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This thesis proposes a hybrid Particle Swarm Optimization and Linear
Programming (Hybrid PSO-LP) approach for optimal home appliance scheduling (OHAS)
under a time-of-use (TOU)-based demand response (DR) framework in smart home
energy management systems (SHEMS). The primary objective is to minimize total daily
electricity costs (TDC). The proposed SHEMS allows household appliances to select
their power consumption from various energy resources, including grid power, rooftop
solar PV, wind turbines, Battery Energy Storage Systems (BESS), and Electric Vehicles
(EV) considered as Vehicle to Home (V2H).

In the proposed framework, the PSO layer first determines the optimal state of
charge (SoC) values for the battery and EV, which provides the charging and discharging
behavior. These values are then passed to the LP layer, which is concurrently
processed to complete the OHAS. The LP layer allocates power from various energy
resources, including BESS, V2H, rooftop solar PV, wind turbines, and the grid, for
scheduling household appliances while satisfying operational constraints and
minimizing electricity costs. In addition to utilizing electricity from the grid, the excess
energy from the rooftop solar PV can also be sold to the local utility’s household PV
purchasing scheme, providing additional economic benefits for prosumers. The hybrid

PSO-LP algorithm-based SHEMS enables households to intelligently schedule
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appliances, avoid peak hours, rely more on renewable energy availability, and reduce
grid dependency.

This framework is evaluated through nine simulation scenarios that consider
different energy configurations. The results consistently demonstrate significant
reductions in electricity costs and improved system flexibility compared to non-
scheduling appliances by the proposed framework. The proposed hybrid PSO-LP
framework not only efficiently achieves optimal scheduling in SHEMS but also leads
the way toward smarter, greener, and more cost-efficient smart homes in future smart

grids.
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CHAPTER |

INTRODUCTION

1.1 General Introduction

In recent years, global electricity demand and consumption have been rising
rapidly. This increment causes numerous problems, such as increasing carbon
emissions, rising energy prices, reduced reliability of electric services, increased
disturbances, power quality issues, and even power system collapse caused by high
peak loads resulting in blackouts. Traditionally, most current power systems are
centralized power generation with unidirectional power flow that is developing into a
decentralized power system, which improves the flexibility, resilience, and reliability
of the power grid. Decentralized systems would rely on integrating renewable energy
sources (RES), energy storage system (ESS) technologies, and demand response (DR)
techniques. One key advantage of decentralized systems is their ability to enable
bidirectional power flow, allowing electricity to be both supplied and utilized from
the grid, where consumers can act as prosumers to produce their electricity and sell
the excess power back to the grid. This concept is an important step toward the
development of smart grid (SG) systems. The SG approach relies heavily on demand-
side management (DSM) tactics. DR is a part of the DSM technique that encourages
smart homes by modifying the pattern of appliance operation by shifting appliances
and adjusting their energy consumption behavior from peak to off-peak hours to
reduce electricity costs, enhance grid stability, and contribute to sustainable energy
practices. As a vital part of smart home energy management systems (SHEMS), DR

offers a practical solution that empowers consumers to play an active role in energy



efficiency and grid support. In the context of addressing the global energy crisis and
improving system reliability, SHEMS is another option that any consumer can readily

implement.

1.2  Problem Statement

The increasing global demand for electricity presents numerous challenges,
including concerns about reliability, power quality, and peak load issues that increase
the burden on power systems. DSM is energy management on the consumer side or
operations on the demand side of electricity usage, which is why strategies play a
crucial role in resolving the global energy crisis and pushing the traditional power
system into the smart grid system. DR is a part of the DSM technique that motivates
consumers and prosumers to adapt and manage energy consumption based on price
variations and erid conditions, makine SHEMS an increasingly critical area of research.
Recently, SHEMS have gained attention due to their ability to enhance energy
efficiency and reduce reliance on the central grid. SHEMS are continuously developing
and becoming more complex because of the increasing function of components such
as RES like solar and wind, ESS like batteries, and EVs that can act as vehicle-to-home
(V2H). In this study, batteries and EVs are considered both as energy consumers and as
backup power resources. Efficiently managing these elements within SHEMS can
significantly reduce electricity expenses and dependence on the grid.

