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Abstract

In today's world, one of the most important parameters deciding the global growth s
determined by its per capita energy consumption. Energy in the form of electnicaty plays a vital role
in dav-to-day life. An unbalanced growth between the highly developed and cconomically backward
countrics. makes the cnergy consumption scenario even worst, Rapid industrialization and
urbanizaton lead to exponential growth in power consumption. Although power planning 1s drawing

significant attention, the country is facing a persistent power crisis since last few years.

Meeting the ever-growing load demand and managing grid siress has become a significant
challenge in today's world. The load demand fluctuates due to various factors, including human
habits, economic growth, the accepiance of new technology advancements, geographical location
and demographic cycles ete. Utility sectors have provided data indicating that in some countnes,
more than 25% of total energy is consumed by the domestic sector. Additionally, sigmificant energy
consumption in the commercial and agricultural sectors highlights the diverse energy needs across
the economy. undersconng the need for improvements in the transmission system. The present cnergy
transmission system often suffers from sigmificant losses and the growing stress on the gnd
necessitates a shift towards more efficient energy management solutions, This 1s where micrognd
becomes inevitable, as they can reduce transmission losses as well us grid stress through localized
energy management. While traditional consumers rely mostly on grid energy and they never become
part of the load management initiatives, in recent past consumers have been part of the generation by
feeding their own generated electneity from roof top PV or wind to a storage system or directly to
the grid. This has been a smart move towards load management initiatives. These consumers are
called prosumers. Prosumers not only generate their own energy but also contribute demands 1o the
system, crealing a more dynamic energy ecosysiem, by transitioning consumers, mostly domestic
consumers into domestic prosumers where they play a pivotal role in addressing the current power
scenario. This has helped in developing a dynamic, robust, yet flexible Energy Management System
Micrognd plays a significant role i providing capacity addition to generation in local grids by
integrating Renewable Energy. Prosumers connecled to micrognds contribute to a more stable and
resilient energy system by providing additional generation capacity and demand response
capabilines. The localized nature of microgrid ensures that the energy produced by prosumers is used
efficiently within the community, reducing the need for long-distance transmission and optimizing

local-level energy management. The growth of prosumers and microgrids encourages technological

w1t
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wion inencrgy storage, smart pnd teelnologies and the encrpy management system. Both

) - . e : .
prosumers and mucrognds empower communities o (ke control ol their energy Tuture, promoting

custamability and  self=sutticiency. Factors  that dhctate  encrgy management ncludes  Load

O 0% . I \ IR . )
Forecasting., Load Profiling, Load Scheduling ete. Load forecashing plays vital role for the efficient

and rehable operation of modem energy system. They enable effective integration of rencwable

energy sources, enhance grid stability, contribute to cost savings and sustamnability goals. This 1s

essential for meeting the growing demands and challenges for the energy sector,

To achieve an efficient energy management system, an accuratc forccasting, load profiling

and load scheduling bascd on tanff and Renewable Encrgy availability is utmost important. Various

forecasting techniques have been studied and analyzed for load forecasting, including Time Series

Analysis and Artificial Intelligence based methods. Auto Regressive Integrated Moving Average

(ARIMA) and Auto Regressive Integrated Moving Average with exogenous variables (ARIMAX).

ARIMA. ARIMAX are classical techniques, time series analysis whereas Artificial Neural Network

(ANN). Wavelet and Artificial Neural Network (WANN) and others are Al based. Each technique

has its own benefits. ARIMAX models are faster and requires less computational powe
making them suitable for applications with

r compared

to Long Short-Term Memory (LSTM) and ANN model,

limited resources.

Load scheduling, like load forecasting is an utmost important part of energy management

uling involves strategically planning and controlling t
Effective load scheduling aims to balance supply and

system. Load sched he distribution of electric

loads to optimize energy usage and cosl.

demand, minimize energy cost, reduced peak load and enhance the reliability of the existing system.

work proposes to develop a Load Managem
prediction, Time of Use and followed by Renewable Energ)

The present ent System which is meant for different kind
of loads at present mainly with their
ation. A case study was needed to understa
y, run time etc. We have explored various feature

availability and integr nd the nature of domestic load
variation pertaining their time of use in a da
lect appropriate parameters for
d K nearest ncighbor method (WKNN)

selection techniques to s¢ scheduling houschold apphances and
torage Systems (ESS) and found that Weighte
plex Tree, Gaussian SVM (State Vector Machine) and Bagged
m (ENS),

Energy S excels

in selecting features compared to Com
Trees method, which in turn contributes towards an efficient Encrgy Management Sysie
The reliability and sustamability of an EMS can be enhanced by incorporating ESS. ESS helps to
lity by storing eXcess cnergy during low demand

demand, maintaining grid stabi
the other hand, ESS facilitates the

balance supply and
o cost savings. On

and releasing it during high demand leading 1
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mnovation in energy storage, smart grd technologies and the energy management system. Both

prosumers and micrognds empower communities (o take control of theiwr energy future, promoting

sustainability and  self-sufticiency.  Factors  that dictate encrgy  management includes  Load

Forecasting. Load Profiling. Load Scheduling cte. Load forccasting plays vital role for the efficient

and reliable operation of modem cnergy system. They cnable effective integration of renewable

energy sources, enhance grid stability, contribute o cost savings and sustainability goals. This 1s

essential for meeting the growing demands and challenges for the encrgy sector.

To achieve an efficient energy management system, an accurate forecasting, load profiling

and load scheduling based on tariff and Renewable Energy availability is utmost important. Various

forecasting techniques have been studied and analyzed for load forecasting, including Time Series

Analvsis and Amificial Intelligence based methods. Auto Regressive Integrated Moving Average

(ARIMA) and Auto Regressive Integrated Moving Average with exogenous variables (ARIMAX).

ARIMA. ARIMAX are classical techniques, time series analysis whereas Artificial Neural Network

(ANN), Wavelet and Artificial Neural Netwark (WANN) and others are Al based. Each technique
has its own benefits. ARIMAX models are faster and requires less computational power compared

to Long Short-Term Memory (LSTM) and ANN model, making them suitable for applications with

limited resources.

Load scheduling. like load forecasting is an utmost important part of energy managenient

system. Load scheduling involves stratecgically planning and controlling the distribution of electric

loads to optimize energy usage and cost. Effective load scheduling aims to balance supply and

demand. minimize energy cost, reduced peak load and cnhance the reliability of the existing system.

The present work proposes (o develop a Load Management System which i1s meant for different kind

of loads at present mainly with their prediction, Time of Use and followed by Renewable Encrgy

availability and integration. A cas¢ study was needed to understand the nature of domestic load

variation pertaining their time of use in a day. run time etc. We have explored various feature

selection techniques to select appropriate paramelers for scheduling household appliances and

Energy Storage Systems (ESS) and found that Weighted K nearest neighbor method (WKNN) excels

in selecting features compared to Complex Tree, Gaussian SVM (State Vector Machine) and Bagged

Trees method, which in turn contributes towards an cfficient Energy Management System (EMS).

The reliability and sustainability of an EMS can be enhanced by incorporating ESS. ESS helps to

balance supply and demand, maintaining grid stability by storing excess energy during low demand

and releasing it during high demand Icading to cost savings. On the other hand, ESS facilitates the
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mitegration ol renewable energy soutees wiich an yinternmttent by patiee The ntegration of
renew able encrpy sources mta the existing prnd presents both advantages i disaddvantages On the
negative side. the mostwell-known disadsantage 15 the stabihity ssue, due to the intermttent nature
of renewable cnergy, which can atlect pod rehaliny However, on the positive sude, renewable
energy offers a crucial solution for reducmy dependence on coal, Towenng carbon emissions and
promotimg environmental sustanabihty, Proper utihzation ol renewable sources can also provide

cconome benelits, particularly through participation in the eleetnenty trade market

In this context, tanfl structures play a crucial role by encouraging efficient energy usage and
helping to balance the integration of renewable sources into the grid, ensuring both economic and
operational sustainabihity. It plays a crucial role in shaping energy consumplion patierns and cost
management. Time Of Use (TOU), Demand Charges, Real Time Pricing (RTP) are the different tariff

schemes which have been studied and implemented in the designed EMS.

Finally, a Tri-Optimized Tariff (TOT) has been proposed, an Al-based dynamic scheme that
supports cost optimization, load balancing and promotes energy efficiency among prosumers.
The demand profiles of residential prosumers are influenced by geographic conditions and
demographics, making the use of an appropriate optimization technique essential to the design and
operation of the energy management system. It drives efficiency, cost elfectiveness and sustainability
ensuring that energy resources are utilized optimally while meeting the demands of reliabihty,
environmental standards and economic feasibility. Implementation of robust optimization methods
is essential for modern energy management in the face of increasing energy demand and the transition
towards renewable energy sources. In this context, we have explored various optimization
techniques, culminating in the development of a hybrid technique merging Particle Swarm
Optimization (PSO), Ant Colony Optimization (ACO) elc and finally, we have proposed a novel
hybrid synergic swarm approach that incorporates the strength of PSO and ACO with a specific focus
on addressing Multiple Knapsack problems (MKP). The eflectiveness of the proposed techmique has
been tested in IEEE 33 bus system which is commonly used for power flow analysis duc to its
moderate size and complexity, making it manageable for testing different algorithms and technigues.
The outcome demonsirates the efficiency and real-world potential of our model. We have conducted
a case study and developed an Al based Strategic Residential Load Management System (SRLMS)
showing cost effectiveness and improved energy performance index (EP@) for prosumers. This work

encourages the development of a harmonious relationship between utility sectors and prosumer

Xt
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CHAPTER 1
Introduction

India's power sector is changing significantly as the country moves towards
cleaner energy sources for several reasons. First, there's growing concern about
air pollution and climate change caused by burning fossil fuels like coal. Shifting
to renewable energy sources, such as solar and wind, helps reduce harmful
emissions and improve air quality. India's commitment to international climate
agreements also drives this change, as the country aims to meet its climate goals.
Advances in technology have made renewable energy more affordable and
efficient, making it a better option compared to traditional fuels. With rising
energy demand due to a growing population and urbanization, cleaner energy
sources offer a sustainable solution. This transition not only tackles
environmental and health issues but also provides economic benefits. Despite this
shift, coal continues to be the main source of electricity, accounting for over 70%
of the country's total generation, as reported by the Central Electricity Authority
(CEA). Coal's abundant availability and low cost make it a vital part of India's
energy infrastructure. This is especially important as the nation faces growing
energy demands due to rapid population growth, increased industrial activity and
expanding urban areas. Although renewable energy technologies like solar and
wind are advancing and becoming more prevalent, coal remains crucial because
it provides the stable and reliable power needed to meet the country's base-load
requirements. Base-load power refers to the constant minimum level of demand
that must be always met, which coal reliably supports. Government reports
continue to show that coal contributes more than 70% of India's electricity,
reflecting its ongoing significance. This reflects the challenge of balancing the
transition to cleaner energy while still relying on coal to ensure a stable and
consistent power supply.
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Fig 1.1 Power Generation Report [Central Electricity Authority]

The government is actively working to reduce dependence on coal over
time, but it will remain essential during India's transition to a more sustainable
energy mix as power consumption is increasing daily in both rural and urban
areas. A report by CEA reveals the plan wise growth of electricity sector in India
in terms of installed generation capacity and electrification from the year of 1947.

Plan wise Growth of Electricity Sector in India
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Fig 1.2 Growth of Electricity Sector Report [Central Electricity Authority]

In rural areas, the government has connected over 28 million households
to the power grid, leading to higher usage of basic appliances. In cities, the
situation is different. Here, power consumption is growing because people are
using more high-capacity and energy-intensive appliances. These include air
conditioners, refrigerators, washing machines and even electric vehicles. As more
urban residents buy and use these appliances, the demand for electricity continues
to rise. This growing demand adds pressure to the power grid, highlighting the
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need for a balance between using coal and expanding cleaner energy sources,
there by using India’s per capita energy consumption. Per capita energy
consumption refers to the average amount of energy consumed per person in each
period, usually measured annually. It is a key indicator of a country's energy use
and overall economic development. According to the CEA, India's per capita
electricity consumption was 1,255 kWh in 2022 and it is anticipated to grow
further as more people gain access to electricity and purchase appliances.
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Fig 1.3 Per Capita Consumption Report [Central Electricity Authority]

This figure reflects the average amount of electricity used by each person
in India over the year, which has a rising trend from last 10 years. As India
continues to develop and more households gain access to electricity, this number
is expected to increase. The rise in per capita consumption is influenced by factors
such as economic growth, increased appliance ownership and higher living
standards. Tracking per capita energy consumption helps in understanding the
energy needs of a population and planning for future energy infrastructure and
resource management. On the other hand, this increase in consumption is raising
the overall demand for electricity nationwide, particularly during peak hours
when many people use energy simultaneously, which has been reflected in a
report by CEA in terms of Peak Demand in last 5 years. Peak consumption, which
often occurs during evenings with high usage of household appliances, puts
additional strain on the power grid and presents challenges in supply
management.
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To address this rising demand, renewable energy is becoming a reliable
solution due to its sustainability, decreasing costs and expanding capacity. Solar
and wind energy have experienced rapid growth, with these sources providing
clean and abundant power, helping to reduce reliance on coal and cut carbon
emissions. The government is focusing on increasing power capacity and
boosting the share of renewable energy, which reached about 40% of installed
capacity by 2023. The CEA reported that India's total installed power capacity
was approximately 412 GW in 2023, with renewables making up around 120 GW.
The government aims to achieve 500 GW of renewable energy by 2030, with
significant emphasis on solar and wind energy.
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Fig 1.5 RE Generation Report [Central Electricity Authority]
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As the population grows and appliance ownership rises in both cities and
villages, the challenge is to manage the increasing demand for electricity. The
government is also working on improving the energy efficiency of appliances and
upgrading grid infrastructure to ensure a reliable supply of power. These measures
are crucial to meeting the rising energy needs and ensuring a stable and
sustainable electricity supply for the future, which in turn inspires the proposal of
an effective energy management system. A robust yet flexible energy
management is crucial for sustainability, cost-efficiency and environmental
stewardship.

An Energy Management System (EMS) serves as a comprehensive
framework that enables organizations to monitor, control and optimize their
energy consumption. By integrating advanced technologies and data analytics, an
EMS not only reduces energy costs but also enhances operational efficiency and
supports compliance with regulatory standards. As businesses and institutions
strive to minimize their carbon footprint, implementing a robust EMS becomes
essential in driving both economic and environmental benefits. Within this
framework, two key types of energy management play distinct but
complementary roles: grid management and load management.

Grid management involves managing the entire electrical grid to ensure a
stable and reliable supply of electricity from power plants to consumers. This type
of energy management focuses on real-time monitoring and control, utilizing
advanced technologies like PMU, SCADA to continuously monitor the grid’s
performance and make real-time adjustments to maintain stability and prevent
outages. It also includes the integration of renewable energy by managing the
variability of sources such as wind and solar through forecasting and using energy
storage systems to balance supply and demand. Furthermore, grid management
employs demand response programs to encourage consumers to reduce or shift
their electricity usage during peak times, preventing grid overload and
maintaining efficiency. Regular maintenance and upgrades of grid infrastructure
ensure it can handle present and future energy demands, incorporating microgrids
for better performance, resilience, immediate and local solutions.

Microgrids as dynamic decentralized energy systems offer a good way to
make energy distribution optimized in local areas. They can easily include
renewable energy sources, storage systems and smart controls. This not only
makes energy supply more dependable but also supports the idea of being eco-
friendly. The integration of microgrid solutions with residential load management
strategies 1s particularly captivating, as it holds the potential to foster a
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harmonious relationship, optimizing energy consumption patterns at both macro
and micro levels.

Load management, on the other hand, focuses on optimizing the energy
consumption patterns of end-users to improve efficiency and reduce costs,
thereby complementing the stability provided by grid management. Key aspects
of load management include energy efficiency programs that encourage the use
of energy-efficient appliances and lighting to reduce overall energy consumption.
Time-of-use pricing strategies incentivize consumers to use electricity during off-
peak hours when demand is lower and electricity is cheaper. Automated systems,
such as smart thermostats and programmable lighting, adjust energy usage based
on real-time data. Peak load shaving reduces energy consumption during peak
demand periods by shifting non-essential usage to off-peak times, helping prevent
grid stress and lowering energy costs for consumers. User education and
engagement are also critical, providing consumers with the information and tools
to better understand and manage their energy usage, promoting sustainable habits
and practices.

An effective Energy Management System incorporates both grid
management and load management strategies to create a balanced and efficient
energy ecosystem. By ensuring the reliable operation of the electrical grid and
optimizing energy usage at the consumer level, an EMS plays a critical role in
achieving sustainability goals, reducing operational costs and enhancing the
overall resilience of the power infrastructure. This interconnected Renewable
energy-based approach, supported by judicious tariff structures ensures that
energy is managed efficiently, addressing both the supply side and demand side
to create a sustainable and efficient energy future.

Integral to this approach are various forecasting techniques and
optimization techniques that enable organizations to anticipate future trends,
behaviours, and outcomes, thereby facilitating strategic planning and informed
decision-making. Leveraging historical data and advanced analytical methods,
these techniques, provide valuable insights across various domains, enhancing
the EMS's ability to navigate uncertainties, optimize operations and gain a
competitive edge in an ever-evolving scenario.

Amongst the two, grid management plays a significant role. Because this
side as known as DSM, allows us to develop better understanding of different
types of loads, their daily, weekly, monthly, yearly and seasonal profiles, we are
more focused in load management, which indirectly co-relates or reflects Grid
management.
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Effective load management and grid management are integral components
of a comprehensive energy management system, as they work together to
optimize energy usage, stabilize the grid and ensure efficient and reliable energy
delivery. Several key factors define a robust and flexible energy management
system, including load forecasting, load scheduling, decision-making and the
incorporation of the intermittent behaviour of renewable energy sources into the
existing system.
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Fig 1.6 Conceptual Framework of EMS

The image presents a conceptual framework illustrating the interaction
between Load Profiling, Load Scheduling and Decision Making within an Energy
Management System (EMS). At the core is the EMS, which integrates data from
both Load Profiling and Load Scheduling to optimize energy use. Load Profiling
involves data collection and analysis, such as forecasting and optimization, which
provides an understanding of energy consumption patterns. This helps in
identifying the most efficient ways to utilize renewable energy sources. The
insights gathered from load profiling directly inform Load Scheduling strategies,
where energy use is planned and managed for optimal cost savings and peak load
reduction. Load scheduling can be dynamically adjusted based on the availability
of renewable energy, which aids in strategic planning and enhances overall
energy management efficiency.

Finally, Decision Making is influenced by both load profiling and load
scheduling. The EMS helps decision-makers with operational, cost and risk
management, especially when incorporating the intermittent behaviour of
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renewable energy sources (RES). By understanding load profiles and adjusting
schedules based on renewable energy availability, decisions can be made to
optimize the use of energy resources. This holistic approach allows for better
integration of renewable energy, efficient use of resources and overall improved
energy management outcomes.

Renewable energy integration is another crucial aspect of decision-making
in an energy management system. It involves determining how to incorporate
renewable energy sources effectively based on their availability and the needs of
the system. Integrating renewable energy into the grid presents both opportunities
and challenges. While it offers the potential for sustainable energy solutions, it
also introduces uncertainties and intermittent behaviours that must be managed
carefully when designing an energy management system. As renewable energy
sources are inherently variable, with generation fluctuating throughout the day.
this variability can create mismatches between supply and demand, making
energy planning more complex. Accurate forecasting of renewable energy
generation is challenging and can disrupt grid operations if not managed properly.
To address these issues, effective storage solutions are required to manage
intermittency and reduce stress on the grid. However, these storage solutions can
be costly and demand significant maintenance, adding another layer of
complexity to the integration process.

In this context, microgrids offer a valuable solution by providing localized
control, flexibility and resilience. They effectively address the uncertainties and
variabilities associated with renewable energy, ensuring a more stable, reliable
and efficient energy system which is robust yet flexible.

This research work looks closely at different ways of working together to
make energy use better. It pays special attention to making energy use more
efficient. Similarly, it covers a wide range of area, from energy planning for
microgrids to the complicated details of managing energy use in residential
sectors. It includes a variety of connected parts, all aiming towards the big goal
of using energy in a way that is good for the environment and keeps going for a
long time.

The thesis focuses on the critical component of residential load
management, an area of study that gains increasing significance as households
evolve technologically. The dynamics of energy consumption within these spaces
have become notably complex, necessitating the implementation of sophisticated
load management techniques. Demand response programs and the infusion of
smart home technologies emerge as potent tools in shaping and regulating energy
demand patterns, aligning them with broader energy efficiency goals.
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This explores microgrid technologies and residential load management
strategies. Its aim is to cultivate an understanding of their interplay within the
larger context of enhancing overall energy efficiency. The thesis successfully
demonstrated the feasibility and advantages of planning a microgrid based on
renewable energy availability. Key contributions include:

1. Advanced Forecasting Techniques: Development and application of
advanced forecasting methods to predict renewable energy availability
accurately, enhancing the reliability and efficiency of the microgrid.

2. Al-based Load Management: Design and implementation of an Al-
driven load management system that optimizes energy use, reduces
wastage and balances demand with supply in real-time.

3. Practical Implementation: A detailed case study showing the practical
aspects of microgrid deployment, including infrastructure requirements,
system integration and operational performance, providing valuable
insights for future projects.

Therefore, the objective of this thesis is to pioneer integrated approaches
that enhance energy efficiency, extending from microgrid dynamics to the
intricacies of residential load management. Building upon the identified
shortcomings in previous research, our focal point is the proposition of a Strategic
Residential Load Management System (SRLMS) for large residential complexes
/ area in tropical countries.

1.1  OQOutline of the dissertation

The dissertation report outline has been represented in the following
section. Based on the previously discussed three major components of EMS we
have structured our research work into three main sections: A) Residential Load
Profiling and Scheduling, B) Al-based System design for Residential Load
Management and C) Microgrid Integration in a Residential Complex: A Case
Study. A brief discussion of each chapter has also been presented here. This thesis
report is divided into six chapters, including the introduction and the conclusion.
The pictorial view of the entire research work has been represented in the
following Figure 1.7.
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Fig 1.7 Graphical Abstract
The flow of the streamline is as follows.

