tool MATLAB 2016a

Renewable power generation source Solar PV Array

Total capacity 20 kWp

Indifference time 105–450 seconds

Startup power 40W

Nominal voltage 635Vdc

Short-circuit current, Isc (A) 24A

Power Conditioning Unit Parameters
DC-DC converter 380V

Rated voltage 211V

Resistance 0.02 Ohm

Inductance 10 μh

Capacitance 200 μf

FIGURE 11.18  Input voltage from solar.
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FIGURE 11.19  Simulation response of DC-​DC converter.

FIGURE  11.20  The response of load voltage and load current. (a) Simulation result of load voltage. (b) 
Simulation result of load current.
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The AC source voltage and source current are shown in Figure 11.22. These waveforms clearly 
state that both current and voltages drawn from the AC source are in phase, and hence, the power 
factor is unity-​based irrespective of load variations.

The AC-​DC converter voltage response across the DC bus from the conversion of the solar volt-
age is shown in Figure 11.23. The maximum peak of the AC-​DC converter response is 380 V.

The load voltage of AC-​DC converter from the conversion of the source voltage is shown in 
Figure 11.24. The maximum peak of the DC-​DC converter response is 48 V (Figure 11.24a) and the 
load current response is demonstrated in Figure11.24b.

The simulation of the THD response of the proposed energy management system for Input AC 
Voltage the proposed system is shown in Figure 11.25. By using ANAM, THD is 3.31% with an 
equivalent frequency of 50 Hz.

The prototype model of proposed building energy management is shown in Figure 11.26. In this 
work, solar power is used as a primary source. By using ANAM, the demand energy problem is 
significantly controlled, and this power management system is monitored through the IoT webpage.

The IoT webpage, which is the manipulator module, is where the data are converted into the 
actual values using multiplication factors and then the values are displayed.

FIGURE 11.21  Simulink model of proposed AC-​DC converter.

TABLE 11.3
Simulation Parameters of AC-DC Converter

Parameters Values

AC source 20 kVA

Vin (RMS) 230 ±10% V

Vout 380V DC

Maximum load 2000W

MOSFET switching frequency 5 kHz

Input power factor 0.9715

Inductor 100e−4 H

Capacitor 400e−8 Farad

Diode (forward voltage) 0.8V

MOSFET (internal diode resistance) 1e−6 ohms
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Table 11.4 discusses the simulation results of Peak Time, Peak Overshoot Time, Recovery Time 
and Steady-​State Error. These results are obtained using 2000 W loads.

The simulation results of Peak Time, Peak Overshoot Time, Recovery Time and Steady-​State 
error are shown in Figure 11.27. As compared with existing fuzzy logic and SMC methods, the pro-
posed Adaptive Nonlinear Sliding Method achieves the best result against all parameters. The peak 
time of sliding is 0.9417 seconds, the peak time of fuzzy logic is 0.6010 seconds, and the peak time 
of ANAM (AC-​DC) is 0.12 seconds and that of ANAM (DC-​DC) is 0.13 seconds. As compared 
with existing methods, the peak time response is improved by up to 21.6% by using ANAM. The 
peak overshoot time of sliding mode is 1.522 seconds, the peak overshoot time of fuzzy logic is 
1.145 seconds, and the peak overshoot time of ANAM (AC-​DC) is 0.15 seconds and that of ANAM 
(DC-​DC) is 0.123 seconds. As compared with fuzzy logic, the peak overshoot response is improved 
up to 28% by using ANAM. The steady-​state error of sliding mode is 10%, the steady-​state error of 
fuzzy logic is 8% and the steady-​state error of ANAM is 6%.

FIGURE 11.22  AC source voltage and source current.

FIGURE 11.23  AC-​DC converter voltage.
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FIGURE 11.24  The response of load voltage and load current with AC-​DC converter. (a) Load voltage with 
AC-​DC converter. (b) Load current with AC-​DC converter.

FIGURE 11.25  THD analysis of input AC voltage the proposed system.
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TABLE 11.4
Performance Analysis of Control System Parameters

Methods

Sliding Fuzzy Mode Mode ANAM

DC-DC DC-DC AC-DC DC-DC

Peak time (seconds) 0.9417 0.6010 0.12 0.13

Peak overshoot time (seconds) 1.522 1.145 0.15 0.123

Recovery time (seconds) 0.66 0.56 0.2 0.18

Steady state error (%) 10 8 6 4

THD (%) 13.5 8.2 3.3 –

FIGURE 11.26  Prototype model of proposed system.

FIGURE 11.27  Performance evaluation of proposed system.
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The sliding mode obtains a recovery time of 0.66 seconds, the peak overshoot time of fuzzy 
logic is 0.56 seconds, and the peak overshoot time of ANAM (AC-​DC) is 0.20 seconds and that of 
ANAM (DC-​DC) is 0.18 seconds. As compared with sliding mode, the recovery time response is 
improved by up to 30% by using ANAM. The THD of sliding mode is 13.5%, the THD of fuzzy 
logic is 8.2% and the THD of ANAM is 3.3%.

11.7 � CONCLUSION

This work proposes an ANAM method that can be applied for commercial building DC devices. The 
aim of maintaining constant DC bus voltage using DC bus signalling will be realized, considering 
different operations. The proposed control empowers the highest usage of PV power during differ-
ent working states of the building power management network. DC bus voltage levels are utilized to 
arrange the sources and storages in the framework. It goes as a control contribution for the working 
mode switching during various working conditions. Using a decentralized control method, the sys-
tem becomes more flexible and expandable, which can integrate more microgrids without changing 
the control method. System simulations will be carried out to validate the proposed control methods 
for the distributed integration of PV and energy storage in commercial buildings. The proposed con-
troller has also been applied to an AC-​DC converter, and the performance of the proposed controller 
is validated through simulation. The acquired simulation and test results affirm that the suggested 
arrangement sources are more robust and effective than the existing source setup. As compared with 
the current system, the proposed method achieves the best results; for example, peak time is 0.12 
seconds, peak overshoot time is 0.15 seconds, recovery time is 0.20 seconds, the steady-​state error 
is 6% and THD is 3.31%. In the future, the system will introduce deep learning methods to improve 
the power quality issues of a solar-​based commercial building application system.
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Abstract

This chapter presents a review on application of artificial intelligence (AI) approaches for hybrid energy 
systems. As the traditional grid power electricity is not reachable to people in remote and rural areas, 
they are more dependent on fossil fuels. Fossil fuels are already in shortage around the globe. This 
necessitates for hybrid energy system which aims at integrating various types of generation, storage and 
consumption technologies into a single system in order to generate power round the clock with lower 
cost and higher reliability. Uncertainty of renewable energy sources and the ability of AI techniques 
to process the inputs intelligently have provoked the usage of AI in energy sectors. At present, AI is 
being used in the energy sectors for smart electricity generation, transmission and energy consumption. 
It makes integration of energy sources into the grid easier. It enhances the constancy, effectiveness, 
robustness and security of energy systems. AI models can do predictions in shorter time and can use the 
values for future predictions as well. Hence, the various AI techniques to improvise the performance of 
the hybrid system will be studied in the chapter.
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12.1 � INTRODUCTION

Energy plays a significant role in the economic development of a country. It is being used for indus-
trialization and urbanization of a country. According to the global reports, the demand for energy 
raises approximately by 2% per annum. Fossil fuels being the major source of energy are also the 
main source of environmental pollution. The depletion of fossil fuels due to its over dependence 
has raised the demand for alternate energy sources like rain, wind, geothermal, biomass, generat-
ing energy from solid waste, etc. Renewable sources of energies are abundant in nature, are pollu-
tion free and sustainable. The awareness among people about the abnormal weather changes and 
the drastic increase in the cost of traditional energy sources has pushed many nations to provide 
alternate energy approach that disseminate renewable energy (RE) systems. Also the grid power is 
not reachable to remote places. This has also played a role in switching over to alternative sources 
of energies in these areas. Although RE sources are considered as promising power sources, they 
are unpredictable and are weather-​dependent. This necessitates the integration of RE sources like 
solar and wind along with the conventional energy source to form a hybrid system [1] as illustrated 
in Figure 12.1. Hybrid scheme creates reliable and environmental friendly electricity. The main 
constraint of the hybrid system is its unpredictable nature and size. The system should be sized 
optimally to meet the load demands with minimum cost. If the constraint is met, the system can be 
used to increase production of the electrical power and to supply the rural areas. If the prediction 
about the RE is done precisely, the efficiency of hybrid system will increase.

The hybrid energy system shown in Figure 12.1 consists of the following:

	 a.	PV panel array that converts solar energy into direct current.
	 b.	Wind turbine that converts mechanical energy into electrical energy.
	 c.	Fuel cells as a backup source of power, battery bank to store excess energy and supply 

energy when required.
	 d.	DC to DC converters to step up the DC voltage to a higher value.
	 e.	DC to AC converters to generate AC signal from DC signal.
	 f.	Regulator to ensure power supply to the load.

12.2 � RENEWABLE ENERGY SOURCES

Energy being an essential requirement for various sectors can be derived from two different 
sources – ​renewable and nonrenewable sources. Coal, natural gas and petroleum form the sources 
of nonrenewable energy resources, whereas energy generated from wind, biomass, solar, sea waves, 
rain and hydro-​generation forms the RE resources. According to ministry of new and RE, about 

FIGURE 12.1  Hybrid renewable energy systems.
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80% of the energy demand is supplied from fossil fuels and 5% from nuclear sources and the rest by 
nonrenewable energy sources. The statistics shows that the main sectors that shows slow switchover 
to RE sources includes transport and power generation.

12.3 � APPLICATION OF ARTIFICIAL INTELLIGENCE (AI)  
TO HYBRID ENERGY SYSTEMS

Application of AI for energy systems brings a shift in the energy sector from traditional power gen-
eration to a more cost-​effective system. AI can be used in management of electricity, smart grids, 
energy generation, loss prediction in the electrical grid, forecasting the load, equipment failure 
prediction and many more. Prerequisites for usage of AI in the energy system are the energy sector 
digitalization and the availability of large set of data. AI makes the energy sector more efficient 
and secure by analyzing and evaluating the huge volume of data available. The algorithms used to 
model, analyze and predict the performance of the hybrid systems are complex involving differen-
tial equations that demands huge computation power and time. It needs long-​term meteorological 
inputs like temperature, wind, radiation, etc. Measuring these qualities has several shortcomings 
like unavailability of data at most of the locations, even if it is available, quality of data might be 
inferior. AI overcomes these difficulties. It uses techniques to learn critical information patterns 
hidden in a multidimensional information domain.

12.3.1 �AI  for Power Grid and Smart Grid

Decentralization and digitization of the power grid have increased the difficulty in managing the 
large number of grid participants and in grid balancing as it demands analysis of huge data. AI 
helps in processing this data quickly and as efficiently as possible. Smart grids allow transportation 
of electricity and data. The rise in the demand for wind and solar plants for power generation has 
also raised the demand for intelligent power generation and consumption. AI plays a vital role in 
evaluating, analyzing and controlling the consumers, producers and storage facilities that are con-
nected to the grid. AI very particularly focuses on integration of electro-​mobility. AI assists these by 
monitoring, coordinating and detecting the anomalies involved in generation, utilization and trans-
mission in real time and later also develops appropriate solutions to rectify it. AI also coordinates 
maintenance work and finds the optimal time for network and individual system maintenance. This 
reduces the cost and disturbances caused to the network operation.

12.3.2 �AI  in Electricity Trading

AI when applied to power trading helps in improving the forecasts. Systematic evaluation of weather 
data and other historical data is possible using AI. Stability of the grid and security of the grid 
increase due to better forecasts. AI also facilitates in accelerating the integration of renewable. In 
energy industry, machine learning (ML) and neural networks improve forecasts. With application of 
AI, there is already a decline in the demand for control reserve, although the volatile power genera-
tors have a greater share in the market.

12.4 � HYBRID RENEWABLE ENERGY SYSTEMS (HRESS)  
WITH MACHINE LEARNING

ML can be efficiently used in generation and demand sectors for both grid-​connected and stand-​
alone sources based on the necessities and the nature of the obstacle to enhance the performance. 
Figure 12.2 shows the various sectors like power prediction, demand forecasting, RE management 
systems and others where ML methods are used. Usages of ML methods in various HRESs are as 
follows:
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	 i.	Forecasting energy generation that is predicting the output that can be generated from RE 
sources. This is done using historical data. The only challenge involved will be due to the 
dependence of the source on environmental conditions. Different neural networks can be 
used in predicting the output from RE sources.

	 ii.	Geographical location, sizing and configuration of renewable plants play a vital role in 
HRES. Plant location is based on weather conditions, establishment cost and availability 
of energy sources like wind, solar radiation, etc. ML assists in all such decision makings.

	 iii.	 RE-​integrated smart grid is a new generation of power plant that optimizes the grid sectors 
from generation up to distribution including storage. Expansion of power grid and the need 
to make it intelligent and efficient are the driving forces to use AI and ML in problems 
faced by power grids like fault detection, grid operation, data management by grid and 
others.

	 iv.	ML helps in renovating or in finding alternate materials required in building RE sources 
like solar cells, batteries and others.

12.5 � RENEWABLE ENERGY FORECASTING APPROACHES

Energy forecasting is a method of estimating the energy required for various demands in order to 
maintain adequate supply. There are two approaches toward energy forecasting – ​top-​down and 
bottom-​up approaches. In top-​down approach, prediction is done at the top most level, whereas in 
bottom top approach, it is done at bottom most level. Bottom-​up approach is most suited for hybrid 
systems and shown in Figure 12.3.

12.5.1 �P rediction of Solar Energy

Photovoltaic or photothermal energies are the main forms of solar energies. Although photovoltaic 
energy does not generate greenhouse gas, it is unpredictable in nature as it depends on diverse 
environmental factors like air pressure, ambient temperature, wind direction, wind speed and oth-
ers. ML can be used in predicting the solar irradiance at a particular place on hourly, daily or on 
monthly basis.

12.5.2 �P rediction of Wind Energy

The wind energy is obtained by the conversion of kinetic energy of air into electricity. This energy 
is also dependent on environmental factors like solar radiation, wind power and other ambient con-
ditions. Hence, prediction of this energy becomes significant. Prediction can be done using physical 

FIGURE 12.2  Advanced technologies usage in HRES [1].
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approach or using ML approach based on historical data analysis. Accurate prediction still remains 
a challenge due to the irregular wind speed over a time period. The accuracy in forecasting can 
be increased by adopting Artificial Neural Network (ANN)-​based techniques like Convolutional 
Neural Network (CNN).

12.5.3 �P rediction of Hydropower Energy

The hydropower energy is obtained by the conversion of kinetic energy of water into electricity. 
Hydro energy has higher reliability and performance compared to other sources. It also has lower 
maintenance cost and is capable of adjusting according to the changes occurring in the load. This 
energy is dependent on the following factors – ​size of the turbine and the volume of water passing 
through it. This necessitates for the prediction of the turbine size and the volume of water that can 
pass through it. But the relation between the two is non-​linear and complex in nature. Using AI and 
ML techniques like support vector machine and genetic algorithm, optimization and prediction are 
possible.

12.5.4 �P rediction of Biomass Energy

By harnessing biological sources, biomass energy can be obtained. It forms a part of the carbon 
cycle where the transfer occurs from the ambience into the plants, from plants into the soil and from 
soil into the ambience when the plant decays. The bio-​energy finds utility in many sectors including 
transportation and heating. Most of the biomass is produced in the agricultural fields, forests and 
in the waste lands. Biomass prediction can be done precisely using certain AI-​ML techniques like 
linear regression models.

The drawbacks that exist in the predictions for these forms of energy are the lack of availability 
of data sets, equipment to measure them at some locations and standard techniques that can be 
adopted in measurements.

12.6 � NEURAL NETWORK TECHNIQUES APPLIED IN THE 
PREDICTION OF RENEWABLE ENERGY

Energy prediction is a two-​step process – ​the first step involves data acquisition and processing, and 
the second step is ML algorithm application for energy prediction. Data acquisition and processing 
involve passing the data through processing module to normalize and remove the unwanted data. 
This forms the data preprocessing stage, which is not required for all the data training techniques. 

FIGURE 12.3  Forecasting – ​bottom-​up approach.
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The data are then clustered to create a training data set and analyzed to establish the correlation of 
data in order to get the exact delay involved in the forecasting models. Input parameter required for 
different types of energy is different and is summarized in Table 12.1.

Prediction of solar energy is based on parameters like time, season, sun’s altitude, latitude/
longitude, solar power and ambience temperature. Wind energy is based on time, season, location 
of wind turbines, wind power, and its direction and speed. Hydro power prediction depends on time, 
season, location of hydro power plants, water flow, pressure and humidity. For biomass energy pre-
diction, usually image-​based techniques are used. In prediction of RE, methods like the statistical 
method uses collected data, ML techniques like ANN, numerical methods based on weather fore-
cast/ satellite images or combination of all the above can be used. Neural network-​based approaches 
are the most commonly used ML models in prediction. It has the capability to learn, memorize 
and build the connections among non-​linear data. The neural network-​based approaches are fault-​
tolerant and are capable to estimate for any continuous non-​linear function with good accuracy. 
Many variations of the neural network like CNN, recurrent neural network (RNN) [2] or multi-​layer 
perceptron (MLP) also prove to be efficient in prediction. ML-​based training and prediction stages 
are shown in Figure 12.4.

12.6.1 � MLP Models

MLP is also called as feed-​forward neural network, and it possess the most simple neural network 
architecture. All the neurons of a particular layer have a forward connection with every neuron 
on the subsequent layer. The activation function is present in each neuron. The layered structure 
includes hidden, input and output layers that are capable of approximating the future values by 
accepting certain input. The MLP model is a fully interconnected network in which each network 
is assigned a weight Wij. The network is then trained by assigning small values to the weights. The 
activation function generates the output by acting on the received inputs. The optimal combination 
for the output is achieved by optimizing the weights using learning method and back-​propagation 
algorithm.

12.6.2 � CNN Models

These models are particularly specialized in processing huge matrix of data. They have the capa-
bility of predicting the future behavior of the power generation using the past information on the 
renewable sources of energies like wind and solar energy. The CNN models are themselves capable 

TABLE 12.1
Different Parameters Involved in Prediction of Renewable Energy [1]

Input Parameter Predicting Solar Energy Predicting Wind Energy Predicting Hydro Energy

Time Yes Yes Yes

Season Yes Yes Yes

Location Yes Yes Yes

Solar power Yes – –

Solar radiance Yes – –

Diffuse irradiance Yes – –

Temperature Yes Yes –

Wind power – Yes –

Wind speed – Yes –

Water flow – – Yes

Hydraulic head – – Yes
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of processing the data. Hence, additional feature extraction methods are not required. CNN model 
generally employs four different layers  – ​input, convolution, pooling and output layers that are 
capable of performing input feeding, feature extraction and output prediction.

Input feeding is performed by the input layer. It specifies the input time series data that are fed to 
the weights for processing. Feature extraction is performed by convolution and pooling layers. The 
convolution layer which can be a single layer or multiple layers establishes the relationship between 
the time series input data. The pooling layer then decreases the dimension of the data associated to 
the target variable and generates feature maps as output. The output layer then combines the feature 
maps to the fully connected network layers through flattening layer. This layer helps in flattening 
the feature maps into columns to easily insert the data into the network layer. The fully connected 
network layer then predicts the future value depending on the features present in the input and the 
target variables. The block diagram of a basic CNN model to forecast time series data is shown in 
Figure 12.5.

12.6.3 � RNN Models

RNN models have infinite impulse response, whereas CNN has finite impulse response. RNN mod-
els has directed cyclic graph which cannot be unrolled. It shares parameters with neurons present 

FIGURE 12.4  ML-​based training and prediction stages.
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in different layers in order to predict better results. It can be used in predicting time series and is 
capable to hold the previous information to yield the output. This helps it in predicting the future 
values. As the model can remember information, it proves to be efficient in solar and wind power 
predictions.

RNN can also have additional stored states that can be under the direct control of the neural net-
work. The storage can also be replaced by a different network or graph if it incorporates time delays 
or has feedback loops. These states are called gated memory or gated states and forms a part of long 
short-​term memory networks (LSTMs).

LSTM model is upgraded version of RNN that helps to capture the time series dependency 
that exists in prediction applications. The prominent feature of LSTM is that it can remember 
information passed through the network for longer time. It is more efficient in RE forecasting 
purposes.

12.7 � LEARNING ALGORITHMS FOR ANN TRAINING

A popular learning algorithm used in ANN is back-​propagation algorithm. This algorithm trains 
the neural network using chain rule method and is illustrated in Figure 12.6. ANN training using 
back-​propagation algorithm involves two different phases:

	 1.	Propagation phase involving forward pass in which the input propagates from input layer 
to the output layer and backward pass in which the outputs are taken from the output layer 

FIGURE 12.5  Block diagram of a basic CNN model to forecast time series data.
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and compared with the target. The difference between the two is considered as error. The 
error propagates from the outer nodes to the inner nodes.

	 2.	Weight updation phase which involves minimization of the error to an acceptable level by 
updating the weights until satisfactory results are obtained by using the gradient in gradi-
ent descent algorithm. Gradients are obtained by multiplying the input stimulus with the 
output delta and the gradients are then added to previous weights to obtain new values for 
the weights.

12.8 � CONCLUSION

Although fossil fuels are the main source of energy, they form the major component in polluting the 
environment and are also depleting at a faster rate. As an alternate to this, RE sources like solar, 
wind, hydro and biomass can be used. But these sources are dependent, unreliable and unpredict-
able in nature. This forces the integration of RE sources with fossil fuels to form a hybrid energy 
system. Accurate prediction still remains a challenge in hybrid energy system and demands for the 
development of a predictable model. Over the last few decades, the hybrid energy systems have 
witnessed the usage of AI techniques in smart generation of electricity, RE prediction, emergency 
response and in quick energy delivery.

This chapter suggests ANN-​based techniques to develop a predictable model for hybrid system. 
ANN has become popular as an analytical alternative technique to mathematical model because of 
its capacity to express the non-​linear nature of input and output variables. They are adaptive and 
learn from examples, perform predictions at higher speed and handle data that are noisy and not 
complete. Without any prior knowledge on the nature of the primary process, they have the capacity 
to make approximations of non-​linear functions with minimum parameters.

FIGURE 12.6  Back-​propagation algorithm.
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Abstract

In this chapter, a multifunctional onboard battery charger (OBC) for electric vehicles has been mod-
eled that facilitates charging of low-voltage batteries and high-voltage batteries simultaneously without 
additional switching circuits or bulky capacitors. The active power decoupling circuit that obliterates 
second-order ripples doubles as the charging circuit for the low-voltage battery. In addition, thin-film 
dc-link capacitors used in the proposed converter replace larger capacitor banks in conventional con-
verter topology. To facilitate simultaneous charging of both low-voltage and high-voltage batteries, a 
dc-dc converter is included that can operate in buck, boost and buck-boost modes. The transformer core 
is shared by the dc-dc converter and the low-voltage charging circuit, thus reducing the overall build 
of the converter. A prototype model of the multifunctional converter is designed and simulated using 
MATLAB®/Simulink.

13.1 � INTRODUCTION

Over the last few years, with the depletion of fossil fuels and the pollution levels rising in most 
parts of the world, various sectors have been working to achieve more sustainable and environment-​
friendly alternatives, including the transportation sector. As a result, notable growth has been 
observed in the production of plug-​in electric vehicles on both national and global scale [1,2]. In 
this fast-​paced world, people require electric vehicles with batteries that can be charged in a small 
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duration of time. The battery charger is one of the most crucial components of the plug-​in electric 
vehicle, as it mainly determines the charging time. This has created the necessity to have an effec-
tive and long-​lasting onboard battery charger (OBC) [3]. An OBC with high efficiency and high 
power density can be achieved by adjusting the components and other factors in different topolo-
gies [4]. In single-​phase battery chargers, a voltage ripple is observed at the dc-​link that causes 
fluctuation in the power. Large capacitor banks can be used to smoothen out the ripple but due to 
their bulky size, it poses a crucial hindrance to obtaining a high power density for the charger [5]. 
The utilization of active power decoupling (APD) circuits is the most common approach adopted to 
absorb the second-​order ripples [6].

A converter with high power density would require a compact but efficient design that can 
prove to be a problem when multifunctional chargers are required. Integrated power units can help 
decrease the weight, space and cost of a charger and hence cause an increment in the overall power 
density of the charger [7–​9], which means the traction battery can be employed to charge the aux-
iliary battery and both the batteries can also be charged simultaneously. Moreover, in the case 
of multifunctional chargers, the number of components used is also high, ultimately resulting in 
more losses. In References [10,11], an integrated OBC model with APD function and capability to 
charge an auxiliary battery is proposed with reduced dc-​link capacitance that ultimately leads to 
reduced converter size. Similarly, in References [12,13], an OBC with the capability to simultane-
ously charge auxiliary and traction batteries is proposed. However, these configurations operate 
only under unidirectional power flow conditions that are not ideal for the vehicle-​to-​grid (V2G) 
mode of operation.

Therefore, a multifunctional OBC, i.e., one that can operate in multiple modes and facilitate 
charging of the axillary and traction battery simultaneously without any additional switching cir-
cuits or bulky capacitors to make sure that the system is small in size, is proposed.

13.2 � WORKING PRINCIPLE OF THE OBC

The circuit configuration of the OBC is displayed in Figure 13.1. The rectifier with APD function 
converts the ac grid input to dc output as required for the charger application. In APD method the 
ripple power is absorbed at twice the grid frequency by using active switches and energy storage 
units such as capacitors [14,15]. The electrostatic fields of the capacitor store the ripple energy. This 
produces lower voltage stresses but requires a higher capacitance value. Alternatively, two capaci-
tors C1 and C2 of the same value connected in series can be used to absorb the ripple power.

13.3 � MODES OF OPERATION

Mode 1 – ​Grid-​to-​Vehicle (G2V) Mode

In this mode, the traction battery is charged from the grid through the front-​end rectifier and the 
buck-​boost converter. The ac-​dc converter portrayed in Figure 13.2 operates as an APD circuit. 
The circuit is analyzed in open-​loop conditions. The bidirectional buck-​boost converter helps in 

FIGURE 13.1  Circuit diagram of the charger.



169Bidirectional Converter Topology for OBC for Electric Vehicles

controlling the current and voltage of the traction battery [16]. Figure  13.3 displays the circuit 
involved in Mode 1 operation.

The ac-​dc stage acts as a bridge between the grid and the converter. The values of the compo-
nents involved are calculated based on the following equations:

	          cos 2     ,in dc acω( )= + = +P V I V I t P Ps s s s 	 (13.1)

where Vs is the grid Root Mean Square (RMS) voltage, Is is the grid RMS current, C f  is the capaci-
tance of filter capacitor, dcP  is the power fed to the ac-​dc crter and acP  is the ac component of the 
ripple power. The input inductance 1L  has been neglected. The APD circuit decouples the two com-
ponents of Pin.

	      sin    1 1 ω ϕ( )( ) = + +V t V V tC dC C 	 (13.2)

	      sin      .2 2 ω ϕ( )( ) = − +V t V V tC dC C .	 (13.3)

From equations (13.2) and (13.3),

	      cos      1 ω ω ϕ( )( ) = +i t C V tC f C 	 (13.4)

	    cos     .2 ω ω ϕ( )( ) = − +i t C V tC f C 	 (13.5)

The instantaneous power of the APD circuit, APDP , is given by

	    APD 1 1 2 2( ) ( ) ( ) ( )= +P i t V t i t V tC C C C 	 (13.6)

	      sin 2    2 .APD 2ω ω ϕ( )= +P C V tf C 	 (13.7)

FIGURE 13.2  Active power decoupling circuit.

FIGURE 13.3  Charging circuit for Mode 1 operation (G2V).
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The ripple power is absorbed by the capacitors 1C  and 2C . At half the dc-​link voltage (    
2
dc=V

V
c ), the 

ripple power of the APD circuit is at its highest.

Mode 2 – ​Vehicle-​to-​Grid Mode (V2G)

Figure 13.4 displays the circuit for Mode 2 where the energy is fed back to the grid. The ac-​dc 
converter functions as an inverter and helps in regulating the grid current and dc-​link voltage. The 
bidirectional buck-​boost converter helps in controlling the discharging current from the battery [17].

Mode 3 – ​High-​Power Low-​Voltage Charging (HP-​LVC) Mode

In Mode 3, the circuit is disconnected from the grid and the buck-​boost converter. The auxiliary bat-
tery is charged by HP-​LVC circuit. The circuit diagram for Mode 3 is illustrated in Figure 13.5. The 
traction battery charges the auxiliary battery when the vehicle is disconnected from the grid. This is 
achieved by means of LLC resonant converter. The switches M1, M2, M3 and M4 act as the primary 
end of the transformer. The resonant converter filters out harmonics of the dc input to give sinu-
soidal ac voltage [18]. But this mode of charging works only during traction battery gets charged.

Mode 4 – ​Low-​Power Low-​Voltage Charging (LP-​LVC) Mode

Conditions may arise where the auxiliary battery gets depleted even while the traction battery is 
being charged. Taking this constraint into concern, an additional low-​power circuit of 500 W is 
added, which facilitates simultaneous charging of traction and auxiliary batteries.

In Mode 4, both traction and auxiliary batteries are charged simultaneously by an ac-​dc con-
verter, dc-​dc converter and the LP-​LVC circuit. Once the auxiliary battery is charged, the charger 
switches to G2V operation. Figure 13.6 displays the circuit for Mode 4.

The theoretical waveforms of current through inductor L3 during G2V and V2G operation are 
given in Figure 13.7.

13.4 � DESIGN SPECIFICATIONS

The value of Cf can be determined as

	
4

,in

dcω
=C

P

V
f 	 (13.8)

where 1 2= =C C Cf .
Hence, the equivalent capacitance of the ac-​dc circuit is

	
2

.eq =C
C f 	 (13.9)

FIGURE 13.4  V2G mode of operation.
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From equation (9.8), the required capacitance is calculated. The dc-​link capacitance is given by

	       ,in dc dcω= ∆C P V V 	 (13.10)

where dc∆V  is the peak-​to-​peak ripple voltage. Since the APD circuit is functioning in continuous 
mode, some reactive power is consumed by Lr  (filter inductance). To take this into account, α is 
used.

	     2 22α ω= L C f 	 (13.11)

The dc-​link voltage needs to be maintained at a constant value for charging and discharging the 
traction battery operates over a wide range of voltage (250–​430 V) to fulfill all the roles of the trac-
tion battery. A 1 kW HP-​LVC is considered. To determine the duty cycle (D),

	
2

.=V
V N D

N
o

s s

p

	 (13.12)

FIGURE 13.5  Charging circuit for Mode 3 operation.

FIGURE 13.6  Charging circuit for Mode 4 operation.
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	 Transformer turnsratio 25,α( ) = =n
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where N p denotes the number of turns in the primary winding of the transformer and  Ns denotes 
the number of turns in the secondary winding of the transformer. Average inductor current is given 
by
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Assuming 40% current ripple,
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The value of inductance is given by
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Assuming 5% voltage ripple,
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13.5 � SIMULATION RESULTS

In this section, a comprehensive analysis of the results observed in the converter simulation is 
discussed. During Mode 1 operation, the charging and discharging are controlled by reversing the 
direction of grid current. Table 13.1 shows the design specifications of the converter.

FIGURE 13.7  Theoretical waveform of current through inductor L3 during V2G and G2V operation.
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13.5.1 � Mode 1 and Mode 2 Operation

Figure 13.8a and b shows the current and voltage waveforms of the traction battery during G2V 
operation. During G2V operation, a constant value of 350 V is maintained at the dc-​link, which is 
represented in Figure 13.8c.

The direction of current through the inductor changes with change in mode of operation. With 
reversal in power flow, the current state is also reversed, which is represented through current across 
inductor L3 in Figure 13.8d. The dc-​link voltage is acquired across the capacitors C1 and C2 and with 
half the voltage across each capacitor as represented in Figure 13.8e and f. During Mode 2 opera-
tion, the waveform will be reversed owing to reverse current direction.

Mode 2 corresponds to V2G operation where the power stored in traction battery is transferred 
to the grid. Since the traction battery is discharged to feed the grid, the System on Chip (SoC) of the 
battery gradually decreases as displayed in Figure 13.9a. The current through the circuit is reversed, 
which is illustrated through the direction of current through L3 in Figure 13.9b.

13.5.2 � Mode 3 – ​HP-​LVC Circuit

During Mode 3 operation, the traction battery discharges to charge the auxiliary battery. The volt-
age and current waveforms of the auxiliary battery during Mode 3 operation are represented in 
Figure 13.10a and b. The discharge of the traction battery is indicated through the decrease in SoC 
in Figure 13.10c. The current through resonant inductor L4 is represented in Figure 13.10d.

13.5.3 � Mode 4 – ​LP-​LVC Circuit

During Mode 4 operation the half-​bridge LLC resonant converter is turned ON. The switching fre-
quency of the switches is maintained at 100 kHz and the high voltage (HV) charging and LP-​LVC 
are operated simultaneously. Figure 13.11a and b displays the required output current and voltage 
values across the auxiliary battery.

TABLE 13.1
Design Specifications of the Proposed Converter

Parameters Value

Grid voltage 230 V RMS

Grid frequency 50 Hz

Switching frequency 100 kHz

dc-link voltage 350 V

Grid inductor (Ls) 4 μH

Traction battery voltage 250–430 V

Power of traction battery charger 2 kW

Auxiliary battery voltage 12–14 V

Power of HP-LVC 1 kW

Power of LP-LVC 0.5 kW

Transformer ratio 25:1

Resonant inductance, L4 68 μH

Resonant capacitance, C5 74 nF

Resonant inductance, L5 34 μH

Resonant capacitance, C6 37 nF
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FIGURE 13.8  Waveforms during Mode 1 operation: (a) current waveform for traction battery, (b) output 
voltage of traction battery, (c) dc-​link voltage and source voltage.
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FIGURE 13.8  (d) current through L3, voltage across (e) C1 and (f) C2, and (g) current through L2.

FIGURE 13.9  Related waveforms during Mode 2 operation: (a) SoC of high-​voltage battery.
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FIGURE 13.10  Waveforms during Mode 3 operation: (a) voltage in the auxiliary battery, (b) current wave-
form for the auxiliary battery, (c) SoC of the traction battery, and (d) current across resonant inductor.

FIGURE 13.9   (b) current through L3.
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FIGURE 13.10  (d) current across resonant inductor.

FIGURE 13.11  Waveforms for Mode 4 operation: (a) current across the auxiliary battery and (b) voltage 
across the auxiliary battery.

Figure 13.12a illustrates the variation in output voltage levels of the high-​voltage battery during 
Mode 1 operation when the initial SoC of the battery is varied. The expected output is achieved 
at higher SoC levels. While the output voltage varies, the current shows negligible variation with 
decreasing SoC levels. Figure 13.12b shows the consequent variation in the efficiency of the con-
verter. The general efficiency of the converter during Mode 1 operation is estimated to be 93.75% 
and that during Mode 2 operation is estimated to be 91.98%.
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13.6 � CONCLUSION

A multifunctional OBC has been proposed in this chapter. The topology of the converter is such 
that it facilitates the reuse of components, with a decrease in the overall build of the converter and 
consequently the cost. The front-​end converter functions as a rectifier, inverter and APD circuit. 
The LP-​LVC circuit facilitates the charging of traction and auxiliary batteries simultaneously. The 
APD capability is achieved using the auxiliary charging circuit, hence avoiding the usage of bulky 
capacitors. The highest efficiency for G2V operation is 93.75% and for V2G operation is 91.89%.

FIGURE 13.12  (a) Measured voltage during varying SoC levels of high-​voltage battery during Mode 1 oper-
ation. (b) Efficiency of the converter during Mode 1 operation with varying duty cycles.
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Abstract

Many DC–AC inverters have been developed recently for photovoltaic (PV) applications. Among the 
available inverters, split-source inverter (SSI) is gaining popularity due to its single-stage operation. 
The SSI has numerous advantages over the conventional inverters, such as the elimination of additional 
switching state for stepping up input voltage, and also, it has minimized voltage spikes, switch volt-
age stresses and passive component count along with continuous DC link voltage and input current. 
This chapter presents a unidirectional DC–AC configuration of SSI that is different from its conven-
tional configuration. It has a higher efficiency, lower Total Harmonic Distortion (THD) factor and high 
power density in comparison with the conventional configuration. The proposed inverter is compared 
with other voltage-source inverters, namely the impedance and quasi-impedance source inverters. The 
comparison is performed in terms of its efficiency and THD. The simulation study is carried out using 
MATLAB®/SIMULINK, and from the results, the SSI is found to have a better voltage gain along with 
higher power density, thereby making it suitable for PV systems.

14.1 � INTRODUCTION

An inverter is basically a device which converts a DC voltage into an AC voltage using switching 
devices. There are many ways for this process, starting from traditional voltage-​source inverter, 
which is used to give a constant output voltage, but due to its limitations on reliability, efficiency 
and operations, single-​stage inverters have been used widely during recent years to replace the 
conventional voltage-​source inverters (VSIs) that require an additional stage [1]. A new system was 
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developed using impedance network for coupling the converter to the source, which is known as 
Z-​source inverter (ZSI) [2,3].

The ZSI was developed to have single-​stage conversion from DC to AC. The ZSI is capable of 
performing both buck and boost operations with the help of four normal states and a shoot-​through 
state, and hence, the intermediate energy conversion stage is not necessary. The impedance network 
enables the inverter to operate with either voltage source or current source. It can also be used for 
both inductive and capacitive loads. In spite of the above-​mentioned advantages, the inverter suffers 
from discontinuous input current, thereby affecting the quality of the input of the inverter.

The quasi-​Z-​source inverter (qZSI) was developed to inherit the advantages of the ZSI along with 
continuous input current [4]. The ripple in the source current ripple is minimized by having continu-
ous input current, and this helps in enhancing the quality of the input current waveform. However, 
the voltage gain (G), i.e., the ratio of load voltage (Vo) to source voltage (Vin) is low and hence, for 
applications that require high-​voltage gain conversions, there is a need of an alternative inverter 
topology with high gain values.

The three-​phase high-​gain inverter topology called split-​source inverter (SSI) is proposed in 
Reference [5], which has continuity in source current and DC link voltage along with reduced volt-
age stress with increase in gain values. The SSI has high-​voltage gain values along with reduced 
number of active components that is equal to VSI. It does not require additional switching states to 
boost the input voltage. This chapter compares the performance of single-​phase SSI using modified 
sinusoidal pulse width modulation with ZSI and qZSI. The simulation results of ZSI, qZSI and SSI 
presented in this chapter are obtained using MATLAB/SIMULINK.