In recent years, numerous researchers have developed various optimization
techniques to solve complex constrained problems in SHEMS. Traditionally, linear
programming (LP) has been successfully applied to appliance scheduling problems
within basic SHEMS. In previous research, the author demonstrated through a
conference paper that LP can optimize appliance scheduling to minimize daily

electricity costs in basic scheduling scenarios. While LP provides an effectively linear



and fixed constraint-structured framework for appliance scheduling, in SHEMS with
more complex conditions and constraints, using LP alone is insufficient to achieve the
best results because LP limitations arise when dealing with non-linear complexities,
dynamic system interactions, and real-world uncertainties. To overcome these
limitations, researchers have explored hybrid approaches that integrate LP with
metaheuristic optimization techniques. Particle Swarm Optimization (PSO) is a well-
established stochastic algorithm known for solving non-linear optimization problems,
making it well-suited for complex SHEMS.

In this thesis, PSO is applied to manage the state of charge (SoC) of batteries
and EVs, determining optimal charge and discharge levels based on demand and
available energy resources. Meanwhile, LP optimizes appliance scheduling by
efficiently distributing energy from five sources: the power grid, rooftop solar PV, wind
power, battery storage, and EVs. The PSO hybrid LP combines the strengths of both
methods to improve the flexibility of PSO for nonlinear aspects of complex energy
systems with the precision of LP for linear scheduling appliance problems. This hybrid
approach effectively balances dynamic storage control with structured appliance
scheduling, leading to enhanced smart home energy management.

In Thailand, DR can respond to varying time-of-use (TOU) energy prices, which
incentivizes users to adjust their consumption patterns throughout the day.
Furthermore, recent developments such as the household PV purchasing scheme
project by the Metropolitan Electricity Authority (MEA) and the Provincial Electricity
Authority (PEA), in addition to utilizing electricity from the grid, the excess energy from
the rooftop solar photovoltaic (PV) can also be sold back to the grid, supporting
decentralized energy integration.

Therefore, this thesis proposes a hybrid PSO-LP optimization approach for
Optimal Home Appliance Scheduling (OHAS) via TOU-Based DR in SHEMS. The model

incorporates multiple energy sources, including rooftop PV generation, wind power,



battery energy storage systems (BESS), and V2H integration. Additionally, excess PV
energy can be sold to the household solar project. This methodology benefits both
consumers and prosumers by improving appliance scheduling efficiency, minimizing
electricity costs, reducing peak load demand, and alleviating grid burden. Ultimately,
it enhances SHEMS adaptability and contributes to a more sustainable and intelligent

energy future.

1.3 Research Objectives

In pursuit of a more sustainable and efficient smart home energy management
system, this thesis pursues the following key objectives:

1. To minimize electricity costs for prosumers and consumers in proposed
smart homes by implementing a Particle Swarm Optimization Hybrid Linear
Programming (Hybrid PSO-LP) approach for Optimal Home Appliance Scheduling
(OHAS) using TOU-based demand response.

2. To develop optimal energy management to solve the OHAS problem using
the hybrid PSO-LP model, which considers multiple energy sources, including rooftop
solar PV power, wind power, battery energy storage, and vehicle-to-home (V2H)
integration. This objective focuses on achieving optimal power scheduling, avoiding
peak hours, reducing grid dependency, and enhancing peak shaving in the power
system.

3. To conduct a comparative analysis of the operational behaviors of battery
and EV performance within SHEMS. This involves analyzing power consumption and
electricity costs across nine different simulation scenarios to understand their impact

on overall SHEMS performance.



1.4  Scope and limitations
1.4.1 Scope
This thesis focuses on the design, implementation, and evaluation of a
SHEMS framework that uses a hybrid PSO-LP approach for OHAS through TOU-based

DR. The study contains the following details:

1. SHEMS Configuration: The proposed smart home model
comprises eighteen different electrical appliances, which can decide to consume
energy from various distributed energy resources, including rooftop solar PV systems,
wind turbines, BESS, and EVs operating in both vehicle-to-home (V2H) and home-to-

vehicle (H2V) modes.

2. Optimization Methodology: The hybrid PSO-LP technique is
utilized to determine the OHAS. In this framework, PSO is applied to manage the SoC
of batteries and EVs to handle the non-linear problem, while LP is responsible for
appliance scheduling under fixed constraints. The integrated method is designed to
minimize electricity costs, reduce erid dependency, and avoid peak load periods under

a TOU pricing framework.