1.1.1 Chapter 2: Literature Review

The increasing demand for efficient energy utilization has driven
significant advancements in Energy Management Systems (EMS). The formal
research and development of EMS began in earnest during the 1970s, spurred by
the oil crises that highlighted the necessity of energy conservation and efficiency.
Early systems focused on basic monitoring and control of energy use in industrial
settings. Recent literature underscores the pivotal role of EMS in optimizing
energy consumption, reducing operational costs and minimizing environmental
impact. For instance, some researchers highlighted that modern EMS integrates
renewable energy sources, smart grids and advanced analytics to enhance energy
efficiency and resilience. Moreover, advancements in Internet of Things (IoT)
technologies have facilitated real-time monitoring and control, enabling more
responsive and adaptive energy management strategies. Additionally, researchers
are emphasizing the importance of machine learning algorithms in predicting
energy usage patterns and improving the accuracy of energy forecasts. Despite
these advancements, challenges such as cybersecurity risks and the need for more
robust data integration frameworks remain. Overall, the literature indicates a
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trend towards increasingly intelligent and integrated EMS solutions, capable of
meeting the dynamic demands of modern energy systems.

1.1.2 Chapter 3: Problem Identification and Research Contribution

Based on the literature survey, this chapter has focused on identifying the
area of research in Energy Management Systems which involves focusing on key
aspects such as integration of renewable energy sources, development of
microgrid technologies and enhancement of data analytics for energy
optimization. Implementation of these research areas can be seen in pilot projects
and real-world applications, where advanced EMS technologies are deployed to
improve energy efficiency, reduce costs and support sustainable energy practices.

1.1.3 Chapter 4: Residential Load Profiling and Scheduling

As mentioned earlier, forecasting and scheduling are critical components
of modern energy management systems. Accurate forecasting models utilize
historical data and machine learning algorithms to predict future energy demand
and supply patterns. Developing power profiles involves creating detailed
consumption and generation schedules to optimize energy use and integrate
renewable sources effectively. These techniques help in reducing energy costs,
enhancing grid stability and supporting sustainable energy management practices.

1.1.4 Chapter 5: Al-based system design for Residential Load Management

This chapter deals with another important aspect of Al-based system design
for residential load management which leverages artificial intelligence to
optimize energy consumption within homes. By analysing real-time data and
predicting usage patterns, these systems can automate the scheduling of
appliances, enhance energy efficiency and reduce electricity costs. Key benefits
include improved load balancing, integration of renewable energy sources and
personalized energy-saving recommendations, making residential energy
management more intelligent and sustainable.

1.1.5 Chapter 6: Microgrid Integration in a Residential Complex: A Case

Study

Energy planning for microgrids involves strategic design and management
to ensure reliable, efficient and sustainable energy supply. This includes
integrating renewable energy sources, optimizing load distribution and
incorporating storage solutions. A case study on a community microgrid
demonstrates the practical application of these strategies, showcasing improved
energy resilience, reduced costs and enhanced environmental benefits. Such case
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studies highlight the potential of microgrids in achieving localized energy
independence and sustainability.

1.1.6 Chapter 7: Conclusion and Future Scope

This chapter concludes all the research works presented in this dissertation.
The analysis of outcomes revealed significant improvements in energy efficiency,
cost savings and sustainability. The implementation of advanced energy
management strategies and technologies demonstrated their effectiveness in real-
world scenarios. In conclusion, the study confirms that targeted energy planning
and innovative solutions, such as Al-based systems and microgrid configurations,
are vital for achieving optimal energy performance and resilience. Future research
should focus on addressing remaining challenges and scaling these solutions for
broader application. To proceed with the proposed research work, conducting a
thorough literature survey is essential. The next chapter provides a detailed
discussion of the literature reviewed to support and guide this research.
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CHAPTER 2
[iterature Review

2.1 Introduction

Energy is crucial for the long-term survival of communities and economic
growth and the demand for electricity is continuously increasing. To address this
challenge, our main concern is meeting the load demand without putting
additional stress on the grid. This demand fluctuation is influenced by various
factors such as human habits, economic growth, technological advancements,
geographical location and demographic cycles. These elements shape the energy
scenario of a country, which is characterized by the gap between available energy
and energy demand, also known as per capita energy consumption. This gap
highlights the importance of managing energy resources carefully to meet
growing demands. In this context, achieving a balance between energy supply
and energy consumption is crucial for sustainability. Efficient energy
consumption is dependent on several factors and electric load forecasting plays a
vital role in planning for this efficiency. By accurately predicting energy usage
patterns, decision-makers can ensure that energy resources are distributed more
effectively.

2.2  Evolution of Load Forecasting Techniques

Over the years, numerous models and methods have been developed to
improve the accuracy of load forecasting across different time horizons—short-
term, medium-term and long-term.

Initially, statistical methods were predominantly used for load forecasting.
Autoregressive Integrated Moving Average (ARIMA) models were widely used
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due to their simplicity and effectiveness in capturing time series data patterns.
Inspired by the work of their predecessors, some researchers began exploring the
Semi-Parametric Additive approach, a classical method that also found
application in forecasting. For instance, Fan et al. utilized this model for Short-
Term Load Forecasting (STLF), demonstrating its potential in capturing complex
load patterns [1]. As computational capabilities advanced, researchers
increasingly turned to machine learning and evolutionary algorithms, which
began dominating the field of load forecasting. For example, Neural networks,
known for their ability to model nonlinear relationships in load data, were
extensively explored. Hinojosa et al. proposed a hybrid model that combined
fuzzy inductive reasoning with evolutionary algorithms for STLF, showcasing
how integrating expert knowledge with optimization techniques could improve
performance [2]. Building on this, Lee, Ko et al. introduced a novel approach by
combining ARIMA models with wavelet transforms for STLF, enabling better
handling of time-series data [3]. Around the same time, Al-Hamadi applied fuzzy
linear regression techniques for long-term electric power load forecasting, which
allowed the incorporation of historical data fuzziness into the modeling process
[4]. Further advancements led Feilat and Bouzguenda et al. to demonstrate the
flexibility and effectiveness of neural networks in medium-term load forecasting,
highlighting their adaptability to different forecasting horizons [5]. In parallel,
researchers explored other mechanisms to enhance forecasting accuracy, with
Support Vector Regression (SVR) emerging as a prominent method. When
combined with optimization algorithms, SVR offered robust solutions for load
prediction challenges. Eventually, researchers shifted their focus to hybrid
models, which effectively combined the strengths of various techniques. The
results were remarkable, as these models significantly improved forecast
accuracy and reliability.

2.3 Advances in Load Forecasting Applications

Accurate load forecasting plays a crucial role in the planning and operation
of modern power systems, enabling better resource allocation, demand-side
management, and grid stability. In recent years, the integration of artificial
intelligence (Al) and optimization algorithms has significantly enhanced
forecasting accuracy and reliability. For instance, Hong et al. introduced a
seasonal recurrent SVR model integrated with a chaotic artificial bee colony
algorithm for electric load prediction, which outperformed traditional models [6].
Similarly, Hong et al. and Wang et al. respectively used hybrid chaotic genetic
algorithms with SVR for tourism demand forecasting and annual load forecasting,
respectively, illustrating SVR's adaptability to various prediction tasks [7,8].
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Building on the success of hybrid models, researchers continued to innovate with
new methods and techniques. Chen et al. enhanced forecast accuracy in high-
frequency short-term load forecasting by leveraging ARIMA, a model well-suited
for handling time-series data with strong temporal dependencies [9]. In the same
year, Taylor et al. introduced exponentially weighted methods, which adeptly
adapted to recent changes in load patterns, making them a staple in forecasting
due to their responsiveness [10]. Another significant contribution came from
Montgomery, who adopted a statistical approach that further enriched the
forecasting methodologies [11]. Similarly, Guan et al. proposed a very short-term
load forecasting model based on wavelet neural networks with data pre-filtering,
highlighting the critical role of data preprocessing in improving the performance
of neural network-based forecasts [12]. Expanding on the application of
optimization techniques, Li et al. combined least squares support vector machines
with fruit fly optimization algorithms for annual load forecasting, showcasing the
versatility of optimization-based hybrid models in addressing diverse forecasting
horizons [13]. Neural network approaches also continued to gain prominence, as
evidenced by their widespread use by numerous researchers to achieve accurate
predictions across various load forecasting scenarios [14]. Following the
advancements in hybrid forecasting models, Wu, Wang et al. applied regression
with seasonal exponential adjustment for Short-Term Load Forecasting (STLF),
highlighting the potential of seasonally adjusted models for capturing load
variations effectively [15]. Around this time, after a long period dominated by
classical and statistical approaches, researchers began exploring Al-based
forecasting tools. Among these, Artificial Neural Networks (ANN) and Wavelet
Neural Networks (WANN) emerged as prominent methods. Sahay and Tripathi
compared ANN with multiple linear regression techniques, showing that
regression-based approaches could still offer competitive performance in specific
scenarios [16].

Building on optimization-based advancements, fruit fly optimization
proved effective in diverse forecasting tasks. Hong-ze Li et al. integrated a
generalized regression neural network with the fruit fly optimization algorithm
for hybrid annual power load forecasting, demonstrating how optimization
algorithms significantly enhance model performance in forecasting tasks
characterized by high variability [17].

In parallel, Zhao et al. proposed an optimal power scheduling method in a
Home Energy Management System (HEMS) based on demand response,
illustrating how consumer participation in energy optimization could lead to more
efficient power usage [18]. Around the same time, Goude et al. applied their
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models to Medium-Term Load Forecasting (MTLF), showcasing the growing
interest in intermediate forecasting horizons [19-22]. Classical approaches like
time series analysis continued to find application as Sarhadi et al. demonstrated,
while hybrid approaches evolved further with Lee et al. applying a fuzzy-based
hybrid model for MTLF, enhancing forecast flexibility and precision [23,24].
Meanwhile, Khwaja et al. introduced boosted neural networks as an ensemble
method, improving STLF accuracy by leveraging the combined strengths of
multiple models [25].

Artificial Intelligence (Al) and machine learning techniques gained further
focus during this period. Lahouar and Slama et al. developed a random forest
model for one-day-ahead load forecasting, outperforming traditional statistical
methods with its superior accuracy and adaptability [26]. Gutierrez et al. explored
wavelet neural networks in energy management, highlighting their potential for
denoising and analyzing complex energy consumption patterns [27]. Similarly,
Zhuang et al. compared various neural network-based models for STLF,
concluding that neural networks consistently deliver better accuracy for
fluctuating load predictions [28]. Researchers also tailored forecasting techniques
to specific consumer sectors. For instance, Hsiao et al. proposed a methodology
for forecasting household electricity demand based on context information and
user schedules. This approach improved prediction accuracy by incorporating
detailed usage patterns, emphasizing the importance of customized models for
different user groups [29].

2.4 Forecasting in Smart Grids and Microgrids

As smart grids and microgrids evolve with advanced control and
communication technologies, accurate forecasting becomes essential for efficient
energy management and reliability. Hernandez et al. provided a comprehensive
survey on electric power demand forecasting in the context of smart grids,
microgrids and smart buildings. This work underscored the critical role of
predictive models in effectively managing residential energy use, especially
within advanced grid infrastructures [30]. In the same vein, Olivares et al.
introduced a centralized energy management system for isolated microgrids. This
system proved essential for maintaining stability in remote areas, where energy
resources are limited and require careful coordination to ensure reliability [31].

Building on these advancements, evolutionary algorithms found new
applications in energy management. Nguyen et al. and others proposed a
distributed demand-side management model that utilized energy storage to
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optimize energy consumption across multiple households. This approach
highlighted the significance of coordination among various energy sources to
achieve sustainable consumption in residential settings [32,33]. Recognizing the
growing complexity of modern energy systems, Basit et al. discussed efficient
and autonomous energy management techniques for future smart homes. Their
work focused on integrating advanced technologies, such as IoT and machine
learning, to enable optimal energy usage and pave the way for more sustainable
residential energy systems [34]. Advancements in forecasting techniques
continued to shape energy management practices. For an example, Dudek et al.
and others introduced pattern-based regression for Short-Term Load Forecasting
(STLF), offering a more advanced method for identifying recurring load patterns
[35,36]. Further exploring neural network applications, Rajankar and Talbar et al.
and Gutierrez et al. demonstrated the potential of wavelet neural networks in
energy management, particularly in denoising and analyzing energy consumption
data, thereby improving forecasting precision [37]. Similarly, Cheepati and
Prasad et al. conducted a comparative analysis of various STLF techniques,
shedding light on the strengths and limitations of different models and their
suitability for specific applications [38].

These forecasting techniques have proven equally valuable for predicting
electricity generation, particularly from renewable energy (RE) sources. As RE
generation becomes a cornerstone of modern Energy Management Systems
(EMS), accurate forecasting is essential for balancing supply and demand.
Vagropoulos et al. (2016) evaluated several models for short-term photovoltaic
(PV) generation forecasting, including SARIMA (seasonal ARIMA) and ANN-
based models, demonstrating their effectiveness in different scenarios. Such
models are critical for efficiently integrating solar power into the grid and
ensuring system stability [39].

In parallel, demand response (DR) emerged as a key component of
Demand-Side Management (DSM), enabling consumers to adjust their energy
usage in response to real-time price signals or grid conditions. Esther and Kumar
et al. provided a comprehensive survey of residential DSM architectures,
optimization models and methods, highlighting various strategies for improving
household energy efficiency and their respective effectiveness [40].
Complementing this, Rasheed et al. explored real-time information-based energy
management systems that leverage customer preferences and dynamic pricing,
emphasizing the benefits of adaptive DSM [41]. Further expanding on DSM
strategies, Samadi et al. investigated load scheduling and power trading in
systems with high renewable energy penetration. Their framework optimized

17| Page



power usage while considering market dynamics, paving the way for more
effective integration of renewables into energy markets [42]. Before this, Ma et
al. and few researchers proposed a residential power scheduling model that
combined demand response with renewable energy integration, offering a holistic
approach to optimizing household energy usage [43-46].

2.5 Indian Scenario and Smart Energy Systems

India’s growing energy demand, along with its commitment to
sustainability, has accelerated the adoption of smart energy systems and demand-
side management (DSM) strategies. Research in this domain highlights both
global insights and region-specific approaches to energy efficiency and
optimization. In India, creating a flexible, robust and efficient energy system
remains a significant challenge. Grid management and Demand-Side
Management (DSM) play pivotal roles in achieving this goal by integrating
renewable energy sources (RES) and balancing supply and demand through load
shifting or reduction during peak periods. Gellings et al. traced the evolution of
DSM practices, highlighting their crucial role in reducing energy consumption
and facilitating the integration of renewable energy into the grid [47].

Building on this, Yousafzai et al. and Ahmad et al. respectively explored
optimized Home Energy Management Systems (HEMS) that incorporate
renewable energy and storage resources. Their work demonstrated how
integrating solar power and batteries could significantly enhance energy
efficiency in residential settings [48,49]. Similarly, Celik et al. and Wu et al.
proposed a decentralized neighbourhood energy management system, which
enabled smart homes to share energy resources. This approach not only improved
grid stability but also reduced energy costs, offering a collaborative solution to
energy challenges [50,51].

Researchers have increasingly focused on improving the power scenario of
countries where domestic energy consumption constitutes a substantial portion of
total energy use. By advancing forecasting techniques and integrating modern
technologies like IoT, Al and renewable energy systems, they aim to optimize
energy use and management. Such efforts address the critical impact of residential
consumption on the overall energy system and contribute to sustainable energy
practices.

Energy scheduling in HEMS presents a particularly challenging task,
especially as the penetration of renewable energy sources grows. Wu et al.
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addressed this challenge by examining optimal battery sizing for smart homes.
Using convex programming techniques, they demonstrated how to balance
energy consumption and storage effectively, thereby maximizing the benefits of
renewable energy integration [52]. Celik et al. expanded on decentralized
neighbourhood energy management by examining coordinated energy sharing
among smart homes. This approach not only optimized individual household
energy consumption but also enhanced overall grid stability by leveraging shared
resources [53]. Similarly, Sanjari et al. introduced an analytical rule-based
approach for online optimal control of smart residential energy systems, which
successfully minimized energy costs while maintaining system stability [54].
Building on this, Jeddi et al. employed dynamic programming techniques in
Home Energy Management Systems (HEMS) to optimize energy usage, factoring
in the availability of photovoltaic (PV) systems and battery storage [55].

2.6 Optimization and Storage in Microgrids

With the increasing deployment of microgrids, efficient optimization and
energy storage management have become critical for enhancing reliability,
reducing costs, and integrating renewables. Advanced algorithms and forecasting
methods are being employed to improve decision-making and operational
performance. In the context of microgrid energy management, Fathy et al. utilized
the Sparrow Search Algorithm, demonstrating its effectiveness in achieving
optimal energy distribution within microgrids [56]. Meanwhile, Matsila et al.
focused on forecasting for medium voltage distribution networks, emphasizing
the importance of predictive models in distribution system planning [57]. Tian et
al. applied a fuzzy-based wavelet neural network (WNN) for traffic flow
forecasting, showcasing the versatility of such methods in handling complex
datasets [58].

Microgrids, recognized as one of the most reliable solutions for local
energy demand, have been extensively explored by researchers. Ahmad et al.
others emphasized efficient energy management within microgrids, highlighting
the role of real-time data and adaptive strategies in optimizing energy distribution
and accommodating variable renewable energy sources [59,60]. In the same year,
Bao and Bin et al. presented a hybrid model for real-time tide prediction that
incorporated wind data to enhance accuracy, a methodology pertinent to
renewable energy forecasting for effective microgrid management [61].

As HEMS continue to evolve, Killian et al. proposed a comprehensive
framework using mixed-integer quadratic programming to optimize household
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energy consumption, providing robust solutions for modern energy challenges
[62]. Complementing this, Issi, Kaplan et al. analyzed appliance-level load
profiles, offering valuable insights into the development of more effective energy
management strategies [63]. Ahmad et al. further addressed adaptive and
responsive energy management in microgrids, emphasizing the integration of
renewable energy sources for greater efficiency [64]. Microgrids, designed to
meet local energy demands efficiently, have proven instrumental in incorporating
renewable energy sources without causing grid instability. Ahmad et al. explored
low-complexity residential energy management strategies, underscoring the
importance of renewable resource integration in residential settings [65]. The
following year, Wang et al. investigated peak shaving and valley filling potential
in high-rise residential buildings, demonstrating the role of HEMS in reducing
peak loads and overall energy costs [66].

Although understanding future energy demands through forecasting is
critical, it must be complemented with optimization techniques to enhance energy
systems. Optimization methods enable resource allocation to be fine-tuned,
reducing waste and ensuring supply meets demand efficiently and sustainably.
Various algorithms have been proposed for optimizing energy distribution, load
scheduling and storage management in smart grids [67]. Dong et al. highlighted
the importance of data-driven approaches by utilizing a Bayesian optimal
algorithm for home microgrid energy management, emphasizing the role of data
in improving efficiency [68].

Additionally, extensive research has been conducted on storage system
management, addressing key aspects such as sizing, placement and capacity.
These efforts are crucial in ensuring that storage solutions align with energy
systems' dynamic requirements, ultimately supporting the transition to smarter
and more sustainable energy management practices [69]. Lu et al. introduced an
optimal appliance scheduling model tailored for smart households equipped with
photovoltaic energy storage systems. This model emphasized maximizing the use
of renewable energy while minimizing dependency on grid power [70]. Building
on this, Zupanci¢ et al. employed genetic programming-based multi-objective
optimization to develop innovative strategies for Home Energy Management
Systems (HEMS), addressing both energy efficiency and cost minimization [71].

To further enhance domestic energy planning, Xu et al., and Dinh et al.
and some other researchers proposed advanced HEMS that integrate renewable
energy sources and storage systems. These systems aim to reduce reliance on the
main grid by leveraging local renewable generation and efficient storage
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utilization [72-76]. However, the inherent variability of renewable energy sources
such as solar and wind continues to challenge effective forecasting and
scheduling. Addressing this, Alilou et al. developed stochastic models that
consider the intermittent nature of solar energy and electric vehicle (EV) usage in
residential microgrids, improving the reliability of energy management strategies
[77]. Continuing this trend, Kumaravel et al. introduced a hybrid optimization
technique for power flow management in smart grids. Their approach integrates
various optimization methods to effectively handle the challenges posed by
renewable energy sources, ensuring balanced and efficient power distribution
[78]. Fuzzy logic-based approaches have gained significant attention in
forecasting, particularly for their ability to address uncertainty and imprecision in
data. These methods have been effectively integrated into load forecasting,
enabling researchers to handle the variability and ambiguity inherent in energy
consumption patterns [79]. Building on this foundation, Mansouri et al. proposed
a multi-objective optimization framework to manage energy in microgrids with
interconnected smart homes. Their approach highlighted the potential of
combining fuzzy logic with optimization techniques to balance energy efficiency,
cost savings and user comfort [80].

2.7 Intelligent Optimization in Modern EMS

Modern Energy Management Systems (EMS) increasingly rely on
intelligent optimization techniques to handle complex, dynamic energy
environments involving renewables, storage, and variable tariffs. These
techniques aim to enhance operational efficiency, cost-effectiveness, and grid
resilience. Advancements in nature-inspired algorithms have further
revolutionized energy management systems (EMS). Fathy et al., for example,
demonstrated the efficacy of the Sparrow Search Algorithm in optimizing
microgrid energy management. This innovative approach underscored the utility
of bio-inspired methods in tackling the complexity of modern EMS [81].

Despite these strides, numerous challenges remain in EMS research. The
integration of diverse energy sources, achieving real-time optimization and
maintaining user comfort continue to pose significant hurdles. Addressing these
concerns, Tostado-Véliz et al. introduced a Mixed Integer Linear Programming
(MILP) framework for electricity tariff selection in smart homes. On the same
year, some of the researchers worked on the tariff and proposed beneficial
solutions. Their study incorporated ‘happy hours’ tariffs, providing a user-centric
solution that aligns economic benefits with energy efficiency goals [82-89].
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Building on prior research, Erenoglu et al. proposed an enhanced Home
Energy Management System (HEMS) that integrates energy storage, demand
response mechanisms and renewable energy sources. Their work introduced an
optimal energy management framework tailored for microgrids, emphasizing
efficiency and sustainability [90].