14.2 � TOPOLOGY STUDY OF INVERTERS

14.2.1 � Voltage-​Source Inverter

VSI converts a constant DC voltage into an AC voltage with desired magnitude and frequency. 
Figure 14.1 depicts the circuit topology of VSI. It is mainly used for grid interfacing of distributed 

FIGURE 14.1  Circuit diagram of traditional VSI.
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generation systems where it requires a two-​stage conversion process consisting of a single input 
source. In VSI, metal oxide semiconductor field effect transistors (MOSFETs) are generally 
employed because it has high commutation speed, and therefore, it can deliver the output with 
higher efficiency. But, the output voltage of VSI is rich in lower order harmonics. Hence, to avoid 
these harmonics, many other single-​ stage conversion techniques are adopted and are discussed in 
the following sections.

The limitations of traditional VSI are as follows:

•	 It acts as a buck converter.
•	 It is vulnerable to noise and gets damaged if the circuit gets short-​circuited or open-​circuited.
•	 The output range is also limited.
•	 There can be mis-​gating because of electromagnetic interference noise leading to shoot-​

through problem, thus reducing the inverter’s reliability.

14.2.2 �Z -​Source Inverter

ZSI consists of a combination of inductor (L) and capacitor (C) network connected between the 
source and inverter to increase the reliability and efficiency. The ZSI can act as a buck-​boost inverter. 
The output voltage can be varied by proper selection of modulation index and shoot-​through duty 
ratio. Apart from the two active and zero states, ZSI consists of a shoot-​through state additionally. 
The operation at active state is similar to a normal VSI, whereas, in the zero state, the load termi-
nal is open-​circuited through upper or lower legs. In shoot-​through state, the impedance network 
is short-​circuited to store the energy and the same is dissipated during the active state providing a 
boost. Figure 14.2 represents the topology of ZSI.

The output voltage of ZSI is given by equation (14.1) [2].

	
2

,dc= × ×
V

B M V
o 	 (14.1)

where B represents buck-​boost factor, M is the modulation index and Vdc is the DC link voltage.
For maximum boosting, the duty ratio is given by equation (14.2).

	 1 –=D M 	 (14.2)

FIGURE 14.2  Circuit diagram of ZSI.
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The limitations of ZSI are as follows:

•	 The source current is discontinuous.
•	 This system has lower reliability.

14.2.3 �Q uasi-​Z-​Source Inverter

The qZSI similar to ZSI boosts the input voltage using a shoot-​through state. During this state, the 
impedance network stores the magnetic energy without short-​circuiting the capacitors. This energy 
is delivered to the load to boost the output voltage. It has continuous and constant input current.

In shoot-​through state, the diode is turned OFF and the inductors are energized through capaci-
tors. In the null state, the load is open-​circuited, i.e., there is no connection between the inverter 
circuit and the impedance circuit and, the capacitors are charged in this state. Finally, during the 
active state, the input voltage and the inductors provide energy to the inverter side. Figure 14.3 
depicts the circuit diagram of qZSI.

Design Equations for qZSI: The impedance parameters are designed using equations (14.3) and 
(14.4) [3].

	 /1 2 0= = ∆L L V T Ic L	 (14.3)

	 1 2 0= = ∆C C I T Vav c 	 (14.4)

where L1 and L2 are inductance, C1 and C2 are capacitance, ΔIL is the current ripple in L1 and L2, ΔVc 
is the voltage ripple across C1 and C2 and T0 is the shoot-​through period.

The limitations of ZSI are as follows:

•	 It has reduced voltage gain.
•	 It has increased voltage stress across the component.

14.2.4 �S ingle-​Phase Split-​Source Inverter (SSSI)

Even though improved topologies like Z-​source and quasi-​Z-​source provide a better boost, there 
are some problems associated with it. In order to overcome those problems and to obtain a better 
performance of the inverter, an SSSI is designed [6,7].

FIGURE 14.3  Circuit diagram of qZSI.
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In SSSI, common cathode configuration reduces the inductance in the commutation path. The 
passive components used in this design include an inductor and capacitor on the DC side of the 
inverter. In addition, using only conventional switching states, it can boost the input voltage and 
also, with continuous DC link voltage, the voltage spikes across the switches can be minimized 
using decoupling capacitors. Figure 14.4 depicts the circuit diagram of SSSI.

		  Modes of Operation
There are four switching states in this inverter consisting of two active states (A1 and A2) 
and two zero states (Z1 and Z2). The inductor gets charged during A1, A2 and Z1 states and 
during Z2 it gets discharged, and charges the capacitor through the anti-​parallel diodes (Da 
and Db). The various modes of operation are shown in Figure 14.5a–​d.

14.3 � SIMULATION OF DIFFERENT TOPOLOGIES

The comparison of the above-​mentioned topologies was carried out using MATLAB/SIMULINK.

FIGURE 14.4  Circuit diagram of SSI.

FIGURE 14.5  (a) Various modes of operation of SSSI.
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FIGURE 14.5  (b)–​(d) Various modes of operation of SSSI.
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14.3.1 �G ate Pulse Generation for Various Topologies

	 a.	Simple Boost Control (SBC) Method
The SBC uses two constant signals as reference to generate shoot-​through for ZSI and 

qZSI. The SBC control implemented for ZSI and qZSI is shown in Figure 14.6.
	 b.	Modified Sinusoidal Pulse Width Modulation (MSPWM)

The MSPWM is shown in Figure 14.7. For SSSI, the pulses are generated by comparing 
the modified sinusoidal waveform with the triangular carrier waveform.

The simulation parameters for SSSI are designed using [7]. The simulation parameters for ZSI, 
qZSI and SSSI are given in Table 14.1.

Using the parameters mentioned in Table 14.1, ZSI was simulated; Figure 14.8 represents the 
voltage (Vo) and current (Io) waveforms ZSI output.

From Figure 14.8, it is seen that the value of Vo is 33 V and the value of Io is 1.25 A with a Total 
Harmonic Distortion (THD) value of Vo 4.09%.

Figure 14.9 depicts the Vo and Io waveforms of qZSI.

FIGURE 14.6  SBC control for ZSI and qZSI.

TABLE 14.1
Simulation Parameters for Inverter Topologies

Parameters Values

Input voltage 16.5 V

Switching frequency 15 kHz

Modulation index 0.75 for SBC; 0.8 for MSPWM

Load resistance 30 Ω
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FIGURE 14.7  Pulse generation using modified SPWM.

FIGURE 14.8  Voltage and current waveforms of ZSI output.

FIGURE 14.9  Vo and Io waveforms of qZSI.
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From Figure 14.9, it is seen that for qZSI, the value of Vo is 33 V and that of Io is 1.25 A and the 
load voltage THD value is 4.65%.

Figure 14.10 represents the Vo and Io of SSSI.
From Figure 14.10, it is seen that the value of Vo and Io is 49 V and 1.65 A, respectively, and the 

THD value of Vo is 4.92%.
A photovoltaic (PV) panel with specifications given in Table  14.2 was modelled using 

MATLAB/SIMULINK [8] and has been integrated with SSSI to study the performance.
The short circuit current (Isc) vs open circuit voltage (Voc) and output power (Po) vs output voltage 

(Vo) characteristics of PV model obtained are shown in Figure 14.11a and b, respectively.
Figure 14.12 represents the Vo and Io waveforms of SSSI interfaced with PV.

From Figure 14.12, it is seen that the values of Vo and Io are 49 V and 1.5 A, respectively, and the 
THD value of Vo is 4.97%.

14.4 � COMPARISON AND RESULTS

The above-​mentioned topologies are compared on the basis of component count, gain value and 
filter size [9]. Table 14.3 gives the comparison of various topologies.

From Table 14.3, it is found that the SSSI has the highest voltage gain along with reduced num-
bers of L and C in comparison with VSI, ZSI and qZSI.

Figure 14.13 represents the variation in Vo for different values of M for ZSI, qZSI and SSSI.
From Figure 14.13, it can be seen that for the same value of M, the voltage gain obtained with SSSI 
is greater than that obtained with ZSI and qZSI.

FIGURE 14.10  Vo and Io waveforms of SSSI.

TABLE 14.2
PV Panel Specifications

Parameters Values

Open circuit voltage (Voc) 21.24 V

Short circuit current (Isc) 2.55 A

Rated power 37.08 W

Voltage at maximum power 16.56 V

Current at maximum power 2.25 A

Total number of cells in series (Ns) 36

Total number of cells in parallel (Np) 1
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FIGURE 14.11  (a) and (b) PV model characteristics.

TABLE 14.3
Comparison of Various Topologies

Parameters VSI ZSI qZSI SSSI

Switch count 4 4 4 4

Inductor count 0 2 2 1

Capacitor count 0 2 2 1

Diode count 0 0 1 2

Voltage gain - 1
2 1−M

1
2 1−M 1−

M

M
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FIGURE 14.12  Output voltage and current waveforms of SSSI interfaced with PV.

14.5 � CONCLUSION

In comparison with conventional VSI, ZSI and qZSI, the SSSI has continuous DC link voltage and 
also the need for shoot-​through states in order to boost the input voltage is eliminated. This results 
in decreased switching losses. In terms of voltage gain, SSSI provides a higher value than ZSI/qZSI, 
and by choosing an optimum switching frequency, the filter size can also be reduced, providing 
lower THD value, thus making it ideal for PV applications.

FIGURE 14.13  Plot of output voltage vs modulation index.
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Abstract

This research paper is a literature review of the integration of electric vehicles (EVs) with smart grids. 
An increase in the production of EVs results in power fluctuations in grid systems. The EV-grid integra-
tion requires massive communication technologies including collection, transmission, and distribution 
of real-time data. Modern vehicle-grid techniques could bring sustainable changes in electromobility, 
resulting in improvement of transport facilities and reducing pollution.

15.1 � INTRODUCTION: BACKGROUND AND DRIVING FORCES

EV and smart grid, and how they are elevating the efficient functionality environmentally as well 
as economically are discussed in this chapter. The electrical vehicle fleet has turned into mass 
storage of energy, which in turn allows the integration of renewable energy sources. Introducing 
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Vehicle-2-Grid (V2G) functionality in the mere future and their impact and limitation of imple-
menting through modeling of hybrid generating source to charge or discharge EVs efficiently by the 
energy management system is important. A vehicle installed with V2G functionality offers multi-
functional features [1]. There are different types of electric vehicles (EVs) like Plug-​​​in Electrical 
Vehicle (PHEV), Battery Electrical Vehicle (BEV), and Hybrid Electrical Vehicle (HEV). The 
major barrier to implementing EV vehicles is insufficient charging facilities in developing countries 
like India, and the implementation of the V2G concept. Energy security and renewable energy are 
important aspects of this technology, and it offers a lot of potential to tackle global warming [2]. The 
challenges and issues related to V2G transfer and what are the impacts of V2G on the grid and com-
putational analyses of the economic and modeling of V2G technology are discussed. The ultimate 
objective of V2G is to give maximum power and satisfaction to the consumer where EV owners can 
charge their vehicles at low cost and discharge the stored energy in the vehicle’s battery when the 
market price shoots up; this provides the individual owning an EV the benefit of being connected 
to the grid. Emission of pollutants such as CO2, CO, etc., can be reduced. The EV can be used as 
external storage devices for the grid. In this work, in the field of degradation of battery, bidirectional 
power flow, a configuration for V2G, and the critical aspects involved with V2G are analyzed [3].

The important problems that are being faced in this present situation and how electrification of 
transport vehicles plays an important role in negating the abovementioned environmental threats 
are also discussed. The critical indicators are based totally on air, climate, water, nature, and human 
affect. And, those attributes play an important function in modernizing the electrification tech-
nique. Technical experts nowadays consider these attributes and implement the respective solution 
so that the percentage of damage caused due to these attributes can be reduced and also can be pre-
vented shortly [4]. The challenges of renewable energy demand a balanced ecosystem. Among many 
choices, lithium-​​​ion batteries are widely used for storage. Here, the authors review almost 400+ 
published research papers initially. The management system includes batteries, supercapacitors, 
fuel cells, hybrid storage, power, temperature, and heat management. A monitoring system contains 
current and voltage monitoring systems and the paper discusses some critical topics such as tem-
perature and safety management and recycling processes [5]. Nowadays, the grids are getting trans-
formed into an instrumented, interconnected, and intelligent energy distribution system. A large 
amount of technology and technical experts are working hard to make the electric grid smarter. 
Improvising the grid affects major fields such as security, optimization, modeling, electronics, ana-
lytics, and physical science. This paper connects all these fields and the technical challenges of 
smart grid from the research perspective are discussed. External support from the government, 
industries, and the public is essential to design a smart grid. The technical aspects and limitations 
of these commodities are combined [6].

Electric-​​​drive vehicles, whether by electric charging or liquid fueling, have major power sources 
containing electric utilities. The electric utilities are so formidable that they can use the EV as a 
battery and the normal vehicle as a hybrid vehicle. These electric utilities are also very useful in 
comparing the power ratings to use them in environmental development strategies. These ratings 
and cost economy can reduce the burden on EV owners and they can be used easily to adver-
tise vehicle electrification and can also be the starting point for large-​​​scale intermittent renewable 
energy resources [7]. We can call a grid an SG if it has two-​​​way communication and bidirectional 
power flow with self-​​​healing capability using advanced controllers making the entire grid smarter. 
Here, the consumers can become “prosumers,” i.e., they can both consume power from the grid and 
produce and supply power to the grid. So, an individual owning an EV can become a prosumer by 
supplying the stored energy in the battery to the grid. One of the major challenges faced in a smart 
grid is data management. A huge amount of complex and unstructured data is to be managed and 
processed to get a better insight into the collected data. This paper demonstrates a case study of the 
IEEE-​​​13 bus system [8].

The drivers of smart grid (SG), the evolution of SG, smart microgrids and their standards, and 
ongoing research in the field of SG are discussed. Major drivers of SG include the development of 
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smart cities across the globe, advancements in network infrastructure, favorable regulatory poli-
cies, and an increase in the adoption of electric vehicles (EV), artificial intelligence (AI), robotics, 
Internet of Things (IoT), and automation. The three main ingredients of SG are information technol-
ogy (IT), power system, and communication technology. Other ingredients include interoperabil-
ity, E-​​​storage facilities, demand response, agents, transmission, penetration of renewables, system 
security, sensing and measuring units, and efficiency and reliability. The evolution of SG: electro-
mechanical meters (till the late 1970s), automatic meter readers—​​​one-​​​way communication devices 
(1980–​​​2000), smart meters—​​​two-​​​way communication devices (2000–​​​2020), and advanced meter-
ing infrastructure (AMI)—​​​that supports SG operations (from 2020). Microgrids are also known 
as island grids that can meet the local demand and supply excess power to the main grid. It also 
smoothens the intermittent power from the renewables [9].

The future development of EVs in China could be more affordable compared to other countries. 
The features include the process to be clean and green, efficient and economical, and compatible 
with the customers. The country concentrates on modernizing its whole grid system by construct-
ing an ultra-​​​high-​​​voltage (UHV) power grid, integrating modern renewable energy sources into the 
power grid directly, constraining the products and developing them into various voltage ratings, and 
introducing many new techniques like superconductivity, energy storage, and other comprehensive 
defensive technologies; some other measures and operation planning on the smart grid also play an 
important role [10].

15.2 � EV CHARGING

In recent years, adoption of EVs increased rapidly due to the penetration of renewable energy 
sources in the grid. Adoption of EVs has its own advantages and disadvantages. For example, the 
increasing and uncoordinated EV charging will add some burden on the grid. If EVs’ charging and 
discharging are coordinated with the energy generated from renewable energy sources (RES) and 
of power system constraints, the vehicle batteries can be efficiently used as a power storage system 
and provide flexible load for power grids. The business model of charging tariff of EVs cannot be 
flat and cannot be sustained for a long period, as EVs have been increasing rapidly. This paper looks 
at the impact of dynamic pricing on EV charging. The four main charging strategies are: residen-
tial tariff, commercial tariff, commercial tariff with rooftop solar panels, and solar energy with 
dynamic pricing [11].

The rollout of the EVs compared to the decarbonization of power sector can bring environmen-
tal benefits in terms of CO2 emission reduction and air quality. This process has a major limitation 
in that it may directly increase the demand from the power grid. These further developments also 
consider the driver capabilities and the traffic congestion and also other factors. Here, they produce 
a random utility model that easily integrates with the activity-​​​based demand module. Unlike other 
models, this model captures the advantages of tactical charging methods when integrated with the 
smart grid. These values at the end of the model presentation provide insights into the value placed 
by individual public attributes [12]. The first-​​​of-​​​a-​​​kind integrated high-​​​fidelity grid and transport 
model was used to identify effective ways for widespread electrification. The model includes three 
control variables and the model focuses on the on-​​​road passenger mobility in the entire city. Based 
on the usage and customer details, the scenario of manufacturing an EV is divided into four types 
of mobility factors. The results of this model include the technical accomplishments and progress 
of the XFC requirement used here. As a limitation, new synergies and interconnections with the 
electrical systems may arise. The model needs to meet the main requirement: the coordination of 
charging stations, and the grid [13].

In the EV market, the charging time reduction plays an important role in the customer market, 
and charging time should be reduced to 10–​​​15 minutes. But today’s technology makes this pro-
cess very complicated and the cost of manufacturing a battery becomes costlier. In this paper, an 
electrochemical model is designed and tested with a high-​​​rate charge. This model also explains 
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the limitations of high electrode density cells and poor electrolyte transport. This model explains 
to us the future needs of the enabling 4C and 6C charging technologies. So, fast charging cannot 
be efficiently improvised by increasing electrode porosity and negative to positive ratio [14]. The 
management methods of the charging process in large numbers have a direct impact and can be 
reduced massively. By using efficient mathematical methods, the charging behavior of the EV can 
be managed on a large scale. An efficient algorithm is being developed here so that we can calculate 
the load shift potentials defined as the range of all charging curves and the factors and reviews that 
are being received by the company via customers. The analyzed results from Germany show that the 
data load shifting based on a mobility study is necessary for extradition [15].

The mathematical principles and practical implementation for the new and current development 
of the state of charges are discussed. The estimation methods are divided into four main types 
and for each method, there is a mathematical approach. As the %SOC is the important factor that 
directly corresponds to the battery performance, it is proportional to the EV performance. And, 
these data are also helpful to the regional control strategies to achieve power efficiency. Brief lit-
erature is also given in this paper to categorize or define the mathematical references of the SOC 
estimation [16]. A machine model is developed to estimate the charging demand of EVs. This paper 
deeply discusses the impact of historic traffic data and weather conditions so that the forecasting 
model is accurate. These data are based on the regions of South Korea. The model includes an 
unsupervised clustering model for the traffic model classification and a relational analysis to iden-
tify influential factors and also includes a decision tree model for each criterion. The case studies 
determine the demand of EV charging both in summer and winter so that the different load profiles 
for each case are presented clearly. This allows us to identify the load demand based on the histori-
cal data of traffic and seasons [17].

It is a comprehensive review of existing EV charging topologies, infrastructures, and charging 
levels. The two types of chargers are onboard and off-​​​board chargers. There are two types of power 
flow, namely, unidirectional and bidirectional power flows. As the name suggests, unidirectional 
power flow chargers can only be used to charge the battery from the power system, it doesn’t support 
V2G, whereas bidirectional chargers can be used to supply the energy stored in the battery back to 
the grid. One of the main challenges faced by onboard chargers includes less power rating due to 
constraints like weight, space, and cost. Electric drives are to be used to cater to this issue. There 
are two types of onboard chargers, namely, conductive and inductive types. Inductive chargers sup-
port wireless charging, but it takes a long time to charge. For a better charging rate, and space, off-​​​
board chargers are the best [18]. This deals with the energy loss problems in the distribution network 
associated with the EV association. The charging overlap is the main limitation of the present grid 
technology, which is not being able to control the overload. The model particle swarm optimization 
process makes the power interactions between the vehicle and grid much smoother. The main objec-
tive is to evenly distribute the charging and discharging periods to the owners of the vehicles. From 
the results, we can infer that the energy loss can be reduced to 25% and there are more uniform load 
values in the distributed network [19].

The article discusses the power reduction techniques in distributed systems and that particular 
segment has gained more importance in recent years. By considering these flaws in the distribu-
tion network, this paper provides a two-​​​stage EV charging planning and network reconfiguration 
methodology to assess the problems of minimizing the power loss in both LV and HV distribution 
networks. This proposed method has been directly addressed in the medium voltage distribution 
networks. The results indicate that there is a 63.64% power loss reduction considering the best pos-
sible situation [20].

The advantages and disadvantages of estimating SOC methods introduced by ANFI systems of 
a traditional battery performance model are discussed. The model presented is a battery residual 
capacity model with very generalized ability, adaptability, and accuracy. Based on the charging 
and discharging rate of the vehicle, the SOC parameters are determined. These results are formu-
lated by using the MATLAB® platform. They have high practical values and as a result there is a 
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3% difference between the theoretical and experimental values [21]. To estimate the discharging 
rate of the battery, the model is developed based on the performance of lithium-​​​ion cells. These 
experiments concentrate more on the environment’s ancillary services. And, the degradation data 
are very useful to test the product’s reliability and other factors, which can improve the EV market. 
The results also show us that in a timescale of 10 years, a formidable number of experiments can be 
performed and simultaneously ensure the development of the industrial market [22].

EVs have their own advantages when compared with classical combustion engines. So, they can 
be regarded as an efficient mode of transport. The main impact of EV penetration is the recharging 
of batteries, which adversely affects the power system infrastructure. Since the cost of a distribution 
transformer is high in the distribution network, we need to maintain the system properly. Proper 
scheduling of charging EVs should be implemented to prevent a sustained overload and extend the 
life of the transformer. This paper proposes a smart charging method using which the cost of charg-
ing is minimized with optimized charging power concerning the real-​​​time tariffs. Dynamic change 
in the rate of charging to demand then will lead to a decongestant in the network. If there is a decon-
gestant in the network then, the network is less prone to overloads and equipment damages [23]. The 
framework to estimate and evaluate the reliability of the power circuits in chargers is considered 
to be the major factor affecting the utility load in the grid system soon. The general infrastructure 
of EV charging systems is defined to have different ratings. A suitable DC-​​​DC topology has to be 
chosen to illustrate the reliability issues. By using these methods, the failure between the converters 
can be minimized so that there is a smooth transition. The framework developed has the potential 
to serve as a template for reliability evaluation and comparison of future developments in EVs [24].

15.3 � VEHICLE TO GRID AND GRID TO VEHICLE

The development and increase in the number of EV manufacturers caused V2G and Grid-​​​2-​​​Vehicle 
(G2V) technologies to receive a lot of attention these days. These two techniques are very important 
in maintaining the load to a particular level without any hindrance or blackouts. The operation tech-
niques include generation, distribution, and usage. The customer end is very much dependent on the 
reconditioning from the manufacturing industries about the load or exact amount of charge that the 
vehicle has consumed. These topologies also provide an area for a wide range of research [25]. The 
researchers have shown that the transportation fleet is one of the biggest sources of emission of CO2. 
The introduction of the EVs as a substitute for oil-​​​ and gas-​​​based automobiles has been the most 
efficient way to reduce the dependency on oil and gas and in turn eliminating the GHGs emissions. 
The penetration of the RESs and EVs are the green solutions to decrease the current environmental 
issues. Due to intermittent nature of RESs and high investment costs of developing EVs’ infrastruc-
ture, tendency for using them is under the predicted estimations. The RESs act as a complementary 
system, which can solve a part of this problem. However, due to their intermittent and unpredictable 
nature, they cannot be efficient enough to support the grid in emergency. The introduction of the 
vehicle to grid technology as mobile energy and its integration with the RESs and smart grid are the 
most efficient ways to eliminate the problems in the demand and supply. V2G helps the power grid 
in peak load situations. The implementation of RESs and V2G will be more efficient and valuable 
to the environment and to the consumers [26].

Operating structures are based on strengthening the rules and status process for EV. They define 
the status parts of V2G and its development scales. EVs need to increase predominantly in numbers 
over the coming years. The V2G brings a great advantage to the power grid as well as owners of EVs 
and minimizes the economic status of the grid system. EV usually has less pollution than combus-
tion engine vehicles used these days. In the near future, there can be emerging markets to increase 
renewable energy resources. It can bring big in economic status to the EV owners [27]. EV has 
suitable power control systems, advanced features to the grid, and proper segregation, in the storage 
of energy for unpredicted outages. The weather and growing process are about extensive gasses. 
Smart grid has a provision which pays the consumer for the energy for electric mobility. This aids 
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in cheaper grid supervision, and sustainable and stable power, which in turn moves current peak 
capacity to baseload. If there exists excess energy from the EV withstanding more time and space, 
energy can be injected from the EV into the grid. Partitions are carried out by the two-​​​way DC-​​​to-​​​
DC chargers and inverters [28].

One of the main issues of EV owners is the degradation of battery capacity when used in V2G 
mode. The model with RES and EV energy storage system is utilized to minimize energy costs for 
the customers by studying the cost benefits of EV owners using various Feed-​​​in Tariffs (FITs). The 
time of use (TOU) and fixed tariffs are the two different types of tariffs that are considered. In a few 
thresholds of FITs, the EV owners engaging in V2G are benefited. Usage of the EV is thoroughly 
monitored and surveyed, using which we can calculate the probability of EV on-​​​road(running), 
whether the EV is parked or not, and the probability of plug-​​​in. Different case studies are made to 
understand the optimization strategies in different research areas [29]. A new operation mode for 
an EV to help the power load management is being discussed here. The improved vehicle-​​​for-​​​grid 
is directly linked with the EV’s operations under power load management control and smooth func-
tioning of the power grid. The process of EVs injecting current harmonics and providing reactive 
power is the main factor in the (iv4g) process. In this process, the model as a whole is connected 
to the electrical installation of 230 V, 16 A, and 50 Hz ratings. The model results show that the pro-
posed (Iv4G) mode performs well and can be easily related with respect to G2V and V2G operating 
modes [30].

The seizing of highly demanded hybrid PV systems is discussed here very briefly. Hybrid energy 
systems like PV-​​​battery-​​​diesel have been recognized as an effective solution for this current situ-
ation. Results show that utilizing the V2G parking lot can minimize the cost for effective sizing 
of the hybrid system by a massive 5.21%. The scheme relating to the demand side is gaining more 
importance. The heuristic operation algorithm plays an important role in reducing the iterative 
time-​​​consuming process, which needs much more timing. All three possible cases that can reduce 
the effects on the controllable loads are being discussed here [31]. The energy loss problems in 
the distribution network are associated with the EV association. The charging overlap is the main 
limitation of the present grid technology, which is not being able to control the overload. The model 
particle swarm optimization process makes the power interactions between the vehicle and grid 
much smoother. The main objective is to evenly distribute the charging and discharging periods to 
the individual vehicle owners. The finding reveals that the energy loss can be reduced to 25% and 
there are more uniform load values in the distributed network [32].

Renewable sources and low carbon are becoming key factors in setting the needs and curb-
ing emissions [33,34]. Slow movement of conventional to EVs majorly depends upon the needed 
load and peak values. In many developed countries, the governments concentrate more on 
electrifying the transport sector, which also acts as a base of competition for manufacturers. 
These processes succeed once there is a change in energy. These are also high technological 
advancements that can serve both public and private transport [35]. We also need loads and 
DERs that are able to function independently. There is a model for a stable power grid proposed 
in which PV-​​​equipped homes and an EV capable of conducting the analysis of transient loads, 
load sharing, and faults are linked. Proposed controls take into account difficult conditions in 
EVs and PV by managing the power of the battery in EVs by changing the V and F values in 
the silenced mode. Maximum Power Point Tracking (MPPT) is changed for minimizing the 
chance of silent mode and a maximum charge battery. The control inertia is utilized in a unified 
control manner. Controller processes have a good chance for changing V and F at PCC under 
the simulated scenarios [36].

15.4 � VEHICLE TO GRID AND GRID TO VEHICLE

The strengthening of the series and functional objectives for EVs is discussed. It conveys the impor-
tance of V2G and its development scales. EVs are intended to increase drastically over the next 
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few years. The V2G brings a great advantage to the power grid as well as owners of EVs by giving 
spinning constraints and minimizing the economic value in power plants. EVs usually have lower 
environmental pollution than existing types of vehicles. In the near future, it can be increasingly 
supported by renewable energy. Hence, it could bring large economic value to the grid operator and 
the EV owners. In the long run, we will also benefit from the whole process [37].

The EV market is steadily growing, and it is important to identify the advanced charging tech-
niques to prevent stress on the grid. A bidirectional converter reduces these limiting effects of vehi-
cle charging but with diverse benefits and economical offers. To evaluate different combinations of 
V2G based on the increase in self-​​​consumption and peak shaving , an EV fleet was developed by 
a mixed-​​​integer linear model predictive control framework. The optimal framework is coupled to 
calculate the life of the EV battery. This path is analyzed with the sizes ranging 1 to 150 vehicles 
with massive changes like energy shift between the energy changes, 2-​​​way schemes, and descrip-
tive formulations. The deployment gives flexibility, leading to better battery life improvements [38]. 
EV that takes part in V2G gives services to the operators. Hence, an exact validation of where the 
energy is expected to enable necessary operations of the system is a must. It is also important to 
provide consumer satisfaction. It is important to find the feasibility of V2G opportunities for dif-
ferent cases. Using survey data, the value of V2G service provision is determined. The provision 
of the V2G service depends on both the energy in EVs and provisional probability [39]. Two main 
factors of electrification of vehicles are increased driving range and fast charging capabilities. But, 
there is always a competing nature in the power supply department. The paper deeply discusses 
the model-​​​based engineering technique that can supplement empirically and iteratively designed 
cells. There are many frameworks to be optimized partitions configured in automated market cells 
that are generally given. There are many applications of methodologies to a common module pack 
that needs to be investigated thoroughly for a design of a BEV and PHEV. The study in the paper 
is complemented by the battery optimal layer design (BOLD) toolbox [40]. An extensive review of 
the economic aspects of the management and risk analysis of modern problems such as the zero-​​​
emission EV is considered to be the greatest or a more modern solution. With the government’s 
constant support, the plug-​​​in-​​​EV (PHEV) can be made popular. In the future, when PHEVs are 
randomly connected to the power grid, they can bring new challenges to the power management 
department of the grid. This paper also shows the theoretical response of an EV connected to a grid 
over the years and validates the PHEVs market [41].

Distributed energy resources as modern technology in power systems could play a determi-
nant role in reliability issues. This paper conveys the heuristic approach to solving the Reliability 
Constrained Unit Commitment (RCUC) problems. Some attributed reliability indicates the commit-
ment problem for hybrid particle swarm. The total operational cost for this process improves as the 
range of acceptable performance limits decreases. A composed unit commitment can be obtained 
using his proposed method [42]. The challenges faced (RES) mainly throw light on the Multiple 
Agent System (MAS). An agent is a computational system that interacts with real-​​​world systems 
with features like autonomy and reactiveness (Example: Robot). A MAS consists of multiple intel-
ligent agents to solve complex problems. With the help of MAS, the time delay can be reduced in 
areas like transmission switching and protection, communication, analysis/prediction, and plant 
control management. Due to the distributed nature of the SG, MAS is widely used in SG. The power 
electronic converters used to connect RES to the grid are deeply analyzed. Distributed and overlap-
ping transmission lines controlled by MAS are modeled for analyzing the distributed generators. 
And, few other simulations are made for analyzing the frequency variations in the grid [43]. The 
growing demand for electricity due to the advancing technology demands the grid to be very smart, 
efficient, reliable, quick (in control), secure, and eco-​​​friendly. A grid with all the abovementioned 
features is called SG. Nearly 80% of the electricity is consumed by the cities and is responsible for 
greenhouse gas emissions (80%). The conventional power grid mainly focuses on the generation, 
transmission, and distribution of electricity. This paper describes the necessity of making the con-
ventional grids “smarter.” It’s not possible to say how far research in SG is required to make the grid 
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entirely smart. But recent trends in infrastructure advanced communication protocols, intelligent 
electronic devices (IED), etc., encourage the researchers in the field of SG [44]. An EV can both sup-
ply and consume power to and from the grid. If it consumes power, it naturally increases the load and 
reduces the stability, which directly affects the power quality, whereas in V2G mode, it enhances 
the stability in the grid. The intermittent nature of RES and the dynamic nature of EVs affect the 
overall quality. To cater to these problems, this paper describes the application of advanced charg-
ing technology and proposes a transient voltage stability margin index. For the estimated index 
value, we can evaluate how different loads like EV affect power quality and suggest solutions for it 
so that the instability injected by these loads can be removed immediately [45]. The main factor that 
affects EV owners is degradation of battery capacity when used in V2G mode. This paper proposes 
a model with RES, EV, to reduce energy costs for customers by studying cost benefits of EV own-
ers using various FITs. Two different types of tariffs are considered in a few thresholds of FITs by 
the EV owners. Usage of EV is thoroughly monitored, using which we can calculate the probability 
of EV on-​​​road(running), whether the EV is parked or not, and the probability of plug-​​​in. Different 
case studies are done to understand the optimization strategies in different cases [46]. As smart grid 
optimizations are an important concept, optimal dispatch of microgrids has a significant impact on 
reducing fuel consumption, pollution, and costs. Scheduling of microgrids under grid-​​​connected 
conditions is optimized, by considering the operational cost and the environmental protective cost 
of the microgrid system. Distributive parts in the grid model contains PV arrays, turbines, engines, 
microturbines, and EVs. Related to the changes and techniques of the system, an advanced optimi-
zation is the way to solve the model. This releasing part of microgrids having EVs has better low-​​​
cost and systematic advantages compared to models without EVs [47].

Due to the rapid growth of electrical vehicles, charging the EVs to grid causes an unexpected 
spike in load decrement, which in turn affects the health of the power system. Ways to increase pro-
ductivity of the EVs with a plan by finding suitable drive techniques. The advantage of EV is that it 
can store energy, which in turn can distribute power to meet a peak load demand. MOMVO [Multi-​​​
Objective Multiverse optimization] algorithm is used to reduce the effects of charging and discharg-
ing opportunities in the main system and eliminate the cost associated with the operation on behalf 
of both the EV owner and the utility company. EVs are made to charge and discharge at places which 
are merged to a bus of an economical radial system. The partition of G2V and V2G methods gives 
many ways to supply the utility grid on the basis of checking the demand of the power system, level-
ing of load status, and maximum load cutoff. This reduces burden on the substations and lines [48].

15.5 � EFFECTS IN VEHICLE ELECTRIFICATION

The impact and advantages that are brought about by the introduction of PHEV are discussed. 
Impacts as a consequence of the introduction of PHEVs are constant load demand, reduced reserve 
margins, and peak load demands. The advantage of using PHEVs has reduced carbon pollution in 
the environment. The analysis uses brief modeling supply and demand in the electrical sector. A 
fixed recharging schedule is applicable to all vehicles; schedule doesn’t adjust to electric supply 
to meet the rising demand. The inventory of electrical supply is based on the results from various 
models (NEMS) that can mimic supply and demand differently. It does not model the transmission 
system and does not reflect the complexities of air emission regulations [49]. A droop controller uses 
modern standards that can be used with all series of EVs with respect to international standards like 
IEC 61851 and SAEJ1772. The field validation tested three ancillary services: congestion manage-
ment, local voltage support, and frequency-​​​controlled normal operating reserve. The total delay was 
subjected to 2–​​​3 seconds on average, and never surpassed 4 seconds. An underestimating criterion 
in current magnitude was detected when there was a decrease in the charging rate of the EV, which 
may turn into a greater problem [50]. Electrical storage in grid-​​​connected entities has high capa-
bility to aid the transfer toward a reliable renewable energy supply. The lithium-​​​ion batteries are 
expected to play a vital role in the transition, due to their high energy density and potential capacity 
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provided by PHEV. The disadvantage of using lithium-​​​ion battery in the grid may result in further 
degradation. Using intelligent control of these batteries can minimize the rate of further degradation 
and their utilization is cost-​​​effective. A cycle-​​​life experiment was performed on lithium polymer 
cells in which the Depth of Discharge (DOD) has a significant effect on the life of a battery cycle. 
The closer to the end of the discharge, the faster the equivalent series resistance rises. Increase in 
the rate of Equivalent Series Resistance (ESR) depends on the DOD [51].

V2G uses EV to provide power for electric systems. Vehicle has 20 times the reliable power 
potential, <1/10th the utilization, and 1/10th the capital cost per kW. In short, EVs should be modi-
fied for high-​​​value critical rules and regulation, which provide about 3% of the EV fleet. V2G sup-
ports for maximum power and storage for renewable electric generation. The long-​​​term case for 
V2G boils down to a choice. The chances of V2G to travel along with these paths together more 
swiftly are profitable than planning either system in isolation [52].

The use of EV is modeled using various power system techniques and environmental reviews 
based on travel demand analysis. The systematic review of these diverse approaches defines the 
existing contrast in the modeling techniques. For a time-​​​being review of demand management, 
activity-​​​based modeling (ABM) is being used. However, for the current (ABM) model, there is a 
substantial limitation on EV-​​​grid interactions, and these data can be used to identify the charging 
behavior [53]. Here, the stochastic simulation methodology is being used to collect the travel delay 
data and charging profiles for the number of EVs. The dependent structures determine the param-
eters and those data are being collected by the nonparametric copula function, an iterative module 
for the conditional functions that is being used at each level. These methods are very much different 
from the conventional charging prediction methods. These methods use real-​​​world data as an input 
to the model. The disjoint trip level enhances the model’s capabilities and usefulness. Such data 
being created here are much useful for the power aggregate prediction and demand and many more 
power system services [54].