3. Simulation and Case Studies: To analyze and compare the
operational behaviors of batteries and EVs under varied simulation scenarios to better
understand ‘their impact on overall energy consumption and electricity cost in a
SHEMS. The performance of the proposed model is evaluated through nine case

scenarios that represent various combinations of energy sources:
Case I: Appliance scheduling using grid power only.

Case lI: Appliance scheduling with power from the grid and BESS.
Case lll: Appliance scheduling with power from the grid and V2H.

Case IV: Appliance scheduling with power from the grid, PV, and BESS.



Case V: Appliance scheduling with power from the grid, PV, and V2H.

Case VI: Appliance scheduling with power from the ¢rid, PV, BESS, and V2H.

Case VII: Appliance scheduling with power from the grid, PV, wind, and BESS.
Case VIII: Appliance scheduling with power from the grid, PV, wind, and V2H.
Case IX: Appliance scheduling with power from the grid, PV, wind, BESS, and V2H.

Additionally, for cases 4 through 9, the model is further evaluated by comparing
scenarios where excess solar PV energy is sold back to the grid under the household
PV purchasing scheme project through the MEA and PEA. The proposed framework has
been studied for scalability and includes a preliminary economic impact analysis to
ensure both practicality and cost-effectiveness in applications. The performance of the
proposed hybrid PSO-LP algorithm is benchmarked against three other optimization
techniques: PSO, Genetic Algorithm (GA), and hybrid GA-LP. This comparative study the
advantages of the proposed method in terms of electricity cost reduction and solution

quality under TOU-based DR and similar system conditions.

1.4.2 Limitations

This study relies on simulations rather than real-world implementation.
While simulated scenarios provide valuable insights into system behavior, they do not
fully capture practical constraints, environmental uncertainties, or user behavior
variations that may influence actual SHEMS performance. The model assumes a
consistent energy generation profile from solar and wind power based on average data
from April, 2024, in Thailand. However, fluctuations due to weather conditions,
seasonal changes, and unexpected demand spikes are not dynamically incorporated,
which could affect practical feasibility. The battery and EV behavior are analyzed under

specific assumptions; factors such as battery degradation, charging efficiency losses, EV



mobility patterns, EV usage frequency, and variations in charging behavior may
introduce additional complexities that are beyond the current scope of this thesis.
While these limitations set boundaries for the current research, they
also present opportunities for future studies to enhance model adaptability,
incorporate real-world uncertainties, and refine battery and EV performance evaluation

to advance smarter home energy management.

1.5 Conception

The proposed SHEMS framework consists of six main components: electrical
appliances, RES from rooftop solar PV and wind turbines, BESS, EVs that can be V2H
operation, and the last part is the connection between a smart home and the power
grid. In addition to utilizing electricity from the grid, the excess energy from the rooftop
solar PV can also be sold to the household PV purchasing scheme project by the MEA
and PEA, providing more economic benefits for prosumers. The main concept of this
research is the minimization of electricity costs through OHAS, allowing eighteen
different appliances to optimize their power consumption by selecting from any
available energy resources. To achieve this objective, a hybrid PSO-LP framework is
employed for efficient energy management. This hybrid approach integrates
metaheuristic algorithms with mathematical programnming to improve OHAS efficiency.
The PSO layer determines optimal charging and discharging decisions for BESS and EVs
by optimizing the SoC, which ensures that batteries and EVs function both as energy
sources and loads within the smart home, thereby improving energy flexibility.
Simultaneously, the LP part utilizes available energy resources, including grid power,
PV, wind energy, BESS, and V2H, to decide the optimal operation periods for each
appliance under TOU-based DR. By implementing PSO-LP, the proposed SHEMS model

not only gets the OHAS but also minimizes electricity costs, reduces peak-hour



demand, helps alleviate grid dependency, and enhances system stability. The concept

of the hybrid PSO-LP based SHEMS model is illustrated in Figure 1.1.
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Figure 1.1 The hybrid PSO-LP based SHEMS model

1.6  Research Benefits

This research presents a hybrid PSO-LP-based SHEMS model that provides
several benefits for smart home energy management. By intelligently managing
household power consumption and optimally scheduling appliances based on the
availability of multiple sources, the proposed method not only enhances energy
flexibility while minimizing electricity costs for both prosumers and consumers but also
reduces ¢rid dependency during peak hours, supports peak shaving, and contributes
to a more stable and sustainable power system. Furthermore, this system encourages
participation in energy markets by promoting the sale of excess solar energy under
Thailand’s household solar program administered by MEA and PEA. Overall, the
proposed approach supports the development of a decentralized power system and

advances the transition toward a more resilient and sustainable smart grid system.