Recent advancements in hybrid techniques and intelligent systems are
significantly influencing the evolution of energy management strategies. For
instance, Jabeur et al. utilized multi-agent systems for microgrid energy
management, showcasing the potential of decentralized decision-making in
dynamic and uncertain environments [91]. Similarly, Yang et al. focused on
coordinated energy management for islanded microgrids, incorporating multi-
energy and multi-storage units to enhance grid resilience and operational
flexibility [92].

Further progress in optimization approaches is evident in the work of
Cortés-Caicedo et al., who employed multi-objective Particle Swarm
Optimization (PSO) for DC microgrids. Their study highlighted efficient battery
management strategies and cost minimization, essential for sustainable microgrid
operations [93]. In parallel, Brillianto et al. examined the optimal sizing and
placement of battery storage systems, emphasizing demand response flexibility
and increased renewable energy penetration. This research underlined the critical
role of storage systems in accommodating variable renewable energy sources
[94].

More recently, some of the researchers, for example El-Afifi et al. and other
researchers presented a multi-objective hybrid optimization approach for
demand-side management in smart buildings as well as microgrids. Their study
tackled the complexities of balancing energy cost reduction, user comfort and
grid stability, providing valuable insights into the challenges and potential
solutions in modern Energy Management Systems (EMS) [95-101].

Based on the literature survey, several key trends and advancements have
been identified in the field of energy management systems (EMS) and
specifically, home energy management systems (HEMS).

2.8 Chapter Summary

The literature survey underscores the critical need for advanced and
integrated approaches to energy management. Initially, researchers focused on
the load profiles and power consumption of individual home appliances to
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develop efficient scheduling strategies. However, this approach faced limitations
due to practical constraints such as human interaction, unreliable power supply
and consumer preferences. To overcome these challenges, various methodologies
were proposed to optimize energy consumption with minimal consumer
interaction, marking a significant shift towards automation and intelligent system
design.

Recent studies have expanded the scope of EMS by incorporating factors
such as consumer satisfaction and energy costs, recognizing that an efficient EMS
must balance technical efficiency with user experience and financial viability.
The integration of renewable energy sources (RES) has been particularly
beneficial, contributing to more sustainable and resilient energy systems.
However, it is evident that RES integration alone is insufficient. Effective
communication and optimization schemes are essential to fully leverage the
potential of RES and ensure system reliability.

The research by Malik et al. and Nguyen et al. emphasizes the importance
of comprehensive strategies that combine RES integration, load scheduling and
robust communication and optimization frameworks. These integrated
approaches are crucial for developing next-generation HEMS and EMS that can
adapt to varying conditions and user needs while maintaining high efficiency and
reliability.

Therefore, the literature survey highlights the significant advancements
and ongoing challenges in the field of energy management. The future of HEMS
and EMS lies in the development of holistic systems that seamlessly integrate
renewable energy, optimize load scheduling and incorporate intelligent
communication and control mechanisms. This has been used to identify the
problem and define the research contribution area. Outlining the planned course
of action.
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CHAPTER 3
Problem Identification and

Research Contribution

Based on a comprehensive literature survey, the area of research identified
focuses on enhancing energy efficiency in the domestic sector through advanced
Energy Management Systems (EMS). Existing research has highlighted the
effectiveness of energy conservation codes and star-leveling programs across
various countries.

While energy management systems (EMS) have evolved significantly,
there are still some critical gaps that need to be addressed for enhanced
performance and sustainability. For example, existing EMS often have a limited
focus on dynamic and real-time energy optimization. Many systems rely on static
or pre-defined strategies, which are not sufficient to handle the variability of
renewable energy sources or sudden changes in demand. On the other hand. there
1s inadequate integration of renewable energy with load forecasting. Accurate
load forecasting is essential for maximizing the use of renewable energy while
ensuring grid stability, but many systems fail to effectively link these
components. For domestic consumers, several key challenges persist that limit
their ability to manage energy effectively and reduce costs. First, high electricity
bills are a common concern, primarily caused by inefficient load management.
Many households struggle to optimize their energy consumption due to the lack
of tools or awareness, leading to increased energy wastage and costs. Secondly,
there is inconsistent utilization of renewable energy sources, such as solar and
wind. While many consumers have access to renewable energy systems, their
integration with household energy management remains suboptimal, resulting in
underutilization of these resources.
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Addressing these challenges is crucial for enhancing energy efficiency at
the domestic level and fostering greater adoption of renewable energy. Hence
based on above discussion, it is evident that development of EMS based on
available RE sources and further implementation in microgrid is essential at the
present scenario. It is also evident that loads like agriculture, commercial,
domestic and public lighting can be explored more with proper Al based system
or model design to extract better output from the existing network or grid.

The following areas or points have been identified as shortfalls in the
present context of research and our area of contribution: a) Efficient Usage of RE
sources, b) User-Centric design and Engagement strategies, c) Real-time
Adaptive Control Strategies and d) Large-scale, Real-world Implementations and
Validation.

3.1 Literature Void
Despite advancements in domestic load management systems, several
research gaps persist.

First, efficient usage of renewable energy sources and energy storage
solutions in residential settings is under-researched, particularly regarding their
impact on grid stability and energy efficiency. Renewable energy integration in
residential settings has grown with advancements in solar panels, wind turbines
and energy storage systems like lithium-ion batteries. While renewable sources
are intermittent, their integration into homes introduces challenges in maintaining
grid stability, especially during peak and off-peak hours. For example, sudden
dips in solar generation on cloudy days could destabilize local grids without
effective storage or backup systems. The effectiveness of renewable energy
depends on optimal utilization, which involves aligning generation with
household demand.

Second, user behaviour and acceptance of automated load management
systems remain underexplored, highlighting the need for studies that incorporate
user-centric design and engagement strategies. The success of load
management systems hinges on user acceptance, which is influenced by trust,
perceived benefits and ease of use. Most research focuses on technological
advancements rather than human factors like adoption barriers or behavioural
inertia. Automated systems often lack intuitive interfaces or fail to provide
actionable feedback to users, leading to disengagement. Studies rarely explore
strategies to enhance user participation, such as gamification, incentives, or
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education on energy-saving benefits. For instance, users might resist automation
if they feel it undermines their control over appliances.

Third, there is limited exploration of real-time adaptive control
strategies that respond dynamically to changing household energy demand
patterns. Dynamic control systems capable of responding to real-time demand
fluctuations are essential for efficient energy use. Existing systems use predefined
schedules or static optimization techniques that fail to adapt to unexpected
demand changes and most adaptive control models are tested on small-scale
setups, making it unclear how they perform in larger, more complex residential
environments. On the other hand, real-time control requires seamless integration
with IoT devices and smart meters, which is still underdeveloped in many regions.
Finally, while many studies focus on theoretical models, there is a scarcity of
large-scale, real-world implementations and validation of these systems.
Proposed models are often tested in controlled laboratory conditions or simulated
environments, ignoring real-world variables like weather fluctuations, diverse
household types, or unpredictable user behaviour. However, high costs, lack of
infrastructure and regulatory challenges prevent the widespread adoption of load
management systems. Therefore, very few studies track the long-term
performance of implemented systems, such as energy savings, maintenance
requirements, or user satisfaction.

3.2  Area of Contribution

This section highlights the specific domain within which this research
seeks to make an impact. The selected area is crucial in addressing prevailing
challenges, advancing knowledge and bridging the identified gaps in the field.
The area of contribution of this research work are mentioned below.

e Dealing with a forecasting technique which can respond to dynamic
nature of. RES as well as demand profile.

e The scheduling process for managing loads and ESS needs to be
carried out more judiciously by utilizing feature selection techniques to identify
the most critical and relevant features, which in turn leads to efficient use of RES.

e Analysis of model performance under the influence of a newly
proposed tariff structure which aims to provide significant benefits to prosumers
while maintaining sustainable and adequate revenue generation for utility
companies, ensuring. A balanced and mutually advantageous system.

e Performance evaluation of the developed model with a newly
proposed optimization technique, which is best suited for multi-dimensional,
multiple knapsack problems.
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e Development of a user centric smart application, which empower
prosumers to control, monitor and manage their usage a day ahead.

e Testing the model in a large-scale, real-world environment for
energy planning of a microgrid, aiming to improve the EPI.

By targeting these aspects the research aims to contribute meaningfully
to both theoretical advancement and practical applications, thereby enhancing the
understanding and implementation of solutions.

3.3 Implementing Solutions
Acknowledging these shortcomings, a Smart Strategic Residential Load
Management System (SRLMS) has been meticulously developed.

3.3.1 Efficient Use of Renewable Energy Sources

The primary challenge lies in integrating renewable energy sources and
energy storage solutions. To address this challenge, we need to develop a strategy,
centred around the utilization of renewable energy sources based on their
availability, demand profile and efficiency of the storage unit. Forecasting the
availability of renewable energy sources is a key step in our approach. Utilizing
K-means clustering, we need to identify optimal locations for deploying solar
energy, where the demand and renewable energy availability, both are abundant.
Subsequently, leveraging the availability of solar power, we must implement an
energy storage system to ensure optimal electricity usage with judicious load and
ESS scheduling. This approach not only promotes cost savings but also enhances
energy efficiency for consumers.

3.3.2 User-Centric design and Engagement strategies

To encourage user participation in electricity trading, we hcan developed a
user-friendly application. Through this platform, users can select suitable tariff
schemes based on various factors for the following day. To facilitate informed
decision-making, users are required to provide appliance ratings and plan their
energy consumption for the next day. To incentivize reduced energy consumption
during peak hours, users are motivated by a newly proposed tariff scheme where
penalties are imposed for high consumption during peak periods, while rebates
are offered for reduced consumption or shifting high-capacity energy intensive
appliances from peak to off-peak hours. Additionally, the integration of
renewable energy sources, such as solar power, further reduces users' monthly
electricity bills, providing additional benefits to consumers, without
compromising the revenue generation.
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3.3.3 Real-time Adaptive Control Strategies

A good optimization technique empowers an energy management system
to achieve real-time adaptive controllability by enabling rapid decision-making,
dynamic adjustment, adaptive learning, predictive capabilities and multi-
objective optimization. These features ensure that the system can effectively
respond to dynamic energy conditions and user requirements, maximizing
efficiency, reliability and sustainability.
To address the challenge of real-time adaptive control and strategies, it is
important to develop a powerful optimization technique, allowing the system to
dynamically respond to changing conditions. By utilizing this technique to tackle
multiple knapsack problems, the system can adjust its operations in real-time
based on fluctuations in energy demand and supply. This enhancement
significantly improves the system's real-time adaptability and control capabilities,
enabling it to optimize performance efficiently. This can be further enhanced with
a smart user-friendly application through which prosumers can communicate with
the utilities to plan their next day uage.

3.3.4 Large-scale, Real-world Implementations and Validation

The final challenge lies in the large-scale, real-world application and
validation of the proposed optimization technique. This involves testing the
optimization technique in practical settings to validate its effectiveness. We
selected the IEEE 33 Bus System as the testing platform due to its moderate size
and widespread use as a testing benchmark for researchers. The proposed
algorithm and system were rigorously tested on the IEEE 33 Bus System using
MATLAB SIMULINK and their efficiency has been successfully validated.
This thesis aims to contribute to the advancement of sustainable energy
management practices in residential settings, offering insights and solutions to
address the challenges faced in modern energy ecosystems.

3.4 Chapter Summary

In conclusion, this research makes significant contributions to the
advancement of domestic energy management systems by addressing existing
gaps and presenting practical, scalable solutions. In the following chapters, we
provide an in-depth discussion on all the objectives and the methodologies
employed to achieve them.
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CHAPTER 4
Residential Load Profiling and

Scheduling

4.1 Introduction

Depleting fossil fuels are one of the most significant reasons why countries
need an effective energy management system. In India's current power scenario,
developing a judicious, robust and flexible energy management system is
essential to bridge the gap between energy demand and generation. With the rapid
increase in electricity consumption, designing a proper EMS becomes crucial for
the country. This system will not only help manage demand but also improve the
response time of service providers.

As discussed in previous sections, load profiling is a key factor in an EMS.
Load profiling involves different tasks, such as forecasting and data analysis.
Load forecasting plays a vital role in enhancing the efficiency of EMS. It involves
predicting future electricity demand or load on the power grid, which is essential
for utility companies and grid operators to ensure a reliable and uninterrupted
power supply. Accurate load forecasting optimizes the operation and planning of
electricity generation, transmission and distribution systems.

In India, load demand has surged due to urbanization, industrialization and
increased household consumption. According to government data, more than
25% of the total demand has been placed by the country’s domestic sector in
2022-23, which in turn contributed in the increment of the total demand by 6.8%.
This growing demand also emphasizes the need for residential load profiling and
load scheduling, which can significantly contribute to ensuring reliability and
efficiency in power systems. The research work has been modelled for demand
pattern across all kind of loads. However, a detailed approach for more effective
load management has been tested and tried for domestic load.
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Within domestic load, household appliance scheduling has been focused
with different criteria to understand the system eventualities and render a better
solution.

4.2 Residential Load Profiling

Historical data analysis is essential for load profiling and developing
demand profiles, involving the collection and cleaning of past power
consumption data and examining patterns, trends and correlations with factors
like weather. Following this, forecasting methods for future demands are evolving
with advancements in data analytics, machine learning and computational power,
offering increasingly accurate insights for decision-makers. Time series analysis,
anomaly detection and clustering techniques help in identifying consumption
patterns across different consumer segments. Statistical and machine learning
models are then trained on this data to predict future demand. Models are
validated and back-tested to ensure accuracy. Continuous integration of new data
refines these models, leading to more reliable and optimized power management.

4.2.1 Load Forecasting

Load forecasting methods can be classified into univariate and multivariate
approaches. The univariate ARIMA model forecasts load based on a single time
series, while the multivariate ARIMAX model includes additional variables for
more accurate predictions. Both models have their strengths and can be compared
with Al-based techniques to evaluate their effectiveness. By leveraging these
methods, India can improve the efficiency of its power management system,
reduce energy waste and support its transition towards cleaner energy sources.
Therefore, load forecasting is an essential tool for ensuring the reliability,
efficiency and sustainability of power systems. With advancements in data
analytics, machine learning and computational power, load forecasting
techniques continue to evolve, offering more accurate and actionable insights. As
the energy scenario becomes more dynamic with the integration of renewable
sources and smart grid technologies, the importance of precise load forecasting
will only grow.

The Univariate time series methods are good enough for the short-term
forecasting as the weather variable does not change rapidly. ARIMA is a
univariate method, which have been applied to a wide variety of time series
forecasting applications. In the following section, procedure to build ARIMA
model for load forecasting has been described.
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Model of Auto Regressive Integrated Moving Average (ARIMA): Statistical
Approach

The load data, that we have considered as the historical data for load
forecasting is not stationary. Therefore, differencing is first performed to make
the time series data stationary. This step may be repeated as per requirement. The
difference process of first order can be expressed as in Eq. (4.1),

VYt = Yt - Yt—l = (1 - B)Yt (41)
For load data with periodicity, it can be expressed as Eq. (4.2),

VsVp =Y, =Yg (4.2)

Both continuous and seasonal difference may be applied together. This can be
written as Eq. (4.3).

V2VPY, = (1 - B5)P(1 - B)%Y, (4.3)
Finally, ARIMA with order (p, d, q) is obtained.
Bp(B)V?Y, = 6,(B)a, (4.4)

The input time series consists of the load demand previous of three to four similar
days. To make the time series stationary differencing process is performed. Then
the input series is tested for statistical stationarity. Auto Correlation Factor (ACF)
and Partial Auto Correlation Factor (PACF) have been evaluated, based on which
the value of p and q is selected. The diagnostics checks are performed through
residual analysis and finally forecasting is done. A complete ARIMA model can
be expressed as Eq. (4.5) using the seasonal operator.

0p(BS)0p(B)V 2 VY, = 04(B5)6,(B)a, (4.5)

Then residual check and fitting check are applied. Finally, the model is selected
to perform the prediction. The overall process to build ARIMA model for load
forecasting has been briefly explained.

Mathematical Model of Auto Regressive Integrated Moving Average with
Exogenous Variables (ARIMAX): Time Series Analysis

In this section, two different approaches of ARIMAX modelling have been
discussed. The two different approaches are Transfer Function Model approach
and Conversion of a Regression model with ARIMA error to an ARIMAX model.

31|Page



ARIMAX using Transfer Function Model

To build ARIMAX model for forecasting Y and X; have been assumed
two stationary time series. The TFM can be written as,
v(B)X; = (vy + v1B + v,B + -+ )X, 4.7)
In ARIMAX, we work with two different time series X; and Y;. Therefore, it
differs from ARIMA or any other univariate method.
The Transfer Function v(B)X,; can be written as,

v(B)X, = [w,(B)B®/5,(B)]X, (4.8)

Theoretically, v(B)X; has infinite number of coefficients.

here,
wy(B) = wy + wyB + -+ + w,B" (4.9)
5.(B) =1—6,(B) — - — 6B (4.10)

N, can be written as

N, = [6(B)/8(B)(1 — B)?].a, (4.11)
Therefore, TFM can be finally expressed as,

Y = C+ voX; + voXeoq + -+ v Xe_g + [0(B)/O(B)(1 — B)4].a,  (4.12)

First, we must choose K and then N; must be specified to find out (b, r, h). To
represent TFM (b, 1, h) can also be identified by visually comparing the estimated
in pulse response function with some common theoretical functions. Several
diagnostic checks are involved to conclude whether the model is adequate based
on residuals.

Conversion of a Regression model with ARIMA error to an ARIMAX model
The Regression model with ARIMA errors can be written as,

Yt =C,+B,Xt+Ut (413)
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a(L)A(L)(1 — L)P(1 - LSu, = b(L)B'(L)e, (4.14)

LY, = Y,_; (4.15)
a(lL)=1—-a,L — - —apl? (4.16)
A(L) =1—A,L — -+ — ApsL (4.17)

(1 — L)? is non-seasonal integration polynomial of degree D

(1 — L®) is seasonal integration polynomial of degree s

b(L) = 1+b;L+.... +bsL,, nonseasonal moving average polynomial of degree q
B(L) = 1+B,L+...+ByLq, seasonal moving average polynomial of degree gs

Based on these, ARIMAX model can be built to have an efficient enough load
forecast tool for Demand Side Management.

4.2.2 Performance analysis of different Forecasting Methods (ARIMA,

ARIMAX, ANN & LSTM)

Here the load demand of West Bengal’s electricity network in Eastern
Regional Load Dispatch Centre (ERLDC) has been considered for
implementation of the proposed approach. This study includes hourly load and
peak load from January, 2017 to December, 2017. Here, we have performed week
ahead forecasting and day ahead forecasting for different season of West Bengal.
One of them has been presented in this section. The week ahead forecasting has
been performed for 315 August, 2017, Thursday. To have as much as accurate
forecast, here the load demand data of previous Thursday 1.e. 3rd, 10th, 17th and
24th August, 2017 has been used as historical data. On the other hand, here the
load demand data of previous days 1.e.18th,19th, 20th, 21st September and 13th,
14th November, 2017 respectively has been used as historical data.
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Figure 4.1: Prediction accuracy using (a) ARIMA, (b) ARIMAX, (c¢) Univariate ANN, (d) Multivariate
ANN and (e) LSTM

From the MATLAB output in Figure 4.1, it can be concluded that
ARIMAX is performing better than other forecasting techniques.

34| Page



4.2.3 Calculation of Prediction Error

Finally, the prediction accuracy has been compared based on MAPE (Mean
Average Percentage Error) amongst the mentioned techniques and it has been
found that for this case ARIMAX is outperforming. The comparative study has
been illustrated below in Table 4.1.

Here,
MAPE =31, |A:ipi x 100 (4.18)
Table 4.1: Comparative study based on Prediction accuracy
Day type Day Type Univariate method Multivariate method Long-Short-
of the (without considering the  (considering the effect of =~ Term Memory
Year effect of temperature) temperature) (LSTM)
Network
Prediction Error
Prediction Prediction Prediction Prediction
Error using Error Error using Error
ANN using ANN using
ARIMA ARIMAX
Thursday Week  Week  4.6934 2.1778 3.3299 0.4008 2.6342
31.08.2017 days ahead
Friday Week  Day 3.3461 2.9668 3.3253 1.8973 1.8274

22.09.2017 days ahead

From this discussion, it can be concluded that ARIMAX is outperforming.
This error can be further minimized by introducing different parameters like
humidity, wind speed, economic parameter, occasional spikes etc., which will
increase the complexity of the model. By this method, minutes ahead forecasting
is also possible which may help in Real Time Load Forecasting. The more
accurate prediction leads to more accurate decision making for designing Energy
Management System.

4.3 Residential Load Scheduling

Insights from residential load profiling are crucial for developing effective
load scheduling strategies. Residential load profiling, specifically load
forecasting helps to identify patterns in household energy consumption, which in
turn informs how energy should be distributed and scheduled.

Load scheduling is the process of adjusting energy consumption based on

the availability of power sources. These sources can include both conventional
energy (like coal and gas) and renewable energy (like solar and wind). By
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understanding how households consume energy, we can better allocate resources,
especially during peak and off-peak hours.

There are two key aspects shape the strategy for load scheduling. The first
one is Understanding the Load. In residential contexts, the load primarily consists
of household appliances, such as air conditioners, refrigerators, washing
machines, etc. These appliances have different energy needs at different times of
the day. Understanding this demand allows for better planning and optimization
of energy use. And the second one is Scheduling the Load. Load scheduling
involves distributing energy consumption across various time periods in a day.
For example, heavy-use appliances like washing machines can be scheduled
during off-peak hours when energy demand 1s lower. This process can be adjusted
based on the availability of energy sources. For instance, during the daytime,
when solar power is abundant, more consumption can be scheduled.

According to the Central Electricity Authority of India, with the increased
consumption by residential sector, RE demand is also increasing and with this
rising adoption of renewable energy, strategies like load scheduling are becoming
increasingly important to balance demand and supply efficiently. By scheduling
loads during periods when renewable energy is available, such as during sunny
or windy conditions, households can reduce their reliance on fossil fuel-based
electricity. This process not only helps in optimizing energy use but also reduces
costs for consumers and decreases stress on the power grid. Smart grid
technologies and smart meters play a critical role in facilitating real-time load
scheduling, allowing for better integration of renewable energy and more efficient
consumption patterns.