The BEV prototypes and their advancement in a short span are discussed. In the next stage of 
being adopted to the BEV, CleanMPG claims that the United States is estimated to have a million 
charging stations. The beginning stages of the BEV charging method include connecting them to 
home networks and private chargers. However, many Asia-​​​pacific countries lean toward the public 
charging network as there is a reduced number of private charging facilities. These stations are 
more appropriate to be installed in the urban areas. This paper also provides the data points and the 
detailed traffic details, so the time for charging EVs can be significantly reduced [55]. An intelligent 
unit commitment (UC) for the V2G application. Due to the advent of EVs and power electronics, 
individuals owning an EV can become a prosumer by supplying the stored energy in the battery 
to the grid. The EV perhaps is regarded as a small portable power plant. And in turn, it reduces 
the reliance on the small valuable units in the existing power plant to meet the ever-​​​increasing 
demand, which reduces the operating costs. The UCs usually help electricity utilities or producers 
in managing the supply–​​​load demand by determining when and which electricity generating unit 
is to be turned on/off. The complex unit commitment with V2G development issue is solved using 
a leveled hybrid particle swarm optimization. This balanced hybrid binary PSO uses binary codes 
to turn on/off the supply from the vehicles [56]. As discussed earlier, an EV can both supply and 
consume power to and from the grid. In the G2V mode, the power quality drops. This paper pro-
poses a method to identify any aberrations in the overall power quality of the grid. The Monte Carlo 
method is used to study the impact of PHEV on power quality. This model considers the random 
plug-​​​ins and plug-​​​outs of EVs, location, charging strategy, overall market penetration, and charg-
ing durations of EVs. This study says that the modern plug-​​​in type hybrid EVs (PHEV) have only 
a negligible effect on the power quality. This method can also be used to study the impact of BEV. 
As PHEVs are gaining popularity in the market, this paper mainly focuses on PHEVs. To analyze 
the impact of BEV based on power quality, a few modifications are to be made [57]. The main prob-
lem in electric power systems is distribution imbalance. One of the solutions to the problem is the 
energy storage system. The objective of the paper is to analyze the residential photovoltaic system 
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for PHEV loads along with residential loads. A combination of two subsystems is cascaded by a DC 
connection. The primary subsystem consists of a current-​​​controlled boost converter, MPPT, and a 
PV array to harvest the solar energy. The second subsystem consists of a current-​​​controlled DC/AC 
inverter. According to the load profile, a power management algorithm is established to regulate the 
power flow between the grid and EV battery. This system is reliable and robust on the worst days 
[58]. Charging of EVs leads to unexpected spikes in load demands, which influence the secondary 
voltage quality. This paper proposes a way to mitigate the voltage drop concerns by using TOU pric-
ing. This pricing scheme uses the off-​​​peak generation for EV charging, thus delaying in improving 
grid support. TOU schedule assesses various factors for charging EV with off-​​​peak rates between 
8 pm and 3 am. Charging the EV when the demand is less will minimize the effect of secondary 
service voltages, thus enhancing the grid potential and customer benefits. Load penetration due to 
EV is also increasing rapidly. Therefore, integrating TOU schedule in EV charging will decrease 
the peak load demand in secondary service voltage [59].

Electrical vehicle usage is increasing rapidly. Due to the penetration of EVs, the electrical network 
will grow steadily, but there are major challenges ahead in the electrical networks. The major chal-
lenges in the penetration of EVs are rise in load consumption during peak demand, which in turn 
increases the cost for evolving a network to provide for the required load. This paper proposes a 
charging/discharging methodology with a two-​​​price and voltage-​​​based load management program to 
cope up with the economic and technical purposes due to the penetration of EVs. Being sensitive in 
the cost and voltage in the load management will help in the reduction of cost as well as load charac-
teristics is thickened. Without network development, managing the penetration of EVs is impossible. 
Besides, due to the same level of penetration, the network capacity is fully occupied, sequentially 
minimizing the reliability which in turn has a significant impact on the network parameter [60].

15.6 � CONCLUSION

The main objective of this paper is to review the works of literature on EVs and smart grid technolo-
gies, and also the recent trend in smart grid and EVs are thoroughly reviewed. This paper is subdi-
vided into five sections: Introduction, EV charging, Vehicle-​​​2-​​​Grid(V2G) & Grid-​​​2-​​​Vehicle(G2V), 
modernizing the grid, and effects of vehicle electrification. Due to the growing demand for electric-
ity, SG architectures are being adapted. We can turn a “plain vanilla grid” into an SG by adding 
features like two-​​​way communication and bidirectional power flow with self-​​​healing capability. The 
phenomenon of integrating EVs with the smart grid and smart grid with EVs is known as G2V, and 
V2G, respectively. Various methods of integrating the EVs with SGs and EV charging methods are 
reviewed to understand the optimization strategies.
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Abstract

The energy industry is at a critical stage. The growth of digital technologies can significantly alter our 
energy supply, commerce, and utilisation patterns in the near future. Digitalisation is being fuelled by 
artificial intelligence (AI) technology, which is becoming increasingly prevalent. It will be operated 
independently by smart software that optimises decision-making and activities in the incorporation of 
energy supply, demand, and renewable resources into the energy grid. The deployment of AI will be 
critical in reaching this goal. This chapter provides a realistic background on the application of AI in 
the energy sector. In addition, the benefits, challenges, and prospects of AI applications were presented 
which will enable researchers, readers, and key players in the energy industry to evaluate their AI initia-
tives and objectives, for effective energy supply.

KEYWORDS

Artificial Intelligence; Bioenergy; Expert System; Energy; Fuzzy Logic; Renewable Energy; 
Solar Energy; Wind Energy

16.1 � INTRODUCTION

Presently, the world economy is inextricably linked to the efficiency with which electrical power is 
generated, managed, and distributed [1,2], and this is especially true in developing countries. Climate 
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change and global warming are two of the most serious consequences of current energy generation 
systems. Energy-​associated greenhouse gas (GHG) emissions “would result in significant climate 
damage, with an aggregate global warming of 6°C” [3]. In recent decades, with increased demands 
for energy use and ecological management, the need for energy technologies in global civilisa-
tion has been expanding rapidly [4,5]. As a result, green energy is the most practical approach for 
ensuring a cleaner and reliable energy supply. It is ecologically beneficial due to the low level of 
CO2 emission, which is the primary indicator of the greenhouse effect, which is accountable for 
ecological damage [6–​8]. Stabilising the electricity bills, substituting ageing facilities, enhancing 
the adaptability and consistency of power systems, decreasing CO2 discharge, avoiding alteration 
in the earth’s atmosphere, and facilitating dependable power supply to rural areas with incredibly 
increased power demands have become the key factors to this energy transition [4,9]. Because of 
the simplicity and reduced cost of upkeep, durability, and the availability of a limitless number of 
renewable energy (RE) sources, research and development in the field of RE at the national and 
international levels will result in improved performance and assured compensation in prospective 
energy demand [10]. RE sources (RES) are also known as alternatives, primarily due to their inabil-
ity to ensure consistent supply in some particular situations [11,12]. Consequently, improving the 
efficiency of substitute energy sources is a must if the world is to meet its projected energy demand 
in the future. This second objective can be accomplished by tackling the restrictions associated with 
the configuration, efficacy, and performance forecast of the current RE technology, as well as the 
estimation of weather parameters in the area where the facility is located [13].

The energy storage system (ESS) makes use of renewable forms of energy to achieve the goals 
of energy conservation and reducing emissions, and as a result, it has undergone significant expan-
sion recently. As a consequence of the unpredictability and irregularity issues that are associated 
with ESSs, there is variation in both voltage and frequency [14]. These unfavourable effects have 
slowly grown more obvious owing to the fast-​growing use of RES. The synthesis of RE is unstable 
and erratic, which is not favourable to the uninterrupted activities of the power grid and has an 
adverse effect on the incorporation of RE including wind and solar power sources [15]. Despite 
this, the amount of installed potential for RE and distributed energy storage has steadily increased 
[16]. There have been studies that looked at the integration of RE with ESSs [17], wind-​solar hybrid 
power producing systems, wind-​storage accessible power systems [18], and optical storage transmis-
sion networks [17]. The advent of innovative techniques has aggravated the challenges associated 
with the management of RES, as well as the frequency and peak loads of the power grid. In addi-
tion, the management of the power grid has become more sophisticated. The ESS can swiftly and 
dynamically modify the system power and engage several ESS in the power system, thus creating an 
efficient mechanism for overcoming the aforementioned challenges. Investigations into the depend-
ability of wind, solar, storage, and transmission networks have been carried out [19,20].

The International Agency for Renewable Energy predicts that by the year 2030, the world’s total 
energy storage capacity will have increased from 42% to 68% (based on values from 2017). By the 
year 2025, India and China will have established themselves as the nations with the rapid rates of 
expansion for ESS, while Japan and Australia will have established themselves as the nations with 
the significant proportions of ESS [21]. The adoption of energy storage techniques will aid spread 
energy peaks and adjusting frequency, smooth variations, and aid generate increased electrical 
energy. Owing to the economic benefits of the energy storage technique, it can also be used to offer 
an interim energy source that can be effortlessly shifted off-​grid [22–​24]. Because of this, it is pro-
jected that RES, including but not limited to wind and solar energy, would eventually substitute fos-
sil energy sources, and will steadily grow their share of total energy utilisation [25,26]. Commercial 
implementation of occasional RE with numerous time scales, on the other hand, has the potential 
to significantly influence the forecasting and planning precision of the power system as well as 
implementation security and power quality issues when power is substituted with the power grid, 
resulting in the demand for conventional transmission [27,28]. As a result, for RE to be employed 
in operational control and energy management, a control technique that takes into account both the 



210 IoT and Analytics in Renewable Energy Systems (Volume 1)

adequacy of the power production capacity and the adaptability of the energy production is con-
sidered necessary [29]. A renewable ESS reinforces a RE power source by ensuring its operation 
over a broader range, maintaining the device’s efficiency as well as stability in all grid-​connected 
and island modes, and reducing the interrupted generation of RE that leads to power disruptions 
[29,30]. It has been proposed to further increase the employment of ESSs to improve the economic 
and ecological advantages of these techniques [31,32].

Among the most important approaches for the design and methodical research of power systems 
have been planning, monitoring, and optimisation [31,33]. For the modelling, optimisation, and aug-
mentation of hybrid systems, a range of artificial intelligence (AI) methodologies are employed [34]. 
A key branch of AI is comprised of neural networks, fuzzy logic control, and concurrent computing 
algorithms [34,35]. In the study by Maleki and Askarzadeh [34], the efficiency of four heuristic algo-
rithms was evaluated with the aim of reducing the overall yearly expenditure. These algorithms were 
utilised to optimise the size of a photovoltaic (PV)/wind/FC hybrid system so that it could constantly 
supply the load requirements at the same time incurring the lowest possible total year expenses. 
Moreover, an economic evaluation of sustainable energy sources reported by Maleki and Askarzadeh 
[34] showed an enhanced performance of the hybrid system parts in order to deliver more affordable 
and reliable electricity while also utilising environmentally sustainable sources. Design and optimi-
sation strategies might be hampered in their conception and implementation by a variety of factors 
such as resource availability, network infrastructure, system efficiency, and computational models. 
Improvements in computer technology have made it feasible to address optimisation issues utilising 
a number of methodologies [36]. Using the concept of intelligent agents systems as a starting point, 
Russell and Norvig [37] presented a picture of the AI industry that presents, examines while also 
providing analysis and some light amusement. When it comes to improving machine efficiency and 
offering economic benefits, intelligent approaches have demonstrated their usefulness [38,39]. They 
also provide additional advantages that cannot be reached by conventional ways.

This study begins by providing RE storage techniques while presenting a review of AI applica-
tions in RE. Furthermore, various difficulties that can be encountered within the context of AI 
implementation were discussed, as well as prospects for effective AI application in RE systems.

16.2 � GLOBAL ENERGY SECTOR

The energy industry is the cornerstone of the world economy; however, it’s among the largest emit-
ters of CO2 [40]. Energy utilisation is increasing annually with China and the United States leading 
global energy consumption, followed by India, Russia, and other countries [13,41]. The rising rate 
of energy production and consumption, which is projected to increase as shown in Figure 16.1, is 
responsible for one-​third of the world’s CO2 emissions [42,43]. Consequently, most stakeholders – ​
environmental and social activists, investors, shareholders, and policy makers – ​are focusing on the 
sector’s negative impact on CO2 emissions to foster sustainable development [44,45]. Despite calls 
for environmental sustainability, the energy industry has not made significant headway in its efforts 
to reduce carbon emissions [40]. For the industry to gain social legitimacy, it needs to develop 
greater social awareness [46] and take responsibility for the carbon emissions it produces [47,48]. 
Solar energy, biomass, and thermal energy are examples of non-​conventional energy sources that 
energy companies have integrated into their operating models over the last decade [49]. This change 
is necessary to achieve the goal of sustainable development [50]. Hence, it is vital to explore and 
implement sustainability measures in generation and utilisation to establish a solid link between 
green development and performance [40].

16.2.1 � Renewable Energy Sources

Wind energy, solar energy, hydro energy, geothermal energy, bioenergy, ocean energy, hydrogen 
energy, and hybrid energy are the most common sources of RE, which are classified as per the 
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source of production [1–​3,6,51]. Figure 16.2 depicts the various types of RES available. A succinct 
explanation of some of the most major forms of RE is presented below.

16.2.1.1 � Wind Energy
The wind is caused by the motion of the globe and the unbalanced convergence of the sun’s radia-
tion on the superficial part of the planet [52,53]. Windmills and wind turbines have been used 
to transform the kinetic energy of the wind into mechanical energy for many centuries, and the 
utilisation of wind as a major energy source has continued to this day. Proof of past advancements 
has been discovered in Asia (Persia and China) (200 BCE) and the United States (1850–​1970 CE) 
[54–​56]. The world’s earliest wind turbine, with an output of 12 kW, was installed in Ohio, United 
States, between 1887 and 1888 [57]. Following that, a large number of wind turbines with increased 
output were constructed in various nations to fulfil the requirement for electric power. China had 
the highest number of wind power units installed between 2010 and 2015 [13]. In the same period, 

FIGURE 16.2  Global energy supply by sources. (EIA, 2019.)

FIGURE 16.1  Global energy consumption from 1990 to 2020 and predictions from 2025 to 2050.
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there has been a significant development in the installed capacity of wind power in the US and 
Germany. A total development trend of 9.96% is evident when comparing the installed wind power 
capacity in the past decade in the EU. Aside from that, the yearly operational output has risen from 
48.0 to 141.1 GW from 2006 to 2015, which is a compound yearly increase rate of more than 9%. 
The Vestas V161 wind turbine, which stands 220 m tall and has a diameter of 164 m, is the globe’s 
biggest and most efficient (8.0 MW) wind turbine. It was commissioned at the Danish National Test 
Centre in Denmark in 2014 [13].

16.2.1.2 � Solar Energy
The sun is a critical energy source for all living things on the planet, including humans [58,59]. 
Humans have been using solar radiation for a variety of reasons for many centuries [58,59]. The 
earliest known proof incident back to the 7th century BCE, when the sun’s rays were utilised to 
start a fire after being concentrated with a piece of glass [58], provides a comprehensive overview 
of the historic advancement of solar energy from antiquity (the 7th century BCE to the 1200s CE) 
through the contemporary age (1767–​2001). The invention of PV phenomena in the year 1839 was 
a watershed moment in the history of science. Solar energy is employed mostly in active systems 
(PV, thermal, and so on) and passive systems (solar water heating). Photovoltaics is the procedure of 
converting solar energy into electricity for application in power generation [60], whereas the ther-
mal procedure involves first converting solar energy into some mechanical energy, which is then 
utilised for electricity generation [59,60]. The passive system collects and transmits solar energy 
throughout a house without the need for any electrical devices, as opposed to the active systems 
previously discussed [61]. Innovative and effective components [62–​65], international regulations 
[66], configuration [67], implementation [68], storage [69], and low-​energy buildings [70,71] are 
among the areas in which research is being conducted in solar energy for enhanced performance 
and quality. Several reviews [72–​75] have also been written on the subject of mathematical model-
ling of solar energy systems.

16.2.1.3 � Geothermal Energy
The generation of Lava is caused by the steady disintegration of radioactive materials in the earth. 
Due to the obvious migration of tectonic plates, the Lava is broken, resulting in the formation of 
a geothermal reservoir (geothermal energy source) [75–​77]. There have been several reviews [78–​
85] of the research and development in the field of geothermal energy, with the most recent being 
reported by the authors of Refs. [86,87]. These studies are centred on the identification of accessible 
resources, the present condition of equipment, and the applications, advantages, and implementa-
tion of geothermal energy attributes and impacts [83]. Many research articles [85,86,88,89] have 
also been written about the modelling and simulation of geothermal energy [13].

16.2.1.4 � Hydro Energy
Building the natural (waterfall) or regulated movement of water (utilising a manmade barrage on a 
river) to create electricity is known as hydroelectricity [90,91]. Hydroelectric power facilities were 
categorised into three primary groups depending on their capability for generating electric power. 
Several reviews summarise the research and progress in the area of hydro energy [75,92–​99], par-
ticularly, storage plants and their constraints, dam maintenance and performance [94], hydrokinetic 
energy transformation system [95,96], slit erosion strategies in hydro turbines [97], optimal installa-
tion of small hydropower systems [98], and socio-​technical constraints of hydropower.

16.2.1.5 � Bioenergy
In this area of RE, electric power is created from biomass sources such as wood, organic wastes, agri-
cultural byproducts and wastes, algae, microorganisms, vegetable oils, and other natural resources 
[100–​102]. Many review reports [103–​110] collate considerable investigations and advancement in 
the field of bioenergy, especially in the areas of global synthesis and utilisation of bio-​ethanol [103], 
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microalgae in biodiesel synthesis and applications [104], microbial fuel cells (MFCs) in bioenergy 
[111], bio-​transformation operations of organic feedstock into bioenergy [105], and pyrolysis of 
biomass to bio-​oil [106].

16.2.1.6 � Hydrogen Energy
In fuel products (hydrocarbons), H2 is an inherent component that can be independently used in 
a variety of applications. Aside from that, the electrolysis of H2O and the bioprocess of microbes 
(bacteria and algae) both release H2, which, when burned, generates a large amount of energy and 
can be utilised as a RES for electric power generation [101,112,113]. For the latter technique, fuel 
cells are frequently employed. Hydrogen energy can meet the need for power regularly, which is 
a restriction of RE systems depending on wind and solar energy [101,112–​114]. The most notable 
research and advancement findings in the area of H2 energy are summarised in numerous studies 
[114–​119] primarily on the current status, photo-​production of hydrogen [101], affecting parameters 
in hydrogen synthesis [117], storage technique [118], hydrogen fuel cell [119], current and prospec-
tive approaches of hydrogen, technological scenario, and economic aspect [114].

16.2.1.7 � Hybrid Renewable Energy System (HRES)
A HRES integrates numerous RES to enhance the performance and reliability of power sources 
over and above what could be obtained utilising a single RES. PV-​diesel, Wind-​diesel, PV-​hydrogen, 
Wind–​hydrogen, and other HRES are some of the most regularly used HRES [120,121]. Numerous 
published studies [122–​128] provide an outline of research and development findings in the area of 
HRES, with a particular emphasis on applications [122], design and regulation [123], optimal con-
figuration [124], software tools for incorporation [125], present state and prospect [126], a storage 
system [127], and mathematical modelling [128].

16.3 � ARTIFICIAL INTELLIGENCE – ​OVERVIEW

Generally, AI is aimed to understand human thought to create intelligent entities that can solve 
complex problems quickly [129]. Herein, understanding the intricate reasoning of a human brain is 
a challenging topic to solve; hence, AI researchers are still working on it [129–​131]. This develop-
ment can be traced back to a series of experimental demonstrations, prospects, and expectations 
[13,129–​132]. For instance, the energy industry has been using AI in making prototype robots with 
a variety of intelligent behaviours [13,132]. AI was initially developed by Alan Turning and was the 
pioneer in introducing the “imitation game” notion [129]. This concept of AI was coined in 1955 
and had a list of processing programs proposed for solving and reading algebraic word problems 
[131,132]. However, between 1975 and 1980, the progress of AI became very sluggish, as there was 
low interest due to financing constraints, shortage of processing power, and lack of novelty and logi-
cal ideas. Further advancement resulted in the theoretical framework of AI known as an artificial 
neural network (ANN), which gain widespread acceptance in 1982. Also, a notable AI invention, 
including logistics planning for US military applications, was investigated between 1990 and 2015 
[13,130]. Figure 16.3 shows a graphical trend based on published articles on the development of AI 
technology adapted from Google Scholar from 2012 to May 2022. It was evident that AI contributes 
effectively in databases, accounting, information retrieval, product design, production planning and 
distribution, medical, food quality monitoring, biometrics, forensics, and so on [129,133,134]. AI 
is built on multiple learning concepts, such as statistical learning, neural learning, and evolution-
ary learning [133]. Out of these, neural learning has been one of the most used AI techniques in a 
variety of situations [13,130,132]. The most fundamental neural learning technique is ANN. The 
AI technologies employed in huge data management, massive computational power, information 
technology, and better machine learning (ML) and deep learning (DL) algorithms are all handled 
by the ANN [133,135].
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16.4 � CLASSIFICATION OF AI FOR RENEWABLE ENERGY 
APPLICATION – ​REVIEW OF AI TECHNIQUES

Advancing AI has resulted in technologies popularly known as machine learning (ML) and deep 
learning (DL) [133,135]. The ML infers to the ability of a system to learn automatically based 
on previous experience expressly programmed without any human interference. ML models are 
classified into three kinds (supervised, unsupervised, and reinforcement learning) for processing 
training and model evaluation [133]. There are two types of supervised learning: regression and 
classification. Diagnostics, identity fraud identification, client retention, and picture categorisation 
are all examples of applications for classification models. Regression models are frequently utilised 
in a variety of applications, including market forecasts, RE facility life span estimations, climate 
forecasting, population growth prediction, and marketing trend predictions. In addition, there are 
two forms of unsupervised models, for example, aggregation and dimensional reduction. Elicitation, 
structure identification, massive data visualisation, and compression are all accomplished through 
the application of dimensional reduction models. However, customer categorisation, tailored adver-
tising, and system considerations are all accomplished through the usage of aggregation models. 
Among the applications of reinforcement learning include real-​time decision-​making, AI game 
theory, skill development, and robot navigation [131]. On the other hand, DL algorithms can directly 
use raw data and extract automatically processed information to improve the ML system. Some 
DL techniques include deep convolutional neural networks (CNNs), long short-​term memory, deep 
belief networks, generative adversarial networks, deep convolutional and other hybrid combination 
systems [136].

16.4.1 �A rtificial Neural Networks or Neural Network

ANN is made up of several nodes (neurons) structured and interconnected in layers, where each 
link is a signal that is processed and conveyed from one layer to the next until an output response 
is produced [13,130]. Feedforward neural networks, recurrent neural networks, and CNNs are 
all common types of ANN [130,132,133,136]. They are grouped based on the number of layers, 

FIGURE 16.3  Number of published publications of AI applications from 2012 to May 2022. (Adapted from 
Google Scholar.)
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the number of neurons in each layer, and their connections. ANNs are widely employed in appli-
cations such as false alarm detection and fatigue estimation and classification by state SCADA 
(supervisory control and data acquisition) data and vibration signals are the most typical sources 
of information [13]. Combining ML and Big Data techniques with others, like Decision Trees, 
Particle Swarm Optimisation (PSO), Genetic Algorithms (GAs), Mahalanobis distance, and 
Bayesian filters, has been the common way to improve system performance [13,132,136]. Faults 
in blades are frequently discovered or forecasted by analysing signals from ultrasonic and visual 
sensors, where CNN performs most of the visual analysis. The most prevalent defects are struc-
tural damage, where the common monitoring signals for bearings are vibration, temperature, and 
SCADA data [13,131,136].

16.4.2 �W avelet and Neural Networks (WNNs)

WNNs combine wavelet concepts and neural networks while applying wavelets as the fundamen-
tal building blocks of a network. A wavelet function is a local function that affects the output of 
the network only in a limited range [130,134]. The WNN is surprisingly effective in resolving the 
common issues of poor convergence or even divergence described by other networks. The wavelet 
transform is derived from the Fourier transform and has been an innovative technique for signal 
processing [134,137]. The time–​frequency localisation of the wavelet transform defines its trait. 
This trait can be characterised by its adaptable basis functions, which depend on the type of signal 
being examined [134]. In recent years, wavelets have received tremendous interest in both theoreti-
cal and applied fields. In fact, breakthroughs in the field are occurring so rapidly that the definition 
of “wavelet analysis” is constantly evolving to embrace new concepts [130,134,137].

16.4.3 �G enetic Algorithms and Particle Swarm Optimisation

GA and PSO are similar in how they both think of different factors as classes of individuals inter-
acting with each other to accomplish a common goal [131,134]. GAs are algorithms simulated by 
evolutionary characteristics including selection, mutation, and hybridisation, responding to the envi-
ronment by simulating the collective evolution activity of the individuals [137]. The PSO utilises 
parameters as a collection of animals hunting for food, either cooperating or competing, where each 
member modifies its search pattern and positions itself against other members [134,137]. Both GA 
and PSO are commonly used as optimisation mechanisms for microgrid sizing and configuration, 
as well as for evaluating the design and various components of solar panels, fuel cells, diesel gen-
erators, and wind farms [134]. According to Mellit et al. [137], for the construction of wind farms, 
GA is often used in conjunction with other AI approaches to optimise the design of the system. The 
foundations, generators, and blades are the most studied components, while wind farm size, layout, 
power dispatch, operational cost, and environmental indicators are the characteristics that need to 
be optimised [134,137]. Also, GA can be used for large-​scale maintenance planning, crew alloca-
tion, and feasibility analysis.

16.4.4 �F uzzy Logic

Fuzzy systems can use a set of fuzzy logic to address vague and partial data, whereby an object’s 
membership can be anywhere between 0 and 1 [130,137]. But in the conventional set concept, an 
object can become either a member of a set or not [134]. This is used in decision-​making agreements 
on the premise of the degree of efficiency is weighed against the contextualised values associated 
with the system. Figure 16.4 shows the components that make up a typical fuzzy logical system.

Fuzzy logic is often integrated with other AI technologies to facilitate their operation in dif-
ferent situations [131,137]. This includes reducing costs and improving reliability, making deci-
sions, reducing risks, and doing preventive maintenance [131–​133,137]. In terms of optimisation and 
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control engineering, the most common variables usually considered include the costs and mode of 
configuration [137]. In ensuring good maintenance practice, fuzzy logic is employed for early defect 
identification, fault prediction, and false alarm detection [13,131,137]. Moreover, when linguistic 
parameters are utilised, these degrees may be handled by functions depending on the circumstances. 
It depends on fuzzy logic reasoning, which uses IF-​THEN-​ELSE statements to implement linguistic 
rules. To improve the overall performance of a given application, fuzzy systems are distinguished 
by two primary criteria [137].

	 i.	Fuzzy systems are well suited for reasoning that is uncertain or approximative, and they 
are useful for situations in which the mathematical model of the system is difficult to 
derive.

	 ii.	Decisions can be made with estimated values using fuzzy logic even when the available 
information is inadequate or ambiguous.

A layer neural network receives an input vector from a fuzzy interface block whenever the block is 
activated in response to linguistic assertions (Figure 16.5). The neural network is capable of being 
reprogrammed, also known as taught, to produce the desired judgements or outputs (Figure 16.5a). 
The fuzzy inference process is under the control of a neural network with many layers (Figure 16.5b). 
The fuzzy neuron is an essential idea that is utilised in a wide variety of methods for incorporat-
ing fuzzy and neural techniques. In networks that map fuzzy input to crisp output, nodes in each 
layer may contain changed neurons. The input comprises a set of fuzzy values, and the weights 
that connect the node with nodes in the layer above it also have fuzzy values associated with them. 
Membership functions each represent the input values and the weights independently.

16.4.5 �S tatistical Methods

The statistical methodologies rely on a considerable amount of data to evaluate both the statistical 
features of the methods and their applicability to a system [137]. Bayesian analysis, Markov pro-
cesses, and Monte Carlo simulations are among the AI techniques commonly used for statistical 
analysis [130,134,137]. The Bayesian analysis has been the primary method utilised in decision-​
making and condition monitoring. It also presents knowledge about the system’s chance of an 
event occurrence, which can be detected as a potential failure or success. However, the Bayesian 
networks can be improved by coupling them with either ANN or ML [134]. This application is 
very common when working on including the gearbox or the blades or identifying defects in wind 

FIGURE 16.4  The main component of the fuzzy logic system. (Adapted from Belu [134].)
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turbine state transition (Table 16.1). In terms of decision-​making, Bayesian analysis emphasises 
applying techniques that reduce operational, maintenance, and life-​cycle costs. Furthermore, it 
can be used in assessing risk analysis by taking into consideration failure modes, environmental 
parameters, and assessment and repair expenses, while evaluating the rationality of the informa-
tion [13,134].

Nevertheless, the primary focus of Markov involves the minimisation of costs and the evalu-
ation of the need for maintenance. In these processes, the likelihood that an event will occur is 
determined by the state of the system [130,134,137]. Uncertainty and costs, weather conditions, 
and failure mechanisms are some of the variables that are taken into consideration for this purpose 
[137]. However, the combinations of Markov with other AI techniques such as utilising clustering 
algorithms and ANN are used for maintenance evaluation as reported by Mellit et  al. [137]. In 
finding the solution to an existing problem, Monte Carlo simulations are randomly employed to 
optimise the cost and evaluation for decision-​making. Taking into account the economic impact, 
weather uncertainties and failure mechanisms, wind turbine blade faults can be detected by using 
the Monte Carlo simulation [130,132]. Table 16.1 presents substantial examples of work centred 
on statistical approaches with AI application for maintenance, cost analysis, fault detection, risk 
assessment, and decision-​making.

16.4.6 �D ecision-​Making Techniques

Generally, the primary focus of decision-​making involves planning (both short and long term) and 
evaluating the variables involved in a situation [129,135]. The planning involves the determination 
of the components suited for long or short term, power forecast, route optimisation, risk assessment, 
and mitigation of fault, whereas the purpose of variable assessment is to determine which variables 

FIGURE 16.5  Fuzzy neural network for (a) first and (b) second model system. (Adapted from Belu [134].)
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are the most appropriate for carrying out operations and maintenance tasks, to cut down on compu-
tational costs, and to forecast the appearance of faults while taking into account signal uncertain-
ties or failure probability. The use of ANNs was found feasible in estimating useful variables for 
monitoring wind turbine farms [132]. Multi-​Criteria Decision Analysis was employed to deduce 
the condition that should be implemented for offshore wind energy [13,137]. In this case, the effect 
of three elements (reliability, maintainability, and logistics) on the availability of offshore wind 
farms was considered to evaluate the upkeep and the process of making decisions [132]. It is vital 
to optimise both cost and time to guarantee the proper operating system while taking into account 
factors like the weather, availability, and power output [13,137]. However, long-​term scheduling is 
the process of making strategic decisions to increase the efficiency of wind farm life-​cycle services. 
The maintenance strategy, energy generation policy, risk and investment evaluation, and end-​of-​life 
strategies are examples of these strategic decisions [13,134]. The primary uses of various decision-​
making strategies are presented in Table 16.2.

16.4.7 �H ybrid System

Hybrid systems involving the combination of either fuzzy logic, neural networks, or GAs systems 
are proven to be useful in solving several real-​world issues [13]. The hybridised technique can 
combine more than one of the algorithms as mentioned earlier, either as an integrated method in 
finding a remedy or to execute a specific function that is then accompanied by a second procedure 
[13,134,137]. For example, analytic computer programs are frequently employed in the modelling, 
performance prediction, and control of processes including RES [13,136]. To provide accurate pre-
dictions, most algorithms general require a great deal of processing power over a significant period. 
Herein, hybridised AI systems (Table 16.1) can discover the important information patterns inside a 
multi-​dimensional domain, as opposed to using complex rules and mathematical processes. For the 
design, control, and operation of RES like PV or solar-​thermal energy systems, it is often necessary 
to have a comprehensive long-​term set of meteorological data. These systems are utilised in the 

TABLE 16.1
Types of AI Techniques and Their Functionality

Algorithms Applications Data/Variables 

Bayesian analysis Fault detection Study on model residue

Bayesian analysis Fault detection Fault data

Bayesian analysis, ANN Maintenance optimisation Fault data

Bayesian analysis Decision-making Costs, project data 

Bayesian analysis Risk assessment Weather, costs 

Bayesian analysis, ANN Condition monitoring Material, geometric features 

Markov processes, clustering algorithm Maintenance assessment SCADA data, anomaly indexes

Markov process Decision-making Economic, wind turbine components 

Markov process Cost analysis Economic, simulated data

Markov process Cost optimisation Mechanical loads, economic weather 

Markov process, ANN Cost optimisation SCADA data 

Monte Carlo methods, GA Cost optimisation Economic 

Monte Carlo simulation Decision-making Economic 

Monte Carlo simulation Risk assessment Economic, wind turbine component 

Monte Carlo simulation Maintenance planning Economic weather 

Source:	 Adapted from Jha et al. [13].
ANN, Artificial neural network; GA, Genetic algorithm; SCADA, Supervisory control and data acquisition.
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production of electricity [131,134]. However, obtaining long series of meteorological parameters for 
immediate use is a difficulty for designers of such systems. This is a common difficulty for system 
designers in localities with metrics of poor quality of data and missing data.

16.5 � AI ROLE AND APPLICATION IN THE RENEWABLE ENERGY SYSTEM

In the field of energy, AI technologies can be of assistance in seizing the expanding prospects that 
arise with the implementation of RES and the widespread use of the Internet of Things (IoT) [13,136]. 
The facilities of the electricity grid have become too dilapidated, ineffective, outdated, inconsistent, 
and do not offer appropriate security under fault scenarios over several years. However, the genera-
tion of energy, the planning of its distribution, and the continued viability of financial systems are 
of critical importance to the world economy [13,130]. Therefore, the smart energy business can be 
outfitted with modern components for effective performance [129]. Conventionally, power grids 
were not built to handle the incorporation of RES. As a result, any change in the features of RES 
has the potential to alter the variable load efficiency of the power grid [134,137]. The RE industry 
is currently transforming as a direct result of the developments being made in AI techniques (such 
as ML, DL, IoT, big data, etc.) (Figure 16.6). Table 16.3 presents the application of AI in the energy 
industry being used to carry out a variety of activities, including controlling, forecasting, optimisa-
tion, control, monitoring, and operating power systems in an efficient manner.

TABLE 16.2
Applications of AI Techniques with Various Decision-Making Approaches

Application Algorithms Data/Variables

Scheduling AI decision intervention systems Economic, topographical data

Modelling Economic

Polynomial regression Wind turbine operating status

Long-term decision-making Planning model Power generation, environmental aspects costs 

Technological readiness level Literature and reports 

Mathematical cost model Economic, weather 

Maintenance planning and 
optimisation 

Grey fuzzy and internal value Statistical data

GA Costs

Decision-making tool Damage economic 

Big data SCADA

Stackelberg game Operator decisions

Decision support system Wind speed and wind gust data

Dynamic relative thresholds Maintenance and climate data 

Markov decision process Fault data 

Cloud-based platforms Economic 

Layout planning Machine learning, decision trees Ultrasounds

GA Location economic 

Cost optimisation Mixed-integer optimisation Economic

Risk assessment and 
mitigation 

Risk-based decision models Risks and costs 

Analytical network Quantitative variables 

Route optimisation M-planning Uncertainties, maintenance data 

Power optimisation and 
prediction 

Non-parametric statistics, mixed integer, 
non-linear and non-convex 

Economic 

Source:	 Adapted from Jha et al. [13].
GA, Genetic algorithm; SCADA, Supervisory control and data acquisition.
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16.5.1 �AI  in Wind Energy

In estimating wind speed and its generated power, models commonly used include the physical 
model, statistical model, correlation model, and neural network. Also, the data mining approach 
can be used in estimating wind power for short-​ to long-​term decision-​making [133,137]. Similarly, 
probabilistic models for wind power can be estimated using coupled methodologies for short-​term 
wind speed and power prediction. However, the utilisation of AI in wind energy often incorporates 
neural, statistical, and evolutionary learning or their integration as a hybrid AI technique. The 
drive for most “wind energy AI” is accurately forecasting wind speed and wind power. It has been 
reported that the feedforward backpropagation neural network (BPNN) has been the most effective 
method for estimating the amount of electricity generated by the wind [132]. Also, the combina-
tion of diverse ANN, BPNN, and adaptive linear element network can be employed as hybridised 
technique.

16.5.2 � Role of AI in Hydrogen Energy

In membrane fuel cell systems, the AI-​based model is used in the diagnostics of the proton exchange 
during the hydrogeneration process [13,132]. The ANNs are commonly incorporated to provide the 
statistical and signal processing information in the area of H2 energy. Additionally, the BPNN in 
conjunction with multi-​gene genetic programming is applied in the process of predicting the pro-
duction voltage of MFCs. The analysis of H2 energy has also applied fuzzy logic techniques. For 
instance, the fuzzy logic method is employed in the estimation of the time required for the ignition 
of a hydrogen-​powered automobile by utilising three distinct kinds of membership functions. The 
fuzzy logic controller that is dependent on variable optimisation with the GA is used in fuel cell 
hybrid vehicles in order to regulate the amount of H2 that is consumed [13,134].

FIGURE 16.6  Application of AI techniques in renewable energy sources.



221AI for the Operation of Renewable Energy Systems

16.5.3 �AI  in Hydropower Energy

In the development and control of hydropower facilities, new AI technologies (GA, ANN, Fuzzy) 
are used in obtaining information for decision-​making [137]. Also, the wavelet pre-​processor-​based 
hybrid AI techniques have been employed for the estimation of important hydrologic cycle activities. 