CHAPTER II

THEORETICAL AND RELATED LITERATURE REVIEW

2.1  Introduction

Smart home energy management systems (SHEMS) have been a topic of great
interest in recent years due to rising electricity prices, increasing energy demand, and
the urgent need to reduce carbon emissions. As global energy consumption continues
to increase, optimizing household energy usage has become a crucial aspect of current
energy management strategies. Demand response (DR) is a part of the demand-side
management (DSM) technique that encourages smart homes to adjust appliance
operation patterns by shifting the energy usage from peak hours to off-peak hours to
minimize their electricity costs and improve overall system efficiency. Numerous
research studies have focused on SHEMS using various technologies, including Battery
Energy Storage Systems (BESS), Electric Vehicles (EVs), and Renewable Energy Sources
(RES), including rooftop solar photovoltaic (PV) systems and wind turbines. The
increasing integration of these components has introduced new levels of complexity
to the design and operation of SHEMS, resulting in various problem formulations,
constraints, and objectives, such as minimizing household electricity costs, reducing
grid dependency, enhancing user participation, or balancing power demand. Despite
these variations, the key objective shared across all SHEMS research is to support the
development of a more stable, resilient, and sustainable power system.

This chapter provides a comprehensive review of existing research on SHEMS
and addresses a variety of developments, challenges, and advancements in the field.
The SHEMS literature is categorized based on research objectives, problem

formulations, constraints, and optimization methodologies.
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2.2  Literature Overview

In recent years, SHEMS have been advanced developments, driven by rising
global demand consumption, improved power system reliability, electricity cost
reduction, and the integration of RES, ESS, and EVs. At the same time, these
developments have improved residential energy efficiency but also introduced more
complex challenges for SHEMS. Researchers have proposed various optimization
techniques to address these challenges, including conventional methods based on
mathematical programming, such as linear and quadratic programming, and developed
some metaheuristic techniques to solve nonlinear problems in SHEMS. As a start
toward developing smarter, more adaptive, and efficient SHEMS to support a
sustainable power system, the researchers have studied a variety of optimization
methodologies, each formulated with different objectives to handle SHEMS challenges.
This literature review categorizes SHEMS research based on four different energy
resource configurations to systematically analyze their methodologies and
contributions:
Table 2.1 presents the literature on SHEMS with the grid-connected only.
Table 2.2 reviews the literature on SHEMS with Renewable Energy Sources.
Table 2.3 examines the literature on SHEMS with Energy Storage Systems (ESS).
Table 2.4 focuses on the literature on SHEMS with electric vehicles (EVs).

Following this discussion, a summary table will provide a comparative analysis
of the reviewed optimization approaches, highlishting key problem formulations,

constraints, and methodologies.
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Table 2.1 The SHEMS with the grid-connected only

Reference Method Objective Description
Sou et al,, Mixed Integer ~ Minimize Developed a scheduling model
2011 Linear electricity costs ~ for smart home appliances,

Programming

while satisfying

considering uninterruptible and

algorithm operational sequential operations. Tested
(MILP) constraints and with real spot price data from
consumer Sweden and NYC,
preferences. demonstrating effective cost
reduction and insights into tariff
design.
Logenthiran A heuristic- Load shifting to  Simulated day-ahead scheduling
etal, 2012  based minimize peak was conducted on a smart grid
Evolutionary load demand, comprising three smart grid
Algorithm (EA)  reduce costs, areas (residential, commercial,
and improve industrial) with different
sustainability. controllable loads.
Ma et al, Optimization To develop a An optimal scheduling strategy
2016 problem with  power achieved power scheduling
integer and scheduling under the day-ahead price. It
continuous strategy that categorizes appliances into
variables minimizes shiftable and non-shiftable

electricity costs
and consumer
discomfort in

smart homes.

types and incorporates user

preferences.




12

Table 2.1 The SHEMS with the grid-connected only (continue)

Reference Method Objective Description
Zhu et al,, A modified To maximize Considers different types of
2019 simulated social welfare by smart home appliances,

annealing RTP
(SA-RTP)

algorithm

balancing the
interests of both
electricity
suppliers and

consumers.

modeling their behaviors using

Markov decision process (MDP).