Incorporating insights from residential load profiling into these strategies is
essential for a more sustainable and efficient energy management system. With
India's growing energy needs and its commitment to renewable energy (targeting
50% non-fossil fuel capacity by 2030), load scheduling informed by accurate data
is becoming increasingly important. Here, the entire process of Load Scheduling
has been divided into two steps: Designing Energy Consumption Model and
Categorization of Load

4.3.1 Appliance Energy Consumption Profiling

Here, we have considered five different consumers and each home with set
of appliances A and N is the total number of appliances. al, a2, .... aN are N
number of domestic appliances used in a home. They are operated over a time
period t € T, where Suppose, Sal is the starting time instants of appliance al and
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Fal is the finishing time instants of appliance al. Therefore, operation time
interval for scheduled appliances al is [S,i, Fai].

A2{al,a2,a3, ..................... , aN} (4.19)
TA2{1,2,3, i, , 24} (4.20)
Here, in this model we have considered CES (Conventiaonal Energy sources) and
RES to satisfy the demand. We have assumed, €, p, as generated or available
solar energy at time t, which should be known or forecasted. However, the price
of the renewable energy is variable.

Therefore, for al appliances state of operation of an appliance al at time t,

0 when al appliance is not operating

1 when al appliance is operating (4.21)

bar () =

Consumer will place a day ahead request for al appliance in time interval [S,i,
Fa1], where [Sa1, Fai] € T. Consumer needs to specify a, and F, for availing the
best suited tariff scheme. Total energy demand of al can be satisfied by CES and
RES. Hence the total energy consumed by al appliance can be determined as,

Oa1 = I=1 Zale A %1-Ton (4.22)
Prioritizing RES first,if Egg is insufficient, main grid supplies remaining energy.

Ecripusea = max(0, o, — Egg)

Similarly, energy consumed by RES is the minimum of Erg and g,

Ere usea = min( oy, Egg) (4.23)
After allocating energy from PV and main grid, the cost calculation for each hour

YTotal(h) = (Ye.pv-EtRE usea + VeGrip- Et.GRID used) (4.24)

The total cost over 24 hours can be calculated as,

Ypay = Yi=1Vepv- Et RE used T Vt.GriD- Et.GRID used) (4.25)
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The Energy Consumption Model within the Energy Management System
plays a critical role in optimizing energy usage, reducing operational costs and
promoting sustainability. By leveraging real-time data analytics and advanced
forecasting techniques, the model provides actionable insights that enable
efficient energy allocation and minimize waste. The integration of such a model
not only enhances the overall performance of energy systems but also supports
compliance with environmental regulations and contributes to a greener future.
Continuous refinement and adaptation of the model will be essential to meet the
evolving energy demands and technological advancements, ensuring the EMS

remains a pivotal tool in energy conservation and management.

4.3.2 Categorization of Load

In this section, Domestic consumers have been considered as Prosumers.
The home appliances are classified as 1) Interruptible Loads, i1) Non-interruptible
loads and ii1) Interruptible loads with minimum delay.
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Figure 4.2 (a), (b),(c) Categorization of domestic Loads using K-means clustering and (d) Heatmap
representing Appliance Index
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Here power consumption of different domestic loads such as refrigerator,
washing machine, Induction oven, Iron, Fan, Light, Computer, Television etc has
been discussed and analysed in detail for different operating modes.

Here, the K-means clustering technique has been used to categorize the
loads in 3 different clusters with 3 different priorities. Figure. 4.2 is showing the
clusters based on which the loads are marked with their priority ranking for
different domestic consumers respectively and the heatmap is representing 3
different groups of appliances like non-interruptible, interruptible with minimum
delay and interruptible appliances from top to bottom.

Cluster analysis, an essential technique in data mining and machine
learning, involves grouping similar objects into clusters. Among the various
clustering methods, K-means clustering stands out as a widely employed
approach. Its primary objective is to partition a given set of objects into K clusters,
striving to minimize the collective squared distances between each object and its
designated cluster mean. The steps to perform K-means Clustering has been
illustrated below.

Step 1. Choosing the number of clusters.
The Elbow method, one of the effective ways to find out the number of clusters,
which uses WCSS (Within Clusters Sum of Squares) value concept.

WCSS = Y7 DP; iy ctuster 1 distance(DP;.C;)? +
> o DPiin custer 2 distance(DP;. C;)? (4.26)
Here, z:lz o DPiin cluster 1 distance(DP;.C;)? is the sum of the square of the

distances between each data point and its centroid within a cluster and the same
for the other term (for all 2 clusters).

Step 2. Selecting Centroids.
K random points from the data set can be selected as centroids.

Step 3. Assignment.
After initialization of centroids, each data point is assigned to the nearest centroid
based on a distance metric, typically Euclidean distance, which in turn forms

clusters.

Step 4. Recomputing the Centroids.
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After all data points have been assigned to clusters, the centroids are updated by
calculating the mean of all data points assigned to each cluster. This moves the
centroids to the centre of their respective clusters.

Step 5. Convergence.
Last two steps are repeated iteratively until the converging conditions are met.

Converging Conditions:
1) Centroids no longer change significantly.
11)  Maximum number of iterations is reached.
i11)  Data points remain in the same clusters.
1v)

The result that has been obtained using K-means clustering can be further
verified with a mathematical model. This mathematical modeling needs to use
feature selection technique for selecting the important features based on which
the model will be designed.

Feature Selection

The domestic loads can be prioritized based on some characteristics or features
of the loads. The features are selected using different feature selection techniques.
We have considered seven features here and used four different methods, which
are Complex Tree, Gaussian SVM, Weighted KNN and Bagged Trees. The
performance of these four methods has been compared in Table 4.2 based on
model accuracy and prediction speed. Finally, we have concluded that Weighted
KNN is performing better than other methods with highest accuracy and
prediction speed. The pseudocode for the proposed WKNN algorithm is provided
in Appendix A section A3 for detailed reference.

Table 4.2: Feature selection for home appliances Scheduling

Method Used Predictors
Power No. of Energy Total No. of Frequency  Operation
Rating of appliances  Consumptio  runtime switch of in Peak
appliances n ON operation hours
Complex Model 36.10% 13.90% 36.10% 38.90% 22.20% 44.40% 19.40%
Tree accuracy
Prediction 2900 15000 13000 17000 11000 5600 8000
speed obs/sec obs/sec obs/sec obs/sec obs/sec obs/sec obs/sec
Gaussian Model 52.80% 13.90% 80.60% 88.90% 25% 88.90% 19.40%
SVM accuracy
Prediction 160 obs/sec 93 obs/sec 82 obs/sec 160 obs/sec 99 160 obs/sec 96 obs/sec
speed obs/sec
Weighted Model 52.80% 13.90% 94.40% 88.90% 25% 88.90% 19.40%
KNN accuracy
Prediction 11000 5300 4400 obs/sec 12000 9500 7800 12000
speed obs/sec obs/sec obs/sec obs/sec obs/sec obs/sec
Bagged Model 52.80% 13.90% 94.40% 86.10% 25% 88.90% 19.40%
Trees accuracy
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Prediction 1400 790 obs/sec 1200 obs/sec 1600 1600 1400 1600
speed obs/sec obs/sec obs/sec obs/sec obs/sec

Modeling

Based on the abovementioned results, we have chosen energy consumption, Total
run-time and Frequency of operation as the three most important features to
design the following model and the clustering result has been re-verified again
using a mathematical model.

Suppose, request time of the appliance al is t,,;and waiting time of the appliance
alis Ty,

Therefore, Twal = Sa1 — Traa (4.27)
Total waiting time, Tw =20 1 Twai (4.28)
Average waiting time, Twavg = Tw/ N (4.29)
Here, we have considered a,; as the rating of appliance ai where 1= {1,2,3, .....,
N},
« _ timeofrun

Pa1™ No.of switch ON (4.30)
Par=Pa1/fa1 (4.31)
Pai= %21 ZaleA Séi/fai VaieA (4.32)
Utilization factor, Uy = i (@i * PL; * fai/ Xail (4.33)
Flexibility Index, 94i= 0 (high p;; and low f,; : Non-Interruptible),

I (Interruptible with delay) and

2 (low p;; and high f,; : Interruptible)
Priority Index, PI=[U41/[94i+t1] VaieA (4.34)

Based on this ranking finally the load has been categorized as non-
interruptible load, interruptible load with minimum delay time and interruptible
load.
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This Load scheduling can become even more effective if intermittent
nature of renewable energy sources can be accounted for the like solar and wind.
Since renewable energy is not available continuously—solar power depends on
sunlight and wind energy varies with wind speed—integrating these sources into
the grid requires smart planning. By incorporating this variability into load
scheduling, we can optimize energy consumption based on the availability of
renewable energy. For example, energy-intensive tasks like running washing
machines or charging electric vehicles could be scheduled when solar power is
abundant during the day. This reduces the reliance on conventional power sources
like coal or gas, which are more polluting and put stress on the grid.

The integration of renewable energy is crucial for reducing the overall
stress on the power grid. As renewable energy sources become more widespread,
proper load scheduling can balance the supply-demand equation more effectively.
In India, renewable energy capacity reached 125 GW in 2022, accounting for 39%
of the country’s installed power capacity, shown in Figure 4.3. This growing share
of renewable energy makes it essential to incorporate its variability into energy
management strategies.

According to the International Energy Agency (IEA), smart load
scheduling, combined with renewable energy, can lead to a 15-20% reduction in
peak load demand. This not only helps in managing grid stability but also supports
India's target of achieving 50% energy from non-fossil sources by 2030.

RE Generation (from Jan-2014 to Jul-2024)

742378.32 MU

All India

Wind Solar Biomass
Bagasse Small Hydel ® Others
RE Generation Total

Figure 4.3 RE Generation Report [IEA]
Therefore, integrating the intermittent behaviour of renewable energy into

load scheduling is one of the most effective ways to reduce grid stress, reducing
cost while promoting cleaner energy consumption.
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4.3.3 Renewable Energy Integration

To integrate renewable energy sources into the design of a proposed energy
management system, it is crucial to understand the renewable energy availability
in a particular area. Accurate forecasting can help predict renewable energy
availability in future days. However, it is essential to first select an appropriate
area for planning the energy management system for the residential load sector
using a microgrid.

This planning can only be executed effectively if we have a proper
understanding of the renewable energy availability in a specific area based on its
latitude-longitude and the demand profile of that particular area . In this context,
clustering techniques can help us to categorize different areas as having light,
moderate, or heavy solar power availability.

Using the latitude and longitude of a specific area along with its domestic
demand profile, the K-means clustering technique can be applied to identify areas
with high demand and significant renewable energy availability. Based on this
analysis, the optimal location for renewable energy-based distributed generation
(RE-based DG) can be selected. Additionally, locations with similar demand
profiles and RE availability can be grouped into clusters to facilitate efficient
energy sharing. This approach ensures that the energy management system is
designed and implemented in the most efficient and effective manner. The process
has been discussed in detail in the following section.

The solar irradiance (the power per unit area received from the sun in the
form of electromagnetic radiation) at a given location on earth’s surface depends
on several factors. The relationship is affected by the earth’s tilt, solar declination,
hour angle including its latitude and longitude. A simplified mathematical
equation to estimate solar irradiance on a clear day can be derived from the solar
zenith angle, which depends on latitude, longitude, and time of day.

Solar Zenith Angle (0x):

cos (6x) = sin (a).sin (d) + cos (a).cos (0).cos (H) (4.35)
a is the latitude in the radian

d 1s the solar declination

8 =23.45° sin (Cor + (284 + d)) (4.36)
d is the day of the year (from 1 to 365)

43 |Page



H i1s the hour angle in degree, representing the earth’s rotation relative to solar
noon.

H=15°* (t-12) (4.37)
t is the local solar time in hours.

Solar noon at t=12

Solar Irradiance on Earth’s Surface (I¢):

I; = I,.cos(By) (4.38)

I, is the solar constant which is the solar irradiance received at the top of the
earth’s atmosphere.

Atmospheric Effect:
This effect includes the scattering and absorption by the atmosphere.
I; = 1,.cos(0x).T, (4.39)

T, depends on atmospheric conditions (air mass, cloud cover, pollution etc.).

Ppy(t) = GHI(t).A.n VYVt 0<7 <24 (4.40)

Where global horizontal irradiation (GHI) is in kW/m?. A is the area of solar panel
and 1 is the efficiency of the PV system.
The electrical energy generated (Epy) by the PV system in time duration At,

Epv(t) == va(T).At (441)
where 7 1s the real time.

This energy will be used for home appliances (Epv.ioad) and energy storage
(EPV,storage).

Epy(t) = Epy 10qa(t) + EPV.storage(t) (4.42)
Constraints:
0 < Epyioaa(t) < GHI(t).A.n. At (4.43)
0< EPV_stomge(t) < GHI(t).A.n.At (4.44)

Therefore, clustering based on latitude and longitude to identify heavy,
medium and light penetration of photovoltaic (PV) can be a valuable approach
for understanding the distribution of solar energy infrastructure. Based on the
demand profile and RE availability DGI can be calculated.
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Demand Generation Index = Mean Demand / Mean Generation (closer to
lindicates most beneficial cluster to integrate RE).

Here, we have successfully utilized latitude-longitude data and domestic
demand profiles to identify high-demand areas with substantial renewable energy
potential using K-means clustering. Optimally selected locations for renewable
energy-based distributed generation (RE-based DG) and efficiently grouped
locations with similar characteristics to enhance energy sharing and system
efficiency based on DGI value, shown in Figure 4.4. A detailed pseudocode
implementation of this method is included in Appendix A section A2.
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While the integration of renewable energy sources can help reduce grid
stress, it is only effective for limited periods, especially during the day. The real
challenge arises during peak consumption hours, typically between 5:00 p.m. and
9:00 p.m. This is when energy demand spikes, especially in the evening when
people return home, turn on lights, appliances and other electrical devices. During
this peak time, relying solely on renewable energy sources like solar power is not
enough, as solar energy is not available after the sun sets. In tropical regions like
India, solar energy production typically stops around 3:00 to 4:00 p.m., well
before the peak demand period. To address this, integrating energy storage
systems (ESS) becomes essential. Energy storage systems can store excess energy
generated by solar power during the day and release it during the evening peak
hours. This helps reduce stress on the grid when demand is highest.

Thus, while load scheduling is crucial for managing energy consumption,
it is not sufficient on its own. Scheduling the use of energy storage systems (ESS)
also plays a vital role in balancing supply and demand. By combining load
scheduling with ESS, we can ensure that renewable energy is available when it is
most needed, even after solar power generation has ceased for the day.

According to a report by the Central Electricity Authority (CEA), energy
storage systems, when paired with renewable energy, could reduce peak load
demand by up to 20-25%. This combined approach improves the efficiency of the
overall energy system, ensuring reliable power supply during peak hours without
relying solely on conventional energy sources.

4.3.4 Scheduling of Energy Storage

The ESS need to be optimally scheduled to achieve cost effective energy
consumption. This section will be dealing with the scheduling of ESS and its
modelling.
Feature Selection

We have considered nine features here and used four different methods,
which are Complex Tree, Gaussian SVM, Weighted KNN and Bagged Trees.
Performance of these four methods has been compared in Table 4.3 based on
model accuracy and prediction speed.

Table 4.3. Feature Selection for ESS scheduling

Method used

Predictors

ESS Daily Energy RES Charging ~ Round Discharging
cycle Consumption Availability rate Efficiency  Rate

Population

Electricity
Weekend Bill

Complex
Tree
Gaussian
SVM

Model
Accuracy
Prediction
speed
Model
Accuracy

40% 66.70% 33% 66.70% 66.70% 66.70%
590 7100 6400 5600
obs/sec 5100 obs/sec obs/sec obs/sec obs/sec 6200 obs/sec

40% 100% 33.33% 93.30% 93.30% 86.70%

46.70%
7000
obs/sec

60%

40.00% 66.70%
3500 7100
obs/sec obs/sec

40% 100%
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Prediction 540 1100 1100 870 1100 990 1000

speed obs/sec 520 obs/sec obs/sec obs/sec obs/sec 1100 obs/sec  obs/sec obs/sec obs/sec

Model

Accuracy 40% 100% 26.70% 93.30% 93.30% 86.70% 60% 40% 100%
Weighted Prediction 2700 5400 3600 3600 5400 4300 5400 5400
KNN speed obs/sec 4300 obs/sec obs/sec obs/sec obs/sec obs/sec obs/sec obs/sec obs/sec

Model

Accuracy 40% 100% 33.33% 93.30% 93.30% 80% 60% 40% 100%
Bagged Prediction 640 750 770 770 800
Trees speed obs/sec 720 obs/sec 770 obs/sec obs/sec obs/sec 780 obs/sec 750 obs/sec obs/sec obs/sec

Finally, we have concluded that Weighted KNN is performing better than
other methods. On the basis of the above-mentioned result, we have chosen Daily
energy consumption, Charging rate, Round efficiency, Discharging rate and
Electricity bill as five most important features to design the following model.

Modelling

In this section, we have defined the charging and discharging of a battery
based on its round efficiency, SOC (state of charge) and charging-discharging
rate.
Here, in this section, we have considered a battery with a capacity of 10 kW.

Round efﬁCienCy, MNB = Ncharging * Tdischarging (445 )
Mcharging = 0.98 and MNdischarging = 0.95

Here, SOCpin and SOCax have been considered as 15% and 90% respectively.
Therefore, SOC can increase by 0.18 kW by every hour.

As per the assumed charging-discharging rate, it will take 5 hours to get fully
charged.

During charging, Energy used = Change in SOC * Battery capacity (4.46)

Ncharging
During discharging,

Energy discharged = Change in SOC = Battery capacity * Ngischarging
(4.47)

Rule-based strategy

Here, in this section, a rule-based strategy has been proposed for efficient
scheduling of ESS. We have assumed EP, EOP and EI as energy consumed in
peak hours (5:00 pm — 11:00 pm), off-peak hours (11:00 pm — 6:00 am) and
intermediate hours (6:00 am — 5:00 pm) respectively. Similarly, PP, OPP, IP have
considered as unit energy price in peak, off-peak and intermediate hours
respectively.
The scheduling of battery leads to three conditions for each of two different cases.
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CASE 1: When Ep < Egp and Ep < E|,

. PP E 0PP E
Condition 1, — k= > gk — kL
OPP  Eop P E
. OPP E IP E
Condition 2, — x> ppx—x—L
P E PP Ep
. IP E PP E
Condition 3, — kL >ppx—x—"L
PP Ep OPP  Eop

CASE 2: When Ep > Eop and Ep > E|,

. PP E OPP E
Condition 1, —x L < g x—x-2L
OPP  Eop P E
iy OPP  Epp 1P E
Condition 2, —x 2L < x—x—L
P E PP Ep
iy P E PP Ep
Condition 3, —x— < I)g ¥ —— *x —
PP Ep OPP  Eop

Therefore, the charging and discharging of ESS must follow certain rules, which
are mentioned in Table 4.4.

Table 4.4. Strategy for ESS scheduling
Clear sky (when sufficient solar energy is available)

Condition (CASE 1&2)  Off-peak Intermediate Peak

1 N/A Charge Discharge

2 Discharge Charge Discharge

3 N/A Charge / Discharge Discharge
Cloudy sky (when sufficient solar energy is not available)

Condition (CASE 1&2)  Off-peak Peak Intermediate
1 Charge N/A Discharge

2 Charge Discharge Discharge

3 Charge Charge / Discharge Discharge

In the above listed cases, if condition 1 is satisfied, then ESS will be charging
in Intermediate hours, discharging in Peak hours, for condition 2, ESS will be
charging in Intermediate hours, discharging in Oft-peak and Peak hours and so
on. These are listed in Table 4.4.

4.4 Chapter Summary

This chapter examines load forecasting and power profile development for
the state of West Bengal and its electricity network at Eastern Regional Load
Dispatch Centre (ERLDC). Using hourly and peak load data from 2017, it
employs week-ahead and day-ahead forecasting, finding the ARIMAX model to
be the most effective, with potential improvements by adding more variables.
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The chapter also focuses on developing a power profile within modern
energy management systems (EMS), including energy consumption modeling,
load scheduling and energy storage system (ESS) management to enhance
efficiency and grid reliability. It highlights renewable energy integration through
accurate forecasting and area-specific planning using K-means clustering.

Furthermore, the chapter details the energy consumption model within
EMS, utilizing real-time data and advanced forecasting to optimize energy use
and comply with environmental regulations. Finally, it discusses load scheduling
for domestic consumers, classifying appliances into different categories for
effective power consumption analysis and ESS management.

Significant Findings from this chapter are:

e Achieved less than 1% prediction error using ARIMAX forecasting
technique.

e Selected 3 important features like energy consumption, total run time and
frequency of operation for load scheduling using WKNN as a feature
selection technique.

e Selected 3 important features like daily energy consumption, round
efficiency of ESS and energy tariff using WKNN as a feature selection
technique.

e Proposed a Rule-based-Strategy for ESS scheduling.

However, in the next chapter, the same residential loads have been analyzed
using a newly proposed Al based tariff structure and optimized for better
performance using a proposed advanced optimization technique, specifically
tailored for multidimensional and Multiple Knapsack Problems for effective
residential load management.

Related Publication:
The research work presented in this chapter has contributed to the following
publications.

o Kuheli Goswami, Ayandeep Ganguly, Dr. Arindam Kumar Sil,
"Comparing Univariate and Multivariate method for Short Term Load
Forecasting”, International Conference on Computing, Power and
Communication Technologies, IEEE Conference, Noida, September, 2018

e Kuheli Goswami, Ayandeep Ganguly, Dr. Arindam Kumar Sil, “Day

Ahead Forecasting and Peak Load Management Using Multivariate Auto
Regression Technique,” Applied Signal Processing Conference 2018,
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IEEE Conference (ASPCON), Kolkata, December, 2018

e Ayandeep Ganguly, Kuheli Goswami, Arpita Mukherjee, Dr. Arindam
Kumar Sil, “Short Term Load Forecasting using Artificial Neural
Network for Peak Load Reduction”, International Conference on
Emerging Trends in Engineering and Science, Springer Conference,
March, 2018.