TABLE 16.3
Applications of AI Techniques in Renewable Energy Industry

Application Method Outcome

Wind power prediction BPNN RMSE: 0.0065

Wind speed prediction BPNN and ADALINE RMSE: 1.254

Wind speed and power prediction BPNN 20%–40% improved accuracy 

Design of wind generation system Fuzzy method 3.5 kW

Wind speed and power prediction Hybrid method (Fuzzy-GA) 29.7% improved accuracy 

Wind speed Hybrid (MM5-ANN) MSE: 0.12%

Risk optimisation in wind energy Hybrid method (PSO-ANFIS) Profit estimates for risk level (0–0.1)

Stream flow prediction BPNN (LM) MAPE: < 5%

Hydropower plant BPNN, KNN BPNN: 0.011% cost-effective

Hydrogeneration CHGA, SGA, NP $301 profit

River flow prediction Hybrid method (HD-PPT-ANN) Std: 26.48

Hydraulic energy prediction Hybrid method (ANN-ABC) MAPE: 4.6%

Solar irradiance prediction BPNN Correlation: 94%–99%

Mean temperature prediction BPNN and batch learning ANN MPD: 2.13–4.17 for BPNN

Global solar radiation prediction BPNN and regression methods RMSE: 0.867 for BPNN

Solar energy and hot water quantity prediction BPNN R2: 0.998 and 0.9973 

PV power prediction Hybrid method (ANN-GA-PSO) Prediction: 0–35 kW

Solar radiation prediction Hybrid method (ANN-TDNN) RMSE: 25–300

Solar power prediction Hybrid (SVM-FFA) RMSE: 0.728

Geothermal power prediction BPNN (LM, PCG, SCG) R2: 0.999

Geothermal map prediction BPNN Correlation: 0.9253

Pressure prediction in a geothermal plant BPNN MAPE: <2.3%

Geothermal temperature prediction Hybrid method (GMDH-GAS-SVD) R2: 0.9899

Sea-level variation prediction BPNN RMSE: 10% of tidal range 

Sea wave height prediction BPNN 84% for a lead time of 6 hours 

Wave hindcasting Hybrid method (NWM-BPNN) Correlation: 0.93

CO2 flux prediction Hybrid method (CVR-SVR) Mean accuracy: 96.3% 

Biogas production Hybrid method (BPNN-GA) 8.64% increase in production 

Methane prediction from waste Hybrid method (BPNN-GA) R2: 0.8703

Biomass boiler control Hybrid method (BPNN-GA) 3.5% increase in turbine output 

Power and energy prediction BPNN, Fuzzy logic 2.4%–14% accuracy 

Size optimisation Markov-GA Cost: < 0.5 M$

Power flow control Hybrid method (BPNN-Fuzzy) SOC: 40%–80%

Source:	 Adapted from Jha et al. [13].
ABC, Artificial bee colony; BPNN, Backpropagation neural network; ADALINE, Adaptive linear network; KNN, k-nearest 
neighbour; LM, Levenberg–Marguardt; PSO, Particle swarm optimisation; GA, Genetic algorithm; TDNN, Time delay neu-
ral network; SVM, Support vector machine; FFA, Firefly algorithm; PCG, Pola–Ribiere Conjugate gradient; SCG, Scaled 
conjugate gradient; GMDH, Group method data handling; GAS, Genetic algorithm system; SVD, Singular value decomposi-
tion; NWM, Numerical wave model; CVR, Case-based reasoning; SVR, Support vector regression; CHGA, Chaotic hybrid 
genetic algorithm; PPT, Power point tracking; RMSE, Root mean square error; MAPE, Mean absolute percentage error; 
SOC, Storage of charge; Std, Standard deviation; MSE, Mean square error.
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Table 16.3 provides some of the applications of single and hybrid AI methodologies in the field of 
hydropower energy. The BPNN method is applied to optimally schedule the activities of Taiwan’s 
hydropower facilities, which are sourced from ten reservoirs [137]. BPNN method simulation was 
also used in a rainfall-​runoff process to estimate its discharge peak time for linear and non-​linear 
reservoirs [129,131,137]. When applied to non-​linear reservoirs, BPNN attains greater reliability 
in forecasting peak discharge, than when applied to linear reservoirs. The GA, called the chaotic 
hybrid-​GA, has also been to tackle the problem of the existing water lag period as a restriction in the 
brief hydrogenation scheduling [137]. This resulted significantly in a higher yield profit.

16.5.4 �AI  in Solar Energy

Over the years, global solar radiation (GSR) is predicted with the BPNN using temperature and 
humidity as inputs, of recent, the BPNN has used temperature and humidity as inputs to make 
predictions for GSR [13,134,137]. Solar energy applications also made use of several evolutionary 
AI approaches (Table 16.3). The use of GA in solar tracking can also improve the functionality 
of PV systems. The ideal layout of a solar water heating system can be achieved with the help of 
GA. To be more specific, a solar PV plate collector area is usually tuned with the GA to reach 
63 m2 with about 92% improvement of the solar panels [134]. The maximum power point track-
ing of a PV array coupled to a battery has been accomplished with the help of GA. Additionally, 
it was reported that the combination of AI approaches as a hybrid technique can improve the 
accuracy of the solar energy predictions [13,130,134]. In essence, ANN has been the most used 
AI technique in the solar process for modelling, design, estimating heating load, and building the 
PV system. The deployment of agent-​based intelligent control systems helps in managing system 
energy consumption.

16.5.5 �AI  in Bioenergy

Generally, stochastic modelling is utilised for the optimisation of forest biomass in RE generation, 
more particularly the optimal configuration of the distribution chain [132,137]. This modelling is 
intended to maximise the efficiency with which RE is produced. Table 16.3 provides a summary 
of the utilisation of single AI technologies as well as hybrid AI tools for bioenergy analysis. It has 
been demonstrated that ANN is capable of accurately predicting both the octane rating and the 
density of diesel fuel [133,134]. The BPNN is employed to estimate the methane content of biomass 
in bioreactors by utilising several input variables (alkalinity, chemical oxygen demand, chloride, 
conductivity, pH, sulphate, and temperature) [131]. The biodiesel parameters (density, viscosity, and 
H2O and methanol concentration) were estimated by using multiple linear regression and principal 
component regression [13,135]. The accuracy of this estimation ranges from 69% to 96% [135]. 
Within the context of the optimisation of the feedstock supply chain, a hybrid AI approach is usu-
ally explored [130,132,135]. A similar hybrid strategy is utilised to optimise the synthesis of biogas, 
which resulted in an increased biogas yield [13,137].

16.5.6 �AI  in Geothermal Energy

In geothermal well-​drilling, the uses of AI, along with sensors and robots, are for development, 
control, and optimisation [134,137]. Some computer simulations and modelling of geothermal 
reservoirs, as well as optimisation of geothermal energy, are shown in Table 16.3. Generally, the 
numerical models are used to enhance the geothermal systems and reservoir operations [129,137]. 
Meanwhile, the single and hybrid techniques of AI can be applied to geothermal energy. For exam-
ple, the BPNN with Levenberg–​Marguardt, or Pola–​Ribiere conjugate gradient, and scaled conju-
gate gradient algorithms can be used to forecast the efficiency of a vertical ground-​coupled heat 
pump facility [13,130,134].
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16.5.7 �AI  in Hybrid Renewable Energy

The use of AI technologies in a hybrid RE process can be used for the determination of the ideal 
layout, capacity, and efficiency of the system [131,132,134,137]. The design techniques of a solar-​
wind hybrid RE system are anlaysed. The application of AI technologies in hybrid RE is provided 
in Table 16.3. The few selected single and hybrid AI approaches demonstrated to be effective in 
optimisation and estimation of the RE efficiency. In terms of a hybrid RE system that is dependent 
on waterpower supply, BPNN is utilised in the forecast of power consumption as well as the status 
of the generator (on/off) [137]. The Bee algorithm is also utilised in the process of optimising the 
performance characteristics of hybrid RE systems [131,137]. These performance parameters include 
the net present cost, the cost of energy, and the generation cost. A GA has been used in the process 
of optimising hybrid PV/wind systems for the optimal size of the PV array, wind turbine, and stor-
age capacity [132,137]. More so, to optimise the size and distribution of a hybrid energy system (PV, 
wind turbine, fuel cell), a multi-​objective method is used, resulting in a high voltage stability index. 
To improve the size of a hybrid wind-​PV-​diesel system, researchers employ a GA that is based on 
the Markov model. A hybrid AI technique consisting of an ANN and fuzzy logic-​based controller 
has been created for the purpose of controlling the flow of power between a hybrid RE system and 
an energy storage unit [131,137].

16.6 � BENEFITS OF AI APPLICATION IN RENEWABLE ENERGY SYSTEM

The prospects of AI in RES have been broadly studied by many researchers over the years. With 
the emergence of AI technology, RE systems and power companies can access better forecasts 
(energy generation, consumption, trading), better storage options, power grid management, energy 
efficiency and optimisation, etc. This section explores some benefits of AI application in RES.

16.6.1 �E nergy Storage

The application of AI in energy storage is seen from many perspectives. Firstly, AI can be used to 
improve and accelerate the development of batteries for the storage of RE. In this vein, AI systems 
will show an improved knowledge of the degradation limit of battery storage systems utilising 
data-​driven equipment. This will facilitate the optimisation of the storage systems and cut down the 
cost [138]. Again, AI-​based battery storage systems help in stabilising electrical or energy grids. 
For example, in 2017, Tesla built the biggest lithium-​ion stationary battery ESS worldwide. This 
AI-​based facility operates using auto-​bidder, which can intelligently contribute to the stability of 
the Southern-​Australian grid [139]. Another example of an AI-​based ESS is seen in the develop-
ment of AI-​based battery systems by a US-​based firm known as Advanced Microgrid Solutions 
(AMS). This was a consequence of the successes chalked by Tesla’s lithium-​ion stationary battery 
ESS. AMS noted that smart trading systems for AI-​based batteries are more effective than the best 
human traders [140].

Another perspective on the employment of AI in energy storage is seen in the incorporation 
of different RES together. The dynamics of the generation and storage of energy from renewable 
sources differ from source to source. For example, a PV system uses direct normal and diffused 
radiations to generate electrical energy while temperature, pressure, and wind speed are the main 
drivers of turbine power. Again, solar and wind energy may not always be available, as the resources 
that power them are not always predictable. That is, to integrate and store different RES together, 
many factors and data would be required. This is a complex process that can only be achieved by 
deploying AI systems. In a very ambitious project by Saudi Arabia in NEOM city [141], efforts are 
being made to power the city with only RE. Specifically, the project seeks to integrate solar thermal 
and PV, wind, and battery energy storage. This is to be achieved by employing AI technology to 
predict energy generation from different sources and forecasting the energy load. This is highly 
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possible, as AI can analyse data from the past to optimise present conditions to accurately predict 
the future [141].

16.6.2 �F ault Prediction

Fault prediction plays a vital function in the overall efficiency of energy systems. Being able to 
anticipate faults or detect them in advance makes for their timely resolution, which enhances the 
smooth running of systems. AI has been applied successfully in this area in RES. Various applica-
tions of AI in fault detection in RES are presented in Table 16.4.

16.6.3 �E nergy Efficiency Decision-​Making

Efficiency in the use of energy forms an integral part of continuous improvements in energy sys-
tems. More especially in recent times when the energy sector faces pressures of increased demands, 
systems must be put in place to enhance the efficiency of energy that is generated. AI has been 
shown to affect energy efficiency decisions in many ways. For example, AI technologies such as DL 
and computer vision can screen out and sort volumes of information, to reorganise and re-​create 
knowledge [151]. This enhances technological innovations with better energy-​efficient applications. 
Researchers have exerted a significant amount of work towards the development of energy-​efficient 
models for power systems and the incorporation of RES into pre-​existing grids.

For example, Arévalo and Jurado [152] came up with an AI-​based techno-​economic model for 
the evaluation of RE systems. This model analysed storage, power source, and fuel generators of 
multiple power plants in Southern Ecuador that operate in a hybrid fashion – ​incorporating RES 
into the traditional power grid. This model led to the development of energy management protocols 
with the potential of optimising energy use. In a similar vein, Attonaty et al. [153] developed and 
suggested a thermodynamic and economic evaluation model for renewable innovative electricity 

TABLE 16.4
Applications of AI in Fault Detection in RES

Renewable Energy 
System AI Application References

Solar power Supervised ML and graph signal processing technologies to identify issues in solar 
arrays from device measurements

[142]

Flagging of potential anomalies in nearby solar panels using the graphical model 
approach of power output correlations between the panels

[143]

Wind power Identification of wind turbine failures through the building of supervised models 
that predict anomalous gearbox temperatures based on historic data

[144]

Fault detection in wind turbine converters using improved Octave convolutional 
neural network structure known as AOC-ResNet50 network

[145]

Application of deep belief network and signal processing to diagnose faults in 
turbine gearbox

[146]

Application of stacked multilevel-denoising autoencoders approach for wind 
turbine gearbox fault diagnosis

[147]

Nuclear power plants Detection of anomalies in nuclear reactor data through a method of supervised 
learning, clustering, and denoising

[148]

Automatic detection of cracks in nuclear power system facilities by using a 
CNN-based technology to video data

[149]

Detection of sensor fault in nuclear plants utilising multivariate-phase prediction 
technology, supported by vector machine

[150]
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storage system. This thermodynamic and economic evaluation is based on a heat energy power–​
power system where energy is transformed into heat and thermal cycle within a primary heating 
loop. It must be noted that the idea of the development of all these models is to improve energy per-
formance and consequently affect decision-​making within the energy sector. Other similar models 
were developed and proposed by other researchers [154–​156].

16.6.4 �  Utility Energy Planning and Management

AI provides robust systems for utility planning, control, and distribution. A robust utility manage-
ment system can control load demand, enable self-​healing, negotiate measures, and improve a wide 
variety of additional services and products. It is also proficient in regulating grid stations [131]. 
This is the future of effective utility management and control, and AI provides useful trends for 
energy consumption and supply. In terms of demand-​side management (DSM), AI is utilised to 
automate and optimise systems for load curtailment (reduction of electricity usage) and load reloca-
tion (shifting of energy usage to off-​peak periods) which have huge potential for matching energy 
demand and supply [157]. For example, using AI technology, demand response (DR) programs 
(programs or technologies that focus on shifting energy use in the short term to balance energy 
use) can be developed to enhance the flexibility of DSM operations [157]. Furthermore, utilising AI 
technologies in DSM simplifies the complex problem of energy demand optimisation, taking into 
account shared energy assets such as RE and their associated variable pricing tariffs [157].

16.6.5 �U sing AI to Identify Theft of Energy

Energy theft cuts across a variety of operations such as bypassing of electric meters, corruption 
among energy officials, direct hooking to electrical distribution lines, non-​payment of bills, politi-
cal mismanagement, false reading, damage to electrical meters, etc. [158,159]. It is estimated that 
energy theft, specifically from electricity, cost about $96 billion worldwide. The issue of energy 
theft affects not only developing but also developed nations. For example, the UK records over £175 
million every year, while the US records about $6 billion annually [160,161]. AI has the potential 
of curbing energy theft. AI has been identified as a better means of curbing energy theft compared 
to some conventional methods such as game theory and state-​based solutions. Largely, AI tech-
niques use smart meter data such as customers’ payment history and energy use patterns to identify 
irregularities [162–​164]. Areas of suspicious activities would be identified and physically visited. 
One major AI method employed in identifying energy theft is the support vector machine (SVM) 
[165,166]. Other methods employed are the extreme learning machine model, set theory, decision 
tree and Naïve Bayesian, lower-​upper decomposition, etc. [165,167,168]. The efficiency of these 
methods in determining energy theft has been witnessed to be at least 60% [131].

A proposed structure by Ref. [131] for the identification of energy theft using AI technology 
shows that a local control centre is connected to the smart meters of the buildings. This control 
centre, which monitors the activities of the neighbourhood, serves as a link between the whole 
neighbourhood and the major control centre. This enhances the monitoring of energy consump-
tion of the area in real-​time, noting specifically the discrepancy between the energy supplied to the 
neighbourhood and the actual energy utilised by the neighbourhood. Any irregularities are identi-
fied and followed up on.

16.6.6 �P redictive Maintenance Monitoring and Energy Trading

Predictive maintenance is a data-​dependent and proactive method designed to help predict when 
the maintenance of a system should be carried out. In RES, predictive maintenance control con-
tributes significantly to minimising the overall operation and maintenance cost. It helps a great 
deal to identify faults at very early stages. Once faults aggravate to a severe stage, the cost of repair 
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exponentially increases. This is particularly detrimental to the RE industry. For example, for an 
offshore wind farm, identifying faults at severe stages will cost large amounts of money to fix, judg-
ing from the location and transport of the damaged parts [169,170]. AI has revolutionised predictive 
maintenance control. For example, instead of the human-​only inspection, where humans identify 
faults within a system, AI-​based methods including CNNs, region-​based CNNs, drones, and big 
data, IoT, cloud storage and analytics are being used to detect faults, transmit relevant data, detect 
irregularities, and prevent cyberattacks. This has replaced the risky and time-​consuming manual 
inspections [171,172]. An illustration of this application can be found in the collaboration between 
the power firm (Con Edison) serves New York City and Columbia University, which resulted in the 
establishment of a predictive maintenance system for the power grid that serves the city. The power 
system in the city saw significant improvement as a result of the project, with 1,468 network days out 
of 4,590 network days being failure-​free, which is a significant increase from the previous records 
of 908 failure-​free network days [173].

In energy trading, excess energy from individuals or companies is given back to a nearby grid. 
Particularly, entities that generate their RE send the residual energy to the grid. This comes with 
remuneration and requires that the grid be balanced in terms of demand and supply in real-​time 
[174]. Due to the fluctuation in demand and supply, as well as market prices, energy trading is based 
on complex parameters that require expertise and accuracy. AI systems have been developed in this 
regard to automatically trade and make a profit. For example, robotic trading is a fully automated 
process that uses data from live energy markets to make decisions on purchases or sales on the 
market [174]. Generally, AI applications in the energy market span across robo-​advisory, market 
intelligence, algorithmic trading, smart operations and routing, fraud identification, trade surveil-
lance, and risk evaluation, recourse improvement, and automated trade’s historical data evaluation 
and handling for energy trading, etc. [131]. These processes are complex and challenging to humans.

16.6.7 �I nforming Policy

Making effective policies to integrate RE into conventional energy systems require adequate data, 
which will serve as solid bases for implementation and adoption. This is a complex process which 
needs a proper understanding of the dynamics within the energy sector, backed by a proper market 
framework and regulations. AI can simplify the process of policy-​making. For instance, some previ-
ous research works on solar panel deployment aimed at analysing the socio-​economic factors that 
form the bases of installations of solar panels using AI. Again, some efforts have been made using 
AI systems to monitor GHG emissions in real-​time across some facilities within the energy sector 
and beyond. Information from these studies can serve as guides towards the development of climate 
change policies, rules, and regulations [175]. The use of AI to study methane and CO2 emissions 
from satellite images can be used to inform policy-​making and improve already existing ones.

Other areas of application of AI which inform policy-​making include analysis of a large body 
of the document, prediction of market patterns, and filling gaps of missing data. For instance, the 
authors of Ref. [176] analysed the different technological innovations within a large data set of solar 
PV patents using topic modelling techniques. In a similar vein, the authors of [177] used topic mod-
elling to analyse research on climate change to expose and understand any available gaps. All these 
contribute immensely to validating decisions taken towards effective policy-​making.

16.6.8 � Reducing Fossil Fuel Impacts

Reduction in the impact of fossil fuels remains a major challenge in the energy sector. It is, how-
ever, noteworthy that many efforts have been made in the right direction to improve the situation. 
Applications of AI in this area can be noted in the automatic detection of oil spills, methane leaks, 
and pipeline corrosion, amongst others. Keramitsoglou et al. [178] applied AI in the detection of oil 
spillage by training a fuzzy logic-​based classifier to identify such leakages from satellite images. In 
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terms of methane leakage, Wan et al. [179] applied a SVM model to sensor data to detect methane 
leakage in natural gas pipelines. In a similar vein, Wang et al. [180] detected methane leakage from 
infrared videos by training a CNN in a test facility simulating natural gas production. Other notable 
areas of fossil fuel impact reduction include emission reduction during fuel production energy effi-
ciency in oil and gas production and CO2 leakage monitoring [181,182].

16.7 � LIMITATIONS OF AI APPLICATION IN THE RES

Despite the great benefits that AI brings to the RE industry, many bottlenecks need to be tackled. 
In the first place, the reliance of AI systems on big data to train machines comes with the challenge 
of availability of these data and these data come at high costs. Again, building and integrating AI 
technology into already existing systems pose huge technological issues. Other drawbacks include 
legal and compliance issues, and safety and security challenges [183,184]. Some of these challenges 
are discussed further.

16.7.1 �L ack of Theoretical Background

Many entities are still unfamiliar with AI and its perks in the RE industry. There appears to be very 
little information out there to back decision-​making. Consequently, stakeholders have little under-
standing and skills to make informed decisions on how to best deploy AI in the operation of RE 
systems. As such, there is slow growth and patronage of the technology.

16.7.2 �L ack of Practical Expertise

Practical expertise is needed to effectively operate, manage, and optimise AI systems to maximise 
application. This expertise is, however, difficult to come by. This area of technology remains an emerg-
ing area, and as such coming across experts to develop reliable AI-​powered systems with maximum 
practical benefit is a challenge. Besides, many companies are reluctant to take risks in delving into 
new areas of AI application in the RE industry as a result of the sensitivity and high cost of the risks 
associated. Entities prefer to stay within their comfort zone, working with the little expertise they have.

16.7.3 �O utdated Infrastructure

RE systems consist of different types of infrastructures that are interconnected to produce energy. 
Consequently, AI operations or systems rely on this infrastructure for data collection, processing, 
storage, and information dissemination. That is, AI systems exist within other technologies, social 
arrangements, and existing structures [185,186]. Due to the sophisticated and powerful nature of 
AI, ultra-​modern and hi-​tech infrastructures are required. This is, however, problematic for existing 
conventional power grid infrastructures, which were not originally the use of AI technology; as such 
the available infrastructure is unable to support the proper application of AI. Again, it must be noted 
that most conventional power grids were not developed to allow for the incorporation of RE. This 
makes their adoption and subsequent application of the related technology a challenge to existing 
plants [187]. The dependence of AI on other infrastructure has been noted by Star [185] to cover 
certain properties such as embeddedness, transparency, and modular; unfortunately, not all existing 
infrastructure can support these properties adequately. Periodic updating of these infrastructures is 
required to continuously support the application of AI technology.

16.7.4 �E conomic or Financial Pressure

The development of AI systems for use in RE systems involves financial commitments. As mentioned 
earlier, AI systems rely on data. The acquisition of suitable data storage systems and associated 
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infrastructure requires large financial investments. Furthermore, the development of software that 
is exclusively suitable for the operation of RE systems is very time-​consuming. In most cases, 
building such an AI system requires hiring an established software provider to create, configure, 
maintain, and manage it. In addition, there are other peripheral devices. The implementation of AI 
systems for the operation of RE plants thus requires enormous investments.

16.7.5 � Vulnerability: To Cyberattacks

One of the risks associated with the application of AI is cyberattacks. Since AI application depends 
on the integration of data from diverse owners, formats, and structures, the probability of cyberat-
tack associated with this process is equally high [188]. It must be noted that even though cyber risks 
are minimised through siloed approaches, these methods are not efficient and hence require careful 
integration to avoid hackers from accessing valuable data [189]. Again, IT systems are being devel-
oped to be more powerful, like quantum computing which is more efficient than super computers 
and can process tons of data within short periods. While this is beneficial for running AI systems, 
it also makes hacking faster [190]. In the United Kingdom, it is estimated that cyberattacks on the 
London energy network reach as high as £111 million per day [191]. Hackers are constantly launch-
ing attacks on energy systems. It is reported by the US Home Security Department that since 2011, 
over 400 attempts were made at intruding into US energy installations. In a similar vein, a study 
in 2016 found that about 75% of energy companies experienced cyberattacks at least once. That is, 
much work still abounds in securing AI-​based RE systems from cyberattacks. Cybersecurity risk 
management must be backed by policies and stringently implemented.

16.8 � PROSPECTS AND ADVANCEMENT IN ARTIFICIAL INTELLIGENCE 
FOR EFFECTIVE APPLICATION IN RENEWABLE ENERGY SYSTEMS

Recent advancements in AI techniques including big data explosion, advancement in DL and ML 
models, increased computing power, intelligent robotics, cyberattack protection, rise in RE incorpo-
ration, and the position of the IoT in the smart grid, among other advancements in AI technologies 
are briefly discussed.

16.8.1 �T he Proliferation of Data and the Advancement of ML Models

The prospect of AI has been harnessed for increasing computational power and the creation of 
massive amounts of data. AI technologies derive value from new data and assist in the manage-
ment of complicated energy systems. It is a regular prerequisite for an intelligent instrument to 
effectively optimise and evaluate a vast quantity of data sets created by power systems that there be 
a relationship between big data and AI. Big data and AI techniques are being used to significantly 
improve organising and judgement, examinations, status surveillance, supply chain optimisation, 
and authentication to enhance the performance and correctness of current energy systems.

When it comes to policy-​making and regulation for the digital energy system, there will be a slew 
of new considerations. New rival companies, evolving market models, and more proactive customer 
involvement would necessitate the use of professionals who were also flexible in their approach, 
and regulatory intervention in challenges associated with customer health, confidentiality, and data 
security. Because of the rapid advancements in evolving techniques and data analytics, regulatory 
permissions for innovative products and services can be effectively provided in the current environ-
ment. The data collected by the equipment will also be clear and available to the greatest extent 
possible. Overall, organisations should strive to develop organisational information and expertise in 
interpreting not only the techniques but also customer perception and behaviour; data acquisition, 
evaluation, and protection; the related impacts of automation; and cyber threat, in order to guarantee 
that they reap the greatest possible benefits from the new potentials presented by AI digitisation. As 
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a result, digitalisation in the energy system should not be regarded as a separate issue, but rather as 
an inherent element of decarbonisation through the application of AI [131].

Enhanced ML models: DL is the emerging approach in AI and ML. The application of DL models 
has resulted in significant advancements in ML and AI. The absence of the extraction function in DL 
as compared to ML is a significant advancement. Conventional ML models including SVMs, deci-
sion trees, logistic regression, and Naïve Bayes models have all been utilised previously alongside 
DL. These classical models are not capable of being deployed immediately to raw data including 
images, .csv files, text, and other types of text [131]. The extraction function, which is part of the pro-
cessing phase, is responsible for raw data extraction. It is a complicated procedure that necessitates a 
great deal of data for the fault domain. In recent years, the improvement of DL models has rendered 
the extraction function component superfluous. The DL now identifies the traits and can make pre-
cise forecasts without the need for human intervention or interference. To meet the growing require-
ment for data size for various energy systems implementations including PV production prediction 
[192], battery state-​of-​charge computation [193], planning of household energy [194], the estimation 
of energy demands for the transmission and personal gadgets, building energy utilisation planning 
and maintenance [195], DL models have shown their hierarchical interpretation behind data, in con-
junction with optimistic DL research, and help to lessen optimisation challenges and build successful 
scaling approaches [196]. Furthermore, DL models are also widely employed in a variety of fields, 
including cybersecurity, data science, image identification, data surveillance, and protection.

Sophisticated DL models are frequently described as “non-​explainable,” which means that 
they function as a black box in which inputs are used to assist in the transformation of invisible 
units into target output. In addition, the detection and elucidation of these concealed levels are a 
significant difficulty [171]. Approaches such as ML are engineered to develop models for certain 
functions based on a particular quantity of data inputs. These models have been constructed with 
specimens to educate the algorithm in a sequence of developmental iterations that produce the out-
comes that were intended. ML models are classified into three kinds (supervised, unsupervised, and 
reinforcement learning). There are two types of supervised learning: regression and classification. 
Diagnostics, identity fraud identification, client retention, and picture categorisation are all exam-
ples of applications for classification models. Regression models are frequently utilised in a variety 
of applications, including market forecasts, RE facility life span estimations, climate forecasting, 
population growth prediction, and marketing trend predictions. In addition, there are two forms of 
unsupervised models, for example, aggregation and dimensional reduction. Elicitation, structure 
identification, massive data visualisation, and compression are all accomplished through the appli-
cation of dimensional reduction models. However, customer categorisation, tailored advertising, 
and system considerations are all accomplished through the usage of aggregation models. Among 
the applications of reinforcement learning include real-​time decision-​making, AI game theory, skill 
development, and robot navigation [131].

16.8.2 �I ncreased Computational Ability and Intelligent Robotics

To keep up with the progress of AI technologies and the growing demand for data collection, the 
increasing potential to execute computations is required. They would not be able to take leverage of 
this unless there was an expansion in computer processing capability. There are two distinct histori-
cal periods in the development of the computational capacity of AI in training systems; for instance, 
the first era covers the years 1959–​2011, while the second era (the contemporary era) covers the 
years 2012 to the present. This history of AI explains the ups and downs of computing power. Since 
2012, there is a significant acceleration in the improvement of computational power technologies 
[131]. The explosion of big data, cloud computing, mobile internet [197,198], and AI has facilitated 
both corporate and scientific studies research in these fields [199]. The application of AI research in 
intelligent robotic industries is helping to improve the performance and intelligence of robots in the 
fields of design, advancement, and manufacturing [200].
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The intelligence of robotics and AI machines has had profound effects on governments, corpora-
tions, and the public. It is used to address cognitive challenges involving human intellect. Advances 
in digital imagery, voice identification, and robotics have sparked fear among businesses, scientists, 
legislators, and government officials that AI may substitute, automate, and transcend human intel-
ligence. Robots were utilised by energy corporations for a variety of functions, including secu-
rity, surveillance, and servicing. Distribution lines, cable lines, and wind turbines are among the 
facilities that are susceptible to this kind of assessment, and robots equipped with powerful AI have 
performed this task in a technologically savvy manner. Drone technique will be used by electrical 
utilities for a variety of purposes, including the monitoring of transmission lines and the examina-
tion of wind turbine blades. Wind turbine blades are painted, sanded, and polished using robot-
ics in the wind turbine industry. Robots play critical functions in the automation of solar system 
manufacturing. The deployment of AI robots in the smart energy industry has the potential to boost 
performance, save time, and enhance the efficiency of RE optimisation [131].

16.8.3 �T he Use of Artificial Intelligence to Guard against and Identify Cyber-​Crime

It has lately been popular to conduct substantial research on jammer attacks and false data assaults 
[201,202] against smart grids. Jamming attacks are typically divided into two classes: reactive and 
active jamming. Reactive jamming refers to strikes that occur as a result of a network failure. The 
goal of an active jammer is to maintain the channel dominated regardless of whether or not it is being 
used. The reactive jammer is only effective when the communication channel is in operation. Among 
the most significant concerns associated with jamming is the ease with which it can be launched [191]. 
In recent years, hackers have targeted energy firms and power network suppliers daily. According to 
the findings of a 2016 survey, hackers launched at least one cyberattack against 75% of energy firms 
in the previous year [131]. Since 2011, more than 400 invasions into US energy installations have 
been reported to the US Home Security Department, according to a report published in 2017 [131].

Cyberattacks on energy systems are one of the most pressing concerns facing modern society 
and mitigating them is a top priority. Smart houses, Internet-​connected devices, smart gas and 
electricity metres, and other innovations are making energy use more efficient. They are essential 
for energy control of the grid facility and the precise synchronisation of energy requirements and 
production. They do, however, provide a plethora of options for cyberattackers. Solar and wind 
energy production, electric vehicles, and ESSs all operate under comparable circumstances because 
they are all linked to the power grid as well as the Internet. In addition to commercial spies and 
cybercriminals, adversaries comprise intelligence agencies, state-​sponsored hackers, and military 
cyber commandos with significant ability and resources. Integration of AI models is extremely 
beneficial for identifying cyber risks depending on the examination of misleading data, and this 
data assist in exploiting the fault before it damages RE infrastructure. In order to keep accounts 
safe from fraudsters, passwords must be used, and AI systems can offer biometric authentication for 
energy processes that are safe and trustworthy. Many investigations have been performed on cyber-
attack mitigation, including the advancement of IoT cybersecurity [203,204], security of wide-​area 
surveillance systems [205], cyber-​physical mechanisms [206,207], security of the industrial control 
system [208], and protection of the commercial control system [206,207]. In order to minimise 
large-​scale disruption and limit the likelihood of potentially devastating failures, wide-​area surveil-
lance entails using system-​wide data to avert commercial interruption and communicate targeted 
basic information to a distant location. Furthermore, AI harmonises the disparity between security 
systems and aids in the design of advanced security systems.

16.8.4 �E nhance Renewable Energy Integration and Energy Efficiency Optimisation

With the incorporation of a substantial quantity of RE and the deployment of novel AI control mod-
els, the traditional grid is evolving. The traditional grid does not have sufficient potential to account 
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for the diversification of RES and the intrinsic fluctuation of wind and solar energy, which poses a 
range of issues in meeting the fluctuating load demand created by these sources. To maintain the 
reliability of the power system and satisfy their real-​time requirement, power providers and utili-
ties are attempting to balance these variable loads. The application of AI can alleviate these types 
of obstacles and elevate RE to the status of a comparable participant in the nation’s energy supply. 
Using AI technologies and the smart transactive energy architecture, centralised energy control 
centres will be improved, as well as the incorporation capabilities of microgrids [209]. It is hoped 
that the AI optimisation technique will improve the output values (for example, the system topol-
ogy and how it operates) as well as the deployment of distributed RES [210]. According to research 
findings from different studies [211–​214], AI could be used to create smarter equipment including 
sensors that can measure massive volumes of data and offer prompt judgements. It enables utili-
ties to make intelligent adjustments to the disparity between demand and supply. Additionally, AI 
assists in checking the health of control systems, identifying energy loss, and understanding energy 
utilisation patterns.

The accessibility of the facilities of production is critical to the generation of electricity. 
Optimisation approaches and AI models have been widely adopted by utilities to increase the return 
on investment by increasing the performance of energy production while making prompt modifica-
tions. The incorporation of digital wind farms with AI systems has the potential to boost energy 
production by approximately 20% while also generating an extra profit stream of ~$100 million 
throughout the wind turbine’s lifetime [131]. It facilitates real-​time communication with the numer-
ous wind farm locations, as well as the monitoring of changes in wind pattern and velocity, as well 
as the condition of the power grid. The employment of AI aids in the analysis of inadequacies and 
the specification of solutions that optimise energy consumption. The use of AI in utilities can help 
optimise breakdowns and startup of moving components, reduce unscheduled outages, and forecast 
potential maintenance demands based on the performance depreciation of their equipment.

16.8.5 �T he Relevance of Artificial Intelligence in the 
Smart Grid and the Internet of Things

Electricity transmission systems for commercial, industrial, and office buildings have typically 
been provided via traditional grid stations that are one-​way in nature. The smart grid runs in a 
bidirectional manner and can perform real-​time load changes and surveillance functions. When 
multiple forms of energy sources and IoT infrastructure are combined, the smart grid becomes 
more efficient and stable. AI can analyse a vast number of data sets to improve the performance and 
stability of these new information sources. The IoT is a concept that refers to the improved applica-
tion of devices and things that have integrated sensors and Internet connectivity. The smart grid’s 
power irregularities are controlled by AI technologies. AI can be employed to optimise smart grids 
[215], numerous types of smart grid techniques [216], smart load control [217], DR [218], smart 
grid-​enabled IoT [219], management of district-​level load, and identification of electricity theft in the 
smart grid environment. By 2025, it is projected that over 75 billion IoT devices will be in operation 
worldwide [131].

It is expected that the IoT will contribute significantly to infrastructure planning in aspects of 
energy performance and analytics; asset management; grid control, simulation, and planning; digi-
tal twin; smart metres; virtual power plants; and digital substations. The IoT is being implemented 
in a variety of ways. Consumers will be cognizant of smart home appliances. The IoT techniques 
are utilised in the industrial domain to handle process control, generation processes, and optimisa-
tion. The IoT is already being employed in several areas in the energy industry. For many energy 
consumers, the smart metre, which allows for real-​time measurement of energy usage as well as 
regular load uploads, is the most frequent type of metre. Despite this, connected sensors are still 
widely employed in power grids to monitor energy flow and network issues.
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16.8.6 �P recision Stabilisation and Dependability, and 
Information Transfer and Communication

AI can assess data from sensor streaming, infer and recognise trends in the data, and create a 
response for energy network control appliance loops. Visual intelligence is the potential to analyse 
and interpret the visual content of grid loops and energy networks and to do it in real-​time. Physical 
intelligence offers it the ability to enact events and strategies for cyberattacks, unforeseen events, 
and fault circumstances in a human-​like manner, including independent driving, without relying 
on AI. Knowledge intelligence develops texts containing data on energy use that is tracked in real-​
time, and it has even assisted in human communication. These AI features are critical in maintain-
ing a healthy balance between accuracy and dependability in the system. The use of AI enhances 
the effective utilisation of generators, storage systems, portfolio and workflow management, and 
the effective deployment of resources and asset management. The application of AI will assist the 
electricity sector in capitalising on the interruptions caused by decarbonisation, digitisation, and 
decentralisation. When it comes to energy forecasting utilising big data, ML models are the best 
choice because they provide the least amount of forecast error. Utilities benefit from the lowest pos-
sible forecasting error, since it helps them to stabilise power and supply. In order to optimise and 
manage highly complicated grid infrastructure, power generation, linked devices, and residences 
AI approaches are required [131]. This cutting-​edge innovation will aid in the intelligent control of 
the grid and the effective management of emerging decentralised systems by utilities. To increase 
dependability and prevent restriction in RES, AI will determine which energy source is the most 
appropriate at any particular period. The AI models can discover a connection between the produc-
tion of fossil fuels and RE. The AI models will be modified to encourage the usage of RES while 
simultaneously reducing fossil fuel utilisation. Temperature estimation and electrical theft can be 
detected using AI technologies. AI technique improves the stability of the electrical system by 
boosting battery storage and climate predictions.

In the field of AI, knowledge transfer continues to be a concern [220]. The energy sector, on the 
other hand, is being transformed by existing sophisticated AI approaches and breakthroughs in 
smart grid techniques. The AI concepts will enable experts and energy strategists to develop novel 
models for different energy implementations, including RES (e.g. wind and solar), load planning 
and control, cybersecurity, big data processing, energy theft identification, and other related areas.

16.9 � CONCLUSIONS

The energy sector is undergoing significant transformation due to the disruption brought about by 
decentralisation and digitisation. Advancements in AI can assist the energy business in optimising 
the power grid while also maintaining stability and dependability. It is possible to split AI potential 
into three fields: assessment (for example, collecting and recognising data), inferring (for exam-
ple, understanding and processing from this data), and reaction. Big data explosions, advances in 
DL and ML, smart robotics for infrastructure development and power grid surveillance, enhanced 
incorporation of RE, a substantial rise in IoT in the energy sector, cyberattack protection and safety 
advantages, and improved computing power are all examples of how AI is playing a leading role in 
solving many issues in the energy industry. Analysis of data necessitates the use of high-​accuracy 
data sets, whereas ML and AI rely on learning data sets.