Pamulapati et

Multi-objective

To minimize

Proposes a scheduling

al.,, 2020 evolutionary electricity costs ~ approach that implicitly
algorithm and user models user satisfaction by
(MOEA) dissatisfaction in  analyzing past appliance usage
smart home patterns obtained from energy
appliance disaggregation (ED).
scheduling. Additionally, it allows users to
interactively adjust their
preferences using priority
weights.
Zakaria & Multi-objective  To minimize Incorporates consumer
Pradhana, Mixed Integer  electricity costs, preferences and appliance
2020 Linear reduce peak flexibility under a Time-of-Use

Programming

(MILP)

load demand,
and decrease
user
inconvenience in
appliance

scheduling.

(TOU) tariff structure, providing
Pareto-optimal solutions that
balance cost savings and user

comfort.
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Table 2.1 The SHEMS with the grid-connected only (continue)

Reference Method Objective Description
Ghole et al., Swap-Based To minimize Proposed a Nowcasting Central
2023 Butterfly electricity costs  Controller (NCC) using
Particle Swarm  and peak-to- continuous real-time pricing
Optimization average power (CRTP) and swap-based BFPSO
(BFPSO) ratio in real-time  for adaptive and efficient
residential appliance scheduling.
device
scheduling.
Piawises & Linear To optimize Applied TOU-based demand
Chayakul- programming  energy response to schedule twelve
kheeree, (LP) algorithm  consumption by  appliances.
2024 avoiding peak

hours and
reducing daily

electricity costs
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Table 2.2 The SHEMS with Renewable Energy Sources (RES)

Reference Method Objective Description
Ullah et al,,  Binary Particle  To schedule The proposed system
2015 Swarm appliance based integrates Renewable Energy
Optimization on a TOU pricing  Sources (RES) and treats
(BPSO) for reduce the Electric Vehicles (EVs) as
bill of prosumer.  controllable loads.
Qayyum et Mixed-integer ~ To minimize the  The proposed model integrates
al,, 2015 programming total electricity a photovoltaic (PV) panel as a
technique cost and reduce  microgrid and considers seven
(MILP) the peak load shiftable appliances alongside
for operating the EVs treated as controllable
appliances loads.
based on 24
hours ahead
TOU electricity
tariff.
Pawar et al., The To minimize The proposed algorithm
2018 prioritization total energy separately schedules appliance

and scheduling
(PAS)

algorithm

consumption
and reduce
energy usage at
each time step
under Time-of-
Day (TOD)

pricing.

operations assuming only solar
power availability and only grid
power availability. These
schedules are then merged to
achieve optimal energy

utilization.
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Table 2.2 The SHEMS with Renewable Energy Sources (RES) (continue)

Reference Method Objective Description
Yahyaoui et A multi-start ~ To minimize Load scheduling strategy for a
al,, 2018 random electricity costs smart home supplied with a

constructive  while maintaining  photovoltaic (PV) plant
heuristic user comfortina  connected to the grid. The
aleorithm smart home algorithm considers TOU
environment. tariffs following the solar
radiation availability to
optimize appliance operation
schedules.
El Makroum Linear To minimize Three household scenarios
et al, 2021 Program-ming  energy cost or were studied (lower, middle,
algorithm maximize and upper class).
renewable energy  Optimization either shifts
use under loads to low-price hours or
dynamic pricing to  aligns usage with peak solar
reduce energy output. Considered EVs as a
demand based load.
dynamic pricing.
El Makroum Genetic To optimize Developed a HEMS using real-
et al,, 2023 Algorithm energy costs life data from a Moroccan
(GA) based dynamic household. The GA schedules

pricing and
maintaining user

comfort.

load while considering
dynamic pricing and user
comfort. Considered EVs as a

load.
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Table 2.3 The SHEMS with Energy Storage System

Reference Method Objective Description
Dang & Linear To reduce energy  Three scheduling schemes:
Ringland, optimization  cost and reduce  immediate, amortize, and lazy
2012 formulation peak energy scheduling. The model
consumption with  integrates residential PV,

a dynamic pricing  battery storage, and EVs as
controllable loads to shift
demand and reduce grid
reliance.