These publications focus on prediction efficiency of demand profile
using ANN, ARIMA and ARIMAX discussed in section 4.2

e Kuheli Goswami, Arindam Kumar Sil, “Renewable Energy based
Dynamic Tariff system for Domestic load management”, Indonesian
Journal of Electrical Engineering and Computer Science (IJEECS),
indexed by Scopus, approved by UGC, Vol. 25, No. 2,pp 626-638,
February, 2022, ISSN: 2502-4752, DOI:
10.11591/ijeecs.v25.i2.pp626-638.

This publication focuses on Appliance energy consumption profiling
and RE integration discussed in section 4.3.1, section 4.3.2 and section 4.3.3.

e Kuheli Goswami, Arindam Kumar Sil, “Improvement of Energy
Performance Index for Domestic Prosumers Based on Newly Proposed
Dynamic Tariff and Rule-based Strategy,” International Transactions
on Electrical Energy Systems (ITEES), indexed by Scopus, SCIE,
approved by UGC, Vol. 2022, Article ID: 5087908, August, 2022,
https://doi.org/10.1155/2022/5087908.

This publication focuses on Feature selection and ESS scheduling discussed in
section 4.3.3 and section 4.3.4.
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CHAPTER 5
Al-based system design for

Residential Load Management

5.1 Introduction

Due to rapid industrialization, urbanization and population growth, power
consumption in India is increasing day by day. As demand rises, the gap between
electricity generation and consumption is widening. Over the last five to ten
years, electrification efforts have expanded, with more villages being connected
to the grid. This has contributed to a notable increase in power consumption,
especially in rural areas where appliances like lights, fans and televisions are
becoming more common. In urban areas, domestic consumption has also risen
significantly.

Consumption of Electricity by Sectors in India during 2021-22(P)

Total Electricity Consumption = 12,96,300

Figure 5.1 Consumption by sector in India during (a) 2021-22

According to reports, domestic electricity usage now accounts for over 25% of
total power consumption, which is shown in Figure 5.1. The growing ownership
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of household appliances, particularly energy-intensive devices like air
conditioners and refrigerators, has driven this increase. In tropical regions,
changes in weather patterns have further boosted the use of these appliances,
contributing to higher power demands.

In this scenario, simply relying on load scheduling or shifting consumption
from peak to off-peak hours is not sufficient to manage the increasing demand.
While these methods can help balance energy usage, additional strategies are
required. One key approach is to encourage domestic consumers to become
"prosumers", where they both consume and produce electricity, often by using
rooftop solar panels. This not only reduces reliance on the grid but also enables
them to participate in the electricity trade market, where they can sell excess
energy back to the grid. Offering special incentives in terms of tariffs can motivate
consumers to engage in such practices. These tariffs can vary based on factors
such as time of day, season and level of consumption. Common types include flat-
rate tariffs, time-of-use (TOU) tariffs, tiered tariffs and demand charges. These
pricing models are designed to influence consumer behaviour, encouraging
energy usage during off-peak hours and helping to manage demand more
effectively.

However, traditional tariff-based approaches alone may not be enough to
handle the complexities of modern energy consumption. The rapid advancement
of technology, combined with the increasing complexity of household energy use,
has created a need for more innovative solutions. This is where Artificial
Intelligence (Al) plays a transformative role. Al-driven load management systems
can automate and optimize energy usage by analysing real-time data and
forecasting future consumption patterns. These systems can dynamically adjust
the operation of household appliances to align with tariff schedules and the
availability of renewable energy.

5.2 Proposing a new Tri-Optimized-Tariff

The effectiveness of tariffs in influencing consumer behaviour can be
significantly enhanced when integrated with Al-based domestic load
management systems. These systems use real-time data and predictive analytics
to automate energy consumption adjustments, ensuring that households can
maximize the benefits of complex tariff structures without manual intervention.
Firstly, Al can schedule the operation of appliances to take advantage of lower
tariffs automatically. Secondly, Al algorithms can predict household energy needs
and adjust usage patterns in advance to avoid high-cost periods. Finally,
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continuous monitoring and adjustment of energy consumption in response to real-
time tariff changes ensure optimal usage and cost savings. Therefore, this pricing-
based approach is an effective way to reduce peak demand and manage the energy
consumption judiciously. In this approach, modulation of energy price and
updating of information provided to the users are most important steps to be taken
care of. Due to the increase in the price of energy in energy shortage, consumers
are bound to reduce their consumption in peak hours and use renewable energy.

To suggest a tariff structure based on the three parameters—Optimum use
of RES, optimized value of total energy consumption over the entire day and
optimum waiting time for household appliances—we need to approach the
problem as a multi-objective optimization problem.

1. Encouraging the Efficient Use of Renewable Energy: The first criterion
focuses on maximizing the use of renewable energy. The tariff structure should
incentivize consumers to operate high-energy-consuming appliances, such as
washing machines and air conditioners, when renewable energy sources (like
solar or wind power) are abundant. Additionally, excess renewable energy should
be stored using Energy Storage Systems to reduce stress on the grid during peak
hours. This approach ensures efficient use of renewable energy and helps to
balance the supply-demand equation, especially during peak consumption
periods. Moreover, by encouraging consumers to participate in the electricity
trade market, they can both save costs and contribute to the efficient functioning
of the energy system, further promoting the use of renewable sources.

2. Minimizing Waiting Time for Appliance Scheduling: The second criterion
emphasizes judicious load scheduling. The tariff should encourage consumers to
operate their appliances with minimal waiting time, meaning household
appliances should be scheduled in such a way that energy consumption is
optimized without long delays. This can be achieved through accurate forecasting
and strategic planning of future energy needs, ensuring that consumers can use
electricity efficiently while minimizing inconvenience.

3. Optimizing Total Energy Consumption: The third criterion addresses the
need to keep overall energy consumption within an optimum level, reducing
waste. This can be achieved through a combination of proper load management,
efficient use of daylight and energy-efficient building designs. By reducing
unnecessary energy use, consumers can maintain a fair and permissible level of
consumption.
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These three factors—encouraging renewable energy use, minimizing
waiting time for appliance scheduling and optimizing total energy consumption—
are given the highest priority in the proposed tariff structure. Together, they aim
to create a “Tri-Optimized Tariff” system that ensures efficient, sustainable and
cost-effective energy management over 24-hour periods.

By utilizing a combination of tariff incentives, Al-based load management
and Al-based ESS scheduling utility companies can spread energy demand more
evenly throughout the day, reducing the strain on the grid during peak hours. This
not only prevents grid overloads but also minimizes the need for emergency
power sources, making the overall system more efficient. Here, the formulation
of an objective function, constraints and the optimization technique have been
shown in Figure 5.2.

Maximize Renewable Energy Utilization

Minimize Total Energy Wastage

Minimize Waiting Time for Household Appliances

Formulate
Objective
Function

Define Decision
VELELES

Design Tariff Define
Structures Constraints

nstraints
5(t) + R(t)

Time of Use Pricing

Appliance - specific Pricing
Waiting Time Constraints
Wi(t) < Winau i

Dynamic Real Time Pricing

User Preference Constraints

L2

z xi() =1
t=t1

Figure 5.2 TOT Workflow
The steps have been discussed in the following section.

1. Define the Decision Variables
The key decision variables will be linked to:
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« Xx;: Binary variable representing the state (ON/OFF) of the household
appliance 1 at a specific time t.

« Pji(t): Power consumption of appliance 1 at time t.

o W;(t): Waiting time before appliance i can be operated at time t.

2. Formulate the Objective Functions
In this case, we have three objectives: renewable energy utilization, total energy
consumption and waiting time for household appliances.

Objective 1: Maximize Renewable Energy Utilization
This objective encourages households to use appliances when renewable energy
is available. The function can be modelled as:

T N
Maximize F;, = Z SV min (RO x,(6). Pi(D)). At .1)
t=1

Where:
« R(t) is the RE available at time t.
o x;(t) is a binary variable (1 if appliance i is on at time t, 0 otherwise).
o P;(t) is the power consumption of appliance i at time t.
o At is duration of the time interval (in hours).

Subject to:
L Y7 (x(®.P(®).At < R(D).At, Ve (5.2)
2. YT x;(0).At = TPV, i (5.3)
3. Y., (a@®.P(®).At 2 E;, Vi (5.4)

Objective 2: Minimize Total Energy Consumption

Minimizing total energy consumption incentivizes consumers to reduce overall
energy usage. The objective function is:

Minimize F, = Y _ Y1, x,(t). Pi(6). At (5.5)
Where T is the total number of time periods in a day and N is the number of
appliances.

Objective 3: Minimize Waiting Time for Household Appliances
To reduce consumer inconvenience, the model minimizes the waiting time for
appliances to operate, represented by:

Minimize F; = ). Iiv:1 > wi(t) (5.6)
Where, w; (t) is the waiting time for appliance i at time t.
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3. Define the Constraints
Energy Balance Constraints
The total energy consumption at any time should not exceed the available grid
energy and renewable energy combined:

(0. P(t) <G(@®) +R(®) (5.7)
Where G(t) is the grid energy available at time t.
Waiting Time Constraints
Certain appliances have time limitations (for example, dishwashers should run
within a fixed time window).
Wi(t) = Wmax»i (5-8)
Where W,,,,,, [ 1s the maximum allowable waiting time for appliance 1.
User Preferences Constraints

Ensure that the appliances run at least once during the user's preferred times (for
example, between 6:00 PM and 10:00 PM):

t2
zt=t1 x(t) =21 (5.9)
Where t1 and t2 are the start and end of the preferred time window.

4. Tariff Structure Design Based on Optimization Results
Once the optimization is performed, the resulting tariff structure could be defined
in terms of dynamic pricing.

A. Time-of-Use (TOU) Pricing

Electricity rates vary depending on the time of day and renewable energy
availability:

o Peak hours: Higher tariff due to higher grid energy demand.

o Off-peak hours: Lower tariff, encouraging appliance use when renewable

energy is abundant.

Here in this section, the flow chart to design the TOU: first part of our proposed
tariff structure for domestic consumers has been discussed in Figure 5.3.
Total Cost=a+bx+c(xt) (5.10)
Here, ‘a’ comprises of meter rent and monthly variable cost adjustment (MVCA)
etc. 1s a fixed charge independent of maximum demand and energy consumption.
‘b’ depends on maximum demand (kVA) or sanctioned demand (kVA). ‘¢’
depends on energy consumption (kWh).
Y=YctVYR (5.11)
Here, yc and yr have been considered as the cost of energy from main grid and
renewable energy (fixed) respectively. Here E indicates the total energy
consumption over 24 hours and t indicates hour, which varies from 1 to 24.

56 | Page



Vic =P
consumption during peak pricing hours
. Y2 = PP and Calculate x = d - Rt J +100 %
consumption over 24 hours
x 2 25% of E ¥ £20% of E
Ysc =OPP
Vot modigiea = LT[ f; Rebate = (20 + (20 — x))% of
+ (x % of tarif f,) (unit consumed during peak hours * y,c )
0 A 2
End i {{ \II

Figure. 5.3 Flow-chart for proposed dynamic tariff

where PP, OPP, IP have considered as unit energy price in peak, off-peak and
intermediate hours respectively. This tariff structure is based on three key factors
aimed at optimizing energy usage and promoting sustainability.

B. Appliance-Specific Pricing
Incentivize users to run specific high-consumption appliances during times of
high renewable energy availability by offering discounted rates.

C. Dynamic Real-Time Pricing

Tariffs are adjusted in real-time based on current grid and renewable energy
availability, dynamically changing to encourage optimal appliance usage.
Therefore, tariffs play a crucial role in domestic energy management by providing
economic incentives for consumers to modify their behaviour. When combined
with Al systems, the potential for cost savings, improved grid stability and
environmental benefits is greatly enhanced. This approach leads to more
sustainable and efficient energy consumption at the household level, ensuring that
the growing energy demands are met in a more reliable and environmentally
friendly way. The detailed tariff structure has been provided in Appendix B
section B1 for detailed reference.

As mentioned in the previous section, decision-making is a crucial aspect
of an energy management system. It involves the process of ensuring the optimum
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use of energy, minimizing waste and making the most efficient use of renewable
energy. This is achieved through the judicious scheduling of energy storage
systems and the smart management of load or demand to reduce stress on the
grid while also lowering the carbon footprint.

Eftective decision-making ensures that energy is used efficiently by incorporating
robust yet flexible Optimization technique, which helps to manage various
aspects of the energy system, including:

1.

Maximizing the use of renewable energy: Decision-making should focus
on the benefits of utilizing renewable energy sources like solar and wind
power to reduce reliance on non-renewable sources and decrease
environmental impact.

Optimizing energy storage: Efficient scheduling of energy storage
systems (ESS) ensures that surplus renewable energy is stored and used
during peak demand hours, reducing the burden on the grid.

Encouraging judicious load scheduling: Incentives can be provided for
consumers to shift energy consumption to off-peak hours, reducing grid
stress and ensuring a balanced energy supply.

Maintaining total energy consumption within permissible limits:
Decision-making should aim to keep total energy usage within a fair and
acceptable range, promoting energy conservation and efficiency.

. Penalties for violations: To ensure compliance, penalties should be

imposed for violating energy consumption limits or failing to adhere to
optimal scheduling practices.

The results were obtained by applying load scheduling using PSO and the
proposed tariff structure to three households with different demand patterns.
The implementation led to significant reductions in monthly electricity
expenses, as summarized below:

Household 1: Expenses decreased from 33597.80 to 32440.55, resulting
in a 32% savings.

Household 2: Expenses reduced from 33953.67 to X2810.47, achieving a
29% savings.

Household 3: Expenses dropped from 32332.15 to *1499.10, yielding the
highest savings of 36%.
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The pseudocode for PSO based load scheduling algorithm is provided in
Appendix A section A4 for detailed reference. Additionally, a graph has been
generated to demonstrate the corresponding reduction in total energy
consumption across these households, showcasing the effectiveness of the
proposed tariff structure in optimizing electricity usage and reducing monthly
electricity bill, shown in Figure 5.4 and Table 5.1.

Daily Consumption

- - Household without EMS
---- Hosehold with EWMS
— Household with proposed TOT

Load in kWh

Time in Hour

Figure. 5.4 Reduction in daily consumption with existing EMS and proposed TOT

Table 5.1: Savings in Monthly Electricity Bill

Consumers Monthly Electricity Expense Savings in
With existing | With dynamic With monthly

Block-Rate tariff structure proposed electricity

Tariff [82] TOT expense (in
Structure %)
House-hold 1 3597.80 3347 (approx.) 2400 33%
House-hold 2 3953.67 3521(approx..) 2795 29%
House-hold 3 2332.15 2107 (approx..) 1477 37%

In summary, decision-making in an energy management system is about
balancing efficiency, sustainability and flexibility while encouraging renewable
energy use, efficient energy storage and responsible consumption which can be
achieved with an efficient Optimization technique.

5.3 The Critical Impact of Optimization in Residential Load Management

Optimization techniques are essential for enhancing the efficiency, cost-
effectiveness and sustainability of Energy Management Systems (EMS) in homes
and commercial buildings. These techniques, including linear programming,
integer programming, dynamic programming, heuristic algorithms and machine
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learning, enable precise control over energy use. They help reduce costs by
shifting usage to off-peak times, integrate renewable energy sources and maintain
grid stability through demand response. By leveraging real-time data and
predictive analytics, EMS can adapt to consumption patterns and optimize energy
distribution, ultimately reducing greenhouse gas emissions and promoting
sustainable energy practices.

5.3.1 Proposing a new Hybrid Synergistic Swarm Approach

This proposal introduces a cutting-edge hybrid optimization algorithm that
leverages the strengths of both Particle Swarm Optimization (PSO) and Ant
Colony Optimization (ACO), with a specific focus on addressing Knapsack
problems. The foundational concept of the PSO algorithm involves creating a
swarm of particles navigating through the problem space, akin to a flock
searching for the optimal resting place in their environment. This process involves
each particle searching for an optimal position based on its fitness function,
embodying the principle of natural selection where the environment influences
the individuals' choices. Two key ideas underscore the optimization properties of
this algorithm. Firstly, individual particles assess their current positions not only
based on personal exploration knowledge but also benefit from insights shared
by other particles within the swarm. Secondly, the incorporation of a stochastic
factor in each particle's velocity propels them through unknown regions of the
problem space. This unique property, combined with a well-orchestrated initial
distribution of the swarm, facilitates extensive exploration and significantly
enhances the likelihood of efficiently discovering optimal solutions.

The hybrid algorithm draws inspiration from the Ant Colony Optimization
algorithm, which is rooted in the way ants select the shortest path to reach a food
source or transport food to their nest. The proposed optimization technique
seamlessly integrates the principles of both ant colony and particle swarm
optimization, creating a dynamic synergy.

In this integrated approach, particles representing birds or fish at the
furthest distances from the food source emulate the Ant Colony Optimization
technique. These distant particles initiate pursuit, chasing their nearest group
member based on the principles of Ant Colony Optimization. The probability of
selecting the shortest path to chase the nearest group member is influenced by the
same principle as ants following the concentration of pheromones to efficiently
transport food to their nest.
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In each iteration, the last member of the flock follows the most probable
shortest path and subsequently, the entire group converges to follow conventional
PSO. This iterative dynamic ensures a cohesive and effective optimization
process.

In conclusion, this proposal unveils a pioneering hybrid optimization
algorithm that seamlessly integrates the strengths of PSO and ACO, inspired by
the principles of Ant Colony Optimization. The subsequent sections will delve
into the intricacies of the algorithm, exploring implementation details, parameter
tuning strategies and empirical validations, with the overarching goal of
establishing this hybrid approach as a potent and versatile tool for a diverse range
of optimization challenges.

5.3.2 Mathematical Model

The main concept is that we have particles of a swarm moving in a problem
space and evaluating their positions through a fitness function. Once a problem
space is defined a set of particles is spawned in it and their positions and velocities
are updated iteratively according to the specific PSO algorithm. Even though PSO
has been proven to be an efficient algorithm with good results it is not by design
one that guarantees that the best solution is found, since it relies on visiting and
evaluating problem space positions. Even though many variations exist usually
all have a fitness function. The specification of this function depends on the
problem being optimized (especially in its dimensions) and as such we will
simply refer to it as f(x,) 1.€. f(Xn,0, Xn.1, X025+ v+ .- Xnd), Where n is the particle index
and d represent the dimension in multi-dimensional space.

The current position of nth particle is x,, 1.€. X(Xn0, Xn1,.......Xnd) and velocity
of the same is v, 1.€. V(Vno, Va1, .......Vnd). In this algorithm we have a completely
connected swarm, meaning that all the particles share information, any particle
knows what is the best position ever visited by any particle in the swarm. Each
particle has a position and a velocity which are calculated as follows:

D 1+

nd =xn’d+v nd (5.12)
where | represent the number of iterations.
I+1) r 1
vn,d _w*vn,d-l_ﬂ*Rl*[PbeStn,d xn,d]+l9*R2*
I I
[Gbestn, d- xn, d] (5.13)

where w represent the inertia
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u represent the acceleration constant for cognitive component

Y represent the acceleration constant for social component

R1 and R2 represent stochastic component of algorithm a random value
between 0 and 1.

I
Pbestn’ d

I
G bestn, d
At each iteration pheromone values are updated by n particles.

represent the local best for nth particle in dimension d.

represent the global best for all particle in dimension d.

Pna =1 —=¥)pna+ ZZ=15 * Pra (5.14)

8 * py ¢ quantity of pheromone laid on edge by swarm particle k which varies
from 1 to n.

(Con;:lant , If nparticles
§*ppg= used edge in their path (5.15)

0, otherwise

At the end of each iteration the current position, local best, global best and
quantity of pheromone are updated.

Let the position of particle m in d dimension at the end of I iteration is X d

and fitness function value for the same is f (xm,d).

( I I+1)
xm,d+v m.d + Ana
x(l +1) _ )if xpmq is the furthest position with respect to Global best
m,d
I (I+1) .
\ xm, d +v md otherwise
(5.16)
Where A, 4 1s the traversed distance by swarm particle m in d dimension
towards particle j if T is minimum.
And Ty i f (Xma — Xja) (5.17)
Ama = MiN [€ ¢ ]=Min [€70 5 €Emj1s -vvee €mj,dl (5.18)
and
€mj,d = [(xm,l ~ xj,l)» (xm,z ~ xj,z)» TR (xm,d ~ xj,d)] (5.19)
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While traversing A distance of particle m toward particle j, the probability of
selecting a path towards j,

o 1)
P = Prnd* gn,d (5.20)

where o and @ control the relative importance of pheromone versus heuristic
information and &, 4 represent heuristic information.

This method has been tested using a mathematical equation to determine
the minimum value of a random function as well as in IEEE 33 bus system to find
out the optimal location for RE integration. Here the result with the following
function has been shown in Figure 5.5 and Table 5.2.

42

Fitness Function: min f (x) = ), _ ]

Convergence Trend

10

BEST FITMNESS
~

5 \\
1357 911131517192123252712931333537 394143454749

NUMBER OF ITERATIONS

— st fitness with PSO Best fitnass with HSIA ====Best fitness with GA

Figure. 5.5 Convergence Trend
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Table 5.2: Convergence Trend

Number of Iterations PSO HSSA
Global Best Global Best

1 28.13 28.13
2 6.57 17.95
3 6.25 7.26

4 4.93 3.76

5 2.15 0.21

6 1.5 0.21

7 1.07 0.21

8 0.3 0.21

9 0.3 0.21
10 0.3 0.21

Based on this the following comparison has been done among PSO, ACO and
proposed HSSA for optimization in Table 5.3.

Table 5.3: Comparative Study

Feature PSO ACO HSSA
Search Approach Continuous, global Combinatorial, local Combines global (PSO)
optimization optimization and local (ACO)
approaches.

Exploration vs.
Exploitation

Balances using velocity
updates and stochastic
factors

Balances using
pheromone trails and
heuristic information

Enhances exploration
with ACO-inspired
chasing and strengthens
exploitation with PSO.