Variations in AI policies differ from one country to the next. Governments will decide to con-
centrate on different parts of AI regulation, based on the national limitations and strengths of each 
country. Governments must provide funding for both basic and applied studies to accomplish sig-
nificant advancements in AI theory, technology, and implementations. Nations need skilled AI 
personnel to undertake AI research and development and to apply AI techniques in the business 
and governmental sectors of the energy industry. AI has the potential to change several energy 
industries to spur development in the next decades. Government funding in important industries, as 



233AI for the Operation of Renewable Energy Systems

well as the establishment of AI clusters and ecosystems, should be made to stimulate private-​sector 
firms. Several studies have demonstrated that both the public and commercial energy sectors are 
capable of improvement. The application of AI improves the efficiency of the software. The ability 
of AI to function is dependent on its ability to consume energy and communicate data. Because of 
this, countries are striving to expose their databases and establish platforms to encourage safe, pri-
vate data interchange. There have been a lot of ethical debates around confidentiality, algorithmic 
bias, and safety in recent months. The goal of government-​sponsored utilities is to set codes and 
ethical standards for implementing and improving AI to prevent harm. Utilities and government 
AI regulations attempt to maximise AI’s wide variety of advantages while considerably lowering 
its drawbacks and hazards. This is a critical feature of society and its economy, and utilities and 
government AI policies are a crucial part of that. This study will encourage the AI energy industry 
to improve its processes and actively assist the creation of RE sources.
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Abstract

In the present era, non-renewable energy sources  are depleting at a faster rate; therefore, it’s right 
time to switch to renewable energy sources. Moreover, the climatic changes occurring due to usage of 
non-renewable sources are alarming us to move toward the natural sources such as solar, wind, tidal 
and biogas. Among these, solar energy has become a promising alternative source of energy due to its 
abundance. The function of the photovoltaic system is to convert the incident solar light into electri-
cal energy. High-fidelity forecasting is required for effective and reliable utilization of solar power. 
There are lot of ways to forecast, such as genetic algorithm, neuro-fuzzy, Particle Swarm Optimization 
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method and neural network. Multilayer perception takes care of neural network, and error propagation 
algorithm takes care about the training part. Regression analysis has been done on various training 
algorithms with different sets of parameters (epochs and Max_fail); variation of regression and perfor-
mance of the network is observed for these combinations to determine the best training function and 
the best set of parameters to get satisfactory results. This analysis would help us to predict the solar 
radiation in a given area.

KEYWORDS

Artificial Neural Network; Solar Radiation Forecasting; Multilayer Perceptron; Back 
Propagation; Regression

17.1 � INTRODUCTION

The demand for the electricity is increasing day by day, and we cannot even imagine a life without 
electricity, which results in the increase in the demand of power generation. If we use inappropri-
ate methods to generate power, using non-​renewable energy sources, it will result in the increase of 
greenhouse emissions, which has already caused an irreversible damage to our environment.

There are some ways which can be used to increase energy generation without increasing the 
level of greenhouse gases in the atmosphere; solar energy is the most preferable. Forecasting the 
solar energy plays a major role, as it will help to have a better photovoltaic (PV) system control and 
management. It can also be used in facilities like thermal-​solar power plants and in power regulation 
and power scheduling in power grids. This system helps the power system operators in load balanc-
ing and for the optimization of energy transfer and also allots the required amount of energy by 
other resources (conventional generation stations) when there is absence of adequate solar energy. 
It also helps us plan and maintain functions that take place in production sites, and also takes care 
about necessary measures from extreme events.

A vast amount of information is required for this on many factors, like long-​term old energy data, 
real-​time energy data, site irradiances data, local solar energy resource forecasting, socio-​economic 
conditions, environmental conditions, electricity demand and trading of electric power.

17.2 � PROBLEM FORMULATION

Existence of the solar forecast remains unclear. Many methods which include atmospheric phys-
ics, machine learning, solar instrumentation, forecasting theory, and remote sensing have been 
developed and implemented. It has been described that performance may be improvised when the 
information about cloud covering the island is known 15 minutes before this usual power backup 
is planned or disconnection for the critical area load demands. Numerical weather estimates the 
weather conditions by employing current weather conditions as input to the mathematical models, 
where the model analyses and forecasts solar irradiance for longer duration. But this mathematical 
model doesn’t give good results in small scale and can’t predict when the panel is covered with the 
clouds. But there are some classic approaches, such as time series-​based traditional forecasting of 
solar energy. For long-​duration forecasting weather station data and climate time series are also 
taken into consideration. For the small-​scale forecasting, cloud cover must be taken necessary.

Models for very short-​time forecasting use of total sky and satellite images are helpful because 
we can get the inappropriate information about atmosphere by using image processing and cloud 
tracking techniques. In this chapter, the digital images taken by a ground-​placed sun tracking cam-
era are used to analyze the statistics of ramping rates and duration for the cloud covering interme-
diately. It also tells many image processing techniques are helpful in solar forecasting, speed field 
calculations, cloud grouping and spatial transformation of images.
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17.3 � SOLAR ENERGY

There are a lot of ways in which electrical energy can be generated, as energy can neither be gener-
ated nor destroyed. For instance, we have hydroelectric power stations, wherein we use the potential 
energy stored by the water to run the turbine and generate electrical energy. In thermal stations, 
heat energy is converted into electrical energy; most of the turbines currently employed in the power 
generation are steam-​driven. Wind stations use the kinetic energy of the air to run the turbines and 
give electrical output. Out of all these, PV systems are widely preferred. There are numerous advan-
tages to support the statement (Figure 17.1).

•	 They are static systems, which means they have a long life.
•	 No fuels, liquids, or gases, hence no risk of leakage.
•	 No pollution; hence are often considered as eco-​friendly.
•	 Very little maintenance and can be unmanned.
•	 PV cells are made of silicon, which can be found in major portion of earth’s crust.
•	 Solar stations depend on solar energy, which is clean and cheap.

17.3.1 �L imitations of Solar Energy

There are a lot of advantages for using PV systems over other generating stations. But there is one 
drawback while going for solar-​based energy, that is, solar cells have poor efficiency (typically 
12%–​18%). The major reasons for low solar cell efficiency are as follows:

•	 Part of the light is reflected from the surface due to the fundamental property of material.
•	 Light may not have sufficient energy to liberate electrons.
•	 Electron and hole recombination’s (either direct or indirect).
•	 Manufacturing defects.
•	 Resistance offered to the current flow.
•	 Degradation in performance after long years in use.
•	 High temperature and low temperature losses.

FIGURE 17.1  Block diagram of conversion of solar energy to electrical energy.
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17.4 � NEURAL NETWORKS

17.4.1 �I ntroduction

Neural networks are the algorithms that are modeled loosely to mimic human brain. Humans are 
good with patterns; no matter how random the data, the human mind always tries to find a pattern. 
Computers, on the other hand, can process huge amounts of data without any problem. But the limi-
tation of computers is its inability to find a pattern and that of humans is to process huge chunks of 
data. Neural network is the common ground where we can integrate neural activity and algorithms 
to form a network which can find a pattern by feeding the network with tons of data.

Neural networks are used to find a relation between input and output, if at all there is any, by 
means of correlation. NNs are used mainly for classification and clustering, for example, in super-
markets, economics, population prediction, marketing and medicine. NNs are preferred when the 
rules to solve the problem are not quite certain, and are often considered a black box as we cannot 
really explain how the problem is solved.

17.4.2 � Neural Networks Architecture

Neural networks have three layers: input layer, hidden layer and output layer. Each layer has its own 
set of nodes and the data processed through these layers. The data are fed to the input layer nodes 
(number of nodes are equal to the input parameters and the data fed to the input layer are not altered 
during the learning stage) and every node in the input layer is connected to the hidden layer node 
(number of nodes depends on the application and requirement). The output from the hidden layer is 
then fed to the output layer node from which it is passed through an activation function. Connections 
made between the layers have weights assigned to them; these weights are altered based on the error 
propagated during the learning stage to achieve the task at hand (Figure 17.2).

17.4.3 �B ack Propagation Algorithm

This has two phases: one is Forward Phase and the other is Backward Phase. In the Forward Phase, 
weights are adjusted with respect to input values, and if we get any error, that error will be propa-
gated backward to adjust the weights such that simulated output is almost or approximately equal to 
the expected output (Figure 17.3).

FIGURE 17.2  Architecture of ANN.
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17.4.4 �A pplication of NN in Solar Forecasting

To understand the application of neural networks in the forecasting, we have understood the history 
on how neural networks came into existence. Humans are wired to recognize a pattern in the given 
data no matter how random the data are, while computers are good with processing the data in 
large chunks. But the limitation of computer is that it cannot process creatively; in general terms, it 
cannot find a pattern in each data no matter how good the processor is or how good the memory is. 
On the other hand, humans are lousy at handling data; to be precise, we cannot find a pattern when 
we encounter, say, 600 datasets. Neural networks are the common platform where we can imitate 
a human brain (which helps us in detecting a pattern) by transferring tons of data to the network, 
which is an algorithm (which handles data well).

PV output depends on solar irradiance, which in turn depends on geographical location of the 
site, time of the year, climate and the level of irradiance. While using neural networks, these vari-
able parameters on which the solar irradiance depends on is given as input parameters and the 
electrical output is taken as the predicted output. Number of nodes needed depends on the collected 
data; training algorithm depends on the application. The next step will be neural network training 
based on the available data, following which the validated data is fed and tested on the network. 
This makes it possible to evaluate performance of the network in all possible scenarios. If the results 
are satisfactory, then we feed the network with future data, at a location and time, and predict the 
electrical output of the system. If the output does not meet the requirement, then we can make 
changes to the proposed plan and run the network again till we get the predicate value.

17.5 � SOLAR RADIATION FORECASTING

17.5.1 �I nput Parameters

The choice can be made by observing at the past data. There are certain parameters that are constant 
or do not change much and have a little effect on the output; we can omit those parameters and save 
the network some complexity. On the other hand, we have some parameters that are imperative and 
can lead to false predictions if not taken into account. We have nine input parameters, and these are 
used to train the network. Of these parameters, daily solar radiation is considered as the most effec-
tual one. It depends on many factors such as Air Temperature, Day Solar Radiation, Wind Speed, 
Atmospheric Pressure, Temperature of Earth, Relative Humidity Precipitation, Heating Degree-​
Days (18°C) and Cooling Degree-​Days (10°C).

17.5.2 �O utput Parameter

We are training the neural network in a supervised manner, for which we need to give the predicted 
output, more precisely a target, while training the network. We take the electrical output of the PV 

FIGURE 17.3  Back propagation algorithm.
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system as the target for the training procedure, and its unit is KWh. RET screen software gives the 
PV output for a given capacity when fed with the annual data.

We have collected 268 datasets; in every dataset, we are taking annual data to train neural net-
work. Whole information is classified into three variables.

	 i.	 Input (9 × 248, which means 9 input variables and 248 datasets)
	 ii.	Target (1 × 248, which means 1 output variable and 248 datasets proportional to input)
	 iii.	Sample (9 × 20, which means 9 input variables and 20 datasets).

As we have three sets of data, we are going to use the input and target datasets to train the network, 
and then the network is used to simulate the sample datasets to validate our results.

17.5.3 � MATLAB® Training

There are seven basic steps for designing a neural network:

	 1.	Data Gathering
	 2.	Network Creation
	 3.	Network Configuration
	 4.	 Initialization of Biases and Branch Weights
	 5.	Network Training
	 6.	Validation of Network
	 7.	Network Usage

17.5.3.1 � Training Functions
Feed-​Forward Back propagation has 13 different types of training functions; they are TRAINBFG, 
TRAINBR, TRAINCGF, TRAINCGP, TRAINGD, TRAINGDM, TRAINGDA, TRAINGDX, 
TRAINLM, TRAINOSS, TRAINR, TRAINRP and TRAINSCG.

Each training function has unique functionality and algorithm. To train neural network we used 
8 out of 13 training functions as they are preferred for pattern recognition and trained and validated 
the network to get accurate output values. Some training functions are good with handling weight 
updates, while the others have good accuracy. Here, we used TRAINRP function.

TRAINRP:
It is Resilient Propagation. It is a function used for training network which updates the values of 
weight and bias as per Resilient Back Propagation Algorithm (R-​prop) (Figure 17.4).

17.5.4 �A daptation Learning Functions

•	 LEARNGD function is used for learning gradient descent weight and bias.
•	 LEARNGDM function is used for learning gradient descent along with momentum weight 

and bias.

Performance Functions:

•	 MSE: Mean squared normalized error
•	 SSE: Sum squared error performance function

Transfer Function:

•	 TANSIG: Hyperbolic tangent sigmoid
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•	 LOGSIG: Log-​sigmoid transfer function
•	 PURELIN: Linear transfer function

17.5.5 �S teps to Be Followed to Simulate and Train the Neural Network

	 1.	Collect the datasets (solar data) from any website or software.
	 2.	Collected data should be in Excel format.
	 3.	Now open the MATLAB tool (Artificial Neural Network (ANN) Tool).
	 4.	 Import the data from excel sheet to MATLAB Tool in terms of Input, Sample and Target 

datasets.
	 5.	Select the New option to create the neural network.
	 6.	Assign the specific functions like Training Functions, Adaptation Learning Functions and 

Performance Functions for the different types of neural networks.
	 7.	Create and open the network.
	 8.	Select Train option and assign the values for training info and training parameters like 

epochs and Max_fail (different combinations).
	 9.	After assigning the training parameters train the network, a window will open which dis-

plays the Performance, Transition state and Regression plots along with gradient values.
	 10.	Number of iterations depends on the epochs value that we give I intent-​based networking 

(IBN) training parameters. More epochs values and more Max_fail values lead to effective 
training.

	 11.	Now, open the regression plot, in that we have four plots of Training, Validation, Testing 
and All. The entire dataset that we are giving as input is divided into training, validation 
and test sets, and output for these values is obtained.

	 12.	Regression value should be 0.75–​1.0. Train the network until we get good regression values.

FIGURE 17.4  Flow chart of training process.
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	 13.	As soon as we get good regression values, simulate the network with sample as input.
	 14.	We get output values which are approximately equal to desired output. Train and simulate 

the network until we get minimum error.
	 15.	Export the network for users after completion of training and simulation.

17.6 � RESULTS

The analysis is done with different training functions. We chose epochs and Max_fail as our per-
formance parameters, as they have a powerful effect on the output. Epochs influence the training 
time, while Max_fail will affect the accuracy of the network. Epochs and Max_fail are varied in 
sets considering all the possibilities. For the training function regression of the training, test and 
validation set is tabulated, and the regression plot of the best combination is provided. The network 
with the combination of best pair is used to simulate a sample test data, and the simulated values 
are then compared with the expected values and the error is calculated to demonstrate the use of 
network in real time (Table 17.1 and Figure 17.5).

TABLE 17.1
TRAINRP Regression Table

Epochs Max_fail Training Regression Validation Regression Test Regression

200 1,000 0.7640 0.8465 0.7691

1,000 200 0.7526 0.8768 0.780

1,000 1,000 0.75525 0.78881 0.8449

200 200 0.7328 0.8087 0.93212

500 500 0.79182 0.85339 0.92073

FIGURE 17.5  Regression plot.
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We initialize epochs and Max_fail as 200 each and train the network. We continue training the 
network until we get a good regression, by checking the regression plot time to time. If we get a 
good regression, we use the network and simulate the sample data and compare it with expected 
output. It is seen that the maximum error is 12.4% and the minimum is 0.0057% respectively 
(Table 17.2).

17.7 � CONCLUSION

Fluctuating nature of solar energy is what makes it unreliable and poses a major problem in the grid 
integration. ANN has proved to be the best solution for the issue. Artificial Neural Network-​based 
solar radiation forecasting is done, so as to evaluate the performance of a PV system before install-
ing the solar plant. The correlation between the nine input parameters and the output is found to be 
accurate in most of the cases. Comparison with the actual results shows that the predicted results 
are very close, up to an accuracy of 85%. This method is employed to predict solar radiation for any 
location in the world.
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Abstract

With the increase in utilization of electricity in household, industrial and commercial sectors, the rate 
of pollution is also increasing rapidly. The electricity sector is one of the major sources of greenhouse 
gases as they use non-renewable energies. These greenhouse gases have a direct impact on human 
health and environment. Therefore, utilizing of clean energy must be maximized to reduce the unneces-
sary change in climatic conditions. In this study, a hybrid system (HBS) connected to grid is proposed 
to utilize fresh energies like solar, wind, and biogas for generating electricity. On the basis of actual-
time information of climatic components, this HBS has been skillfully examined in three separate sites 
in Southern Asia. This case study is performed with the aim to minimize carbon emissions in terms of 
the cheapest electricity production. At last, this study concludes that the proposed total hybrid frame-
work is pollution-free and lucrative as it is using renewable resources.

KEYWORDS

Hybrid Energy System; Sustainable Energy; Economic Analysis; Solar and Wind Energy; 
Grid

18.1 � INTRODUCTION

Pollution is the word for a famously destructive concept in our modern world. The main reason for 
pollution is the unruly activity of humans. Almost 8 billion metric tons of carbon is emitted every 
year in the atmosphere due to human activities. Undesirable changes in environmental constraints 
like air, water, soil stand for environmental pollution. The most important reason for environmental 
pollution is the use of fossil fuel and deforestation. Fossil fuel combustion is the cause of the inani-
tion of non-​​​conventional energy in near future. It emits 6.5 billion tons of carbon per year. In the 
world scenario, deforestation is the cause of 1.5 billion tons of carbon discharge every year [1,2].

Now, the focusable factor behind the term climate change is environmental pollution. 
Discontinuity in rainfall, improper wind speed, unpredicted storm drought, etc. occur due to cli-
mate change. Moreover, this climate change has the ability to spread various diseases in the agricul-
tural field as well. Climate change brings monsoon unpredictably in the southern part of Asia [3]. As 
per Intergovernmental Panel on Climate Change, the most affected region in the world is Asia due 
to climate change. If we focused on Asia only, Bangladesh is more affected than other countries in 
Southern Asia. Due to rapid urbanization, most of the countries uses petroleum product which is the 
cause of diminished the underground layers [4]. Previous research reported that most of the Asian 
countries are the front-​​​line countries in the area of greenhouse gas production.

India, Bangladesh, and Bhutan fall under the southern part of the Asian continent. Most of the 
South Asian countries are developing nations. In developing nations like India, the installed elec-
tricity generation capacity increased from 1362 MW (1947) to 271 GW (2015) [1]. In Bangladesh, 
the installed capacity of electricity generation was 667 MW in 1974; now it reached 12,780 MW 
(2016). Moreover, Bangladesh imported 600 MW of power from India to fulfil its demand [5]. On 
the other side, 1.6 GW is the total installed electricity generation capacity of Bhutan [6]. Thus, an 
increase in electricity demand means an increase in using fossil fuels. In most cases, people of 
developing countries use electricity produced by the burning of fossil fuels. These fossil fuels are 
collected from mining, which is directly related to deforestation. Further, this deforestation has a 
relation with land erosion [7]. Overall, the whole process of electricity generation by using fossil 

18.4	 Optimization Results...........................................................................................................266
18.4.1	 Comparative Analysis of Optimization Results of Three Different Regions........268

18.5	 Conclusion........................................................................................................................... 272
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fuels is directly related to global warming. Fossil fuels like oil, natural gases, coal, etc. are the main 
sources of greenhouse gases. So, it can be said that electricity production by burning fossil fuels is 
a hazardous in the decades to follow [8–​​​13].

Therefore, production of electricity using renewable energy sources can help reduce the risks 
of global warming and climate change. Electricity production systems using renewable resources 
can be preferred over other types of electricity generation systems due to their abundance and 
environment-​​​friendly characteristics [14–​​​16]. Renewable energy can help a nation for its sustainable 
development. Renewable energy is used as electricity, heat, vehicles fuel, etc. During electricity 
generation, renewable energy-​​​based system helps to decrease greenhouse gases emission. Thus, 
renewable energy-​​​based electricity generation is a great option to protect our diversity [17]. If we 
focus on large-​​​scale load, hybridization of renewable resources is the only solution to curb global 
warming.

Renewable energies are mostly dependent on climatic conditions. Hybridization of renewable 
energies is required due to the non-​​​linear behaviour of renewable components. Photovoltaic (PV) 
and wind energy are the most remarkable alternative sources of energy, among the renewable sources 
of energy [18]. A study on renewable energy technologies reports that basically PV and wind-​​​based 
technologies are mostly used in rural areas [19]. Wind speed becomes comparatively low when solar 
works it best. Renewable energy-​​​based hybrid systems (HBS) give a reliable, cheaper, and environ-
mentally friendly output. Electricity generation by renewable resources is best suited for all local 
loads. Depending on the location, HBS using renewable energy can operate as grid off or connected 
to grid systems [20].

South Asian countries like India, Bangladesh, and Bhutan use rice or wheat-​​​based diets to feed 
their nation. This rice and wheat both leave too much waste products during processing from field 
to dining table. Thus, managing waste materials is becoming a big headache to every authority 
throughout these nations. Nowadays, people of different cities use biodegradable waste to generate 
electricity. A study reported that 550 kWh of electricity can be generated from one tonne of solid 
waste [21]. Except for electricity, biomass technology is used in the application of heat, chemicals, 
transport fuels, etc. So, a solar-​​​wind-​​​biomass-​​​based hybrid renewable energy system (HRES) can 
work as a huge source of energy for rural electrification. In addition, this system is a great option 
for the location where a solar resource may be moderated and biodegradable waste is available and 
vice-​​​versa [22].

Various works have been done by authors based on optimization problems. In Ref. [23], a solar-​​​
wind-​​​biomass-​​​based HRES was proposed. To minimize the Net Present Cost (NPC) of Total 
System, unmet load, carbon emission, and cost of energy (COE) are the main focus of the study. To 
study the change in annual fuel price and wind speed, a sensitivity analysis was performed. Thus, 
a comparative study was performed to get the proper optimal solution. The authors of Ref. [24] 
designed an electric vehicle charging station based on biomass resources. To find out the economic 
parameters, the authors proposed a HOMER-​​​based model. Therefore, this system can reduce car-
bon emissions more than a grid-​​​operated charging station. The authors Ref. [25] presented a grid-​​​
connected HBS to minimize the impact of climate change. Analysis of this HBS was conducted 
in four separate regions. They also explained the role of renewable energies in combating against 
climate change. To investigate the application of PV, biomass, and diesel in the field of electric-
ity generation, the authors of Ref. [26] proposed a HBS. In the study, a comparison between solar 
installation techniques was done to select the proper location. Thus, the result showed that the COE 
of this optimal system falls under the acceptable range. The authors of Ref. [27] developed a HBS 
using renewable energy to reduce the contribution of thermal power plants. An algorithm based on 
energy management is proposed here for storing more energy to charge vehicles. Therefore, four 
different technologies based on renewable energies were explained (Table 18.1).

In this study, a HRES connected to grid is developed to utilize solar-​​​wind-​​​biomass power. By 
thinking about the waste materials spread over society, biomass energy has been extensively used 
here. This HBS is structured in a manner that it will emit less amount of carbon and can produce 
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low-​​​cost electricity and thus to minimize the energy bill. This HBS is skilfully analysed for the 
case study in three different locations of India, Bangladesh, and Bhutan. All these locations receive 
a sufficient amount of solar irradiance, wind speed, and biodegradable waste; hence, generating 
electricity from these sources will not be any difficult. Here, a fixed amount of load is presumed for 
a particular location, so that excess energy is sold to the grid. This case study is completed utiliz-
ing actual-​​​time information for a particular area’s solar irradiance and wind speed. In the result of 
this case study, we found that the whole HBS is lucrative and pollution-​​​free, as it is using renewable 
resources. Therefore, the main aim of this case study is to minimize carbon emissions resulting 
from electricity production and sell the surplus energy to the grid by satisfying all the load demand 
of the selected locations.

18.2 � PROFILE OF RENEWABLE ENERGY RESOURCES

On the basis of renewable resource availability and potential, the hybrid solar/wind/bio-​​​generator 
system is to be characterized for installing in most suitable sites. In this work, the monthly standard 
variation of solar irradiance and wind speed is estimated with the help of the NASA Power Website 
Database [28], based on satellite observation. The annually mean value of biomass data is assumed 
to be constant for all the three areas. The geographical location of the three study regions is shown 
in Figure  18.1. The latitude of three separate investigation areas are 91°50.0′E, 89°38.3′E, and 
90°22.0′E, their longitude are 25°34.8′N, 27°28.9′N, 23°42.2′N, and elevation of those regions are 
200, 1,000, and 200 m. The NASA GEOS-​​​5 model elevation is utilized for acquiring these investi-
gation regions.

18.2.1 �S olar Irradiation and Temperature Parameter

The solar radiation, clearness index, and temperature variation on monthly basis for three different 
locations (Shillong, India/Desi Lam, Bhutan/Keraniganj, Bangladesh) are shown in Table 18.2. The 
monthly averaged data have been taken from NASA Power Website Database for three different 
selected areas [28]. For Shillong, the annual average solar radiation is 4.41 kWh/m²/day with its 

TABLE 18.1
Some Optimal Studies Based on a Hybrid System Reported in the Literature

Reference Year Description Result

[23] 2020 A HRES utilizing solar-wind-biomass was 
proposed to reduce the overall price of the 
system

The system can meet the peak demand. 
Carbon emission is also less

[24] 2020 A biogas/biomass based off-grid vehicle charging 
station was developed to reduce carbon emission

65.61% carbon emission was reduced due to 
the use of renewable resources

[25] 2020 A solar, wind, and gas generator-based hybrid 
system was presented to cut down the impact of 
climate change on the environment

This proposed system is more profitable, and 
0.688 $/kWh is their levelized cost of energy

[26] 2019 A grid-connected solar, wind, and diesel-based 
hybrid system was designed to investigate 
technical, economical, and environmental 
features

In case of high diesel price, a biogas generator 
was used as a backup system. Thus, the 
energy prices will range from 0.085 to 0.238 
$/kWh

[27] 2020 Solar, hydro, wind, and thermal-based HBS was 
proposed to manage the energy for vehicle 
charging

This system is profitable and environment 
friendly. It can fulfil all the demands by 
storing the required amount of energy
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FIGURE 18.1  Location of three investigation regions.

TABLE 18.2
Solar Radiation (kWh/m2), Clearness Index, and Temperature Values (Degrees 
Celsius) of the Investigation Locations

Month Shillong, India Desi Lam, Bhutan Keraniganj, Bangladesh

R I T R I T R I T

January 4.290 0.647 16.150 4.030 0.637 0.980 4.360 0.630 19.740

February 4.970 0.640 19.000 4.540 0.605 2.630 4.920 0.614 23.000

March 5.610 0.611 22.730 5.060 0.562 6.440 5.590 0.598 26.450

April 5.680 0.547 24.020 5.620 0.544 9.240 5.760 0.551 27.150

May 4.930 0.446 25.090 5.730 0.517 11.320 5.300 0.481 27.650

June 3.850 0.342 25.940 5.420 0.478 13.760 4.530 0.405 27.950

July 3.580 0.322 25.910 5.100 0.456 14.550 4.230 0.382 27.660

August 3.680 0.347 25.970 4.830 0.457 14.420 4.290 0.404 27.610

September 3.560 0.372 25.050 4.510 0.478 12.910 4.020 0.415 27.010

October 4.270 0.523 23.100 4.710 0.594 9.320 4.320 0.516 25.480

November 4.380 0.638 19.860 4.290 0.653 5.580 4.280 0.599 22.500

December 4.090 0.653 16.990 3.910 0.658 2.850 4.210 0.641 20.200
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highest monthly radiation in the month of April and lowest in the month of September. The monthly 
average solar radiation ranges from 3.560 to 5.680 kWh/m²/day and the clearness index varies from 
0.322 in the month of July to 0.653 for the month of December in this location. It is discovered that 
the highest and lowest values of temperature are 25.970°C (August) and 16.150°C (January), respec-
tively, while the average annual value of temperature is found to be 22.48°C. Desi Lam is discovered 
to have the maximum and minimum values of monthly solar radiation of 5.730 kWh/m²/day in May 
and 3.910 kWh/m²/day in December, with an annual mean value of 4.81 kWh/m²/day. The monthly 
average value of clearness index is observed to be between 0.658 (December) and 0.456 (July), and 
the annual standard temperature is 8.67°C, where the highest value is recorded in the month of July 
(14.550°C) and the lowest in the month of January (0.980°C). In the case of Keraniganj, a similar 
variation is recorded in April and September for highest and lowest values of solar radiation being 
5.760 and 4.020 kWh/m²/day, respectively, with an annual standard value equal to 4.65 kWh/m²/day. 
The clearness index ranges from 0.382 (July) to 0.641 (December); 27.950°C in June and 19.740°C 
in January are the recorded highest and lowest values of temperature, respectively, where the yearly 
mean temperature is discovered to be 25.20°C.

18.2.2 �S pecification of Wind Speed

Wind resource variations are essential information to depict the wind state that a wind turbine 
would face during the whole year. Wind speed is the most significant wind source parameter that 
is recorded on month-​​​to-​​​month average basis, details of which are obtained from NASA Power 
Database [28]. All the monthly averaged data regarding wind speed of three different locations are 
shown in Table 18.3. It is noticed that Shillong experiences the maximum wind speed of 3.090 m/s 
in the month of March and the minimum wind speed of 2.250 m/s in the month of September, with 
a mean value of 2.64 m/s annually. Desi Lam has the best wind speed data as compared to two other 
regions, discovering the yearly average value of wind speed being 5.73 m/s, where the maximum 
wind speed variation is 7.390 m/s in November and the lowest wind speed is 4 m/s in September. In 
Keraniganj, the same phenomenon is noted in the months of May and October for the highest wind 
speed data to be 3.2 m/s and lowest wind speed to be 1.850 m/s, respectively, with 2.56 m/s being the 
annual standard value.

TABLE 18.3
Monthly Average Wind Speed Data of the Investigation Locations

Month Wind Speed (m/s)

Shillong, India Desi Lam, Bhutan Keraniganj, Bangladesh

January 2.810 6.520 2.360

February 2.900 6.880 2.660

March 3.090 7.120 2.830

April 2.860 6.350 3.190

May 2.650 5.190 3.200

June 2.540 4.570 3.070

July 2.440 4.260 2.740

August 2.340 4.100 2.410

September 2.250 4.000 2.170

October 2.410 5.460 1.850

November 2.640 7.390 2.080

December 2.700 6.900 2.200
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18.2.3 �D etails of Biomass Resource

The annual average amount of biomass for all the three locations is considered to be 45.75 tonnes/
day, and the monthly mean merit of biomass ranges from 35 tonnes/day (December) to 60 tonnes/day 
(May). Classically, biogas has a low heating variation as compared to fossil fuels, and 5.50 MJ/kg is 
seen to be the Lower Heating Value (LHV) (or also called as Net Calorific Value) of the biogas. Here, 
the percentage (%) of carbon content (C) in biomass is noted to be 5% and the ratio of biomass gas-
ification (kg/kg) is defined as the proportion of the amount of biogas induced to the feedstock of bio-
mass utilized in the gasifier is 0.70. The data of biomass resources are considered using Refs. [29–​​​31].

18.3 � EXPLANATION OF HRES

The HBS is made up of sets of solar PV panels, wind energy system, bio-​​​generator, converter (DC to 
AC), electrical load, and grid connection as shown in Figure 18.2. Table 18.4 shows the component’s 
rating that is utilized in the integrated energy system. In a solar PV system, the generated DC power 
experiences a Maximum Power Point Tracking (MPPT) so that the highest power can be measured, and 
MPPT is also utilized in the PV system to handle the controlling of a DC-​​​DC boost converter. Boost 
converter raises this DC power, and then the inverter converts this DC power into AC and sends to the 
grid. The electrical load is associated with a converter along the AC bus. The wind energy system and 
bio-​​​generator are also connected to the AC bus. At a specific state, while wind or solar system isn’t able 
to generate an adequate amount of electricity, the generator operates as a backup power component. The 
load data are considered to be similar in the case of all the three separate regions due to the simplicity 
of analysis. 130 kWh/day is considered to be scaled annual standard electric load having the yearly peak 
load of 14.24 kW. The load factor is seen to be 0.38 kW with the average load being 5.42 kW.

18.3.1 � Mathematical Modelling

The proposed HRES system component’s mathematical modelling for the optimization of sizing is 
an important step in ensuring its performance in various conditions. A mathematical model of the 
individual system component of the HBS is proposed here.

FIGURE 18.2  PV-​​​wind-​​​generator hybrid system configuration.
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18.3.1.1 � Solar/PV System
In this study, a single-​​​diode mathematical model of solar PV module is used for examination. 
Equation (18.1) [32,33] is utilized to obtain the voltage of the solar PV module (Vsolar PV):

	 1 0.0539log 0.02 .solar PV mt mt st at mtβ{ } { }( ) ( ) ( ) ( ) ( )= +  + +V t V G t G t T t G t 	 (18.1)

Here, Vmt. = Module voltage in maximum power (Volts)
Gmt = Measured solar radiation value (kW/m2)
Gst = Standard solar radiation value (1 kW/m2)
β = Temperature Coefficient
Tat = Changeable temperature (K).

Equation (18.2) is used to calculate the solar PV module current output (Isolar PV):

	 – .solar PV phc sc solar PV at{ }( ) ( ) ( ) ( )=  I t I t I t e qV N KT t As i 	 (18.2)

Here, Iphc = Photo current of solar PV module (A)
Isc = Saturation current of solar PV module (A)
q = Charge of electron (1.602 × 10−19 C)
Ns = Cell’s number in the solar PV module
K = Boltzmann constant (1.381 × 10−23 J/K)
Ai = Solar PV module ideality factor.

Equation (18.3) is the expression of production of total energy from solar PV module:

	 ( ) 1,000,solar PV solar PV solar PV solar PV( ) ( )= × × × ∆ E t N V t I t t 	 (18.3)

Here, Nsolar PV = Solar PV module’s number
Δt = Step time.

18.3.1.2 � Wind Farm
On the basis of the real power curve provided by the manufacturer, wind turbine modelling is sug-
gested. Wind turbine’s characteristic equations were derived by fitting its real power curve utilizing 
the least-​​​squares method [33,34]. Wind turbine’s output power (PWT) in kW is obtained by utilizing 
the following equations:

	 0, for and ,WT sci sco( ) = < >P t V V V V

	 , for ,WT 1
2

1 1 sci 1( ) = + + ≤ <P t x V y V z V V V 	 (18.4)

	 , for ,WT 2
2

2 2 1 2( ) = + + ≤ <P t x V y V z V V V

TABLE 18.4
Rating of System Components

Component Name and Size

Generator Generic 100 kW genset 100 kW

PV panel Generic flat-plate PV 5,000 kW

Wind turbine Generic 10 kW 1,000 kW

Electric load Electric load 130 kW

System converter System converter 5,000 kW
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	 , for .WT 3
2

3 3 2 sco( ) = + + ≤ <P t x V y V z V V V

Here, V = Real speed of wind turbine
Vsci = Cut-​​​in wind speed
Vsco = Cut-​​​out wind speed
x, y, z = Quadratic equation coefficients.

Equation (18.5) is used to calculate the wind turbine rated power output (Prp):

	 1 / 2 .rwt pwt rwt
3ρ η=P C A va g r 	 (18.5)

Here, Cpwt = Wind turbine power coefficient
ρa = Air density
ηg = Efficiency of the generator
Arwt = Wind turbine rotor swept area
vr = Wind turbine rated speed.

The total output energy generation from wind turbine system (EWTS) is obtained by equation (18.6):

	 1,000.WTS WTS WT[ ]( )= × × ∆E N P t t 	 (18.6)

Here, NWTS = Wind turbines number.

18.3.1.3 � Generator
Cofired generators use a combination of fossil fuels and biogas to generate electricity. HOMER 
computes the generator’s needed output as well as the appropriate fossil fuel and biogas mass flow 
percentages for each time step [35]. Several fundamental assumptions are utilized in this calculation:

	 i.	Regardless of the independent power output of the engine or fuel combination, the biogas 
substitution ratio (Zg) remains constant.

	 ii.	The system strives to use biogas as much as possible while reducing the consumption of 
fossil fuel.

	 iii.	The fossil fraction must not go down a specific level.
	 iv.	Even though the de-​​​rating factor for dual-​​​fuel operation is <100%, the generator can gener-

ate rated power up to 100% in case of maximum enough fossil fraction.

A cofired generator’s fuel curve shows how much fuel the generator uses in pure fossil mode. 
Therefore, the total amount of fossil fuel consumed in pure fossil mode can be obtained from the 
following equation [35]:

	 � .0 fo icρ ( )= +M F Y F Pg s g 	 (18.7)

Here, � 0M  = Flow percentage of fossil fuel in pure fossil mode (in kg/hour)
ρfo = Fossil fuel density (in kg/L)
Fic = Intercept coefficient of fuel curve of a generator (in L/hour/kW)
Yg = Generator rated capacity (in kW)
Fs = Slope of fuel curve of generator (in L/hour/kW)
Pg = Generator power output (in kW).

From equation (18.7):

	
� � � ,0 fo ( )= +M M M Zg g

	 � � � .0 fo( )∴ = −M Z M Mg g 	 (18.8)
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Here, �Mg = Flow percentage of biogas in dual-​​​fuel mode (in kg/hour)
�

foM  = Flow percentage of fossil fuel in dual-​​​fuel mode (in kg/hour)
Zg = Biogas substitution ratio.

Now fossil fraction’s definition gives:

	 � � .fo fo 0( )=X M M 	 (18.9)

Here, Xfo = Fossil fraction (in %).
From equations (18.8) and (18.9),

	
� � � ,0 fo 0( )= −M Z M X Mg g

	
� � 1 .0 fo( )= −M Z M Xg g 	 (18.10)

However, because the value of Xfo for a specified value of Pbio is uncertain, the preceding equation is 
insufficient to solve the flow rate of the biogas. From equation (18.8), we aim to increase Ṁg, which 
means we aim to reduce Xfo. However, based on equation (18.9):

	 1.fo
*

fo≤ ≤X X

Here, fo
*X  = Minimum fossil fraction (in %) needed for ignition. Therefore, the desired value for Ṁg 

proportional to �M t
g. Utilizing equation (18.10):

	
� � 10 fo

*( )= −M Z M Xt
g g 	 (18.11)

Here, �M t
g = Target value of flow percentage of biogas (in kg/hour).

However, the real value of Ṁg has two independent higher limits. The generator’s output is lim-
ited to *Yg  at the lowest fossil fraction which is expressed as follows:

	 .* τ=Y Yg g

Here, *Yg  = Generator highest output at lowest fossil fraction (in kW).
τ = De-​​​rating factor, τ ≤ 1.
The higher limit on Ṁg proportional to � *M g can be used to accomplish this limitation. The highest 

value can be calculated by utilizing equations (18.7) and (18.10).