Tsui & Chan, Convex To minimize Battery-assisted appliances are
2012 Programming  electricity costs modeled to shift loads
(CP) by optimizing between time slots, and the
appliance model considers dynamic
scheduling under  pricing, RES integration, and
real-time pricing battery constraints.
(RTP).
Shirazi & Mixed integer ~ To minimize The HEMDAS model
Jadid, 2015  non-linear energy costs under coordinates appliance uses and

programming
(MINLP)
controllable

appliance and

distributed energy

resources.

the RTP schemes

by scheduling the

energy resource scheduling
while maintaining user comfort
and enabling demand

aggregation across households.
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Table 2.3 The SHEMS with Energy Storage System (continue)

Reference Method Objective Description
Rasheed et A knapsack- To reduce The algorithm schedules
al,, 2015 based WDO (K- electricity cost and appliances based on TOU
WDO) peak load while tariffs, balancing energy savings
algorithm preserving user and comfort across multiple
comfort. scenarios and appliance types.
Kapoor & Genetic To generate an Tested on real residential load

Sharma, 2019

Algorithm (GA)
and Interior-
Point (IP)

optimization

optimal hourly
charge/discharge
schedule for the

BESS to minimize

daily energy cost.

and solar generation data
across varying weather
scenarios, accounting for

battery constraints and TOU
pricing.

Qais et al.,

2023

Random
Integer Search
Optimization
algorithm

(RISO)

To minimize
electricity costs
and achieve zero

grid energy

consumption while

maintaining user
comfort through

price-based DR.

Optimal day-ahead load
scheduling based on weather
forecasts and user comfort
schedules-based habits for
residential customers living in
Hong Kong with three scenarios

(with/without PV, battery).
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Table 2.4 The SHEMS with Electric Vehicles

Reference Method Objective Description
Lee & Choi,  Linear To shave peak Utilizes Plug-in Hybrid Electric
2014 programming  load at the home Vehicle (PHEV) as an energy
techniques by scheduling source via V2G to store energy
power in home ESS and reduce peak
consumption. load demand.
Melhem et Mixed Integer To minimize the  Consider eight different
al,, 2017 Linear electricity cost for  scheduling scenarios combining
Programming  households by various residential generation
algorithm optimizing the (like PV) and consumption
(MILP) scheduling of systems. This work integrates
energy production DERs (Distributed Energy
and consumption  Resources), including EVs and
using TOD pricing.  batteries, under TOD tariffs. The
role of EVs is a load.
Duman et al.,, Mixed Integer To both reduce Load scheduling model under
2018 Linear the electricity bills TOU pricing. Appliances,

Programming
algorithm

(MILP)

of the consumers
and reduce the
peak power of the

electricity grid.

including washing machines,
dishwashers, and electric
vehicles (EVs) are treated as
controllable loads to shift
energy usage to off-peak

periods.
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Table 2.4 The SHEMS with Electric Vehicles (continue)

Reference Method Objective Description
Hou et al,, Mixed integer  To minimize Proposes a smart home energy
2019 linear electricity costs ~ management method
programming while ensuring integrating ESS and V2H
(MILP) user satisfaction  systems. The model includes a
under RTP. coordinated charging/
discharging strategy, enabling
V2H operation where EVs can
supply power to the home.
Singh et al.,  Mixed Integer ~ To reduce An appliance scheduling and
2019 Linear residential energy management model that
Programming electricity considers grid, PV, battery, and
algorithm expenditure EVs. The framework evaluates
(MILP) using day-ahead  three different operational
TOU pricing. scenarios, including cases with
and without V2H integration.
Singh et al.,,  MILP and Rain  To minimize This model Incorporating V2H
2021 flow Cycle energy costs and BESS. A novel aspect is the
Counting and reduce BESS  use of RCCA to estimate battery
algorithm replacement costs degradation from
(RCCA) through optimal ~ charging/discharging cycles.
load
and energy

management.
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Table 2.4 The SHEMS with Electric Vehicles (continue)

Reference Method Objective Description
Rehman et  Hybrid of GA,  To minimize Each appliance in the smart
al,, 2021 WDO, and PSO electricity cost, home is scheduled using GA,

(HGPDO) peak-to-average BPSO, WDO, BFO and the
algorithm ratio (PAR), and proposed optimization
carbon emissions  technique, HGPDO. EVs are
under RTP tariff handled as controllable loads.
Chreim et al.  Hybrid To optimize next- The SHEMS model is validated
2022 heuristic day residential using real consumption data
algorithm load scheduling from a smart home in
combining PSO with a balance Loughborough, UK. And
and BPSO between electricity enabling V2H operation
cost reduction and
user comfort.
Kanakadhurga Binary Particle To reduce grid This study integrates V2H, RES,
& Prabaharan, Swarm dependency and  and BESS into a SHEMS
2024 Optimization  electricity costs by framework. The proposed
algorithm scheduling approach demonstrates five
(BPSO) appliances based  case scenarios using real RTP

on RTP.

tariffs in India.