Behaviour of Outliers

Moves randomly or guided
by swarm dynamics

NA

Outliers "chase"
neighbors using
probabilistic ACO
principles.

Convergence

Faster but may get trapped
in local minima

Slower but more robust
to local minima

Faster convergence with
improved robustness
against local optima.

The previous section introduced a proposed optimization technique for
managing domestic loads effectively. The efficiency of this technique in finding
optimal solutions for domestic load management will be discussed further in the
next chapter, which includes a case study on a large residential complex.
Additionally, its application extends to other fields, as demonstrated in the
following section. The same method has been used to determine the optimal size
and placement of renewable energy sources in an IEEE 33-bus system, aiming to
reduce transmission losses by allocating renewable energy to the distribution

section.
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This allocation is carefully designed to minimize losses while ensuring
efficient distribution of available renewable energy sources based on an assumed
penetration level. By optimizing the placement of these energy sources, the
system achieves multiple goals: reducing transmission losses, meeting energy
demand and providing cost-effective solutions for consumers. The technique not
only identifies the optimal size of PV-based energy sources but also pinpoints the
most beneficial locations (the number of buses) for integrating renewable energy.
The proposed system has been thoroughly tested using MATLAB programming
and Simulink, confirming its effectiveness in real-world applications on the
standard IEEE 33-bus model, leverages the simplicity and compactness of the
system, making it ideal for clear and accurate performance evaluations.

5.3.3 Objective Function Formulation

Here, our aim is to minimize the estimated value of transmission loss. The
calculation of transmission loss has been shown in Figure 5.6.

G,
Vid) -
YPitiQ  AAAA——
X, B
\ I; | B, L
R; + jX; G, 2
2
V PY+jQY ik "AAYAn

| s, L
2

PIE + jis"

Vi) ];
> PiT Qi

Pl + J Qi

Figure 5.6 Load flow analysis between bus j and k

Load flow analysis in IEEE 33 bus system is solved using Newton Raphson
algorithm, where we have considered two buses; bus j and bus k.

Real and Reactive load power at bus k: PIE(?)""d + th‘(’Sd
Real and Reactive injected power at bus k: Pﬁ(i) + jQ{((i)

Sum of the Real and Reactive power flow through all downward branches
connected to bus k(i): Peiy” + jQii)’
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G

PY + Pl = B + Bed? + (Vi * =) (5.21)

2= ® V’?“;*Gi);g(Qi+vjz(iz)*Bi)2 (5.22)
@

Po= P+ [[2+R, + Vzk(T” (5.23)

Qf + Qly = QUM + QI + (V& +2) (5.24)

Q= QU+ 12X, — Sho (5.25)

V7 .Gj V)Z( )-Bi "
Viciy = Vi) — 2 {(Pi - %) *R; + <Qi + %) * Xi} + 1;2(R? + X?)(5.17)

pposs = UGt 2, g, 4 Yo (5.26)
1 2 *
VZ4.Bi VZi)Bi
Loss _ Vi) Bi k()-Bi
P = S T D . (5.27)

For n number of branches,
PLoss = 21 1 P1L0SS (5.28)

Qross = zl 1QLOSS (5.29)

F(P!, Q") be the power losses which depends on location of PV based DG, RE
availability (solar irradiation) and load model at a particular time slot ‘t’.

P (£(SI%, PVogycation 102dY) ) = P(SI®) * P(PVngycation) * P(Load®)  (5.30)
Total probable estimated power loss,

pEstimated _ Z}t:o Pgoss * It (5.31)

Loss
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where,

lDEOSS = F(Slt’ PVDGlocation’ Loadt) * P(SI') » P(1:)VDG'location) * P(Load")(5.32)

Estimated

The Fitness Function is min(Pj,

Number of RES and ESS unit constraints
Npy >0

Ngsy >0

RES and ESS Capacity Constraints

PV_DGM™n < PV_DG apaciey < PV_DGIS%

capacity — capacity
min max
ESScapacity = Esscapacity = ESScapacity

Constraints on Load supplied by RES and ESS

PVy,p : Load Demand = K = penetration level
(K—=5%o0f K) <K < (K+5%of K)

PVosp" < (Li + Prevet max)
Constraints on Voltage level at buses
Vinin < V¥ < Vinax

Constraints on Power Flow

P, = P[ + I? * Ry + (Vi) * G; /2)
Q= Q + >« X; + (Vi) * B; /2)
Constraints on ESU Parameter

SOE™" < SOE < SQE™ax

(5.33)

(5.34)

(5.35)

(5.36)

(5.37)
(5.38)

(5.39)

(5.40)

(5.41)

(5.42)

(5.43)
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In conclusion, this research underscores the significance of load
management in distribution systems (DSM) and showcases the versatility of the
proposed optimization technique. The following section will detail the
implementation process in the IEEE 33-bus system to identify the optimal size
and placement of renewable energy sources. The results offer a comprehensive
analysis of the technique’s effectiveness in load management and highlight its
potential for real-time application.

5.4 Performance Evaluation of Hybrid Synergistic Swarm Approach with
IEEE 33 Bus System
IEEE 33 bus system is the network of IEEE standards and consists one
generator, several load points shown in Table 5.4. Due to its easy data availability,
IEEE33 bus has find wide application in various research works.

Specification:
Table 5.4 1EEE 33 Bus system Specification
Radial distribution system
No. of buses = 33
No. of lines = 32
Voltage level = 12.66kV
load size = 3.715MW and 2.3M Var.
DG unit voltage = 12.66kV.
Fixed penetration level (30%)

The IEEE 33-bus system serves as a versatile testbed for conducting
research in power system analysis and control, offering opportunities to explore
and advance various aspects of power system operation, including power flow
analysis, voltage stability studies, optimal power flow and control algorithm
development. By leveraging the IEEE 33-bus system, researchers can develop
innovative solutions to address current and future challenges in the electric power
industry.

The IEEE 33-bus system is commonly used for power flow analysis due to
its moderate size and complexity, making it manageable for testing different
algorithms and techniques. Researchers often analyze power flow under different
operating conditions, such as varying loads, generation levels and network
configurations, to assess system stability and reliability.

We have used the proposed optimization technique to locate the optimal
position for RE integration in the IEEE 33 bus system. The proposed hybrid
Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO)

68| Page



algorithm offers several benefits when solving complex optimization problems
like the optimal size and location of PV-based Distributed Generation (DG) in the
IEEE 33-bus system. A detailed pseudocode implementation of this method is
included in Appendix A section AS. Below are the key advantages of this hybrid
approach:

1. Combining Strengths of PSO and ACO:

« PSO's Exploration Capabilities: PSO is highly efficient in exploring the
solution space globally. It helps particles (solutions) search for optimal
positions by updating their velocities based on their personal best and
global best positions. This prevents the algorithm from getting stuck in
local optima early on.

« ACO's Exploitation and Convergence: ACO 1is particularly strong in
exploiting the search space through pheromone-based mechanisms, which
encourages particles to follow the best solutions found so far. This allows
for fine-tuning and faster convergence to an optimal solution, especially in
complex search spaces.

2. Improved Convergence Rate:
The hybrid approach enhances the convergence speed of the optimization
process. PSO can quickly explore a large portion of the solution space and ACO
can fine-tune the solutions by guiding particles towards promising regions. This
synergistic approach helps in reaching the global optimum faster compared to
using either PSO or ACO alone.

3. Balanced Exploration and Exploitation:

« Exploration (PSO): In the early stages, PSO allows for wide exploration of
the solution space, ensuring that the algorithm does not miss out on
potentially good solutions by getting stuck in local optima.

« Exploitation (ACO): As the algorithm progresses, ACO helps to refine the
search around the best solutions, leveraging the pheromone mechanism to
intensify the search around optimal areas.

4. Better Handling of Complex, Multi-Dimensional Problems:
Problems like optimal DG placement and sizing involve multiple dimensions
(size, location and operational constraints) and nonlinear relationships (such as
minimizing power loss and voltage deviation). The hybrid algorithm handles
these complexities more effectively because:
o PSO handles the multiple dimensions well, allowing for simultaneous
optimization of DG size and location.
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« ACO's probabilistic path selection further improves solution refinement by
encouraging paths with better solutions, making it suitable for complex
grid optimization scenarios.

5. Flexibility and Robustness:

The hybrid algorithm is flexible and can be adapted to various types of
optimization problems, whether the objective is to minimize power loss, improve
voltage profiles, or optimize cost efficiency. The algorithm is robust and can
handle uncertainty in data or problem constraints (such as load demand or
renewable energy fluctuations), which are often seen in real-world grid
operations.

6. Handling Discrete and Continuous Variables:
« PSO: Can easily manage continuous variables, such as the size of DG units.
o ACO: Particularly useful for managing discrete decisions, such as selecting
the optimal bus location for DG placement.
This makes the hybrid algorithm well-suited for the mixed nature of the problem,
where both continuous (DG size) and discrete (bus location) variables need to be
optimized.

7. Improved Solution Quality:

By combining PSO’s global search with ACO’s local refinement, the algorithm 1s
likely to find higher-quality solutions compared to traditional methods. This is
particularly useful in power systems where suboptimal DG placement can lead to
increased power losses, poor voltage profiles, or inefficiencies in energy
distribution.

8. Scalability:

The hybrid approach is scalable and can be applied to larger systems beyond the
IEEE 33-bus system. With the ability to efficiently search large solution spaces,
it can be adapted to other power grids or optimization problems in energy
management systems.

9. Dynamic Adaptability:
o PSO: Can adapt to changes in the environment, such as fluctuations in
demand or renewable generation.
o ACO: Can dynamically adjust the search space by updating pheromone
trails, making it responsive to the evolving conditions in the grid.
This adaptability is crucial for DSM (Demand-Side Management) and renewable
energy integration, where conditions change frequently.
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10. Improved Decision-Making for Utility Operators:
The hybrid algorithm provides utility operators with more reliable, cost-effective
and environmentally sustainable solutions for DG placement and sizing. This can
lead to:
« Lower operational costs: By reducing power losses and improving voltage
stability.
o Increased grid resilience: By optimizing the placement of DG units, the
grid becomes more resilient to disruptions or peak demand scenarios.

5.4.1 Voltage Profile at each bus

Through optimal allocation of PV integration, we significantly improved
the voltage profile at each bus in the system. Additionally, the adoption of optimal
PV generation locations led to a noteworthy reduction in transmission losses.

The Load Flow Analysis of the designed model has been carried out using
Newton Raphson method. It has converged in 6 iterations. From Figure 5.7 it can
be concluded that by using the proposed Optimization technique the voltage
profile has been significantly improved at bus number 18,26 and 33.

Improved Voltage Profile
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Figure 5.7 Voltage profile

5.4.2 Transmission Losses
The amount of reduction in transmission losses due to optimal
placement of PV sources has been tabulated in Table 5.5.
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Table 5.5 Transmission Losses due to optimal number, size and location

Conditions Optimal Optimal Power loss Percentage Reduction Minimum
number Location in Power Loss voltage
and size (Bus No.) Real  Reactive Real Power Reactive PU)
(PV) Power Power in in KW Power

in kW  KVAR in
KVAR
Fixed Load Without - 206.63 137.8 - - 0.903
PV - - -

Peak Hours integration 243.5 163.1

Fixed Load 1*1.31 18 121.46 79.6 41.22 42.24 0.924

Peak Hours MW 33 153.45 99.6 36.98 38.93

Fixed Load 2*1.31 18, 26 68.2 48.7 66.99 64.66 0.943

Peak Hours MW 26, 33 87.9 61.1 63.9 62.54

Fixed Load 3*1.31 18, 26, 33 66.1 50.6 68.01 63.28 0.969

Peak Hours MW 18, 26, 33 74 55.9 69.61 65.73

Fixed Load 4*131 18,21,25,33 1147 85.2 44.49 38.17 0.996

Peak Hours MW 18, 21, 25, 33 111.4 83.61 54.26 48.74

These findings underscore the effectiveness of the proposed optimization
technique in enhancing energy efficiency and system performance while
minimizing adverse impacts on consumers. It can be concluded that the proposed
optimization technique is performing efficiently and has significant potential for
real-time applications, which is crucial for improving the optimal usage of our
designed energy management system, SRLMS.

5.5 Chapter Summary

This chapter presents advanced strategies for optimizing residential load
management, focusing on innovative tariff systems and novel optimization
techniques. We propose a new tri-optimized-tariff system designed to balance
energy demand by incentivizing usage during off-peak and intermediate hours.
This system aims to reduce energy costs for residents, reduce stress on the
electrical grid and promote efficient energy consumption. Detailed calculations
for determining peak, off-peak and intermediate hour tariffs are provided,
highlighting the potential for significant cost savings and improved load
distribution.

Additionally, we introduce a hybrid synergistic swarm approach to further
enhance the efficiency of residential load management. This innovative method
combines the strengths of various optimization techniques to achieve superior
performance. We present the mathematical model underlying this approach and
outline the algorithm used to dynamically adjust to changing energy demands and
consumption patterns. The design of a Smart Residential Load Management
System (SRLMS) incorporating this novel optimization technique is also
described, demonstrating its potential to effectively manage residential loads.
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The performance of the proposed system is evaluated using the IEEE 33 Bus
System. We examine the voltage profile at each bus to ensure stability and
reliability and analyze the reduction in transmission losses achieved by the
optimized load management system. The results show significant improvements
in grid efficiency and overall performance, validating the effectiveness of the
proposed methods.

In summary, this chapter offers a comprehensive approach to enhancing
strategic residential load management system (SRLMS) through tariff
optimization and advanced optimization techniques. and the hybrid synergistic
swarm approach provide innovative solutions for reducing energy costs,
improving grid stability and promoting sustainable energy consumption, with
detailed calculations and performance evaluations demonstrating their efficacy.

Significant Findings from this chapter are:
e Achieved reduction in monthly electricity expense by 30% using proposed
Tri-Optimized-Tariff structure which is a major concern for prosumers.
e Achieved reduction in transmission losses by 69% in IEEE 33 Bus system
using proposed Hybrid Synergistic Swarm Approach.

In the next chapter, we have presented a case study on the virtual sustainable
adoption of a 30-acre residential complex, located at Kolkata, near E M Bypass.
We have applied all the proposed techniques discussed so far and validated the
approach integrating IEEE 33 Bus system to assess its effectiveness in real-time,
large-scale environment and the performance has been evaluated.

Related Publication:
The research work presented in this chapter has contributed to the following
publications.

e Kuheli Goswami, Arindam Kumar Sil, “Renewable Energy based
Dynamic Tariff system for Domestic load management”, Indonesian
Journal of Electrical Engineering and Computer Science (IJEECS),
indexed by Scopus, approved by UGC, Vol. 25, No. 2,pp 626-638,
February, 2022, ISSN: 2502-4752, DOI: 10.11591/ijeecs.v25.i2.pp626-
638.

This publication focuses on a proposal of new tariff structure resulting
consumers benefit by reducing monthly electricity expense discussed in section
5.2
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CHAPTER 6
Microgrid Integration 1n a

Residential Complex:
A Case Study

6.1 Introduction to Sustainable Living

Sustainable living encompasses various aspects of daily life, including
energy use, transportation, food production, housing, consumer choices and
community engagement. It involves making conscious decisions to reduce one's
ecological footprint and contribute positively to the health and resilience of the
planet and its inhabitants.

As individuals, communities and societies increasingly recognize the
urgency of addressing environmental challenges such as climate change,
biodiversity loss and resource depletion, sustainable living offers a pathway
towards a more resilient, equitable and thriving future for all. Strategic and
efficient energy planning for our community can lead us toward a cleaner
environment and ensure a sustainable energy future for generations to come.
Here, we present a case study focused on a residential complex located in
Kolkata. In the following section, we will examine the demand profile of the
residential complex and conduct a performance analysis of our designed
Residential Load Management System through virtual adoption within the
complex.

6.2 Overview of Residential Complex

The 30-acre residential complex is envisioned as a modern and sustainable
community nestled within a serene and green landscape. Situated on a sprawling
plot of land, the complex harmoniously blends contemporary design with nature-

74| Page



inspired elements to create a vibrant and welcoming environment for its residents.
The detailed distribution of the 30-acre land has been represented in the pie chart
Figure 6.1 and Table 6.1.

Overview of 30 acres land area

Table 6.1: Specification of 30-acre plot

Plot Area 1,21,406 square meters (30 acres)
Floor Space Index 34
Built-up Area 60,703 square meters

Area for Residential Buildings (32,253 square meters)

Number of Residential Towers: 7

Number of Floors on each Tower: 14

Number of Residential Units: 1078

Area for Amenities (28,450 square meters)

Open Space Area 48,562 square meters
Road, Footpath and Pedestrian Walkway (29,138 square meters)

Area for Microgrid setup (4,500 square meters)

Green Belt (14,924 square meters)

Not Useable Land 12,141 square meters
Microgrid Road,
Green Belt Setup Footpath
Not 14% 2% and

Useable ; Pedestrian

Land
10%

Residentia

Buildings an?e;[r&]iet'i’es
Area
Al 23%

Figure 6.1: Area distribution

Total Built-up Area in the mentioned land is of 60,703 square meters. The
area for residential buildings consists of 588 number of 3BHK apartments, each
of 280 square meter area with a balcony of 20 square meter area and 490 number
of 4BHK apartments, each of 480 square meter area with 20 square meter
balcony. Detailed specifications are mentioned in Table 6.2 and 6.3.
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Table 6.2: Overview of 3BHK Apartment

Bedroom 1 4.5 meters x 4.0 meters
Bedroom 2 4.0 meters x 3.5 meters
Bedroom 3 4.0 meters x 3.5 meters
Living Room 8.0 meters x 6.0 meters
Kitchen 4.0 meters x 3.0 meters
2 Bathrooms approximately 2.5 meters x 2.0 meters
Balcony 5.0 meters x 4.0 meter

Table 6.3: Overview of 4BHK Apartment

Bedroom 1 5 meters x 4.5 meters
Bedroom 2 4.5 meters x 4 meters
Bedroom 3 4.5 meters x 4 meters
Bedroom 4 4.5 meters x 4 meters
Living Room 10.0 meters x 7.0 meters
Kitchen 5.0 meters x 4.0 meters
3 Bathrooms approximately 3 meters x 2.5 meters
Balcony 5.0 meters x 4.0 meter

The 30-acre residential complex exemplifies a modern, sustainable living
environment that balances contemporary design with the natural landscape,
providing a high-quality living experience for its residents. The commitment to
sustainability is evident in the integration of green building practices, renewable
energy sources and efficient energy management systems, ensuring a reduced
environmental footprint. The well-planned infrastructure fosters a strong sense of
community and enhances the overall well-being of its inhabitants. This residential
complex not only meets the immediate needs of its residents but also paves the
way for a greener, more sustainable future.

6.3 Energy consumption Analysis

Understanding the energy consumption patterns of a residential complex is
crucial for optimizing resource use, reducing costs and minimizing environmental
impact. This analysis delves into the hourly energy demands of a 3 BHK and 4
BHK apartment during the summer months. By examining typical usage patterns
across various household activities—such as cooling, lighting and appliance
use—we aim to provide a comprehensive overview of energy needs. This insight
will facilitate the implementation of efficient energy management systems and
the integration of renewable energy sources, ultimately contributing to a more
sustainable and cost-effective living environment for residents.

6.3.1 Residential Demand Analysis
Here is a revised breakdown of energy usage over a 24-hour period during the
summer months, including estimated energy consumption for each time-period:
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For 3BHK Apartments

1. Off Peak Period (11:00 PM - 6:00 AM):
o Energy consumption: 6.85 kwWh

o Usage:

Air conditioning and Celling Fan: 6.26 kWh

Lighting: 0.4 kWh

Kitchen appliances (Refrigerator, coffee maker, toaster etc.):
0.2 kWh

Electronics and Other appliances (Computer, TV, Charging
Devices etc.): 0.09 kWh

2. Intermediate Period (6:00 AM - 5:00 PM):
o Energy consumption: 5.34 kWh

o Usage:

Air conditioning and Celling Fan: 2.36 kWh

Lighting: 0.8 kWh

Kitchen and Cooking appliances (Refrigerator, oven,
microwave, Mixer-grinder etc.): 1.34 kWh

Electronics and Other appliances (TV, computer, Washing
Machine etc.): 0.84 kwh

3. Peak Period (5:00 PM - 11:00 PM):
o Energy consumption: 6.6 kWh

o Usage

Air conditioning and Celling Fan: 3.6 kWh

Lighting: 0.68 kWh

Kitchen and Cooking appliances (Refrigerator, oven,
microwave etc.): 0.96 kWh

Electronics and Other appliances (TV, computer, Charging
Devices etc.): 1.4 kWh

These estimates are based on energy usage patterns, which are acquired
from physical survey dataset in a 3 BHK apartment during summer, assuming
moderate to high temperatures necessitating frequent use of air conditioning. This
data has been used for other 588 3BHK apartments though actual energy

consumption for ea
individual habits.

ch may vary based on factors such as appliance efficiency and

For 4BHK Apartments

1. Off Peak Pe

riod (11:00 PM - 6:00 AM):

o Energy consumption: 11.85 kWh

o Usage

Air conditioning and Celling Fan: 11.17 kWh
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Lighting: 0.4 kWh
Kitchen appliances (Refrigerator, coffee maker, toaster etc.):
0.2 kWh
Electronics and Other appliances (Computer, TV, Charging
Devices etc.): 0.08
2. Intermediate Period (6:00 AM - 5:00 PM):
o Energy consumption: 5.72 kwWh
o Usage:
= Air conditioning and Celling Fan: 2.3 kWh
Lighting: 1.2 kWh
Kitchen and Cooking appliances (Refrigerator, oven,
microwave, Mixer-grinder etc.): 1.35 kWh
Electronics and Other appliances (TV, computer, Washing
Machine etc.): 0.87 kwh
3. Peak Period (5:00 PM - 11:00 PM):
o Energy consumption: 9.53 kWh
o Usage:
= Air conditioning and Celling Fan: 6.33 kWh
Lighting: 0.88 kWh
Kitchen and Cooking appliances (Refrigerator, oven,
microwave etc.): 0.92 kWh
Electronics and Other appliances (TV, computer, Charging
Devices etc.): 1.4 kWh
These estimates are also based on energy usage patterns, which are
acquired from physical survey dataset in a 4BHK apartment during summer,
assuming moderate to high temperatures necessitating frequent use of air
conditioning. This data has been used for other 490 4BHK apartments though
actual energy consumption for each may vary based on factors such as appliance
efficiency and individual habits.