	
� 1*

fo ic
*

fo
*ρ ( ) ( )= + ⋅ −M Z F Y F Y Xg g g s g 	 (18.12)

Here, � *M g = Highest value of flow percentage of biogas (in kg/hour).
This higher limit can be viewed as a physical constraint – ​​​the highest percentage at which biogas 

may be consumed in the engine. The remaining higher limit on Ṁg is Ag, the obtainable biomass 
resource. Therefore, the lowest of �M t

g, � *M g, Ag is the real value of Ṁg:

	
� � �Min , , .*( )=M M M Ag

t
g g g 	 (18.13)

Here, Ag = Obtainable flow percentage of biogas (in kg/hour).
As we know Ṁg value, Xfo can be obtained by solving equation (18.10):

	 � �1 .fo 0= −X M Z Mg g 	 (18.14)
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From equation (18.9),

	 � � .fo fo 0=M X M 	 (18.15)

Therefore, given specific values of Pbio and Ag, equations (18.13) and (18.15) can be utilized to com-
pute the flow percentage of the biogas and the fossil fuel, respectively.

18.3.2 � Component Parameter Utilized for Simulation

18.3.2.1 � Solar/PV System
The PV array is the linked collection of PV modules that produces electricity in DC form, when 
solar insolation falls on it. Here, a generic flat-​​​plate PV system is used, whose manufacturer is 
Generic. The maximum rated capacity of this flat-​​​plate-​​​type panel is 5,000 kW. Thirteen percent is 
the efficiency of the panel, while it operates at 47°C temperature. The Operation & Maintenance 
(O&M) cost of each panel is 50 $/year with a capital cost of 500 $/kW. Twenty-​​​five years are taken 
as a lifetime of solar panels. The de-​​​rating factor of the PV panel (scaling factor, i.e. power output 
of PV array for decreased output in actual-​​​field working states compared to working states at which 
the panel is rated) is supposed to be 80%. The ground reflectance (albedo that is solar insolation’s 
fragment experiences on the ground which is reflected) is supposed as 20%. The parameters of the 
solar/PV system are considered using Refs. [36–​​​38].

18.3.2.2 � Wind Farm
A total of 100 wind turbines are used in this wind farm, and each wind turbine has a rated capacity 
of 10 kW, and Generic is the manufacturer. Cost of O&M of each wind turbine is 400$/year with a 
capital cost of 24,000$. Twenty years is the lifetime of a wind turbine, and 24 m is the hub height. 
The parameters of a wind farms are considered using Refs. [32,33,37].

18.3.2.3 � System Converter
A converter is needed in the case of a system which is contained both DC ad AC elements. The 
converter is utilized in a different system such as a rectifier that changes AC into DC, an inverter 
which changes DC into AC or both the system. In this proposed hybrid model, a converter is used 
as an inverter and the manufacturer is Generic. The system converter has a size of 5,000 kW and 
the O&M price of this converter is 10.0 $/year with a capital cost of 300 $/kW. Fifteen years is the 
lifetime of this converter and 95% is the efficiency. The parameters of the converter are considered 
using Refs. [37–​​​39].

18.3.2.4 � Generator
The size of this generator is 100 kW, which is manufactured by Generic. 2$/op is the O&M price 
of the generator with a capital cost of 40,000 $/kW. This generator has a minimum load ratio of 
25% with a LHV of 43.2 MJ/kg. This generator has a lifetime of 15,000 hours, and both biogas and 
diesel are used as fuel in this generator with a 20% minimum fossil fraction. The de-​​​rating factor is 
70%, and 8.5% is the biogas cofired substitution ratio (the ratio of biogas/fossil). The parameters of 
a generator are considered using Refs. [29,32,40].

18.3.2.5 � Grid
Basically, grid connection is needed in case of giving extra electricity to the grid or consuming 
electricity from the grid. Extra electricity can sell to the grid if there is an additional power supply 
after gratifying the load demand of the region and electricity can consume from the grid during 
the lack of power supply from renewable sources. The purchase COE from the grid is 0.1500 $ per 
kWh with a sellback cost of 0.1200 $ per kWh to the grid. The parameters of the grid are considered 
using Refs. [13,15].



264 IoT and Analytics in Renewable Energy Systems (Volume 1)

18.3.3 �P roblem Formulation

For an economic analysis of any hybrid power station, till now HOMER is the best platform. It 
shows the annual interest rate, initial capital cost, COE, NPC, replacement or maintenance of each 
component used in the HBS.

NPC or life cycle cost (LCC) includes all project costs and revenues, which include original system 
component capital costs, cost of replacement parts in the life of a project, maintenance costs, fuel 
costs, and grid operational expenses. Economic analysis is carried out in order to allow a sensible 
comparison of structures according to their NPC. HOMER computes NPC for every component used 
in the HBS and for the whole system. The following equation is utilized to obtain the NPC [29]:

	 NPC CRF , .tac ( )= C i Rr p

Here, Ctac = Total annualized cost in $/year
ir = Annual real interest rate (discount rate) in %
Rp = Lifetime of project in a year
CRF = Capital recovery factor.

COE or levelized COE is another essential parameter in economic analysis. The mean cost per kWh 
of a system generating useful electrical energy is defined as the levelized COE. For calculating 
COE, HOMER divide the yearly expenditure of generating electricity by overall generated useful 
electrical energy. It is computed as follows [41]:

	 COE .tac PAC PDC gs( )= + +C M M M

Here, Ctac = Total annualized cost ($/year)
MPAC = Primary AC load served (kWh/year)
MPDC = Primary DC load served (kWh/year)
Mgs = Total grid sale.

The factor by which the recent variation of series of equivalent cash flow is calculated yearly basis 
in a ratio is defined as Capital Recovery Factor (CRF). CRF formula is as follows [41]:

	
CRF 1 1 .* 1{ }{ }( ) ( )= + + −i i ir r

n
r

n

Here, n = No. of years
ir = Real interest rate, which is calculated on a yearly basis.

Now, the nominal interest rate (function) is the annual real interest rate. The formula for annual real 
interest rate calculation is as follows [41]:

	 1 .( ) ( )= − +i i F Fr n r r

Here, ir = Real interest rate is.
in = Nominal interest rate
Fr = Annual inflation rate.

The total cost of the system and the cost of a component to component with the separate specifica-
tions can be found through HOMER software. The summary of different components used in three 
different locations is shown in Table 18.5. This summary is available by introducing the parameter 
of interest into the HOMER software.
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18.3.4 �E conomic Parameters Introduction

Economic analysis is required before the installation of a hybrid power generation system. HOMER 
simulation needed the economic input parameters, which are discussed in the following sections.

18.3.4.1 � Total Investment Cost
It included in setting up the hybrid model that comprises the cost of materials and components, 
transportation and delivery cost, the costs related to installation and building, the cost related to 
consultation service, and power distribution. These costs are described during the starting of a 
project [42].

18.3.4.2 � Initial Capital Cost
The cost of installation and equipment purchased is the initial capital cost [29].

18.3.4.3 � Replacement Cost
It is the expenditure of those types of components that may be needed to replace after a certain 
amount of its lifetime. This cost is different as compared to initial capital cost as only a portion of 
the element may require replacing [29].

18.3.4.4 � Operation & Maintenance Cost
This cost defines as the summation of total programmed expenditure that is utilized for lifetime 
maintenance and operation of the plant [36].

18.3.4.5 � Salvage Value
After the project’s lifespan, it is the existing value in a power system component. In order to com-
pute each component’s salvage value after the project’s lifespan, the equation below [36] is utilized 
by HOMER:

	 .rc rl lc=S C R R

Here, S = Salvage value
Crc = Replacement cost of component
Rrl = Component’s remaining life
Rlc = Component’s lifetime.

18.3.4.6 � Life Cycle Cost
It includes complete installation and operation costs for a component or process, over a defined 
period, usually many years. The analysis of life cycle of HBS is assessed as a financial evaluation 
process [29]:

LCC = Initial capital cost + Replacement cost + Fuel cost + O&M cost – Salvage value

18.3.4.7 � Annualized Cost
To find the annualized cost of the component, HOMER combines replacement, service, capital, 
and fuel costs together with salvage and any other costs or revenue of each component. This is the 
assumed annual cost that would generate a net current cost equivalent to that of every single cost and 
revenue associated with that component during the project’s lifespan if it occurred every year. In 
order to calculate total annualized system costs, HOMER will add up all annualized costs for each 
portion along with any miscellaneous costs. The value is significant because it is used by HOMER 
to measure two key economic figures for the system: the levelized COE and the total NPC [36].
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18.3.4.8 � Operating Cost
All costs (fuel, replacement, operating, and maintaining) and revenues other than initial capital 
costs, measured on an annual basis, are the operating cost. The operating cost [29] is computed by 
utilizing the following equation:

	 – .oc tac tacc=C C C

Here, Coc = Operating cost
Ctac = Total annualized cost
Ctacc = Total annualized capital cost [29].

18.4 � OPTIMIZATION RESULTS

The simulation was executed by considering the project lifetime for 25 years’ duration. The 
NPC summary of hybrid energy scheme for three various locations (Shillong, India/Desi Lam, 
Bhutan/Keraniganj, Bangladesh) are shown in Table 18.5. After optimization, the total NPC for 
the three different investigation areas are found to be $8.32M, $8.06M, and $8.25M, respectively, 
and the levelized COE for the three separate locations are $0.167, $0.155, and $0.164, respectively. 
Table 18.6 presents the annual outlay of integrated energy configuration based total annualized costs 
for various areas obtained are as $650,659, $630,251, $645,728, respectively. Table 18.7 presents the 
yearly production history of three investigation regions. The total power generated is 4,046,284 
kWh/year in Shillong, 4,225,233 kWh/year in Desi Lam, and 4,089,315 kWh/year in Keraniganj. 
The power consumption summary of an electric load is indicated in Table 18.8. From the table, it 

TABLE 18.5
NPC Summary of the Three Investigation Locations (Shillong, India; Desi Lam, 
Bhutan; Keraniganj, Bangladesh)

Name Capital Operating Replacement Salvage Resource Total

Generic 10 kW $2.40M $511,334 $623,609 −$349,498 $0.00 $3.19M

$2.40M $511,334 $623,609 −$349,498 $0.00 $3.19M

$2.40M $511,334 $623,609 −$349,498 $0.00 $3.19M

Generic 100 kW 
genset 

$40,000 $223,964 $286,926 −$3,728 $1.51M $2.05M

$40,000 $223,964 $286,926 −$3,728 $1.51M $2.05M

$40,000 $223,964 $286,926 −$3,728 $1.51M $2.05M

Generic flat- 
plate PV

$2.50M $3.20M $0.00 $0.00 $0.00 $5.70M

$2.50M $3.20M $0.00 $0.00 $0.00 $5.70M

$2.50M $3.20M $0.00 $0.00 $0.00 $5.70M

Grid $0.700 −$5.98M $0.00 $0.00 $0.00 −$5.90M

$0.700 −$6.16M $0.00 $0.00 $0.00 −$6.16M

$0.700 −$5.96M $0.00 $0.00 $0.00 −$5.96M

PV dedicated 
converter

$68,000 $543,293 $28,374 −$5,281 $0.00 $634,385

$68,000 $543,293 $28,374 −$5,281 $0.00 $634,385

$68,000 $543,293 $28,374 −$5,281 $0.00 $634,385

System  
converter

$1.50M $639,168 $625,898 −$116,499 $0.00 $2.65M

$1.50M $639,168 $625,898 −$116,499 $0.00 $2.65M

$1.50M $639,168 $625,898 −$116,499 $0.00 $2.65M

System $6.51M −$785,892 $1.56M −$475,007 $1.51M $8.32M

$6.51M −$1.05M $1.56M −$475,007 $1.51M $8.06M

$6.51M −$848,920 $1.56M −$475,007 $1.51M $8.25M
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TABLE 18.6
Annualized Costs of the Three Investigation Areas (Shillong, India; Desi Lam, 
Bhutan; Keraniganj, Bangladesh)

Name Capital Operating Replacement Salvage Resource Total

Generic 10 kW $187,744 $40,000 $48,783 −$27,340 $0.00 $249,187

$187,744 $40,000 $48,783 −$27,340 $0.00 $249,187

$187,744 $40,000 $48,783 −$27,340 $0.00 $249,187

Generic 100 kW 
genset 

$3,129 $17,520 $22,445 −$291.63 $117,785 $160,588

$3,129 $17,520 $22,445 −$291.63 $117,785 $160,588

$3,129 $17,520 $22,445 −$291.63 $117,785 $160,588

Generic 
flat-plate PV

$195,567 $250,000 $0.00 $0.00 $0.00 $445,567

$195,567 $250,000 $0.00 $0.00 $0.00 $445,567

$195,567 $250,000 $0.00 $0.00 $0.00 $445,567

Grid $0.0548 −$461,498 $0.00 $0.00 $0.00 −$461,498

$0.0548 −$481,905 $0.00 $0.00 $0.00 −$481,905

$0.0548 −$4,68,093 $0.00 $0.00 $0.00 −$4,68,093

PV dedicated 
converter

$5,319 $42,500 $2,220 −$413.14 $0.00 $49,626

$5,319 $42,500 $2,220 −$413.14 $0.00 $49,626

$5,319 $42,500 $2,220 −$413.14 $0.00 $49,626

System 
converter

$117,340 $50,000 $48,962 −$9,113 $0.00 $207,189

$117,340 $50,000 $48,962 −$9,113 $0.00 $207,189

$117,340 $50,000 $48,962 −$9,113 $0.00 $207,189

System $509,100 −$61,478 $122,410 −$37,158 $117,785 $650,659

$509,100 −$81,885 $122,410 −$37,158 $117,785 $630,251

$509,100 −$66,408 $122,410 −$37,158 $117,785 $645,728

TABLE 18.7
Production Summary of the Three Investigation Locations

Component Shillong, India Desi Lam, Bhutan Keraniganj, Bangladesh

Production  
(kWh/year)

Percent  
(%)

Production  
(kWh/year)

Percent  
(%)

Production  
(kWh/year)

Percent  
(%)

Generic flat-plate PV 3,060,363 75.6 3,238,155 76.6 3,099,244 75.8

Generic 100 kW genset 876,000 21.6 876,000 20.7 876,000 21.4

Generic 10 kW 109,921 2.72 111,078 2.63 114,071 2.79

Total 4,046,284 100 4,225,233 100 4,089,315 100

TABLE 18.8
Power Consumption Summary of the Three Different Locations

Component Shillong, India Desi Lam, Bhutan Keraniganj, Bangladesh

Consumption  
(kWh/year)

Percent  
(%)

Consumption  
(kWh/year)

Percent  
(%)

Consumption  
(kWh/year)

Percent  
(%)

AC primary load 47,450 1.22 47,450 1.17 47,450 1.21

DC primary load 0 0 0 0 0 0

Grid sales 3,845,816 98.8 4,015,875 98.8 3,886,903 98.8

Total 3,893,266 100 4,063,325 100 3,934,353 100
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can be seen that the consumption by AC primary load is the same (47,450 kWh/year) for the three 
investigation areas. Thus, it is observed that the hybrid energy scheme satisfied the load demand 
while producing more than essential demand. Table 18.9 depicts summary of contaminants released 
from hybrid power plant of the three investigation locations. It can be noticed from the table that the 
emission of contaminants is less due to renewable dependency. The parameter related to purchase 
from the grid (kWh) each month and sales to the grid (kWh) on a month-​​​to-​​​month basis for the three 
investigation regions are shown in Table 18.10. The table indicates that the proposed integrated 
energy scheme infused a huge amount of electricity into the grid as compared to the amount of 
consumption.

18.4.1 � Comparative Analysis of Optimization Results of Three Different Regions

The comparison of optimization results for three investigation regions are illustrated in Table 8.11. 
It is noticed that the integrated energy scheme is most profitable in Desi Lam and it is also cost-​​​
effective in the other two locations. This table summarizes the variation in parameters: initial cost, 
Total NPC, operating cost, levelized COE, total production, levelized cost of PV, levelized cost of 
wind, PV plant production, wind farm production, generator production, grid purchases, grid sales, 
PV hours of operation, wind turbine hours of operation, generator hours of operation, total fuel, 
renewable fraction, maximum PV output, maximum wind output, mean output of PV, mean output 
of wind, PV penetration, wind penetration, capacity factor of PV, capacity factor of wind, genera-
tor maximum & minimum output, generator mean output, generator marginal generation cost, and 
generator capacity factor, between the three different investigation areas.

Figure 18.3 represents the PV plant power generation on an hourly basis in kW for the regions 
of Keraniganj, Desi Lam, and Shillong. Figure  18.4 illustrates wind farm power generation on 
an hourly basis in kW for the regions of Shillong, Desi Lam, and Keraniganj. Figure 18.5 repre-
sents grid sale power in kW on an hour-​​​to-​​​hour basis for the regions of Keraniganj, Desi Lam, and 
Shillong. Grid purchases in kW are almost zero. These figures are implemented on the basis of 24-​​​
hour real-​​​time data by considering a particular day for the month of April. This analysis is executed 
by utilizing the optimization results of the proposed integrated energy scheme and it is on the basis 
of a 24-​​​hour period. The aim of this analysis is for understanding what the integrated energy system 
can experience in various circumstances. The presence of wind and solar power are usually avail-
able in daytime but not during the night. In this condition, when one or both generation systems 
fails to generate an adequate amount of electricity, then a generator is utilized as a backup supplier 
of power for gratifying the load requirement. Thus, the consistency supply of power is balanced in 
each circumstance. By selecting the cheapest possible configuration, this integrated energy system 
is developed to balance the constant supply of power.

TABLE 18.9
Emission Summary of the Three Investigation Regions

Pollutant

Quantity (kg/year)

Shillong, India Desi Lam, Bhutan Keraniganj, Bangladesh

Carbon dioxide 447,381 447,381 447,381

Carbon monoxide 4,380 4,380 4,380

Unburned hydrocarbons 177 177 177

Particulate matter 17.5 17.5 17.5

Sulfur dioxide 316 316 316

Nitrogen oxides 350 350 350
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TABLE 18.10
Grid Purchase (kWh) and Grid Sales (kWh) on a Month-to-Month Basis for the Regions 
of Shillong (India), Desi Lam (Bhutan), and Keraniganj (Bangladesh)

Month
Energy  

Purchased (kWh)
Energy Sold  

(kWh)
Net Energy  

Purchased (kWh)
Peak  

Demand (kW)
Energy  
Charge

Demand 
Charge

January 0 328,592 −328,592 0 −$39,431 $0.00

0 317,784 −317,784 0 −$38,134 $0.00

0 311,092 −311,092 0 −$37,331 $0.00

February 0 311,092 −311,092 0 −$37,331 $0.00

0 306,828 −306,828 0 −$36,819 $0.00

0 303,146 −303,146 0 −$36,378 $0.00

March 0 350,810 −350,810 0 −$42,097 $0.00

0 351,397 −351,397 0 −$42,168 $0.00

0 351,591 −351,591 0 −$42,191 $0.00

April 0 359,664 −359,664 0 −$43,160 $0.00

0 347,963 −347,963 0 −$41,756 $0.00

0 355,918 −355,918 0 −$42,710 $0.00

May 0 346,288 −346,288 0 −$41,555 $0.00

0 365,060 −365,060 0 −$43,807 $0.00

0 362,510 −362,510 0 −$43,501 $0.00

June 0 303,608 −303,608 0 −$36,433 $0.00

0 349,069 −349,069 0 −$41,888 $0.00

0 335,148 −335,148 0 −$40,218 $0.00

July 0 302,263 −302,263 0 −$36,272 $0.00

0 348,852 −348,852 0 −$41,862 $0.00

0 328,170 −328,170 0 −$39,380 $0.00

August 0 303,755 −303,755 0 −$36,451 $0.00

0 333,950 −333,950 0 −$40,074 $0.00

0 315,416 −315,416 0 −$37,850 $0.00

September 0 282,663 −282,663 0 −$33,920 $0.00

0 307,920 −307,920 0 −$36,950 $0.00

0 291,224 −291,224 0 −$34,947 $0.00

October 0 321,787 −321,787 0 −$38,614 $0.00

0 334,877 −334,877 0 −$40,185 $0.00

0 315,557 −315,557 0 −$37,867 $0.00

November 0 314,284 −314,284 0 −$37,714 $0.00

0 328,903 −328,903 0 −$39,468 $0.00

0 307,053 −307,053 0 −$36,846 $0.00

December 0 321,009 −321,009 0 −$38,521 $0.00

0 323,272 −323,272 0 −$38,793 $0.00

0 310,079 −310,079 0 −$37,209 $0.00

Annual 0 3,845,816 −3,845,816 0 −$461,498 $0.00

0 4,015,875 −4,015,875 0 −$481,905 $0.00

0 3,886,903 −3,886,903 0 −$466,428 $0.00
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In the time period from 7:00 AM to 17:00 PM, both PV plant power and wind farm power are 
obtainable on a huge scale in all regions; therefore, grid purchase power becomes zero at that dura-
tion and grid sale power is immensely high. In the time period from 17:00 PM to 0:00 AM, the 
generation of PV plant power minimizes to zero; the generation of wind farm power is obtainable 
during 17:00 PM to 20:00 PM, and after this duration, wind farm power becomes zero. Grid pur-
chase power is also zero in that condition due to the backup power supply of generators and grid sale 
power is reducing. During the time of 0:00 AM to 4:00 AM, PV plant power is zero for all locations, 
and wind farm power is only obtainable for the Desi Lam region and zero for other areas. Therefore, 
the integrated energy system takes power supply from a generator, and thus grid purchasing power 
is zero, and grid sale power is reducing. In the last condition, during the time period of 4:00 AM to 
7:00 AM, PV plant power is improving, and wind farm power is only increasing in the Keraniganj 
region. In other locations, wind farm power becomes zero, and grid purchasing power is also zero 
but grid sale power is improving at this duration. One thing that is common in all conditions that is 
grid purchase is zero due to the presence of a generator that works as a backup supplier of power. All 
these conditions are considered on the basis of the proposed integrated energy system. This analysis 

TABLE 18.11
Comparison of Optimization Results for the Three Investigations Regions

Cost Type Shillong, India Desi Lam, Bhutan Keraniganj, Bangladesh

Initial cost ($) $6.51M $6.51M $6.51M

Total NPC ($) $8.32M $8.06M $8.25M

Operating cost ($/year) $141,559 $121,152 $136,629

COE ($/kWh) $0.167 $0.155 $0.164

Total production (kWh) 4,046,284 4,225,233 4,089,315

Levelized cost of PV ($/kWh) 0.162 0.153 0.160

Levelized cost of wind ($/kWh) 2.27 2.24 2.18

PV plant production (kWh/year) 3,060,363 3,238,155 3,099,244

Wind farm production (kWh/year) 109,921 111,078 114,071

Generator production (kWh/year) 876,000 876,000 876,000

Grid sales (kWh/year) 3,845,816 4,015,875 3,886,903

Grid purchases (kWh/year) −3,845,816 −4,015,875 −3,886,903

Total fuel (L/year) 102,422 102,422 102,422

Ren. Frac. (%) 90.6 91.0 90.7

Hours of operation of PV (hours/year) 4,366 4,380 4,372

Hours of operation of wind turbine (hours/year) 3,400 3,295 3,332

Generator hours of operation (hours/year) 8,760 8,760 8,760

Maximum PV output (kW) 850 850 850

PV mean output (kW) 349 370 354

PV penetration (%) 6,450 6,824 6,532

PV capacity factor (%) 6.99 7.39 7.08

Maximum wind output (kW) 750 623 794

Wind mean output (kW) 12.5 12.7 13.0

Wind penetration (%) 232 234 240

Wind capacity factor (%) 1.25 1.27 1.30

Generator max. & min. output (kW) 100 100 100

Generator mean output (kW) 100 100 100

Generator marginal generation cost ($/kWh) 0.0582 0.0582 0.0582

Generator capacity factor (%) 100 100 100
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FIGURE 18.3  PV plant power generation (kW) on an hourly basis in Keraniganj, Desi Lam, and Shillong.

FIGURE 18.4  Wind farm power generation (kW) on an hourly basis in Shillong, Desi Lam, and Keraniganj.
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shows and proves that all three proposed regions have a good opportunity for power production 
using solar and wind on a huge scale, which is needed to utilize.

18.5 � CONCLUSION

To minimize the increasing air pollution in the world, this study tried to explore a hybrid mode of 
electricity generation with renewable energy sources. Keeping in the mind the availability of renew-
able energy resources in the selected locations of India, Bhutan, and Bangladesh, an optimized 
HBS connected to grid using solar, wind, and biomass is designed. From the research results, it is 
discovered that the rate of major generation in each country is almost 76% which comes from the 
solar system. Moreover, 22% of power comes from biomass-​​​gasifier, and 3% comes from a wind 
farm of the HBS. It is also found from the study that these HBS try to utilize the least expensive 
energy sources to gratify the load requirement and to reduce electricity bills. Here, three locations 
are taken to examine the feasibility of the HBS, and it is found to be profitable in all locations. Thus, 
it is possible to say that the recommended HBS for different locations is eco-​​​friendly, economical, 
and efficient in terms of power production. Hence, we can conclude here with a statement that this 
proposed HBS can be used to replace a thermal power plant to fight against climate change. In 
future research, this HBS should be used in different locations based on the availability of renew-
able resources. Biogas plants can also be replaced by hydroelectric plants. This hybrid hydroelectric 
plant incorporating a solar system and the wind farm is more suitable and profitable than that with 
other combinations.
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Abstract

The need of the hour is to come up with sustainable power supply systems. A demand-side load man-
agement strategy is necessary for regulating loads within a residential structure in such a way that user 
satisfaction is maximized while costs are kept to a minimum. We aim to provide an energy-oriented 
production control method that treats electrical energy as a restricted production capacity with specified 
load profiles for manufacturing. This energy-oriented production control tries to match manufacturing 
energy demand with a limited energy supply, lowering energy expenditures. It looks into the signifi-
cance of adaptive power utilization coupled with IoT technology and data analytics. The adaptive power 
system paves way for an intelligent real-time interaction platform of power utilization. This improves 
the sustainability, stability and reliability of power supply. Internet of Things (IoT) technology, with 
its reliable communication and strong data processing, can effectively improve the adaptive power 
utilization. Photovoltaics (PVs) is playing a growing role in electricity industry around the world, while 
Battery Energy Storage Systems are falling in cost and starting to be deployed by energy consumers 
with PVs. Apartment buildings offer an opportunity to apply central battery storage and shared solar 
generation to aggregated apartment and common loads through an embedded network or microgrid. We 
aim to have a hybrid consumption setup which smartly couples the existing power consumption setup 
with an in-demand and reliable PV energy-based power consumption setup to ensure power for all.
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19.1 � INTRODUCTION

The need of the hour is to come up with sustainable power supply systems. One of the ways to 
achieve this is to follow the incentive-​based pricing system and the method can be based on “Model 
Predictive Control” which works in line with the thermal load management of the buildings [1]. 
Demand-​Side Management (DSM) programmes, which are implemented through residential energy 
management systems (EMSs) for smart cities, have a number of advantages: consumers save money 
on electricity, and the utility works at lower peak demand. The DSM model for scheduling residen-
tial users’ appliances is provided in this study, which is based on evolutionary techniques (binary 
particle swarm optimization [PSO], genetic algorithm, and cuckoo search) [2].

In hybrid renewable energy systems (HRES) sizing, splitting the load into major and minor 
importance sections is done, and based on those categorizations, the load is managed. The sizing 
is determined using a smart PSO algorithm implemented in MATLAB®. The results reveal that 
the cost of generated energy is inversely proportional to the load division percentage [3,4]. Using 
a demand-​side load management strategy, we are managing loads within a residential complex by 
means of maximum user satisfaction by keeping costs at the minimum possible value [5]. A smart 
grid setting has Energy Management Units. It is basically by the aid of Artificial Neural Network 
applied alongside DSM method that helps in peak cutting and load prioritization to incorporate 
both primitive and modern-​day (renewable) energy sources [6]. A production control method is 
used to produce energy as per the capacity mentioned in the load profiles. This “energy-​oriented” 
production control tries to match energy production with a set energy supply, lowering energy 
costs [7]. Demand response (DR) is employed in this work for economic and system dependability 
reasons. The concentration is on a reward-​based programme for the consumers with the goal of 
matching a set consumption unit to the total requirement to provide peak control and lower market 
costs [8].

We can rely on sensor technologies, communications and control methods for proper energy 
usage. The use of reinforcement learning in building energy management and control has been an 
aid in proper energy utilization [9]. Using a DR programme we can have a dual targeted optimiza-
tion system for the appropriate siting and scaling of a storage system in a microgrid (MG) [10]. This 
study outlines a broad framework for evaluating prospects for effective load management in houses 
where renewable energy sources and energy storage facilities are provided in response to changing 
utility incentives [11–​15]. Electrical distribution systems can have distributed energy resources. 
Control methods are based on primitive operational setup that allows overlapping control layers 
to be integrated smoothly with the local control methods [16–​18]. An EMS with a latest criterion 
named as criticality level, which is the threshold value integrated in apartments on their energy 
consumption, is considered. The model here maximizes the power consumed simultaneously with 
the cost minimization [19].

19.2 � INTERNET OF THINGS (IoT) IN SMART BUILDINGS

The paper looks at the importance of flexible power consumption associated with IoT technology. 
The flexible power system paves the way for a real-​time interactive energy field. This improves the 
viability, stability and reliability of the power supply. IoT technology, and reliable communication 
and robust data processing can effectively improve flexible power consumption [4]. This paper dis-
cusses developments in the energy sector. With the growing adoption of smart housing technologies 
and smart construction, there is an urgent need to establish an energy-​efficient ecosystem. The 
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solution has been recognized as environmentally friendly and as an important global aim to upgrade 
planetary stability [14]. The sudden urge for availability of electricity and the development of smart 
grids is a convenience for the emergence of local hybrid energy management systems (HEMSs) to 
improve energy efficiency. It includes a DR tool that changes the need to improve home energy use 
considering power bills, environmental botherings, load profile and consumer reassurance. This 
paper also provides a brief on clever home technologies and load scheduling controllers, which 
are inculcated with artificial intelligence [20–​22]. The goal of the paper is to create a home power 
control and monitoring system. It consists of esp8266, Arduino, current sensor acs712 and cloud 
platform as a data storage and analysis service. The solution focuses on reducing energy consump-
tion by repeatedly informing electrical appliances and providing optimized information to users, 
which will assist the user to reduce unnecessary energy use and thus save more resources and 
money [23,24]. This paper provides a theoretical and practical review that provides a solution to 
the problem of the need for electricity supply in Zimbabwe during peak hours. The concept model 
was made using C++ directed by the load management algorithm. It will continue to monitor the 
feeder, open the automatic controller and perform the load sharing process based on the important 
settings that ensure the availability of electricity to be used, which are critical in times of increasing 
demand. The equipment will be attached to the power grid with the help of smart plugs [25]. The 
paper introduces an intelligent IoT-​focused system for power regulation in buildings. The combina-
tion of power and the construction industry will ultimately be an important part of building a smart 
city. The proposed system extends to building data, power generation, energy bills, climate data 
and consumer behaviour, in order to produce day-​to-​day consumer applications [26]. This paper 
conducts a detailed review of the literature on strategies for efficient use of energy and planning 
in smart households. Intricate description is made of various materials that contribute to thermal 
relief, visual comfort and good air quality. Computer systems used in smart homes have also been 
updated [27]. The goal of this project is to build an Arduino and IoT-​focused Hierarchical Multi-​
Agent System for small-​grid loading using a promotional strategy. The effectiveness of the proposed 
algorithm on the small grid was confirmed in this study [28–​32]. This project proposes the construc-
tion of a virtual web (IoT) based on HRES, along with a wind turbine, a photovoltaic (PV) setup, 
a battery storehouse equipment and a diesel generator. The parameters to check are labelled into 
various categories, which include electrical values, status and environment [33].

19.3 � PHOTOVOLTAIC POWER SYSTEMS INTEGRATED TO SMART BUILDINGS

This study provides an optimal EMS for reducing residential building electricity bills. The goal is 
to acquire peak shaving along with lowering the price of electrical energy for the consumer using 
a dynamic energy pricing model [12]. This paper also demonstrates how to utilize a device having 
stored energy such as a battery on a MG with PV along with a load generating energy in the most 
efficient way possible. The method forecasts daily loads and generation power, and then looks for 
the best storage action strategy for the energy storage structure based on those forecasts [13]. A 
system is more difficult to govern because of the fluctuation and uncertainty of output and consump-
tion. In reality, weather conditions have an impact on renewable energy output, whereas occupancy 
has an impact on power consumption. As a result, reliable temporary projections are required for 
the perfect unification of renewable energy system (RES) such as solar systems and wind turbines 
alongside the conventional power grid in MG systems. The research proposes a method anticipating 
power generation and usage in MG systems, along with the state of charge of the batteries [14,15]. 
This study focuses on boosting the usage of solar energy, which is often pushed as a viable alterna-
tive to fossil fuels due to its ease of use and environmental benefits. To compensate for its erratic 
and unpredictable qualities, electrical energy storage solutions are being developed to synchronize 
generated power with building demand. The paper presents an overview of current research, scope 
of study and optimization of the construction of hybrid PV-​electrical energy storage systems (ESS) 
required for power supply in buildings which can be utilized like a roadmap for future studies in the 
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subject [16,17]. Distributed PVs are becoming more common in the world’s electrical businesses, 
whereas Battery Energy Storage Systems (BESS) are becoming more affordable and being used by 
users of energy with PVs. By an embedded network or MG, apartment complexes can integrate main 
battery storage along with PV generation to apartments and communal loads [18–​20]. Traditional 
electricity users are being transformed into electricity prosumers as a result of the smart grid. This 
research examines how a current household bunch in Sweden was converted into electricity pro-
sumers. For the coupled PV-​heat pump-​thermal storage-​electric vehicle (EV) system, an objective 
function built on genetic algorithms is formed to optimize the capabilities and stances of PV ele-
ments at the cluster level, with the goal of increasing self-​consumed electricity under a non-​negative 
net present value during the economic life cycle. As the utilization of renewable energy along with 
DC-​based loads has increased dramatically in recent years, DC MGs are being examined as a prob-
able solution for India’s electrification. This paper explains how to manage energy in DC MGs and 
how to overcome common design issues when putting off-​grid power systems in place. The rule of 
conservation of energy serves as the basis for the system’s operation. The algorithm’s scalability was 
demonstrated using a prototype hardware configuration at VIT University’s Solar Energy Research 
Center [21–​23]. The influence of PV systems in residential and commercial settings is examined in 
this research. Its significance in these places has grown as a result of daily electricity usage dur-
ing the solar hours. It presents a controller-​based management solution for power circulation in the 
electrical grid and PV system and EV batteries. It demonstrates the advantages of deploying EVs as 
a vital component in balancing energy, resulting in lower energy expenditures [24–​27]. PV systems 
do not produce electricity continuously and are mostly dependent on weather conditions, resulting 
in lesser energy production than other renewable alternatives. As a result, the ESS may prove to be 
a viable answer to the aforementioned issue. The practicality in terms of money of lead-​acid ESS 
paired with PV panels in apartments is proposed in this study [28,29]. The efficiency of a PV plant 
placed on the roof of an educational structure is evaluated, and a strategy for enhancing it using only 
feeder connections is given. The demand for the electrical system of the structure is then reduced 
by substituting obsolete lights and ventilation fans with more energy-​efficient types [30–​34]. The 
authors of Refs. [35–​38] investigate the influence of four distinct strength management techniques 
(EMSs) on the dependability of PV-​powered MGs, which are projected to play a significant part in 
future distribution networks. In Refs. [39–​40], control of the EMS for MGs using PV-​based distribu-
tion generation systems is discussed. During cloudy situations, the Maximum Power Point Tracking 
algorithm, in this case Hill Climbing technique, is utilized to harvest the maximum power provided 
by the PV source, which is assisted by a battery-​based ESS.

19.4 � CONCLUSION

This paper discusses the importance of realizing sustainable buildings. It also illustrates the impor-
tance of IoT technology and data analytics in smart load management in PV-​integrated smart build-
ings. The adaptive power system paves way for an intelligent real-​time interaction platform of power 
utilization. The importance of PV integrated with BESS in MG is analysed as well.
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Abstract

Currently, Artificial Intelligence (AI) usage in the grid-tied photovoltaic systems (GTPVS) emerge as a 
new surrogate approach compared with the traditional methods owing to their presence in solving com-
plicated problems with accurate prediction and conception. AI learns on its own and solves non-linear 
problems with high speed, and these qualities open its role in various sectors like medicine, engineer-
ing, economics, etc. In the last two decades, the grid-tied PV conquers more installation capacity of 
PV systems compared with the stand-alone systems because of its merits like non-existent battery, low 
cost, and low maintenance. Power generated by the grid-tied PV lowers the presence of other sources 
and feeds the grid safely with newly developed technologies. In this chapter, the applications of several 
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AI techniques in grid-tied PV systems like PV panel reconfiguration, maximum power point tracking 
techniques under partial shading conditions, harmonics reduction, islanding, meteorological data, and 
optimal PV sizing are summarized. Additionally, a comparative evaluation is made considering the 
various aspects of AI like speed, complexity, tuning, real-time monitoring, and implementation. From 
this overview, it is envisaged that this study provides a vital reference and convenience for the research-
ers shortly for their research in the promising area of GTPVS.

20.1 � INTRODUCTION

At present with the rising energy contingency, researchers have to investigate and focus their 
research on promising areas like renewable energy, controls, battery storage, and advanced com-
puting techniques. Among these, the combination of grid-​tied photovoltaic systems (GTPVS) from 
renewable energy and Artificial Intelligence (AI) from advanced computing techniques contributes 
more to the literature. According to the report given by Global Status of Renewables in 2015, the 
overall PV-​installed capacity around the globe in 2004 is 3.7 GW, and the capacity reached 177 GW 
at the end of 2014 [1,2]. At present solar energy, conversion sector reached enormous growth with 
a total collective installed capacity of around 942 GWDC in 2021, out of which 175 GWDC achieved 
in 2021 alone. The graphical representation of annual PV-​installed capacity around the globe in the 
last decade is given in Figure 20.1. In 2021, China leads the global PV market at 31.37% with an 
installed capacity of 54.9 GW. Beyond China, with 26.9 GW capacity and 15.37%, the United States 
of America ranked in the second position following the European countries with 15.31%. India 
grabs the fourth position with 7.42% and Japan with 3.71% occupies the fifth place [3,4]. Figure 20.2 
represents the top ten countries in the global PV market for the year 2021. This rapid growth is pos-
sible because of several phenomena like increased efficiency, low cost, wide awareness, and appre-
ciative government policies; this makes the photovoltaic system reach a permanent and constant 
position in the emerging energy sector.