21

Table 2.4 The SHEMS with Electric Vehicles (continue)

Reference Method Objective Description

To minimize
Hybrid Particle
electricity costs,
Swarm
manage energy Considers energy from grid,

usage to avoid RES, ESS, and EVs with V2H

Optimization

Proposed  Linear

peak hours, and functionality, and optimizes the
Framework  programming

optimize power operation of eighteen

algorithm

consumption household appliances.
(hybrid PSO-

under TOU-based
LP)

DR.

2.3 The SHEMS with the grid-connected only

In the simplest case, the SHEMS relies solely on the power from the grid, which
can be modified and applied in wide problem formulations. Home energy
management (HEM) and load scheduling problems with the power grid usually focus
on optimizing the scheduling of power consumption in households based on Demand-
Side Management (DSM) tactics through various optimization methods to reach
different objectives. Many researchers used power scheduling in one process in their
framework to implement the main objective. Kin Chong Soo et al. (2011) suggested a
smart home appliance scheduling using mixed integer linear programming (MILP) to
optimal power and minimize total electricity cost while satisfying operational
constraints and consumer preferences. Their study utilized real spot price data from
spot pricing in Sweden and New York City. This work introduced the concept of power
profile signals to adjust the expected operation duration and power ratings of
appliances. Logenthiran et al. (2012) introduced a heuristic-based Evolutionary
Algorithm (EA) for day-ahead load shifting, capable of managing a large number of

controllable devices of several types and achieving substantial savings while reducing
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the peak load demand of the smart grid, demonstrating the potential of heuristic
approaches in DSM problems. In 2016, Kai Ma et al. studied the power scheduling
problem for residential consumers in smart grids. An optimal scheduling strategy for
power scheduling under the day-ahead price can achieve a desired trade-off between
the electricity payments and the discomfort. When the electricity prices are announced
ahead of time, the consumers can regulate the operations of appliances to reduce
costs and maintain their comfort. Later, Zhu et al. (2019) developed an algorithm for
scheduling smart home appliances that uses the Markov decision process (MDP) to
transition the finite power consumption states of the elastic appliance. The study
introduced a modified Simulated Annealing algorithm (SA-RTP) is an ideal method to
adjust the power balance between supply and demand, which maximizes social
welfare based on the MDP. In 2020, Trinadh Pamulapati et al. presented a multi-
objective evolutionary algorithm with the optimal Pareto front approach for home
appliance scheduling, which considered two conflicting objectives: minimizing user
dissatisfaction and minimizing the electricity cost. Their model implicitly modeled user
preferences using historical appliance usage patterns obtained through energy
disaggregation and enabled interactive adjustment of scheduling priorities. Also in 2020,
Zakaria Yahia and Anup Pradhan formulated a Multi-Objective MILP (MOMILP) model
for appliance scheduling across multiple households. Their approach aimed to reduce
electricity costs, decrease user inconvenience, and flatten the aggregated peak load.
The model incorporated consumer preferences and operated under TOU pricing,
yielding Pareto-optimal trade-offs between objectives. In 2023, Mukund Subhash Ghole
et al. represent an appliance scheduling model having a Nowcasting Central Controller
(NCQO), which is optimized in real-time. This model is designed for residential devices
using continuous RTP and targets optimizing the device schedule in the current time
slot using the swap-based Butterfly Particle Swarm Optimization (BFPSO) approach.

Recently, W. Piawises and K. Chayakulkheeree (2024) proposed a simple energy
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management algorithm for smart homes. Each appliance is decided to manage power
consumption from the grid using TOU-based demand response (DR) using the linear
programming (LP) method, which can reduce electricity costs and the burden on the
grid during peak hours. In summary, grid-connected SHEMS models offer a strong
foundation for exploring various optimization strategies applied to appliance
scheduling. Despite relying solely on grid power, these systems demonstrate a wide
range of techniques from exact methods to metaheuristic approaches, which are
designed to address different objectives. Their adaptability and simplicity make them
flexible bases for extending toward more advanced energy management scenarios,
including hybrid systems with renewable integration, which are discussed in the

following sections.