6.3.2 Commercial Load Analysis

The commercial load analysis involves examining the energy consumption
of all commercial amenities and facilities within the 30-acre residential complex.
This includes lighting, cooling, appliances and other electrical equipment used in
various common areas and services. However, as we are proposing a residential
load management system in this research, our focus is solely on the residential
loads within the complex. The following case study is therefore based exclusively
on the analysis of residential energy consumption.
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6.4 Microgrid Implementation

In this case study, we explore the implementation of a microgrid in a
residential complex spread over a 30-acre land area. The complex comprises
approximately 588 three-bedroom (3 BHK) apartments and 490 four-bedroom (4
BHK) apartments. To achieve better energy management and reduce the stress on
the main electrical grid, we have proposed a virtual implementation of a
microgrid system within this residential complex.

6.4.1 Space allocation

To generate 500 kW of solar power (considering 2500 kWh generation in
5 peak sunlight hours per day), we need to determine the area required for
installing the solar panels. This calculation is based on standard efficiency and
spacing requirements for solar panel installations. We have assumed that average
efficiency of solar panels is 15-20% and power generation capacity per square
meter: ~150-200 watts. Thus, the area required to install solar panels to generate
500 kW of power is approximately 3,333 square meters.

In addition to the solar panel installation, we need 1000 square meters
space for other setup and distribution panels to ensure efficient energy
management and distribution within the complex.

6.4.2 Cost Assessment

To estimate the overall installation cost for generating 500 kW of solar
power, several factors must be considered, including the cost of solar panels,
inverters, mounting structures, electrical components, labour and other
miscellaneous expenses.
Total Cost (in approx.) = Solar Panel Cost + Battery Cost + Inverter Cost +
Mountain Structure Cost + Electrical Components Cost + Labour and
Installation Cost + Miscellaneous Cost (permits, transportation etc.)
=36 crores

Thus, the overall installation cost for a 500-kW solar generation system is
approximately 6 crores approximately. This comprehensive setup ensures
efficient energy generation and management within the residential complex,
contributing to cost savings and sustainability. By implementing the microgrid,
each of the 1000 apartments in the complex can benefit from significantly
reduced electricity bills. The monthly expense per apartment as maintenance
costs is estimated to be between X100 and X150. This demonstrates the economic
advantage of integrating a microgrid system.
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6.4.3 Cost Benefit Analysis
A Cost Benefit analysis for the 30 acres land Residential Complex has been
shown in this section.

o Solar PV System: 500 kW capacity generating 2,500 kWh/day during 5
hours of peak sunlight.
« Battery Storage: 2,500 kWh capacity:
o Charges during 5 hours of solar generation (500 kW output stored
directly).
o Discharges over 6 peak hours (416.67 kW discharge rate).
o Current Grid Usage: 808,500 kWh/month, with 25-30% consumed during
peak hours.
o Grid Tariff: X7.25/kWh.
o Penetration Level: 12% ~ 15%

1. Cost Assumptions
Total assumption for microgrid implementation in 30 acres Residential complex
considering 30% solar penetration level has been shown in Table 6.4.

Table 6.4 Cost Calculation

Component Unit Cost Total Cost )
Solar PV System (500 kW) %50,000/kW %2,50,00,000
Battery Storage (2,500 kWh) %15,000/kWh %3,75,00,000
Installation Costs 10% of CAPEX 262,50,000
Annual OPEX (Solar) 2% of Solar CAPEX %5,00,000/year
Annual OPEX (Battery) 3% of Battery CAPEX 211,25,000/year
Miscellaneous Costs Grid connection, permits %25,00,000

Total Initial Investment (CAPEX): 26,87,50,000 (26.875 Crore)

2. Energy Generation and Savings
Solar Energy Generation
« Daily Solar Generation: 2,500 kWh/day x 30 = 75,000 kWh/month.
o Monthly Savings from Solar: 75,000 kWh x 7.25/kWh =
%5,43,750/month.
Battery Operation During Peak Hours
« Energy Supplied by Battery: Discharging 2,500 kWh/day x 30 = 75,000
kWh/month.
o Monthly Savings from Battery: 75,000 kWh x 7.25/kWh =
%5,43,750/month.
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3. Benefits
1. Total Monthly Savings (Solar + Battery):
%5,43,750 (solar) + X5,43,750 (battery) = X10,87,500/month.

2. Carbon Reduction:

o Annual energy offset: 150,000 kWh/month x 12 = 1,800,000
kWh/year.

o COasaved: 1,800,000 x 0.85 kg/kWh = 1,530 tons/year.
o Carbon credit revenue at X1,000/ton =X15,30,000/year.

4. Payback and Feasibility Metrics
Timeframe for Analysis: 20 years (solar PV lifespan), with a battery replacement
after 10 years.
 Initial Payback Period: Initial CAPEX / Annual Savings = %36,87,50,000 /
(X10,87,500 x 12) = 5.3 years.
« Battery Replacement Cost (after 10 years): X3,75,00,000.

5. Additional Metrics
LCOE (Levelized Cost of Energy)
Total costs over the project lifespan divided by total energy generated:
o Total Lifetime Costs:
o Initial CAPEX: %6.875 Cr.
o Battery replacement after 10 years: %3.75 Cr.
o OPEX (20 years): Solar: X1 Cr; Battery: 32.25 Cr.
o Total: *13.875 Cr.
o Total Energy Generated:
o 75,000 kWh/month % 12 months x 20 years = 18,000,000 kWh.
« LCOE:X13.875 Cr/ 18,000,000 kWh =X7.7/kWh.
« Resident Participations: 365,000

6.5 Designing Smart SRLMS with Novel Optimization Technique
Formulation of a fitness function for optimizing total electricity expense
considering conventional energy consumption from the grid, renewable energy
consumption, energy storage systems and dynamic tariff involves several steps.

Renewable energy utilization benefit

Encouraging the use of renewable energy during peak and intermediate hours can
further reduce expenses. We can adjust the fitness function to reflect the benefit
of using renewable energy during these periods.
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UBgrg = (CRE x CET\y) + (CBE + CETpy) — (CRE + CRE) « RET (6.1)

Energy Storage System Utilization Benefit

Since energy storage is available, the fitness function should encourage storing
excess renewable energy during off-peak hours and utilizing it during peak hours.
We can modify the fitness function to include the cost of energy storage and the
benefit of using stored energy during peak hours.

UBgss = ((CEF + RET) + (CSEy * CETopy) + (CSE + CETopy) + (CEF + CETyy)) — ((C"5E +
CFR) * RETgss + (C"Gp * CETopy) + (C"8f * CETpy) + (C"ff * CETIH)) (6.2)

where,

Renewable Energy Tariff with ESS = (ESS installation cost + (maintenance cost

* service life of ESS)) / (RE consumed using ESS per cycle * service life of ESS)
(6.3)

Load Scheduling Benefit / Incentives

The fitness function should incentivize scheduling loads to off-peak and

intermediate hours. We can introduce a term that rewards shifting consumption

to these periods.

UBs = (CI}}-IE * (RETgss ~ CETIH)) + (C(})?EH * (RETgss ~ CETOPH)) (6'4)
Total Energy Consumption Constraints

We are introducing a term that penalizes the deviation from the maximum
allowable limit of energy consumption in Peak hours (E,).

Penalty oo |RE Consumption + Conventional Energy Consumption — E,| (6.5)
Penalty = K * |RE Consumption + Conventional Energy Consumption — E,| (6.6)
K = Penalty co-efficient which determines the magnitude of the penalty (6.7)
If RE Consumption + Conventional Energy Consumption > E, then Penalty is
applied.

Otherwise for (RE Consumption + Conventional Energy Consumption) < E,,
zero penalty is applied.
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RES Capacity Constraint

PV_DG;’;;,"acity < REjy < PV_DGIS% it (6.8)
PV_DGRE i) < REpy < PV_DGI%% .\ (6.9)

Energy Storage System Constraint

ESSZ?li)nacity = ESScapacity = ESSg?zgpécity (6-10)
SOE™" < SOE < SOE™%* (6.11)

Constraints on Load supplied by RES and ESS
(PVo/p + ESSo/p) : Load Demand = K = penetration level (6.12)

(K—5%o0f K)<K < (K+5%of K) (6.13)

Finally, the fitness function incorporating the above-mentioned factors becomes,
min f(x) = ) Electricity Expenses — UBg; — UBs — UB,s + Penalty
(6.14)
This objective function represents a Strategic Residential Load
Management System (SRLMS), the design of which is based on the strategic use
of RES with ESS, Al based tariff-TOT and AI based Optimization technique.

6.6 Performance Analysis of SRLMS using Microgrid

The dataset for this case study has been obtained from physical survey and
online survey. Based on these data sets an efficient MATLAB SIMULINK model
has been designed and developed. The efficiency and effectiveness of the model
has been evaluated based on proposed optimization technique, dynamic tariff and
ESS scheduling to figure out the improvements over the existing system. The
efficiency of the model has also been analyzed in the following sections based on
the monthly electricity bill, EPI [109], PAR and carbon emission.

6.6.1 Savings in monthly Electricity Expense

The reduction of daily or monthly electricity expense has been achieved
based on two parameters; 1) smart and intelligent scheduling of household
appliance, ESS and ii) newly proposed, ToU, RTP based three-part dynamic tariff.
Daily load requirement, ratings of appliances and the best suited tariff scheme
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need to be declared by prosumers a day ahead. Based on their requirement, the
Utility company would suggest a demand profile to be followed. The benefits of
using this approach have been shown in Figure.6.2 and Table. 6.5.

Table 6.5 Savings in monthly electricity bill

Consumers Monthly Electricity Expense Savings in monthly
Without SIEMS With SIEMS electricity expense (in %)
3 BHK consumers 4376 3164 27.7%
4 BHK consumers 6601 4722 28.5%
Staff Quarters 1629 1351 17%
- ; Savingsiin Elecisical Expienise) - o ‘ Savings in Electrical Expense .
T

25

[
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>
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Figure. 6.2. Savings in daily electrical expenses for 3 BHK and 4 BHK apartments

6.6.2 EPI Improvement

Based on the daily energy consumption result shown in Figure 6.3, it can
be concluded that due to the reduction in energy consumption, an EPI reduction
by 1 or 2 unit can be achieved.

c Daily Energy Consumption

c
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o

g £ 20
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o 4

2 ]

a0

: .

L 3 BHK Apartments 4 BHK Apartments Staff Quarters
M Daily Energy consumption without SIEMS m Daily energy consumption with SIEMS

Figure 6.3. Reduction in energy consumption

This in turn may improve the star rating of the considered residential
complex, which will help to get more subsidies from the Federal Agencies.
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6.6.3 PAR Improvement

PAR is the ratio of the maximum aggregated load consumption over a
certain time-period and the average of the aggregated load. The high value of
PAR affects the stability of grid stability and increases cost effective energy
consumption. Reduction in PAR using the proposed approach has been shown

in Fig. 6.4 and Table 6.6.

PAR
4
3
=2
(=
u]
3 BHE Apartrents 4 BHE Apartrnents Stat Quarters Others
m PAR without SIEMS PA&R itk SIEMS
Figure. 6.4. Reduction in PAR
Table 6.6 PAR Reduction
Consumers PAR
PAR without
SRLMS PAR with SRLMS Reduction in %
3BHK Apartments 3.515 2.245 36%
4BHK Apartments 3.229 2.738 15%
Staff Quarters 3.47 32 8%
Others 2.7957 2.4378 13%

6.6.4 Reduction in Carbon Footprint

An estimation says that 1 kWh generation produces 0.935 kg CO,. Here,
in this case study, approximately each day 2.5 tonne of CO; emission can be
reduced using the proposed approach, which can be absorbed by a tree in 100
years. It also means that 1 acre forest can absorb 2.5 tonne CO; per year.

6.7 Performance Analysis of SRLMS on IEEE 33 Bus System
The IEEE 33-bus system was analyzed in detail to assess the impact of RE
integration and load modifications. The study involved the following key steps:

1. Load Flow Analysis: To analyze the performance of the power system

under the given load and RE conditions, a load flow analysis was
performed using the Newton-Raphson method. This iterative
computational technique was employed to calculate voltage magnitudes
and phase angles at all buses, line losses and power flows through the
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network. The results provided a comprehensive understanding of the
system’s operational characteristics and stability. Refer to Appendix A
section A7 for the pseudocode of Load Flow analysis.

2. Bus Load Modification: Following the baseline analysis, the load data for
specific buses was modified to simulate real-world scenarios. A 30-acre
residential complex was added at Bus 18 to represent a substantial new
load on the system. The integration of this new load was carried out with
careful consideration of its impact on the local and overall power system.

3. Renewable Energy Integration at Bus 18: To support the new residential
load and reduce dependency on the grid, a renewable energy penetration
level of 15% was implemented at Bus 18. This localized RE integration
was modelled to study its effects on the demand profile and overall grid
stress. The integration highlighted the importance of distributed generation
in managing localized demand surges.

4. Demand Profile Analysis: The demand profiles for the entire system, Bus
18 and the neighbouring Bus 19 were generated and analyzed. The profiles
illustrated in fig 6.8, 6.9 and 6.10 the hourly variations in load demand and
the impact of RE integration. Refer to Appendix A section A6 for the
pseudocode of SRLMS performance evaluation on IEEE 33 Bus system.
These demand profiles showed:

o A significant reduction in grid stress due to RE integration (Figure
6.5).

o Enhanced load management capabilities for Buses 18 and 19, with
Bus 19 benefitting indirectly from the changes at Bus 18 (Figure
6.6).

Bus Demand Profiles (Before and After RE Integration) in MW with Bus 18 highli
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Figure 6.5 Individual bus Demand Profile before and after RE integration (Highlighted: Bus 18)
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Figure 6.6 Individual bus Demand Profile before and after RE integration (Highlighted: Bus 19)
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Figure 6.7 System Demand Profile for 24 hours before and after RE integration

5. Key Observations:

o The addition of the residential complex at Bus 18 created a
noticeable increase in localized demand; however, the 15% RE
penetration at the same bus helped mitigate this impact.

o The system’s load flow analysis showed improved efficiency, with
reduced line losses and better power distribution after RE
integration. System demand profile has been shown in Figure 6.7.

The study demonstrated that strategic RE integration at both the system
and local levels can significantly enhance the resilience and performance of the
power grid. By reducing peak demand and grid dependency, the RE integration
also paves the way for more sustainable energy management practices. The
demand profiles clearly indicated a reduction in grid stress, validating the
effectiveness of the proposed modifications and highlighting the role of
renewable energy in modern power systems.
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6.8 Designing of User-centric Smart Application

The "Demand Management Application” was designed to create an
interactive and user-centric platform for analysing residential energy
consumption patterns and suggesting optimization strategies.

6.8.1 Development Environment

To design this application MATLAB App Designer has been selected for
Its robust environment that supports graphical user interface (GUI) development
with integrated computational capabilities. This choice facilitates seamless
embedding of algorithms for energy consumption analysis and cost optimization
directly within the application.

6.8.2 User Interface Design

The GUI was developed to provide a clear and intuitive layout for users. It
consists of input fields for total consumption, peak-hour consumption, renewable
energy usage and dynamic parameters such as penalties and rebates. The
application dynamically calculates and displays the Peak-to-Average Ratio
(PAR), estimated monthly tariffs under both current and proposed energy
management systems and renewable energy contributions. Key elements like
suggestion prompts and interactive toggles enhance the user experience, offering
actionable insights to manage energy use more efficiently.

Visual Layout

The GUI of the "Demand Management Application™ is organized into distinct
sections to streamline user interaction and improve accessibility. The interface
includes the following:

1. Input Section: Fields for entering data such as total energy consumption
(kWh), peak-hour consumption and renewable energy contribution which
can be measured and recorded by using smart plugs.

2. Results Section: Displays calculated outputs such as Peak-to-Average
Ratio (PAR), monthly tariff estimates and suggestions based on renewable
energy usage.

3. Actionable Insights: A suggestion box provides users with customized
recommendations, such as increasing renewable energy usage or
optimizing load scheduling to reduce costs shown in Figure 6.8.
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Interactive Features

. Toggle Buttons:

in Figure 6.9.

Demand Management Application

Consumer |Domestic v Consumer ID | 43000154087

Date 07107/2023 v
Total Consumption (kWh) 18.78 Used RE (kWh) | 1.302
P. hr Consumption (kWh) f.255 PAR 3.5

Fou can still use more renewable energy to reduce costs.
Suggestion: | Yoy can schedule your load as per suggestion to reduce the
cost up to 30%

Calculate Tariff
Monthly Tariff {approx.) INR 4085 | Existing Tariff () TOT
Penalty INR i INR i
Estimated Monthly Tariff (approx.) (Proposed EMS) INR 314
Get Buggestions O ) Remind Me Later

Figure. 6.8 User Centric GUI Application

Users can enable or disable specific options, such as
calculating tariffs under different tariff systems (existing versus Proposed
Tri-Optimized -Tariff).

« Calculation Triggers: A "Calculate Tariff" button initiates computations,
enabling users to receive instant results based on the provided inputs shown

« Dynamic Updates: The app dynamically updates outputs when any input
field is modified, ensuring real-time feedback.

Demand Management Application

Consumer |Domestic ¥ Consumer 1D 49000159087

Date 07/07/2023 v
Total Consumption (kWh) 1878 Used RE (kWh) | 1.302
P. hr Consumption (kWh) B.255 PAR 35

i Tou can still use more renewable energy to reduce costs
Suggestion: | You can schedule your load as per suggestion to reduce the
cost up to 30%.

Calculate Tariff
Monthly Tariff (approx.) INR 3302| Existing Tarigf @0 ) TOT
Penalty @ MR 677 INR 0
Estimated Monthly Tariff (approx.) (Proposed EMS) INR 3124
Get Suggestions 1) Remind Me Later

Figure. 6.9 User Centric GUI Application
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Visual Aesthetics
« Colour Coding: Specific indicators, such as red for penalties and green for
rebates, ensure clear communication of actionable data.
. Alignment and Font Design: Consistent font style and size, coupled with
structured alignment of fields, enhance readability.
« Date Selection Field: Allows users to select specific dates for historical or
future consumption analysis.

These GUI features combine functionality with user-friendly design, ensuring
that the application is both practical and accessible to residential consumers
seeking to optimize their energy management.

Functional Algorithm Integration

Behind the interface, the app integrates computational algorithms to
process input data and generate outputs in real-time. The algorithms account for
consumer-specific parameters such as renewable energy usage, existing tariffs
and penalties to calculate cost savings. Conditional logic is implemented to
provide personalized suggestions for load scheduling and renewable energy
utilization, further aligning user behaviour with optimal demand-side
management practices, shown in Figure 6.10 and Figure 6.11. User can have
detailed suggestion for scheduling the load to avoid the Penalties using proposed
TOT scheme.

Energy Consumption by Appliances
T

Refrigerator

S
T

Energy Usage (kWh)
o

N

| Light / Lamp | CFL & Night Laamp

IanLoad I

Appliances (usage in a day)

Figure. 6.10 Suggestion by Utility through User Centric GUI Application
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Energy Usage Pattern and Suggested Adjustments

H Current Usage
2.5 | I suggested Usage

Energy Usage (kWh)

L] 5 10 15 20 25
Hours in a Day

Figure. 6.11 Suggestion by Utility through User Centric GUI Application

The modular architecture of the app allows for future scalability, including loT
integration and real-time data analytics for enhanced functionality.

6.9 Chapter Summary

Implementing a microgrid in the 30-acre residential complex not only
offers significant cost savings but also enhances energy reliability and
sustainability. With a substantial reduction in electricity bills for residents and a
lower environmental impact, the microgrid system demonstrates an effective
approach to modern energy management in residential communities. This case
study underscores the potential benefits and feasibility of microgrid
implementation in large residential complexes with user centric application.

Significant Findings from this chapter are:
e Achieved reduction in monthly electricity expense by 25% using proposed
SRLMS in large-scale application.
e Achieved improved EPI and Star level of the adopted Residential Complex
by 1 unit (minimum) by implementing SRLMS with microgrid.
e Achieved more than 15% reduction in grid stress (IEEE 33 Bus system).
e Achieved 2.5 tonne reduction in CO, emission.

In the next chapter, we have provided the conclusion and discussion of our
research work. Key findings are summarized along with insights into the
implications of the results and opportunities for future advancements.

Related Publication:
The research work presented in this chapter has contributed to the following
publication.
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e Kuheli Goswami, Arindam Kumar Sil, “Improvement of Energy
Performance Index for Domestic Prosumers Based on Newly Proposed
Dynamic Tariff and Rule-based Strategy,” International Transactions on
Electrical Energy Systems (ITEES), indexed by Scopus, SCIE, approved
by UGC, Vol. 2022, Article ID: 5087908, August, 2022,
https://doi.org/10.1155/2022/5087908.

This publication focuses on a case study to improve Energy Performance Index
of a large residential complex by implementing proposed SRLMS, discussed in
section 6.2, section 6.3, section 6.4, section 6.5 and section 6.6.
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CHAPTER 7
Conclusion and

Future Scope

7.1 Thesis Conclusion
It 1s crucial to address the current power crisis and propose efficient and

effective energy planning to reduce energy consumption, especially during peak
hours. Reducing energy usage during peak times can be achieved by utilizing
renewable energy sources. However, integrating renewable energy into the main
grid is difficult and challenging. Therefore, implementing local solutions to meet
local demand would reduce stress on the main grid. This can be accomplished by
using microgrids powered by renewable energy-based distributed generation,
which not only addresses energy challenges but also reduces carbon footprints,
contributing to environmental sustainability—a pressing issue for developing
countries. Given the current power scenario and energy crisis, it is essential to
focus on renewable energy availability, which motivates the proposal of a
flexible, robust and efficient energy management system for microgrids.

According to the government, over 25% of total energy is consumed by
domestic sectors, highlighting the need to design an energy management system
for residential prosumers and large residential complexes based on renewable
energy availability.