Compared to the stand-​alone system, the grid-​connected system occupies 90%–​99% of the total 
installed capacity of the PV system, which creates an alternative path to the conventional system. 
So, the installation of the PV system on the rooftop is more visible on the roadside. Due to the 
absence of batteries in the grid-​tied system, the photovoltaic system directly feeds the generated 
power to the electric grid for further applications in the field of electric power systems. This makes 
the grid system a more economical and convenient one [5]. In general, the production of electricity 

FIGURE 20.1  Annual PV-installed capacity. (Data from IEA PVPS [3].)
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from a solar system is a limited one, and it always depends on various factors like temperature, irra-
diation, and the presence of the sun. So, energy demand arises whenever a deviation occurs in the 
supply. This could be rectified when a storage battery unit is introduced [6]. The inclusion of stor-
age units increases the total cost and leads to a burden on the PV operators. The grid consumes its 
energy by the feed-​in or self-​consumption method. Subsidies are provided in the rural and housing 
areas to encourage the storage system depending on the battery and PV panel cost [7].

The battery energy concept is best applicable for interim storage only as it involves the process 
of energy charging, storing, and discharging. In addition, it suffers self-​discharge, high losses, and 
a short life span. So, it is recommended to utilize the output energy from the PV system immedi-
ately instead of stowing it [8]. Compared with the stand-​alone system, engender of energy for the 
grid-​tied system is always from the photovoltaic array. An off-​grid system with a battery backup 
comes into the picture when the generated energy is inadequate [9]. In general, power electronics 
play an efficient role in energy conversion with converters and inverters. Usually, the PV stations 
are amalgamated with the electrical grid system, and the generated energy is insufficient; hence, 
conventional converters with boosting capability are used with Maximum Power Point Tracking 
(MPPT) to catch the maximum peak point. Similarly, the inclusion of inverters and rectifiers cre-
ates power quality (PQ) issues and devours reactive power [10]. So, attention should be given while 
selecting an inverter for a grid as it is in charge of the quality of the power which is to be generated. 
The most important drawbacks of inverters are high switching loss, less efficiency, and harmonics 
these three components affect the system performance badly. Countries like the USA, Germany, 
and India frame some standards to handle the regulatory issues particularly flickers, anti-​islanding, 
voltage, and current caused by the PV system, and care must be given to protect the grid system 
from these regulatory problems [11].

The artificial intelligent technique is one of the smart computing technologies, which arises as an 
alternate option for the traditional techniques.AI that dispenses complicated and indistinct problems 
very well. They are self-​learners and execute the projection when trained. They acquire the knowl-
edge from the information gained and the system comprehends artificial neural network (ANN), 
genetic algorithm (GA), fuzzy, data mining, expert systems, etc. Mostly, AI algorithms are com-
plex and prediction is accurate within the required time frame, with colossal advantages and high 

FIGURE 20.2  Top ten countries in 2021 PV market and their shares (in percentage). (Data from IEA PVPS [3].)
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intelligence nature, AI is applied in various fields like autonomous vehicles, image classifications, 
AI vision, speech, and voice assistants like Siri, Alexa, Cortana, etc. In addition, the electrical field 
also benefited particularly in the area of power systems and power electronics [12], including design 
optimization of heat sink [13], load demand forecasting [14], controller for LED [15], cybersecurity 
control [16], solar radiation forecasting [17], reinforcement approach for microgrid (MG) [18], etc. 
Meantime, the evolution of data science and machine learning brings forth enormous information 
in the form of data which increases the probability of use of AI in the renewable sector. Compared 
with conventional methods, AI predicts problems smarter and executes the outputs accurately, par-
ticularly in the renewable energy system. Based on the literature review, this chapter is divided into 
two main aspects as role and application of AI techniques in grid-​tied PV system and its compara-
tive evaluation. During the time of online exploration in Google Scholar on the topic “Application 
of AI techniques in grid-​tied PV systems”, more reviews, overviews, and survey papers appeared. 
From 2005 to 2010, AI technology starts to boom steadily in areas like algorithms, design, control, 
and maintenance, particularly in power systems and power electronics engineering. Figure 20.3 
shows the number of articles published under the topic “Application of AI techniques in grid-​tied 
photovoltaic systems” from the year 2005 to June 2022 in the Google Scholar search engine. The 
importance of AI in GTPVS arises expeditiously in 2007, and this encourages the research com-
munity to show interest in this area of research.

This chapter is organized as follows. Section 20.1 is the introduction of this review. Section 20.2 
provides a summary of AI and grid-​tied PV systems. Section 20.3 discusses the applications of AI 
in grid-​tied PV, and each subsection briefly discusses its pros and cons. A comparative evaluation of 
AI is discussed in Section 20.4. Lastly, Section 20.5 concludes the findings of this review.

20.2 � SUMMARY OF AI AND GRID-​TIED PV SYSTEM

AI methods play a significant role in the investigation, modelling, and forecasting of the perfor-
mance of a PV system with grid connection because of its benefits like coherence with precise 
decision making, the ability to be used in perilous situations, and the computational power with 

FIGURE 20.3  A graph showing the number of articles published under the topic “AI techniques in GTPVS”, 
from the year 2005 to June 2022 (Data from Google Scholar.)
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data generation. The PV system’s whole architecture for the grid connection which includes the PV 
system, MPPT, dc-​to-​dc converter, inverter, and the control techniques with the algorithms have 
to be functioned in synchrony to augment the whole efficiency of this entire system. The grid-​tied 
PV system has two vital chores to be accomplished; the foremost one is chasing the peak power 
from the PV system with the support of an appropriate MPPT converter and the subsequent one is 
that the common coupling voltage must be sinusoidal and at the identical level of the grid voltage 
[19]. There are five classes of AI-​based electrical systems available: optimization, data investiga-
tion, cataloging, regression, and gathering. The authors of Ref. [20] proposed linear programming-​
based optimization for sizing the PV arrays and the energy storage systems (ESS) with a model 
predictive control for intelligent PV systems. Optimization-​based approaches are employed [21] 
for power system operation and control. The authors of Ref. [22] implemented a long short-​term 
memory (LSTM) network for forecasting the PV system irradiance. For a secured power system, 
a data-​driven method [23] is used to identify the faults. The condition monitoring of a PV module 
is realized [24] through accruing unlike failure circumstances to form a database and execute an 
instantaneous calculation with the accomplished database. The authors of Ref. [25] predicted the 
PV power using a hybrid technique that comprises the GA, particle swarm optimization (PSO), and 
an ANN. A multi-​cluster algorithm [26] is proposed for the ESS sizing via seeing the ambiguity 
in the power system for optimization. An ordered spectral gathering procedure [27] is introduced 
and investigated for various grid interconnections. Predictably, circuits with numerical simulations 
with the PV array corresponding models are deliberated [28,29]. The authors of Ref. [30] presented 
a GA approach to realize the parameter identification for a duple-​diode PV model. A flexible PSO 
technique is applied for the sole and duple-​diode PV modules that result in a lower root mean 
square error (RMSE) than other techniques. An artificial bee colony (ABC) method is applied [31] 
for the sole and duple-​diode models of the PV cell, which happens quickly and with more accuracy 
(lesser RMSE) compared with other techniques. Besides, the neural networks (NNs) [32,33] and 
the adaptive neuro-​fuzzy inference system (ANFIS) [34] are extensively applied. A review of solar 
irradiance prediction presents [35] four diverse machine learning (ML) methods such as ANN, sup-
port vector machine (SVM), k-​nearest neighbour (k-​NN), and deep learning (DL). The DL meth-
ods and ramp-​enhanced trees are applied [36] to predict solar irradiance directly. The authors of 
Ref. [37] improved the ability and the accuracy of solar irradiance prediction through the wavelet 
decomposition-​based convolution LSTM networks. The Gaussian process (GP) regression [38,39] 
method is also applied to achieve the prediction of solar irradiance. The multilayer perceptron NN 
[40], Naïve Bayes method [41], k-​NN [42], and multigene genetic programming [43] are also adopted 
for solar irradiance prediction.

The control of the inverter is used to regulate the power and frequency at the output side and 
lessen the harmonics in the grid-​connected PV system. Compared with the Person Intelligence (PI) 
and Public Relation (PR)-​based conventional procedures, the AI-​based controller accurateness is 
higher. The anti-​islanding protection scheme is categorized into active [44], passive [45], and hybrid 
[46] islanding detection is widely used in inverter control. The authors of Ref. [47] proposed a dual 
current controller, under faulty conditions and injecting the reactive power into the grid. The fuzzy 
logic control (FLC) [48] and computation-​based methods [49] are also applied to increase the low-​
voltage ride-​through ability of the inverter controller.

It is essential to achieve maximum power from the PV array at the input side of the inverter. To 
track the maximum operating point through FLC, the mission profile [50] and a GA [51] are used 
to optimize the NN controller.

The PV panels may be affected by faults, such as short circuits due to bypass diode, delamina-
tion, discoloration, cell crack, snail trail and glass crack, etc. For PV system fault analysis, the over-
seen learning-​based random forest methods [52] are applied. Based on the probabilistic NN (PNN) 
[53], a swarm intelligence-​based ABC method [54] is applied for the PV system fault investigation. 
The authors of Ref. [55] discussed a DL-​based fault cataloging method for PV arrays applying 
the convolutional neural network. ANN-​based fault identification for multilevel H-​bridge inverters 
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[56] is executed. A supervised learning-​based PNN is proposed [57] for fault investigation in the 
diode-​clamped multilevel inverters (MLIs). As a result of the ride-​through operation, an AI-​based 
lifetime estimation [58] can combine the abrupt fault in the analysis or rapid change in the stress of 
the components. The authors of Refs. [59,60] proposed that the lifetime estimation is executed using 
an ANN to analyse the diverse functioning conditions. However, in Ref. [61] a function-​based rela-
tionship is established between the reliability and design parameters. Henceforth, there exist ample 
research articles using various AI methods for the grid-​connected PV system for better operation 
with an amended efficiency.

20.3 � APPLICATION AND ROLE OF AI TECHNIQUES IN GRID-​TIED PV SYSTEMS

In grid-​tied PV systems, AI algorithms played a major facet in designing, modelling, sizing, and 
reconfiguring the photovoltaic parameters. In PV systems, the AI application is subdivided into six 
categories, which are described in the subsections in detail.

20.3.1 �P V Panel Array Reconfiguration

In PV systems, the panel array reconfiguration is an efficient solution to the partial shading issue 
which reduces the negative power skilfully. Currently, the following array configurations are uti-
lized in all shading schemes: series, parallel, a combination of series-​parallel, Honey Comb (HC), 
Total-​Cross-​Tied (TCT), and bridge-​linked. In Ref. [62], array reconfiguration techniques, such as 
static and dynamic, are discussed briefly with various control algorithms. Both techniques enhance 
the array output with their advantage and disadvantage. In static reconfiguration, a novel 8 Queen’s 
(8-​Q’s) technique is reconfigured in a rectangular-​shaped PV array with a TCT configuration. This 
technique is established in a chessboard and the position of the eight queens is arranged so that they 
don’t charge each other. This method has an m × m arrangement on the chessboard and obtained 
solutions for natural numbers only [63]. Current Injection-​Dynamic Array Reconfiguration is one 
of the recent dynamic reconfiguration methods which neglects the occurrence of numerous peak 
values in the array of the P–​V characteristic curl [64]. Further, in Ref. [65], the article explores the 
different array configurations for a PV model and approaches to diminish the shade effects. The 
configurations are grouped based on their features like efficiency and dispersion. In Ref. [66], a GA-​
based procedure is proposed to rid the PV array connection problems, and to improve the processing 
speed of reconfiguration to obtain maximum power for various mismatching. Later, the algorithm 
is compared with the Brute force technique, to rid the long-​time execution problems. In Ref. [67], 
precise estimation of irradiance is obtained by the combination of FLC with Recursive Least Square 
(RLS)-​based estimator for different shading. Experimental implementation of the setup is done for 
residential purposes with a TCT configuration. Compared with the PV voltage and current estima-
tor, the RLS estimator decreases the error by 10% and 4.28%, respectively. In Ref. [68], the Optimal 
Mileage Array Reconfiguration is implemented with upper and lower-​layer optimization reconfigu-
ration where the upper layer is coped with Swarm Reinforcement Learning (SRL) and the lower with 
the interior point approach. In Ref. [69], the optimal power of the Photovoltaic Generator (PVG) is 
extracted by using a Fuzzy Logic (FL) algorithm, and this reconfiguration combines irradiance 
equalization and categorizes the procedure to produce a vital curve with low computing time. Here, 
PVG is reconfigured with one of the mitigation methods, and a switchover is made in the connec-
tions between the PV panels. Similarly, in Ref. [70], the PSO technique is applied to relocate the 
panels and reduce the difference in row current values. An electrical array reconfiguration method 
is explored, and for the optimization, a large memory with computing capability is needed. In addi-
tion, intense tuning of parameters value will result in an optimum output. In Ref. [71], a novel neuro-​
fuzzy (N-​F) algorithm is implemented to neglect the effects produced due to partial shading and to 
improve the array performance with low-​cost initialization. With a dynamic PV array and global 
measuring process, this method decreases the possibilities of having more sensors, more processing 
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equipment, and high computational time. The N-​F algorithm proved its effectiveness in finding the 
main reason behind the power reduction and also in the placement of shaded modules. Further, in 
Ref. [72], an Ant Colony Optimization (ACO) approach is discussed for various scenarios such as 
short, wide, narrow, and long shading. In all shadings, the V–​P and I–​V curves are drawn to validate 
output, which confirms that the reconfiguration based on the ACO approach produced maximum 
power compared to the TCT configuration. In Table 20.1, a brief detail of various AI techniques for 
solar PV array reconfiguration is presented.

20.3.2 �I slanding Detection

On the distribution side, the distributed generators (DGs) are interconnected to the system, where 
there is a possibility of islanding issues. Islanding indicates a condition that when a DG power an 
area, the grid electrical power is faded [73]. So, the distribution system needs a protection setup 
through which the abnormal conditions are identified with utmost concern and protects the system 
by disconnecting the utility. Islanding protection setup is recommended and they are categorized as 
local and remote. Local methods are further divided into active, passive, and hybrid [74,75]. In local 
and passive methods, detection of islanding is done by measuring and monitoring the parameters 
such as frequency, voltage, phase, and current. But, in the active method, the system observes an 
external disturbance to detect the parameter abnormality. Due to the drawbacks of the above meth-
ods, the hybrid detection method is proposed where the abnormality is identified by the threshold 

TABLE 20.1
AI Techniques for Solar PV Array Reconfiguration

Algorithm &  
Ref. No. Year Author Purpose Advantage Disadvantage 

GA [66] 2022 Mariana Durango 
et al.

Obtain a maximum 
power output

Low power losses, 
improved array 
lifetime

Loss of energy, load side 
fault

FL [67] 2021 Loubna 
Bouselham et al.

Dynamic array 
installation cost is 
reduced

Improve the array 
output power

Applicable for small-scale 
PV applications

SRL [68] 2021 Xiaoshun Zhang 
et al.

Minimize the mileage 
payment. Maximize 
the PV output

Less computational 
time. Reduced 
optimization 
difficulty

Increase the peak(max) value 
in V–P curve

FL [69] 2019 Loubna 

Bouselham et al.

Achieve uniformity 

in shade dispersion

Mismatch loss is low. 
Fast response

Difficult to implement the 

controller logic (rules)in 

large-scale arrays

PSO [70] 2018 Babu et al. Obtain high power by 

uniform shading

Switch at once. The 
complex is less for a 
large-size array

Require fine-tuning

GA [83] 2015 Deshkar et al. The increased power 

is achieved by 

equalizing the row 

current values

Accurate selection of 

switching for 

reconfiguration

Need a long search and more 

steps to compute

ANN [84] 2014 Mehmet Karakose 

et al.

Achieve maximum 

power output from 

wide search space 

Fastly gives efficient 

output during 

hardware 

implementation

Need trained data
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values; meanwhile, the existence of abnormality is verified by adding a perturbation to the system. 
In the conventional methods, the process of identification of the abnormality is gradual and impre-
cise, and an alternate option of optimization methods is recommended to overcome the drawbacks 
[76]. So, an AI technique is preferred, which analyzes the input data and builds its database with all 
possibilities. Here, the abnormality and accuracy are improved by pre-​processing the signal input, 
which drastically improves the recognition proficiency [77]. In Table 20.2, a detailed outlook of AI 
techniques for islanding detection is discussed. In Ref. [76], a new technique is proposed by modify-
ing the signal processing unit, where it trains the possible islanding events by extracting, classifying, 
and processing them.

The new classifier detects islanding in a short period (<0.2 seconds) and achieves its output 
for 98% of the training data and 97.8% efficiency. Also, in Ref. [78], a Tunable q-​factor Wavelet 
Transform (TqWT) with the ANN technique is proposed, to disconnect the distributed power gen-
eration system away from the power grid. During the initial process, parameters are detected, and 
computing is carried out for various possible events at the grid. The TqWT decreases the signals 
and the classification of islanding is achieved by the ANN classifier. Through this method, 98% of 
accuracy is attained; hence, this method is able to provide a good insight into detecting the island 
issue. In Ref. [79], a Grey Wolf Optimization (GWO) algorithm based on ANN (GWO-​ANN) is 
discussed with an Intelligent-​based Islanding Detection Method. The pre-​processing is done for 
each Intrinsic Mode Function (IMF) using the Hilbert transform. The IMF parameters are trained 
to test the ANN model for islanding events. The testing and training datasets have islanding condi-
tions like sag, various faults, non-​linear, loads, etc. Further in Ref. [80], an ANFIS-​based islanding 
detection technique is suggested for the low-​voltage inverter-​interfaced grids. ANFIS exploits its 
recognition ability and the mapping relation with the inputs. In Ref. [81], distributed synchronous 
generators identify their island events by ANN classifier. Here, ANN identifies and samples the 
waveform measured at DGs. In Ref. [82], an effective passive islanding method called PNN is pro-
posed, which perturbs and extracts the phase voltage in the DG terminal. The revealing features of 
the Phase Space (PS) technique obtain the initial characteristics and later examine the dimensional 
space. The PNN with PS technique identifies the islanding and disturbances condition accurately.

20.3.3 �H armonics Reduction

In general, power system networks experience harmonics owing to the presence of unavoidable 
non-​linear loads which distorted the sine waveform nature drastically. Similarly, in a grid-​tied PV, 
the inverter stage next to the converter regulates the ac outputs like the voltage, current, power, 

TABLE 20.2

AI Techniques for Islanding Detection

Algorithm & Ref. No. Year Author Advantage Disadvantage

NN [76] 2021 Khan et al Applicable to multi-inverter grid-
connected DG

Output is dependable

ANN [78] 2020 Ananda Kumar  
et al.

98% of accuracy is achieved
Unaware of grid disturbance

Need fine-tuning

GWO-ANN [79] 2020 Samuel Admaise 
et al. 

Perfect for multiple Distributed Energy 
Resource’s (DER’s) island detections

Hardware-in-the-loop 
exploration is needed

ANFIS [80] 2018 Mlakic et al. Handle multiple DG systems
Less detection time

Need large database

ANN [81] 2016 Merlin et al. Efficiency is high accurate Processing time is high

PNN [82] 2015 Khamis et al. Reliable layers are free from learning  
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and frequency with less harmonic content. So, conventional methods like pulse width modulations, 
space vector modulation, etc., are used to control the inverters by controlling their switching pulse 
[85]. These methods have drawbacks of their own, so there is a need for intelligent computing tech-
nology which opens the way for AI. While executing their targets, intelligence algorithms do their 
part in controlling the inverter. Further, in Refs. [86,87], a combined overview of AI methods with 
the conventional techniques is proposed, and various PQ issues like monitoring, compensation, har-
monics reduction, conditioning, storage, and regulation are analysed; a statistical evaluation is made 
with pros and cons. Particularly, harmonics elimination in the power system is reviewed elaborately 
with various analyses like origin and location of harmonics, spectrum examination, harmonics clus-
tering, and its elimination. Various techniques like fuzzy, ANN, decision tree, and SVM contribute 
to most of the papers in the review from the harmonic section alone. Most of the AI methods surpass 
the traditional methods but there is a need for an upgrade in the area of learning and training of 
the AI algorithm, application of hybrid methods, and optimum prediction. In Ref. [88], an Adaptive 
Fuzzy Neural Network (AFNN) algorithm is proposed to produce an efficient operation of a smart 
grid for various load and supply conditions. In addition, the PQ issue occurring in the MG is also 
addressed, and the improvement is done through hybrid filters.

In Ref. [89], a control approach based on an ANN is presented, which draws its utmost utiliza-
tion from the grid by interfacing the MLI for a solar-​based DG system. The ANN-​based control 
algorithm is trained first, according to the switching angle of the inverter. The trained ANN with 
an active filter is merged with the distributed generation system to form a multitasking network. In 
Refs. [90,91], a FL control is proposed for a Z-​source and a Quasi-​Z-​source-​cascaded MLI. In gen-
eral, the FL is used in the inverter circuit to decrease the total harmonic distortion value to a mini-
mum extent and to boost the output dc voltage for the solar PV application. Further, in Refs. [92,93], 
an ANN technique is suggested for a single-​stage and an H-​bridge inverter. While controlling the 
ANN, models are trained and use the library for writing the program. An ANN library is very fast 
and uses backpropagation models. In Ref. [94], adaptive network-​based fuzzy or adaptive neuro-​
fuzzy with an inference system is discussed and interfaced with the MLI for the grid-​connected 
applications. This model combines the NN with FL rules and forms an adaptive circuit network. 
In Ref. [95], a PSO-​based algorithm is proposed to optimize the fuzzy rules in a PV inverter con-
nected to an electrical grid. The MPPT with fuzzy rules enhances the bus voltage of the inverter 
and reduces the Total Harmonic Distortion (THD) level compared to an MPPT with a fixed step. In 
Table 20.3, a detailed outlook of AI techniques for harmonics reduction is discussed.

20.3.4 � Meteorological Data

In a grid-​tied PV system, the integration of renewable energy sources will lead to uncertainty in the 
economy and operation of the power system. This intensifies some factors like fluctuation, harmon-
ics, instability, etc. [96]. The nature of renewable sources is not a fixed one, which increases the 
importance of collecting, documenting, and processing the data from time to time. So, the meteoro-
logical or climatological data occupy a dominant position in the GTPVS. The data like an estima-
tion of solar radiation, prediction of temperature, sun shining duration, and weather forecasting are 
acquired as varying parameters of GTPVS.

The traditional methods like ARMA and Markov Chain suffer from problems like missing data, 
being incapable of predicting the data in a particular location, incompetent to model, and forecast-
ing data for longer period. Hence, AI-​based techniques are applied for meteorological data collec-
tion and estimation [97]. In Ref. [98], one of the techniques of ML called regression is proposed with 
various types of NN, Support Vector Regression (SVR), and GPs. The study is experimented by 
training the regression with one year data of world solar radiation measured hourly. The variables 
like cloud index, solar radiation of clear sky, and reflectivity are observed. Further, in Ref. [99], the 
power forecasting of the PV system is examined by a technique called Extreme Learning Machine 
(ELM), where the model uses Incremental Conductance (IC) MPPT. The network is trained by 
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ELM, and its weights are upgraded by PSO techniques. In Ref. [100], a GA is suggested to know 
the parameters of a PV system such as cells, modules, and arrays. While formulating, GA formu-
lates the optimization as a non-​convex problem. Through this, the parameters (electrical) values 
of the PV system are obtained and they are more efficient. In Refs. [101,102], the ANFIS tech-
nique is proposed and five variables are utilized for the estimation of per day solar radiation. It 
includes maximum and minimum temperature, radiation, and forecasting. From Refs. [103–​105], 
a Multilayer Perception (MLP) network is proposed to fore caste the solar radiation of a day. The 
mean value of daily irradiance and temperature is used as the source parameters of the PV system. 
In Refs. [106,107], a FL MPP algorithm is proposed, and the search for the maximum power points 
(MPPs), for various meteorological conditions are persist in the PV system. For controller design, 
Sugeno FIS is utilized. In Table 20.4, a detailed outlook of AI techniques for meteorological data 
is discussed.

TABLE 20.3
AI Techniques for Harmonics Reduction

Algorithm & Ref. No. Year Author Inverter Type Objective 

AFNN [88] 2021 Sowmiya Das et al. Grid-connected 
inverter

AFNN is fast and time-convergent, so 
used to control the smart grid

ANN [89] 2020 Rajkumar et al 15-level cascaded 
H-bridge MLI

Interfacing inverters are used to append 
the power from the renewable source

FLC [90] 2016 Iniyaval et al. Quasi-Z-source-
cascaded MLI

Using FLC, voltage boosting is unified in 
a single inverter (single-stage)

ANN [94] 2015 Guellal et al. H-bridge inverter Control the fundamental wave by 
eliminating the unneeded harmonics

ANFIS [94] 2015 Karuppusamy et al. Multilevel inverter Absence of optimal PWM switching 
generator

ANN [93] 2014 Demirtas et al. Single-stage  
inverter

Able to learn and make decisions on 
switching concerning ANN

FLC [91] 2013 Balachandran et al. Z-source-cascaded 
MLI

Provide high accuracy. More fuzzy rules 
are used

PSO [95] 2012 Letting et al. Grid-connected PV 
inverter

The design of the controller is simple. The 
simulation speed is fast

TABLE 20.4
AI Techniques for Meteorological Data

Algorithm & Ref. No. Year Author Subject/Area Related to PV

Machine Learning Regression [98] 2019 Cornejo Buenoa et al. Estimation of solar radiation

Modified PSO [99] 2018 Manoja Kumar et al. Forecasting of power

GA [100] 2010 Zagroub et al. Solar energy system

ANFIS [101] 2009 Moghaddamnia et al. Solar radiation prediction

ANFIS [102] 2008 Chaabene et al. Solar radiation prediction

ANN [103] 2010 Mellit et al. Solar radiation prediction

ANN [104] 2009 Almonacid et al. Si-crystalline PV module characteristics

ANN [105] 2009 Benghanem et al. Si-crystalline PV module characteristics

FLC [106] 2008 Atlas et al. Photovoltaic solar energy system

FLC [107] 2008 Paulescu et al. Photovoltaic solar energy system
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20.3.5 � MPPT during Partial Shading

Usually, the maximum output power is drawn from the PV system by placing an MPPT controller 
on the inverter side of the conversion process. IC and Perturb and Observe (P&O) are the two com-
monly used methods in the MPPT algorithm. Due to the drawbacks of these traditional methods, 
AI-​based techniques are recommended, and the optimization and regulation are done with a varia-
tion. In Table 20.5, a detailed outlook of AI techniques for MPPT is discussed. In Ref. [108], the 
author briefed on the Pigeon-​Inspired Optimization (PIO) technique for the PV system. The Pigeon-​
inspired technique improves the searching ability and obtains maximum power while tracking the 
solar system. This improves the efficiency and success outlay of the tracking system. In Ref. [109], 
a combined MPPT structure of Angle Incremental Conductance (AIC) and a type-​2 TSK FLC is 
proposed, and the algorithm of AIC produces the error function value for the MPPT and defines 
the variables with a finite value. In Ref. [110], the author reviewed the ANN-​based MPPT in the PV 
system mentioning its merits gathered from the articles over 6 years. He discussed the ANN-​based 
MPPT and a hybrid structure of ANN with FLC. These algorithms produce an output of 98% with 
a high convergence speed. The oscillations due to harmonics are lesser in the MPP. Further, a P&O-​
PSO is suggested to excel the generated power of the PV system in all partial shading conditions of 
irradiance. In Ref. [111], the author explained an optimization technique Harris Hawk optimization 
(HHO) which tracks the maximum power for all climatic conditions. This method tracks the MPP 
with a quick convergence rate, which improves the oscillation reduction with low computation.

In Ref. [112], a hybrid combination of algorithms such as ANFIS with ABC is explained. 
Improved fuzzy rules are implemented to generate the signal and power the inverter. The adaptive 
(ANFIS) membership function (MF) with the bee algorithm is novel, in the field of hybrid MPPT 
controlling systems. Similarly, in Refs. [113], memetic reinforcement learning (MRL) and power-​
normalized Kernel Least Mean Fourth-​based neural network (PNKLMF) techniques are discussed. 
In MRL, a memetic structure is included in the learning part, to magnify its searching capability. 
In PNKLMF-​NN, a Hill Climbing (HC) algorithm is proposed and the time of load component 
extraction NN controls well and improves the PQ. This method meets the achievement of attaining 
the needed active power along with the chance for feeding the excess power into the electric grid.

TABLE 20.5
AI Techniques for MPPT 

Algorithm and Ref. No. Year Author Converter Type Objective

PIO [108] 2022 Zhuoli Zhao  
et al.

Boost PIO MPPT deals with partial 
shading conditions

FLC [109] 2020 Kececioglu et al. Boost AIC +IT2-TSK-FLC is 
proposed for MPPT

ANN-FLC [110] 2020 Cesar Villegas 
et al.

Buck An efficient algorithm for an 
effective MPPT controller

P&O-PSO Buck-Boost Maximize the generated PV 
power in the same PCS

HHO [111] 2020 Majad Mansoor  
et al.

Boost Track the maximum power in 
all climatic conditions

ANFIS-ABC [112] 2019 Sanjeevi Kumar  
et al.

Sepic Minimize the root mean square 
error

MRL [113] 2019 Xiaoshun Zhang  
et al.

Boost For the PV system under partial 
shading conditions

PNKLMF Three-phase Voltage Source 
Converter (VSC)

To cope with the power need
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20.3.6 �O ptimal PV Sizing

At present, there is a necessity for finding the optimum values of PV systems, which assure the 
quality and quantity of the power supply. Estimating the component values of panels, batteries, 
and inverters through conventional methods is complicated, as it needs huge data and also and 
produces inaccurate results. In Ref. [114], the author reviewed the various techniques of AI in PV 
sizing with their merits and also briefed that these methods provide an optimum solution from 
the isolated location where the possibility of getting the weather report is difficult. Nowadays, AI 
techniques conquer the position by which it buried the difficulties in getting the data for sizing the 
PV systems even in isolated areas. In Table 20.6, a detailed outlook of AI techniques for optimum 
PV sizing is discussed. In Refs. [115,116,117], a PSO-​based method is suggested for PV installation, 
which associates the array and module details like location, size tilt angle, etc. In Ref. [118], a GA is 
proposed to note the exact and efficient location of DGs in the electrical distribution system. While 
implementing, the system power loss is considered to be minimum, which improves the system volt-
age. In Ref. [119], Bat algorithm is proposed for GTPVS sizing optimized bat algorithm is proposed. 
It searches the PV module and the inverter from its database, and sizing of the array is also done 
considering its limits. In Ref. [120], NN is suggested to predict the parameters of the PV according 
to the location and geographical situations.

20.4 � COMPARATIVE EVALUATION OF AI

In the previous section, various AI techniques with their objective, merits, and demerits are dis-
cussed for the grid-​tied PV system in various aspects. Compared with the conventional methods, 
AI reduces the harmonics and oscillations to a low value and gave a reliable output for sudden 
parameter disturbances. Moreover, a comparative evaluation is done with the AI algorithms in 
terms of speed, complexity, tuning, real-​time monitoring, and implementation. Table 20.7 briefs 
these features in detail.

20.4.1 �S peed

While compared with the conventional methods, the speed of several AI techniques is more. Some 
algorithms need more levels of iterations, which makes the speed a little low.

20.4.2 �S ystem Complex

Generally, the system complexity is dependent upon the algorithm complexity level used for the 
system. Moreover, AI algorithms are complex in nature, particularly GA and hybrid combinations 
of AI algorithms as mentioned in Table 20.7.

TABLE 20.6
AI Techniques for Optimum PV Sizing 

Algorithm & Ref. No. Year Author Parameters Predicted

PSO-GA [115] 2021 Imene Khenissi et al. Proper sizing of grid-connected PV

PSO [116] 2021 Kefale et al. PV installation is done with proper size and location

GA [118] 2019 Kashyap et al. Optimal placement of DGs

BAT [119] 2015 Othman et al. Sizing of PV arrays

ANFIS+GA [120] 2014 Sanusi et al. Solar cell count and battery size

PSO [117] 2010 Kornelakis et al. Optimum installation of PV modules
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20.4.3 �T uning

The periodic tuning of the AI algorithm is based on the set of values close to the global optimum max-
imum value. Tuning is possible when there is a possibility of an MF of fuzzy rules and training data.

20.4.4 � Monitoring and Implementation

The real-​time monitoring and hardware implementation details of possible AI techniques are listed 
in Table 20.7. The high-​end processors are difficult to operate, as this algorithm needs more space, 
especially in ANN and hybrid combinations.

20.5 � CONCLUSION

From this overview, it is concluded that enormous number of papers are published on the topic 
“Application of AI techniques in grid-​tied PV systems” till date. In solar PV systems, the role of AI 
particularly ANN, PSO, GA, and optimization techniques are more likely used by the researchers 
for solving the issues which were discussed briefly. With the performance output, it is difficult to 
generalize the particular models for particular applications. In the future, advanced research has to 
be conducted, to improve the drawbacks like inconsistency, privacy and security of data, algorithm 
transparency, and its implementation.
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21.1 � INTRODUCTION: BACKGROUND AND DRIVING FORCES

Smart cities are booming in every country, as well as the population is growing exponentially, and 
the demand for basic amenities and services is also increasing simultaneously. Smart cities gener-
ate and distribute huge numbers of data through IoT, but it is challenging to control these data. To 
overcome this problem, Deep Reinforcement Learning (DRL) is utilized, which is a successful 
time-​variant control behavioural system. DRL is an effective schedule device and is cost-​ and time-​
efficient. A deep neural network classifies the energy devices currently available in a framework [1]. 
Smart cities are growing rapidly, renewable energy sources (RES) increase and improve waste man-
agement, and implementation of information and communication technology (ICT) infrastructures 
also increases. The main objective is to reduce the complexity of the smart power systems by using 
on-​site and off-​site resources. The Internet of Things (IoT)-​based Smart Green Energy are pro-
posed for smart cities. Smart cities detect energy consumption, secure communication, and predict 
demand [2]. IoT is finding a wide application in various fields of work in our day-​to-​day life. One 
such application is Energy Cooperation in the IoT of a smart city. These IoT gateways have inter-
connecting energy harvesting. This Energy Cooperation will help to balance the energy needs and 
transfers energy from rich gateways to energy scarce gateways. To find the optimal energy transfer 
between the gateways, convex optimization is used, which helps to find the solution for heteroge-
neous smart systems [3]. In the energy sector, day by day, the technology is developing, and existing 
resources get outdated, especially in digital disruption. Sustainable energy has developed faster in 
this decade. To generate strong, safe, and sustainable energy by implementing services like IoT and 
5G wireless communication for faster communication is necessary. The technology Glowworm 
Swarm Optimization monitors the demand and supply of the energy and distributes the energy 
according to the load. Digital technologies are developing drastically in the energy sector, espe-
cially AI (artificial intelligence) technology. AI combines data of demands, supply, and renewable 
sources into the power grid to control. The three aspects of AI in power grids are implementing AI 
in solar and hydrogen power generation, AI demand and supply management control, and growing 
technologies in AI. The main motive of AI in power grid analysis is big data, which is the main role 
in the future energy market to increase efficiency and performance [4,5]. For emerging energy man-
agement systems, especially in 5G communications, a sustainable demand response (DR) model 
is required to treat fluctuations causing imbalance in green energy for IoT technology to manage 
average energy consumption, encouraging renewable energy using software-​defined networking, 
network functions virtualization, and integer linear programming. DR is a request action model, 
acting in between power consumer and supplier. This will make the energy consumption itself a 
part of the management model, and prioritise them for consuming or rejecting, and making IOE [6].

Meeting the rising energy demand and limiting its environmental impact are the two intertwined 
issues faced in the 21st century. Governments in different countries have been engaged in develop-
ing regulations and related policies to encourage environmentally friendly renewable energy gen-
eration along with conservation strategies and technological innovations. It is important to develop 
sustainable energy policies and provide relevant and suitable policy recommendations for end-​users. 
For the promotion of renewable energy, the development history of energy policy have been intro-
duced in five countries, i.e., the United States, Germany, the United Kingdom, Denmark, and China. 
A literature survey of the articles aimed at promoting the development of sustainable energy poli-
cies and their modelling is carried out. It is observed that the energy-​efficiency standard is one of 
the most popular strategies for building energy saving, which is dynamic and renewed based on the 
currently available technologies. Feed-​in-​tariff has been widely applied to encourage the applica-
tion of renewable energy, which is demonstrated successfully in different countries. Building energy 
performance certification schemes should be enhanced in terms of reliable database systems and 
information transparency to pave the way for future net-​zero-​energy buildings and smart cities 
[7]. Sustainable energy management systems target energy efficiency, batteries, wave energy inte-
gration technology screening, and low carbon transitions. Anaerobic digestion, fermentation, and 



303A Critical Review of IoT in Sustainable Energy Systems

incineration convert the algae, seaweed, municipal solid waste, and food waste into biomass from 
bio-​based renewable energy. Implementing AI, IoT, and Industry 4.0 for the chemical industries is 
discussed in reference [8]. The smart machine for sustainable energy systems is based on a com-
parative analysis of technology. The requirements of the smart machine to implement software, 
hardware, and design solutions are monitoring and diagnostics of the energy states, the state of 
household applications, and IoT devices. The main concept of smart machines is increasing the 
efficiency of households and industry with new types of information management services in the 
field [9]. Clean distributed energy gets electric power and energy systems (EPESs). When the IoT 
connects with existing EPES, EPES gets the features of cyber security, real-​time monitoring, and 
control, and thereby transforms into an intelligent cyber-​enabled EPES, which is secure, reliable, 
and sustainable, using IoT to improve, eliminate energy wastage, and save cost [10].