This approach allows prosumers to participate in the electricity trade
market, either directly or indirectly and by proposing optimized and dynamic
tariffs, the system can encourage consumers to enhance energy efficiency. It also
helps to maintain a healthy relationship between utilities and prosumers while
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significantly contributing to reducing carbon emissions and fostering a more
sustainable energy future.

Despite significant advancements in energy management systems and
microgrid technology, several gaps remain, particularly in efficiently managing
renewable energy sources within local grids. While much research focuses on the
technical feasibility of microgrids, comprehensive solutions that address the real-
time variability of renewable energy availability, especially in domestic and
residential sectors, are lacking. In this research work, we aim to tackle this issue
by integrating renewable energy sources with energy storage systems for the
domestic sector. With the detailed understanding of the load characteristics, we
have designed a load management and scheduling system using advanced feature
selection techniques to optimize energy use. These techniques allow us to
prioritize household appliances based on consumer preferences, ensuring
efficient load scheduling. Additionally, we have proposed an optimal strategy for
managing energy storage systems, which improves the overall integration,
utilization and management of renewable energy in domestic and residential
settings. This approach offers a more effective solution for addressing the
challenges of renewable energy variability and its application in real-world
scenarios.

Another important issue is that most of the existing energy management
system (EMS) models are not designed for large-scale applications, leaving a gap
in tailored approaches for distributed systems like microgrids serving residential
consumers or communities. In this research, we propose an Al-based optimization
technique to address this gap. The EMS we designed uses this technique to find
the optimal solution for reducing energy consumption, peak demand and carbon
footprints, while also minimizing electricity costs for consumers and prosumers.
This approach benefits both the consumers and utility sectors, encouraging the
adoption of different schemes such as the Energy Performance Index (EPI). Using
the proposed energy management system (EMS), we achieved an
improvement in the Energy Performance Index (EPI), which in turn elevated
the star rating of the residential complex by one or two units, promoting the
initiatives by utilities and federal agencies to save more energy to make an
eco-friendly system and simultaneously maintain a healthy relationship
between the utility company and prosumers.

Our research shows that the proposed EMS not only improves the EPI but
also enhances system efficiency and sustainability. We tested this proposed Al-
based optimization technique on individual domestic consumers, prosumers and
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large residential complexes to assess its versatility. Additionally, we applied this
technique to the IEEE 33-bus system to determine the optimal size and location
for renewable energy-based distributed generation (DG) thereby reducing the
transmission losses. In this case, we achieved a reduction of 69% in active
power losses and 65% in reactive power losses, respectively in IEEE 33 Bus
system. This ensures that the system remains robust, flexible and efficient. The
results demonstrate that the proposed optimization technique can operate
effectively at both small scales (single residential consumers or prosumers) and
larger scales, such as the IEEE 33-bus system, highlighting its versatility and
ability to function in real-time scenarios.

The findings from this thesis can be structured into two distinct sections to
emphasize the dual focus of the research: small-scale applications and large-scale
applications in real time environment.

Small-Scale Applications

In the small-scale application, we concentrated on individual households,
analysing demand data for seven households. The proposed SRLMS has been
implemented by integrating rooftop photovoltaic (PV) systems, introducing
energy storage systems (ESS), implementing a dynamic, Al-based tariff structure
and designed a MATLAB-based application to enable users to monitor, control
and plan their energy usage on a day-ahead basis.

Using proposed optimization techniques, we scheduled household loads to
reduce energy wastage, improve energy efficiency and minimize the Peak-to-
Average Ratio (PAR). The system also ensured that energy consumption during
peak hours was curtailed by prioritizing renewable energy utilization. The
benefits extended to consumers, achieving over 32% savings in monthly
electricity expenses while reducing PAR by 40% which have been shown in table
7.1 and table 7.2 respectively. While a single household's PAR reduction directly
reflects on its energy profile, its contribution to the overall grid PAR depends on
the number of such households implementing similar EMS strategies. These
results can serve as a reference model for similar implementations, showcasing
how targeted EMS strategies can improve residential energy efficiency and
sustainability.
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Table 7.1: Reduction in Monthly Electricity Expense (small scale application)

Consumers Monthly Electricity Monthly Electricity Savings in Monthly
Expense without Expense with SRLMS Electricity Expense
SRLMS (in %)
Household 1 3597.80 2440.55 32
Household 2 2203.21 1664.81 24
Household 3 2332.15 1499.10 36
Household 4 1852.41 1371.00 26
Household 5 3953.67 2810.47 29
Table 7.2: Reduction PAR (small scale application
Consumers PAR without SRLMS PAR with SRLMS Reduction in PAR
(ill 0/o)
Household 1 2.85 1.64 43
Household 2 3.64 2.16 41
Household 3 3.11 2.07 33
Household 4 3.69 2.46 33
Household 5 3.63 2.37 35

By prioritizing renewable energy sources and deploying ESS, the proposed
SRLMS improved system efficiency and reliability while reducing carbon
emissions.

To validate and complement this framework, a practical Daylight and
Occupancy Sensor-Based Control was implemented at a smaller scale. This
experiment aimed to analyze the tangible benefits of sensor-driven automation in
real-time environments by focusing on specific zones within households, such as
the living room, kitchen, and bedroom etc.

The sensor system responded to real-time daylight availability and human
presence to reduce unnecessary energy usage. As a result, the observed energy
savings were notable in the following figures.

" 0 N S s = L

Living Room Consumption

Total Consumption Before = 4.388 kWh

Total Consumption_After = 2.7847 KWh

LE43 KW

Figure 7.1 Reduction in Living Room Consumption with Day light and Occupancy

Sensor based Control
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Figure 7.4 Reduction in daily energy consumption with Day light and Occupancy
Sensor based Control

Figure 7.1 to Figure 7.4 clearly illustrate these reductions and validate the
sensor-based approach as a valuable complement to the core SRLMS. This small-
scale implementation confirms the effectiveness of combining smart sensing with
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Al-based energy planning and highlights the potential for further scalability and
integration.

Large-Scale Applications

In the large-scale application, the focus shifted to the integration of
microgrid powered by PV within a 30-acre residential complex, considered to be
situated at bus 18 in IEEE 33-bus system. For the residential complex, we have
analyzed demand data, integrated a microgrid powered by renewable energy
sources, deployed ESS with optimized charging and discharging strategies and
designed a MATLAB-based application to enable users to monitor, control and
plan their energy usage on a day-ahead or week-ahead basis.

The microgrid solution allowed for a more sustainable and cost-effective
energy management system. This was extended to the IEEE 33-bus system, with
renewable energy integrated at bus 18, representing the residential complex. The
system achieved an 18-20% reduction in PAR at bus 18 and a 10% reduction
across the overall IEEE 33 bus system. Besides these, research on dynamic,
real-time pricing models that optimize both energy consumption and production
for prosumers, while encouraging better engagement between utilities and
consumers has resulted over 28% savings in monthly electricity expenses and
36% reduction in PAR, highlighting its effectiveness in reducing grid stress
and improving system performance.

A detailed analysis of the following two figures Figure 7.5 and Figure 7.6
highlights the advantages of implementing effective energy planning for
microgrids situated within the IEEE 33-bus system, as demonstrated through the
proposed research work. The figures provide insights into the benefits of
renewable energy integration, optimized load scheduling and the reduction of grid
stress, showcasing the practical applications of the proposed energy management
strategies for microgrids.
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Figure 7.6 Individual Bus Active Demand Profile for 24 hours (with energy planning for microgrid)

Furthermore, the environmental impact of microgrid solutions in reducing
carbon footprints is underexplored, especially in developing countries where
scalability and economic viability need further investigation. In this research, we
have attempted to estimate the reduction in carbon footprint achieved by
implementing the proposed energy management system in a 30-acre residential
complex with a specific built-up area. Our findings reveal approximately 2
tonne significant reduction in carbon emissions due to the adoption of this
system. This demonstrates the potential environmental benefits of microgrid
solutions, particularly in residential areas. However, further research is needed.

This research highlights the crucial role of SRLMS in optimizing the use
of renewable energy in modern power systems. As we transition toward more
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sustainable energy infrastructures, the application of microgrids offers a
promising pathway for decentralized energy systems, reducing dependence on
traditional fossil fuels while enhancing grid resilience and energy efficiency.

7.2 Future Scope

This study can be further extended to design a daylight and occupancy
sensor-based energy management system and predict the energy consumption
with the life cost analysis of the sensors and ESS. The research opens several
avenues for further investigation and development:

1. Scalability: Future studies could explore the scalability of the proposed
microgrid system to larger communities or industrial applications,
examining the technical and economic impacts.

2. Advanced Al Integration: Continued enhancement of Al algorithms for
more sophisticated load management and predictive maintenance,
improving system resilience and efficiency.

3. Hybrid Systems: Integration of other renewable sources, such as wind and
biomass, to develop hybrid microgrids that can further enhance energy
security and sustainability.

4. Policy and Economic Analysis: Assessing the policy frameworks and
economic models that support the widespread adoption of renewable
energy-based microgrids, ensuring their viability and attractiveness to
stakeholders.

Additionally, further research is needed to explore how microgrids

can participate in energy trade markets, enhance consumer involvement
and contribute to long-term sustainability goals.
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Step 1:

Step 2:

Step 3:

Step 4:

Step 5:

Step 6:

Step 7:

Step 8:

APPENDIX-A

Pseudocode for ARIMAX Model Implementation
Load Data
Import time series data y and exogenous variables X1 and X2 from an Excel file.
Combine X1 and X2 into a single matrix X.
Set ARIMAX Model Parameters
Define ARIMA model orders: p (AR order), d (Differencing order) and q (MA order).
Transform Data
Apply a logarithmic transformation to y to stabilize variance.
Define ARIMA Model with Exogenous Variables

Create an ARIMA model using the defined parameters (p, d, q) and include the exogenous
matrix X.

Estimate Model Parameters
Estimate the ARIMAX model using the estimate function.

Obtain the estimated model, parameter covariance matrix, log-likelihood and additional
information.

Forecast Future Values
Prepare future values of exogenous variables in futureX.
Forecast future values using the forecast function with numSteps steps.
Calculate Prediction Error
For each time step:
Compute the relative error between observed and forecasted values.
Square and root the error to get the absolute value.
Sum the errors and calculate the Mean Absolute Error (MAE).
Plot Results
Create a time vector for plotting.
Plot observed and forecasted values on the same graph.

Add titles, labels and legends to the plot.
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A2. Pseudocode for K-Means Clustering Analysis

Step 1: Load Dataset
INPUT number of Areas

LOAD latitude, longitude, demand, generation

Step 2: Combine above Features into a Matrix

COMBINE latitude, longitude, demand, generation into data

Step 3: Normalize Data

INITIALIZE features normalized as zeros matrix of same size as data

FOR each column in data:
CALCULATE min_val and max_val of the column
NORMALIZE column values using formula: (value - min_val) / (max_val - min_val)
STORE normalized values in features normalized

END FOR

Step 4: Perform K-Means Clustering
SET optimal K to desired number of clusters
APPLY K-means function on features normalized with optimal K clusters

OUTPUT i dx (cluster indices) and centroids

Step 5: Visualize Clusters

CREATE 3D scatter plot of features_normalized using latitude, longitude and demand
COLOR points based on cluster indices (idx)

LABEL axes: Latitude, Longitude, Demand

TITLE plot: "K-Means Clustering Results"

ADD grid and color bar

Step 6: Analyze Clusters and Compute DGI
PRINT "Cluster Analysis:"

FOR each cluster k from 1 to optimal K:

102 |Page



IDENTIFY data points in cluster K using idx

EXTRACT cluster data for cluster K from original data

Step 7: Calculate Cluster Statistics
CALCULATE mean-Latitude, mean-Longitude, mean-Demand, mean-Generation for cluster data

COUNT cluster Size (number of areas in cluster k)

Step 8: Calculate DGI (Demand-Generation Index)
CALCULATE DGI_K as mean-Generation / mean-Demand

Step 9: Display Results
PRINT Cluster statistics: Mean Latitude, Mean Longitude, Mean Demand, Mean Generation
PRINT DGI and Number of Areas for cluster k

END FOR

A3. Pseudocode for Weighted KNN Feature Evaluation
Step 1: Load Dataset

- Load dataset with features and labels.

Step 2: Define KNN Parameters

- Set the number of neighbours ('k").

Step 3: Initialize Variables
- Determine the number of features in the dataset.

- Create a variable to store accuracy scores for each feature.

Step 4: Feature Evaluation Loop
- For each feature in the dataset:
1. Select the current feature as a subset.
2. Perform cross-validation using K-fold (e.g., 5 folds):
- Split data into training and testing sets for each fold.

- Train a Weighted KNN model using the training set.
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- Test the model using the testing set and calculate accuracy.
3. Compute the average accuracy for the current feature across all folds.

4. Store the average accuracy in the accuracy scores.

Step 5: Rank Features

- Sort features by their accuracy scores in descending order.

Step 6: Select Top Features

- Identify the indices of the top features based on the sorted accuracy scores.

Step 7: Display Results
- Print the feature ranking and their corresponding accuracy scores.

- Display the indices of the top-selected features.

Step 8: Output Selected Features

- Return the indices of the top features for further use.

A4. Pseudocode for Appliance Scheduling Using PSO

Step 1: Input Parameters
- Define total number of appliances (N).
- Define total number of time periods (T).
- Input power consumption of appliances (P).
- Input renewable energy availability (R).
- Input grid energy availability (G).
- Define maximum waiting time penalties for appliances (W_max).

- Specify user preferences for appliances (start and end times).

Step 2: Objective Weights:

- Define weights for renewable energy utilization (w1), total energy consumption (w2) and waiting
time penalty (w3).

Step 3: PSO Parameters:
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- Initialize the number of particles, maximum iterations, cognitive and social components (c1, c2)
and inertia weight (w).

- Randomly initialize particle positions (x) and velocities (V).
- Initialize personal best positions (best_particle) and global best position (global best).

- Set initial fitness values to infinity.

Step 4: Optimization Loop:
- Repeat for the specified number of iterations:
1. For each particle:
- Reshape the particle's position into an appliance schedule (N x T).
- Calculate objectives:
- Renewable energy utilization (F1).
- Total energy consumption (F2).
- Waiting time penalty (F3).
- Compute the fitness function using the weighted sum of objectives.
- Update the particle's personal best if its fitness improves.
- Update the global best if the particle's fitness is better than the global fitness.
2. Update particle velocities and positions using PSO update equations.
3. Set positions to the valid range (0 to 1).

4. Reduce inertia weight over iterations.

Step 5: Extract Final Schedule:

- Reshape the global best position into the final appliance schedule (N x T).
Step 6: Tariff Calculation:
- Calculate the total energy cost using the final schedule.

- Display the final appliance schedule and estimated monthly tariff.

Step 7: Output Results

- Return the final schedule and monthly tariff.
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AS. Pseudocode for Optimal Location in IEEE 33 Bus System Using
HSSA

Step 1: Input Data:
- Load bus and line data for the IEEE 33 bus system.

Step 2: Parameters:
- Define the number of particles (numParticles) and maximum iterations (numlterations).
- Specify dimensions (location and size of PV-DG).
- Define PSO parameters: inertia weight (w), cognitive factor (c1) and social factor (c2).

- Set ACO parameters: pheromone importance (alpha), heuristic importance (beta), pheromone
evaporation rate (rho) and constant (Q).

Step 3: Initialization:
- Randomly initialize particles (PV-DG size and location) and velocities.
- Set personal best positions (pBest) and global best position (gBest).
- Initialize pheromone levels for ACO.

- Set initial fitness values for personal and global best to infinity.

Step 4: Fitness Function:

- Define the fitness function to minimize power loss or voltage deviation using input bus data.

Step 5. Optimization Loop
- Repeat for the specified number of iterations:

1. PSO Update:
- Update velocities using PSO equations.
- Update particle positions.

2. Fitness Evaluation:
- Calculate fitness for each particle.
- Update personal bests and global best based on fitness values.

3. ACO Update:
- Identify farthest particles based on distance from global best.
- Update pheromone levels for farthest particles.

- Use pheromone levels to guide farthest particles toward nearest particles.
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4. Convergence Check:

- Optionally stop if the global best fitness change is below a threshold.

Step 6: Output Results:
- Display optimal size and location of PV-DG.

- Return minimized power loss or voltage deviation.

Step 7: Auxiliary Functions:
- Implement the fitness function to calculate power loss.

- Create a function to find the nearest particle for ACO updates.

A6. Pseudocode for Performance Evaluation of 30-acre Residential
complex before and after RE integration on IEEE 33 Bus System

Step 1: Initialize System Parameters:
- Define system base values (V_base, S_base).
- Input bus data [Bus ID, Type, P_load, Q load].

- Input line data [From Bus, To Bus, R, X, B_half].

Step 2: Process Data:
- Normalize load data (P_load, Q load) using S_base.

- Initialize voltage magnitudes (V) to 1.0 pu.

Step 3: Set Convergence Criteria:

- Define boundaries and maximum iterations.

Step 4: Perform Backward/Forward Sweep Power Flow Analysis:
- Repeat until convergence or max iterations:
a. Backward Sweep:
- Compute branch currents starting from the last branch to the root.
- Accumulate downstream load currents.
b. Forward Sweep:

- Update bus voltages iteratively using line parameters and currents.
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c. Check Convergence:

- Stop if the change in voltage magnitudes is below tolerance.

Step 5: Output Results:

- Display convergence status, number of iterations, bus voltages and voltage angles.

Step 6: Load 24-hour Demand Profile before RE integration:
- Define time (1-24 hours) and total active power limit (P_system_max).
- load active/reactive power profiles for each bus.
demand before RE = [Provide the full demand matrix];

number_of buses = 33;

Step 7: Plot Results:
- Plot total active power demand over 24 hours.

- Optionally, plot individual bus demand curves.

Step 7: Load renewable energy (RE) generation profile (in kWh).
RE generation_profile =[...];

Step 8: RE allocation: Specify the buses where RE is integrated.
RE bus=[18];

RE capacity = 1.31;

Step 9: Apply RE contribution to specified buses.
for each_hour = 1:24
for each_bus = 1:length(RE bus)
bus_id = RE bus(each bus);

RE energy = RE generation_profile(each_hour) * RE capacity * RE_contribution_percent /
100;

demand_after RE(bus_id, each_hour) = demand before RE(bus_id, each hour) - RE_energy;
if demand_after RE(bus_id, each hour) <0

demand_after RE(bus_id, each_hour) = 0; % Ensure no negative demand.
end
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end

end

Step 10: Use a power flow solver like Newton-Raphson or Gauss-Seidel for load flow analysis

Step 11: Evaluate system performance.

peak demand = max(sum(demand matrix, 1));
average demand = mean(sum(demand_matrix, 1));
PAR = peak demand / average demand;
PAR_before = calculate PAR (demand before RE);
PAR_after = calculate PAR (demand after RE);

Print result

Step 12: Plot total system demand and individual bus demand.
plot_total system demand(demand before RE, demand after RE);

plot_individual bus demand(demand before RE, demand after RE, bus id);

A7. Pseudocode for Load flow analysis of IEEE 33 bus system with
dynamic load

Step 1: Initialization
e Clear previous variables, format display and start timer.
e Define bus data (m) and line data (1).

e Initialize variables such as number of buses (no), number of branches (br) and base values for
system parameters (MVAb, KVb, Zb).

Step 2: Per Unit Conversion

¢ Convert resistance and reactance of lines to per-unit (R and X arrays).

e Convert active and reactive power of loads to per-unit (P and Q arrays).
Step 3: Connectivity Matrix

e Create a connectivity matrix (C) that indicates connections between buses.

¢ Identify end nodes (buses without outgoing connections) using the connectivity matrix.
Step 4: Path Formation

e For each end node, trace paths back to the root bus (assumed bus 1) and store these paths in

matrix g.
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o Ensure paths are in order and rearrange them to maintain a consistent format.
Step 5: Adjacency Matrix
e Construct adjacency matrix (adjb) for branches and corresponding buses.
e Ensure no duplicate entries and adjust indices for MATLAB indexing.
Step 6: Voltage and Current Calculations with defined loads
o Initialize bus voltages (vb) with a default value.
e Iteratively compute:
o Nonlinear currents (nlc) at buses for defined loads.
o Branch currents (Ibr) considering adjacency matrix paths considering the loads.
o Voltage drops across branches to update bus voltages based on previous calculations.
Step 7: Power Loss Calculation
e Compute active and reactive power losses (Plosskw and Qlosskw) for each branch.
e Sum the losses to obtain total system power losses (PL, QL).
Ster 8: Visualization
¢ Plot bus voltage magnitudes against bus numbers.
e Output power losses and optimization results.
Step 9: Display Results
e Present computed results including:
o Bus voltages and their angles.
o Active and reactive power losses.

Step 10: Optimization Section

¢ Define and simulate the impact of distributed generation (DG) integration and find optimal
location for RE integration as mentioned in previous pseudocode 5.

¢ Repeat similar steps for per-unit conversion and system analysis post-DG.
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APPENDIX-B

B1. Existing Tariff Structure
Existing Tariff Scheme
Energy Fixed charge
Monthly charge / in Rs./kVA/
Type of Consumer | Tariff Scheme | Consumption in KWH kWH Month
First 25 unit 4.89
next 35 unit 54
next 40 unit 6.41
next 50 unit 7.16
next 50 unit 7.33
next 100 unit 7.33
Domestic (urban) Normal above 300 8.92 15
B1. Proposed Tariff Structure
Extra Charge in Peak
Monthly Consumption hours
Net
energy | extra % of
charge average
Type of Monthly in consumption Fixed charge in
Tariff energy Consumption | INR/ | during peak | Penalty/ Rs./kVA/
Scheme | consumed in KWH kWH hours Rebate Month
6am - Spm 6.5 | NA NA
(> 25% of
Total
consumption)
/1(<20% of
Total 15
S5pm - 23pm 7.8 | consumption) | P/R (additional
Fixed Charge
Conventional for total
T.0.p | _Gridenergy | 23pm - 6am 5.5 NA NA monthly
for Renewable Consumption >
TOT Energy All unit 3.15 NA NA 300 units)

111 |Page



APPENDIX-C
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Figure C1: IEEE 33 Bus system in MATLAB SIMULINK
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