IoT plays a major role in smart monitoring systems and smart metering systems. Smart monitor-
ing combines energy metres with smart equipment control and bidirectional communication. For 
control and monitoring of energy usage and also power quality issues, Demand-​Side Management 
strategy is applied by using the Commercial Building Energy Management System using IoT-​based 
Smart Compact Energy Meter (SCEM). An ARM microprocessor is used to render complex opera-
tions. These operations are controlled and monitored by the Blynk application. SCEM analyses the 
power quality at a low cost with accuracy [11]. Generally, universities have large buildings that have 
high energy demand. It incorporates renewable energy and monitors and controls the demand of the 
buildings by IoT-​based wireless sensor network (WSN), which controls lighting systems, and heat-
ing, ventilation, and air conditioning (HVAC) in buildings. The goal is to transform buildings into 
Zero-​Energy Buildings (ZEBs) at a low cost [12]. Photovoltaic (PV) array controls and analytics for 
solar farms and intelligent fault detection are elaborated about. For the software fault detection and 
solar array management to build the smart monitoring device (SMD). Later, including other sensors 
for monitoring current, irradiance, voltage, and temperature for each panel. Currently, solar energy 
IoT systems provide detection and remedy fault, mobile analytics, enable solar farm control, and 
optimise power under different shading conditions. The aim is to improve strength and efficiency 
using machine learning [13].

The solar market is abruptly increasing day by day. The reason behind this is sustainability and 
availability. Implementing the IoT framework in this sector can lead to upgrades and portability. PV 
modules of mono and poly-​crystallines of combining solar cells, controlled solar water radiators 
which are ozone-​friendly, solar syphons perfect for rural water conveyance, batteries, inverters to 
convert solar-​powered alternating into direct current, regulators to control the intensity, and solar 
chargers are the components to integrate with IoT exploiting machine learning algorithms such as 
support vector machines (SVMs) to vitality yield [14]. The smart grid (SG) has big data, machine 
learning, and communication infrastructure to increase the management of power demand and sup-
ply. In emergencies, machine learning helps in the SG. The performance of smart grid is analysed 
using machine learning algorithms such as Artificial Neural Network (ANN), SVM, and Linear 
Regression (LR). These algorithms detect the power demand in the Home Area Network. ANN 
deals with large amounts of data and is superior to SVM and LR in predicting accuracy and time 
requirements [15].

21.2 � DATA-​DRIVEN SMART CITIES

To tackle the energy demand [16] and consume it wisely, an IoT-​based data-​driven methodology was 
implemented. CITyFiED (city in Spain) project (GA # 609129) of retrofitting buildings is the dataset 
characterised by static and dynamic training using machine learning. Developing a city strategy of 
digital architecture exploiting IoT, and big data analytics to ease mobility and governance is defined 
by the standard UNE 17804:2015. Using clusters to classify the buildings based on features in all 
parameters and regression to estimate the energy consumption.
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A technique that can save energy and forecast its consumption can be developed by engineer-
ing, statistical, and artificial intelligence. Autoregressive integrated moving average (ARIMA) 
method is introduced in public building sectors with Generalized AutoRegressive Conditional 
Heteroskedasticity (GARCH), and wavelet theorems give the highest accuracy for energy consump-
tion analysis, whereas in the case of smart offices, a multi-​layer perceptron ANN and a SVM returned 
with a minimum of 4% errors. A cloud of stochastic wiener filter and k clustering of integrated rein-
forced learning approach results in saving of energy to the maximum of 18% [17]. Targeting the 
Internet of Medical Things in smart cities, a battery-​less energy harvesting model from solar cells is 
developed for a low-​power IoT node that supplies four different voltage ranges [18]. Charge pumps 
are integrated for buck-​boost application of voltage harvested. Digital controllers and low dropout 
regulators are involved in load mechanisms suitable for monolithic integration. Bandgap reference 
generators employ harvested energy stored in supercapacitors producing constant voltage regard-
less of any parameters. To develop a quality of life, infrastructure in cities and urban areas need 
to be taken care of. Public lightning [19] plays a vital role in massive administration using neural 
networks and statistical assessments of the hybrid modelling approach. Lumiere project developed 
an ICT service, say, a data centre to collect the data from IoT nodes, store it, and process the statis-
tical and dynamic parameters to provide uninterrupted service and analyse the consumption rate 
for better prediction and evaluation. Internet of Energy (IoE) joins hands with transferring compu-
tational sustainability for efficient IoT smart grid data management [20]. Sustainability movement 
along with data-​driven methodologies is essential for resource allocation and optimization. Each 
forecasting horizon has a variety of issues. Using different equations and solving critical challenges 
with Betz limit, it is evident that the power coefficients efficiency has increased to 59%. Wireless 
sensors, radio frequency identifications (RFIDs), intelligent electronic devices (IEDSs) in sensor 
connectivity layer and network; along with Bluetooth, Zigbee in gateways, security control distribu-
tion process data in management service; DR, monitoring faults, and smart metres in the applica-
tion layer sum up as the total setup. Integrating legacy and super old buildings with IoT sensors and 
protocols for retrofitting and sustainable development is required, since buildings are responsible 
for 30% carbon emission by consuming energy [21]. Installing sensor nodes chose to be wireless to 
avoid renovations. To develop a sustainable protocol, the initial step is to get cooperation from the 
occupants. Analysing the indoor parameters, say, occupants range and average renovation period 
already undertaken, is mandatory. To evaluate sensor quantity and variety required, a labelling 
protocol map is a key to forming a gateway network. Based on environmental constraints, required 
sensor module units are listed, say, power nodes and temperature. Before deploying, it is advised to 
take sensor tests for proximity, position, and delay, and evaluate the gateway to record its perfor-
mance. Once everything is set, replication of nodes is carried out. It has a wide amount of positive 
influences on various concepts across the world. One such area of research it had imparted is EFW 
Nexus, i.e., Energy-​Food-​Water [22]. Nexus deals with sustainable energy management across vari-
ous natural parameters such as water, soil, etc., and integrates its management and governance. EFW 
Nexus mainly focuses on the goal of reducing climate change. Implementing IoT along with EFW 
Nexus brings a lot of applications for various sectors. IoT applications on food are Food Transport, 
Food Packing, Intelligent Packaging and Delivery, etc., and on water are water quality and safety 
monitoring, wastewater management, etc. The proposed model of IoT architecture EFW Nexus has 
six layers, and they are Focus Layer, Cognizance Layer, Transmission Layer, Application Layer, 
Infrastructure Layer, and Competence Business Layer. All of these layers contribute individually 
towards service improvement. Thus, this proposed model of approach brings in effective sustainable 
management of resources [23]. A Specific Energy Consumption (SEC) factor is being generated for 
a ready-​to-​drink-​juice production line up. SEC factors play an important role in bringing out the 
efficiency of the output by measuring the amount of energy that is being used on the input side. The 
energy consumption index which is generated contributes towards the efficiency and cost of energy 
that is being utilised in the production line up, and also this energy consumption index does fetch 
the necessary details about the energy consumption for a particular production line up. Calculation 
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of this data was made by indexing the electricity consumption of the respective plant according to 
the power consumption of the plant, which is used by the production line up, and the weight of the 
product is obtained using IoT. So, based on this effective data, which is gained in the previous step, 
we come out with the energy index value of the respective production line up and hence the specific 
energy consumption factor. We have relied on fossil fuels for a longer period and considered them a 
primary source of energy for many years. But now due to the increased environmental impacts and 
lesser availability of fossil fuels, more of the focus is getting shifted to green and sustainable energy 
sources. One such sustainable energy source which is elucidated in this proposed model of work is 
solar power. Using solar energy, an active 2-​axis solar tracker IoT system is proposed. The advan-
tages of the proposed system are that it is affordable, easy to construct, require less maintenance, 
intelligent, and 30% more powerful than the traditional mode of systems. Components that are used 
in this proposed work are Sensors, Grid-​Tie Inverter, ESP8266, Cloud Server, NODE-​RED soft-
ware, and solar panel. This proposed model of work will help to track efficiently and sustainably. 
Thus, the concept of green energy and sustainable development can be achieved [24]. Generating 
wind energy in the form of distributed networks offers an off-​grid methodology. A grid connected 
with turbines and auxiliaries overcomes power fluctuations with the aid of a small sub-​turbine con-
nected along a battery bank (of non-​renewable). To attain the optimum power and to manage energy, 
a circuit breaker is attached to the grid with a generator. The circuit breaker is connected with an 
ac transmission line of three-​phase, and with respective ac bus. This ac bus is again coupled with a 
step-​down transformer. An induction-​type generator is used to convert variable speed of wind into 
a bus voltage. Also, a fault detector is set up. A Simulink model is developed under the category of 
the vertical and horizontal axis of wind turbines. Integrating IoT here makes the application more 
sustainable and discussed in future works [25].

To achieve sustainable energy management, wireless-​network adaptive hybrid devices and IoT 
frameworks were introduced. With big data analytics, a hidden pattern inside the energy consump-
tion data is found. Schick lear python library algorithms are used to control and manage the power 
flow. Controlling and managing heat ventilation and air conditioning is feasible, since they are the 
culprits consuming tons of energy in every bound. A microcontroller with power sensors forms a 
back-​end connecting sensors to the master hub which processes and stores data using a system on 
chip microcomputers with the help of machine learning. A subunit is simply a user handy of having 
control switches and Wi-​Fi modules for transmission of data. All three back ends, master hub, and 
subunit are interconnected. This machine learning IoT model yields 35% increased performance for 
accumulating energy management [26].

21.3 � COMMUNICATION AND AI

Digital technologies are developing drastically in the energy sector, especially AI technology. AI 
combines data of demands, supply, and renewable sources into the power grid to control. The three 
aspects of AI in power grids are implementing AI in solar and hydrogen power generation, AI 
demand and supply management control, and growing technologies in AI. The main motive of AI 
in power grid analysis is big data, which is the main role in the future energy market to increase 
efficiency and performance [27]. The global energy level increases rapidly every year, and accord-
ing to the Energy Information Administration, in 2050 the demand will increase up to 50%. For 
this, governments start to move towards and invest in sustainable renewable energy systems sup-
ported by cyber-​physical technologies. This leads to popping up prosumers who are capable of 
producing and consuming energy. By adapting to renewable resources can provide more sustainable 
and efficient operations [28]. Sustainable energy plays a major role in lifetime environmental exis-
tence. It combines nature and technology. The physical layer comprising power and cyber layer is 
for control, computation, and communication to be achieved for the goal of energy sustenance, with 
the help of network on-​chips, edge computing, and the IoT. These layers are deployed in smart cities, 
villages and building applications [29–​31]. This article aims to manage energy consumption in a 
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particular city with a cloud environment. For communication, clouds play with IoT-​Urban Data 
Management. Big data analysis is complex, so it implements different kinds of sensors like weather, 
smart, traffic congestion, and vehicle and water sensors to collect a huge amount of stored data. 
Tackle by using Hadoop Distributed File System, it converts huge amounts of data into tiny blocks, 
and decision making is done by a machine learning algorithm. IoT communication worldwide is 
using Long-​Range Wide Area Network (LoRaWAN), for long life for the device and long-​range, but 
the disadvantage of the LoRa is frequent battery replacements, and that it increases maintenance 
costs and disposal of huge numbers of batteries which damages the environment. Controlling End-​
Device configurations by using EH-​CRAM is a centralised Kalman filter-​based optimization algo-
rithm based upon incoming solar energy and traffic and maintaining the balanced energy supply 
and demand. EH-​CRAM maximises the energy efficiency and reliability for sustainable energy 
harvesting for LoRa End-​Devices. To reduce carbon footprint, an energy-​efficacious WSN of IoT 
communication systems was made [32]. High spatial data output from various sensors was collected 
and encoded using Bernoulli’s trial process, coupled with silent signal communication. Once done, 
the data lines are modulated by performing hybrid frequency-​shift keying (FSK) or amplitude-​shift 
keying (ASK), which is perfect for low-​cost and low-​data rate nodes based on WSN. Since the 5G 
network is evolving to connect hyper-​fast IoT, this mass energy-​saving communication introduced 
in communication nodes paves ways for improved complex sensing-​driven IoT applications. 
Connecting cyber technology with IoT, a high number of devices contend for spectrum. To handle 
this, a wireless model of spatiotemporal using stochastic and queuing geometrical theories was 
introduced [33]. These theories talk about the success rate from buffers, rate of generation of energy 
from batteries, and probability of transmission of that energy. Investigation of queuing parameters 
was done, and network performance was analysed. A mathematical model of a self-​sustainable IoT 
network for radio frequency (RF) downlink cellular supply that is recycled is characterised. Using 
two dimensional (2D) discrete-​time Markov chain  (DTMC), the time of evolution starting from 
generating is monitored. To treat the energy consumption of IoT devices and their data centres, a 
decision tree-​based classification and regression on software-​defined networking were introduced 
[34]. A request–​response model based on the Gini index and an optimal tree is developed to provide 
vast access, thereby ensuring storage minimization as well as maximisation of energy storage. The 
main formulation is modelling a decision tree and pruned to the optimum. With access to the Gini 
index formula for different nodes, all training sets are stored in the root node/class carrying differ-
ent members or attributes. Based on the Gini index, splitting criteria were formulated and loss func-
tion was calculated. With that cutting off, the tree with the smallest Gini index value is considered 
to be the optimum result. The same is repeated recursively until the expectation meets. In SDN, 
IPV4 protocols are brought to each pocket entity. The WSN, a part of LNN, is low power and lossy 
due to routing radios and protocols. The low-​power and lossy networks contribute to poor perfor-
mance, high traffic, and slow data and delivery rates. With the help of object capacity, RPL cut-​off 
sink systems, and transmission from child to parent node were considered for routing [35]. With 
battery discharge index sinking with load, data traffic gets minimised. Destination-​oriented directed 
acyclic graph is responsible for every child node to pick its parent node. With the help of COOJA 
software simulators, a set of microcontrollers formed an IoT network. This paper also discusses 
about implementation of ETX-​aid in average power consumption and controlled traffic behaviour. 
IoT is being focused on and used in many applications in our daily life. One such application where 
IoT is being implemented is smart wearable solutions. The Body Sensor Network (BSN) is imple-
mented in smart wearables solutions, over the prolonged service cycle which is being produced by 
the BSN turns out as a negative point to it since it has limited battery capacity and energy supply for 
sensors. So improving energy efficiency and harvesting energy can be considered the ways to 
improve and bring sustainability. So for this, Lyapunov Optimization technique is used to solve the 
MMOP framework and an online energy optimization algorithm is used to achieve near-​optimal 
system utility. Thus, the proposed system turns out to be a sustainable system. The IoT is pictured 
as an important enabler of the good town, that 5G little cell goes to hide. The proposed model of 
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work deals with the design of a dense cellular M2M communication system employing a Ginibre 
determinant purpose method and studying the corresponding communication metrics, together with 
grid energy consumption and grid energy potency (EE). Millimetre wave-​based hybrid energy har-
vest home (EH) mechanism is projected to keep up self-​sustainable communication. Two EH modes 
are considered: one is appropriate for the long-​run operation, whereas the other mode is well-​liked 
in managing a brief energy shortage. Initially minimise the typical grid energy consumption by 
resolving a large-​scale applied mathematics drawback. Once the battery in the machine device is 
charged with sufficient energy at the initial time, a closed-​form formula describing the typical grid 
energy consumption of each of the modes may be derived beneath moderate output constraints 
[36,37]. Owing to the exponential proliferation of the Web of Things (IoT), it’s anticipated that the 
quantity of little IoT devices can grow efficiently over the ensuing few years. These billions of little 
IoT detectors and devices can consume a large power for information transmission. During this 
fashion, RF energy gathering has been contemplated as an Associate in Nursing appealing resolu-
tion to the design of long and self-​sustainable next-​generation wireless systems like IoT networks. 
However, within the sensible setting, like IoT networks or systems, square measure is subjected to 
external interference factors which regularly lead to the loss of the system rate. In a model, the 
working is different from generic RF EH system. Wherever possible, solely a supply node informa-
tion is relayed through intermediate EH relaying node. Transmitting the information of IoT relay 
node along with side supply node data mistreatment non-​orthogonal multiple access protocols is 
utilized within the presence of Associate in Nursing meddling signal to their several destinations. 
Specifically, within the presence of a meddling signal, we tend to study the mix of two well-​liked 
energy gather relaying architectures – ​time change relaying and power cacophonous relaying – ​with 
ulcer protocol for IoT relay systems. Considering the interference from the external entity, we’ve 
mathematically derived the outage likelihood, throughput, and sum-​throughput for our planned 
system [38]. Rooftop PV systems are currently turning into the present with the reduction in prices 
of PV panels and connected technologies. Developing countries like the Asian nation have under-
taken inexperienced energy transitions to make sure property and energy self-​direction. The rise in 
shopper participation visible in the nation’s goal necessitates technological advancements in condi-
tion observation of PV systems. Nowadays, state-​of-​the-​art and sturdy observation systems are 
accessible and deployed for big star farms and have been tested to extend the operational potency of 
these systems, whereas there are not any commonplace observation systems for small-​scale instal-
lations. This paper presents a survey on Operations and Maintenance of PV systems and an IoT-​
based Wireless Detector Network for PV panel observation [39].

21.4 � SUSTAINABLE ENERGY MANAGEMENT

In today’s rapidly developing economy, energy resources have been considered the most important 
players which contribute to the development. Hence, the efficient use and management of energy 
resources which are available are considered an important factor that leads to the sustainability of 
existing resources. In this proposed model of a work [40], authors have designed a lighting system 
based on fuzzy logic which is supported by IoT. This model detects and varies the light intensity 
according to the motion which is detected in the environment, and this system can be implemented 
in heavy light-​consuming environments such as hospitals and schools. It aids to reach higher range 
of power efficiency. To analyse the various impacts which are imparted from the successful imple-
mentation of Wireless Smart Plugs [41] that are connected with hands-​on Internet sources. In the 
implementation of this model of work, Smart Plugs are connected to the Central Server via Wi-​Fi-​
Gateway. Once the data from the Plugs reach the Central Server, the data is analysed, processed as 
required, and will be imparted into the Web Application that is used to showcase the needful data 
to the end-​user. By this implementation, the user is able to keep track of their energy consumption 
statistics and to switch on or off the switches remotely via the Internet sources. Thus, this model of 
work corresponds to the efficient and sustainable way of energy consumption by the end-​user. As 
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for the application [42], Energy Information Management System (EIMS) and its importance in the 
IoT system are discussed. EIMS keeps track of our energy consumption patterns and leaves out the 
effective planning and efficient management of resources in commercial and industrial sectors. For 
data acquisition, various technologies such as Wi-​Fi, Bluetooth Low Energy, LORA, sigfo, and NB-​
IoT are used, and for data mining, methods such as classification, regression, clustering, and depen-
dency modelling are used. Challenges that are faced in this respective management system are 
Heterogeneity of Data, Encryption, and Security. In terms of energy consumption, in our environ-
ment, we have various forms of energy with different sources as their origin. So, to reach sustain-
able energy management between these resources, we need to balance out the energy which is being 
consumed from it. Now, in this proposed model of a work [43], they have used water as the source of 
the energy. The proposed system creates water resources as a water energy system and various func-
tions and properties it has are Converted Energy, Saved Energy, Generated Energy, Created Energy, 
and Stored Energy. The benefits from this model of work are urban flood control, water storage, and 
water supply assessment. Developing countries consider reducing the energy consumption values, 
and carbon footprint across the world can effectively bring back the situation and offer a better sus-
tainable environment for future generations. In the proposed model of work [44], IoE is considered 
a viable option to achieve the above-​mentioned goal of reduced power consumption. The IoE is con-
sidered a child of the existing IoT. The core values which an IoE offers towards the market standards 
are a reduced amount of energy consumption for a given application and the important character-
istic which it possesses is used in predicting the behavioural pattern of energy consumption and 
suggestions. Increasing consumption of energy and diverse extraction obstacles that most nations 
worldwide presently face caused researchers and customers in several eras together with industrial 
and home domains to hunt for brand new and optimum solutions to extend productivity and reduce 
harmful effects of consumption. These obstacles include the completion of fossil fuels, tendency 
towards renewable energy, environmental changes, tendency towards network data systems, rising 
energy prices, and technological development. The most important goal to research and achieve 
is to decrease energy consumption and increase consumers’ welfare in all areas. IoE technology 
together with the most recent methodologies within the world has created an intelligent atmosphere 
with advanced sensors [45]. These technologies give intelligent association between users, suppli-
ers, and suppliers with energy consumption atmosphere and observance systems that consequently 
result in potency in energy consumption. Besides, users’ behaviours and their consumption behav-
iour patterns will be expected to be changed by victimisation enablers of this technology that is 
predicated on sensors. Utilising every available technology aids in improving the effectiveness of 
sustainable energy. Enhancing sustainable energy schemes is fundamental to improving the rate of 
global energy efficiency coupled with decreasing the share of carbon systems in the global energy 
mix. With the integration of modern technologies like the IoT, machine learning, and AI, energy 
systems are generally smarter, more efficient, reliable, and also possess the potential to mitigate 
global energy problems. The IoT finds application in wind farms and the energy sector at large. 
Integrating IoT into wind farms has the potential to save about 50–​230 million US dollars of their 
operating expenses, improve the current 743 GW global wind power capacity to an amount sub-
stantial to enable it to supply 20% of the world’s electricity by 2030, and also allow wind energy 
technology to hold a good share in the 100 billion objects that are expected to be connected to the 
Internet by 2025 [46]. In addition to this, it reviews the challenges associated with the deployment 
of IoT in wind farms and the future of blockchain technology and green IoT in energy systems. The 
main goal of the IoT is to ensure better efficiency, simplify processes of the system, and improve 
quality of life. The sustainability of the growing population becomes an issue, and the fast develop-
ment of IoT must be carefully evaluated and monitored by the environment. The four main areas 
of IoT technologies are IoT in sustainable energy and environment, Smart city, E-​health and smart 
transportation, and low carbon emission. In this proposed model of work, they have been focusing 
on the higher energy demands which are newly arising due to the implementation of AI and IoT into 
a vast number of fields and have suggested a sustainable energy management scheme “REcache” to 
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solve this problem effectively and efficiently in an eco-​friendly manner. This proposed “REcache” 
management scheme consists of a dedicated design circuitry and energy-​aware management poli-
cies and principles to coordinate with various energy parameters such as energy harvesting, power 
management, and workload Scheduling [47]. Energy management is a topic that is gaining a huge 
amount of concern in this rapidly developing environment. The reason behind this concern is the 
high amount of energy demands and needs which are arising on a daily basis. So, in this current 
scenario, the invention and development of smart metres plays a vital part and will be used to moni-
tor energy consumption in a much better way. Smart energy metres create an intelligent track on the 
information such as usage of the appliances, data consumption, and energy flow for various appli-
ances connected to a network. The proposed model of work implements a cost-​effective three-​phase 
smart energy metre, i.e., IoT-​enabled, multi-​protocol, and modular, which is capable of collecting, 
processing, and transmitting various information regarding electrical energy on both the consumer 
side and the distributer side [48].

21.5 � EDGE COMPUTING

IoT plays a vital role in many applications all around the world. So, by this rapid growth of IoT itself, 
we are able to understand its positive side and the impacts which it is creating on our society; on the 
other hand, IoT has some limitations like high maintenance costs for batteries, delay constraints on 
IoT systems due to centralised mode of operation, etc. To bring in an effective solution for the above-​
mentioned vulnerabilities, “The Green and Sustainable Mobile Edge Computing (GS-​MEC)” 
framework can be considered a good alternative. The above-​mentioned concept is based on Energy 
Harvesting Technologies (EHTs), which utilise the Green Energy from the atmosphere and make 
these respective devices self-​powered devices. This above-​mentioned [49] framework will try to 
minimise the response time and packet losses and make the device more reliable; additionally, this 
“Dynamic Parallel Computing Offloading and Energy Management (DPCOEM)” algorithm along 
with the Lyapunov set will optimise the system outcomes. Implementing IoT in day-​to-​day life sce-
narios and working conditions gives us a higher number of applications and its use cases, but simi-
larly, it does have a down-​sight and has some challenges which are left out to be resolved. One such 
challenge is providing an uninterrupted power supply for the IoT nodes which are operating. A 
power supply is considered a main source for the IoT node to carry forward its operation and allow 
it to transmit the resources it gathered. Bringing in the concept of sustainable energy resources can 
be considered a successor for the above-​mentioned issues. This proposed model of work [50] uses 
an ultra-​low-​power solar energy harvesting system; this respective solar cell is considered the input 
source for the IoT node. The low input voltage from the solar panel is being boosted by a DC-​DC 
convertor. Further tuning of the values is made with the help of frequency tuning and capacitor 
value modulation techniques. So, by this method, we are able to power IoT smart nodes and bring 
sustainable development. IoT has evolved in many use cases and is showing successful development 
over them. But still, the concept of sustainable IoT is hard to achieve because of the latency and the 
energy consumption issues it possesses [51]. The value of energy that is being consumed increases 
when a user’s request is running in the local mobile device rather than that a Cloud server and 
latency will emerge as a problem when a task is being executed in a cloud environment rather than 
the mobile devices. Hence, a baseline between these two above-​mentioned parameters is required to 
build a successful sustainable IoT application; thus, the concept of edge computing arises. This 
proposed model of work uses an optimization technique to adapt these two parameters. Hence, it 
improves the performance and efficiency of the model and brings a sustainable IoT application. The 
nascent paradigm of edge computing advocates that machine and storage resources will be extended 
to the sting of the network so that the impact of knowledge transmission latency over the web will 
be effectively reduced for a time-​constrained IoT applications. With the widespread readying of 
edge computing devices, the energy demand of those devices has exaggerated and commenced to 
become an obvious issue for the acceptable development of urban systems. For this, a unified energy 
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management framework is being proposed for sanctioning a property edge computing paradigm 
with distributed renewable energy resources [52]. This framework supports cooperation between the 
energy provider system and therefore the edge ADP system so that renewable energy will be uti-
lised, while providing improved quality of service for time-​constrained IoT applications. An imag-
ing system is additionally enforced by exploitation of microgrid (solar-​wind hybrid energy system) 
and edge computing devices along. Traffic management system, issues by traffic jam delay in emer-
gencies, unpredictable local transport, and consumption of fuel increased. A Hierarchical Peer 
Connected Fog Architecture (HPCFA) where hierarchy is organised by fog node and peer fog node 
interconnects the same level with each other [53]. The data from IoT devices track the vehicle’s posi-
tion on the roads and transmits it to the nearest fog node. From the fog node, the information trans-
fers to HPCFA and then to the user. HPCFA works both fog and without fog nodes and directly with 
the cloud. The simulations and results are displayed in applications indicated in reference [54]. The 
development of agriculture crops inside a greenhouse with a quick distribution in the market, to 
increase the efficiency and intelligent management system energy. The Cyber-​Physical Systems 
(CPS) increases the renewable sources as a primary utilisation with sensing technologies including 
IoT and cloud computing (CC) supports ICT that leads to new features to energy systems. CPS con-
trols and manages sensors to improve efficient energy systems [55]. Cloud-​oriented convolutional 
neural network edge image recognition and visualisation of wireless low-​power computing are pre-
sented. Here, an x86 class computes which is an end-​to-​end system is set up. Combination of energy 
harvesting from wind or solar and supercapacitors to overcome power supply demand. PMU of 
master-​slave configuration with single inductor fitted for optimization and sequencing power. 
Implementing stack modules in every layer of IoT and EHPMIC handles computer and platform 
rails to harvest energy and charge the battery using supercapacitors, which is initially developed for 
agricultural applications to sense, capture, transmit, store, secure, and compute data with the help 
of edge and gateway in the cloud. Integration of simultaneous wireless information and power trans-
fer with fog radio access networks meets the solution for a self-​sustainable network [56]. With this 
energy and computing, users harvest energy and compute tasks. Power allocation, bandwidth man-
agement, and offloading operations are optimised for better performance. Minimising the consump-
tion of energy at the same maintains the quality of service. Uplink and downlink transmissions are 
known to increase energy gain. Solving NP-​hard mixed integer programming problems by process-
ing latency of different transmission levels and tasks, and calculating energy consumption and har-
vesting with the help of offloading strategy and joint optimization algorithm, decoupled problem 
solved. According to our current life situation and working scenarios, high energy demand is being 
created and requested from the user side daily both from an industrial framework and a household 
perspective. To bring in an effective alternative for this existing scenario, we can try to incorporate 
some renewable energy resource concepts into the system. Bringing these renewable energy con-
cepts into the existing system can reduce the effective load on the grid side and will avoid many 
problems, which are faced by the grid, such as brownout. The respective renewable energy which is 
being used in this model of work is solar power. In the implementation side of the work, a solar PV 
panel is installed in a house, and a respective battery source stores the energy which is being gener-
ated from the panel. Once the system identifies a higher amount of load on the grid side, the relay 
circuitry switches its consumption from the grid to the existing battery source; likewise, if the 
renewable energy is experiencing any kind of downfall due to natural conditions, the relay unit 
switches the power from battery circuit to the grid systems. Hence, an effective way of energy con-
sumption is being achieved by this respective model of work [57]. RES are promoted to beat envi-
ronmental constraints because of the insufficiency of fossil energy sources. Several initiatives are 
deployed by group action in these sources (e.g., electrical phenomenon panel, wind, fuel cell, etc.) 
to extend energy potency (i.e., electricity production) in buildings while limiting CO2 emissions. In 
parallel to the present development, microgrids have emerged as suburbanised systems to permit 
connecting completely different suburbanised sources within which buildings become active 
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electrical producers in addition to the most ancient electric grid. However, a better DR management 
system is needed to efficiently equalise energy production, storage, and also electricity consump-
tion. During this study, a demand/response management approach is introduced by group action 
into a holistic platform with completely different RES along with storage devices for the provision 
of electricity to buildings’ instrumentality (e.g. ventilation, lighting, etc.) [58].

21.6 � ENERGY HARVESTING – ​A FUTURE

Green source energy harvesting [59] is setting trends for sustainable energy applications. With the 
help of value engineering, replacing traditional power supplies, and updating IoT nodes and their 
energy status. Considering transmission protocols in the network during transmissions, every node 
renders the access and performs energy harvest to do communications. Once the framework is set up 
with the help of the Markov method of discrete, nodes that are ready for transmission and harvesting 
are found. The system throughput is optimised according to the requirement. Transmission prob-
ability is trained by the multiagent reinforcement algorithm until the desired outcome is achieved. 
These are suitable for deep world applications. At the same time [60], Advancements in IoT are 
altering everyday life. Implementation of technology often through network traffic. Harvesting 
energy is considered to be the best solution for low-​power energy transmitting IoT devices to turn 
sustainable. Achieving energy harvesting is either by renewable sources or wireless energy transfer 
where high-​energy devices charge low by transmitting RF signals. Simultaneous wireless informa-
tion and power transfer is a methodology adapted to encounter the attenuations of RF signals to 
overcome their short-​range transmission. Two hop transmissions of data and energy were noted, 
while powering relay by renewable sources to transmit data and charge low-​power nodes which 
are the ultimate goal. Using the Lyapunov optimization function, a power allocation algorithm 
was developed. The ultimate application in recent times [61], Saur Sikka, is a solar energy trading 
platform for harvesters to encash surplus energy. Based on the circuit switching framework, peer-​
to-​peer networks developed an ability to sell and track generated energy using cloud and IoT. In a 
duplex power-​sharing, p2p-​connected model, a node of the network requests energy and a willing 
node responds to the requested network. Once a link is established, a multi-​channel relay is acti-
vated. Until sharing and receiving over, a connection of the distribution network is on track by CC. 
A primary lithium polymer battery, TP4056 charging module, the microcontroller of configuration 
ESP32, and in-​between inverters are employed.

To make this trend feasible [62] and to increase the energy output from IoT-​based energy harvest-
ing, power beacon pre-​coded phase shifters were introduced for passive intelligent surfaces which 
are employed in controlling electromagnetic waves. A full-​duplex multiple-​user channel protocol is 
set up to calculate least squares for cascading of channels in it. Multiple antennas for multiple users 
are set to provide power transmission wirelessly. With governing equations and parameters, passive 
beamforming is achieved by arranging external elements to the multiple antennas. A multi-​input 
single-​output model is finally developed by close-​bound equations with low-​power constraints. In 
terms of connectivity, the harvested energy is converted from one form to another [63]. With IoT, 
data monitoring, say, data centres, is powered by two microcontroller units. The controller controls 
the overall circuit by multi-​modal techniques, as the energy inputs from solar and radio frequencies 
are managed by integrated chips to supply loads whenever needed with the integration of dc-​dc con-
verter. Harvesting energy is achieved by charging capacitors with BQ25505 chips, and backup bat-
tery banks are set up. Calculating charging time, and protection threshold aids to achieve and alter 
expected sustainability. Expanding it to a certain extent, harvesting energy makes its wireless con-
nectivity. To maintain road and rail lines, a piezoelectric sensor module is employed and connected 
to a microcontroller, for example, an Arduino to connect the overall framework with the web using 
a Wi-​Fi network to capture, analyse, and visualise the real-​time data. A strip clustering scheme is 
used to tackle the battery storage of nodes. A pedestrian-​based EHT [64,65] is implemented with 
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a PV grid, regulators, and various sensor modules with MQTT protocols. Once the situation trig-
gers, it turns on the alarm, finds the spot where the emergency occurred, and replaces an alterna-
tive spot for pedestrians to reach their destination and post messages to the web platform. With the 
help of machine learning, the consumption of solar energy by IoT devices (both low-​powered and 
industrial IoT) is estimated. To develop a use case for energy harvesting, for a fair trade-​off between 
sensing and generation, it follows quasi-​cyclic patterns. Based on the duration, the pattern is clas-
sified into short or long-​time horizons. Once the IoT nodes sense their solar consumption, data are 
transmitted to the management unit where aggregation combines this data with weather forecasting. 
Consequently, this becomes the training set for prediction. A smart persistence model is employed 
in alternating diurnal variance and irregularity in weather. Sustainable energy harvesting and IoT 
devices can benefit from a longer operating lifespan, cheaper maintenance, and a cleaner environ-
ment. Taking into account variable energy availability and dynamic energy demands, it remains 
challenging to develop applications that provide sustainable operation despite this potential. The 
aim of the article [66] is to reduce the complexity of harvesting sustainable energy by implement-
ing AsTAR. It is an energy-​aware scheduler that adapts to match available environmental energy 
automatically and prioritises the task based on its energy consumption. Evaluations are AsTAR 
guarantees sustainability compared with conventional charging by maintaining an optimum level 
of charge that is defined by the user. AsTAR responds quickly to changes in the environment and 
platform. Its main benefits are minimising the performance overhead in terms of computation, 
memory, and energy. In our Current Industrial developing scenario, Industry 4.0 is the new kind 
of revolution that we all are getting into, and many of the existing industries are updating to those 
standards. As a part of the growth, we all feel happy about the new revolutions and their implemen-
tations, but, on the other hand, we are failing to acknowledge the negative impacts which it leaves 
on us as a part of the revolution. Sticking to these higher performance standards, a huge amount of 
energy is being utilised for processing and execution. Hence, the concept of “green IoT” has to be 
implemented, which represents efficiency and reduces the consumption of resources for a particular 
task. To achieve this, various optimization techniques are carried out between different layers such 
as perception and processing layers, transport and network layers, and application layers. Thus, this 
implementation leads to sustainable energy management [67].

This paper describes a low-​power IoT sensing element node SoC that will be used for manufac-
turing automation and wearable aid applications. It utilized dynamic power programming technique 
appropriate for the surroundings that work with Associate in Nursing energy harvester. The pro-
posed SoC design consists of low-​power (60 nA) RTC, a normally off RF that has a quick start-​up 
time (0.5 μs) and alternative low-​power parts. A mixed-​signal SoC has been a fictitious victimisa-
tion of the TSMC 65 nm record method. The sensing element node system equipped with dynamic 
power programming attains magnitude relation of zero.1%. Analysis results show that the planned 
technique will scale back concerning 51 of the ability consumption compared with the case while 
not dynamic power programming in sensing element node SoC. Also, the parameters of the system 
in energy harvest surroundings are often adjusted beneath the trade-​off with power consumption 
and activity accuracy in keeping with the applying necessities [68].

This sensible world is an associate era, during which things (e.g., cars, buses, computers, and 
mobile phones) will serve individuals efficiently and cooperatively. IoT connects several devices. 
IoT devices sense, gather, process, and transmit information from their surroundings. This trans-
mission and exchange of an outsized quantity of information between billions of devices cause large 
consumption of energy. The central aim of green IoT is to reduce the power consumption of IoT 
devices to make a secure and property setting for IoT. During this study, we tend to bestow a sum-
mary regarding IoT and the green IoT is made, and then classified the techniques of the greenest 
into three taxonomies that are mostly software-​based IoT techniques, Hardware-​Based green IoT 
techniques, and Policy-​based mostly green IoT techniques. Finally, the comparison between various 
green models, systems, and algorithms is done to enhance and cut back the energy consumption of 
IoT devices [69].
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21.7 � CONCLUSION

Generally, universities have large buildings that have high energy demand. It incorporates renewable 
energy and monitors and controls the demand of the buildings by IoT-​based WSN which controls 
lighting systems, HVAC in buildings. The goal is to transform buildings into ZEBs at a low cost.

Connecting cyber technology with IoT, a high number of devices contend for spectrum. To han-
dle this, a wireless model of spatiotemporal using stochastic and queuing geometrical theories was 
introduced. These theories talk about the success rate from buffers, rate of generation of energy 
from batteries, and probability of transmission of that energy. Investigation of queuing parameters 
was done, and network performance was analysed. A mathematical model of a self-​sustainable IoT 
network for RF downlink cellular supply that is recycled is characterised. Using 2D DTMC, the 
time of evolution starting from generating is monitored.

Earth has several renewable sources. IoT in the sustainable energy system has challenges in the 
security of energy. To reduce the carbon emissions through the current infrastructure of microgrids, 
renewable energy technologies, and power-​to-​gas hydrogen systems, IoT enhances the bidirectional 
communication service in the grid.

Power system engineering is slowly adapting to digital development with the revolution of IoT 
and cloud. To achieve autonomy and a self-​accessing decentralised structure, the cloud IoT tech-
nique is applied. Based on the grid information, the type of cloud is chosen (say hybrid, community, 
public). Then, the service model is found (interface as a service, platform as a service, etc.). IoT 
as informatics integrated with cloud networks acts an interface. The addressing limit, quality of 
service, contextual and big data, and security are the challenges encountered while integrating. 
However, once developed, a sustainable, v2g-​reliable, better power system is found.

Human kinetic energy is a sustainable energy source. Only a little power is arrived at from 
human kinetic energy using IoT in power management strategies to increase energy efficiency. 
Determined to maximise the Inertial harvester model by human’s daily motion. The proposed algo-
rithm and jointly considered optimal sink selection improve the energy efficiency.
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