2.4  The SHEMS with Renewable Energy Sources (RES)

The SHEMS integration of RES, such as solar or wind energy, adds a layer of
complexity to energy management due to the uncertainty of renewable energy. The
power balance of renewable energy generation with grid usage is an important keyword
for minimizing electricity costs and alleviating grid burden during peak periods. Over
the past decade, numerous studies have explored SHEMS incorporating RES to manage
power consumption from the erid and RES, which improves cost efficiency and system
sustainability. An-appliance scheduling model using Binary Particle Swarm Optimization
(BPSO) is presented by Ullah et al. (2015). The home has solar rooftop renewable
energy source (RES) generation, six different household appliances, and EV charging as
a controllable load. This proposed model efficiently schedules the electricity
consumption based on a TOU pricing scheme in a dynamic pricing environment to
benefit the consumer by minimizing electricity costs. At the same moment, Qayyum
et al. (2015) proposes a solution to the problem of scheduling a smart home based

on the mixed-integer programming (MILP) technique. This model adopts a PV panel as
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a power-producing appliance that acts as a microgrid. Seven different appliances are
scheduled with two objectives, the first objective deals with the lowering of electricity
cost, and the second objective deals with minimizing peak load for operating the
appliances based on a 24-hour ahead TOU electricity tariff. Prakash Pawar et al. (2018)
suggested a methodology to carry out demand response management on both the
grid power and solar power in unison by dividing scheduling assuming only solar power
is available and scheduling assuming only grid power is available and then merging to
have the most efficient utilization of the resources available. The prioritization and
scheduling (PAS) algorithm was implemented based on time-of-day (TOD) pricing to
minimize the total energy consumed by all the loads and minimize the energy
consumed in every time step in real-time. For the same moment, Yahyaoui et al. (2018)
present a multi-start random constructive heuristic algorithm that balances electricity
payments and user comfort. Their model determined the optimal combination of
appliance priority and usage time based on the availability of solar energy and TOU
pricing. EL Makroum et al. (2021) represent a load-scheduling model using linear
programming based on dynamic pricing and renewable energy. The proposed model
considers multiple constraints along with an optimization function that either
minimizes the energy bill or maximizes the use of renewable energy generation within
a household to reduce the energy demand in Morocco. After that, El Makroum et al.
(2023) developed a home energy management system able to achieve optimized load
scheduling for the operation of appliances based on the genetic algorithm (GA), not
only taking into account the dynamic pricing of electricity to optimize energy costs but
also the optimization for solar energy usage as well as maintaining user comfort,
demonstrating the increasing relevance of adaptive and data-driven approaches in RES-
integrated SHEMS.

These studies reflect the growing complexity of SHEMS designs that incorporate

RES. Despite variations in objectives and optimization techniques, they share a
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common goal: to build a more flexible, efficient, and sustainable smart home energy
ecosystem. These foundational works also provide crucial insights for future research,
especially in hybridized systems where RES integration must be carefully managed in

conjunction with other distributed energy resources.

2.5 The SHEMS with Energy Storage System (ESS)

The integration of Energy Storage Systems (ESS) into SHEMS enhances system
flexibility, reliability, and cost-effectiveness. The smart home integrated battery not
only stores surplus energy generated from RES or purchased grid power during off-peak
hours for later use but also provides backup energy for smart homes when there is
high peak demand and electricity prices. This functionality positions batteries as both
consumers and providers of energy, playing a key role in demand response (DR)
programs. SHEMS with battery problems offers both advantages and challenges in
solving issues. Accordingly, nonlinear and hybrid optimization techniques are
frequently employed to manage and optimize battery usage in SHEMS models. Dang
and Ringland (2012) present an optimal load-scheduling algorithm for smart grids with
local renewable energy sources and energy storage. Their model considers three
energy dispatch strategies: immediate, amortized, and lazy scheduling. The grids are
assumed to allow consumers to both buy and sell energy, and the retailers have
dynamic pricing with inclining block rates. The algorithm achieves its optimality by
formulating a linear optimization problem that can be solved efficiently. At the same
moment, Tsui and Chan (2012) study a convex programming (CP) DR optimization
framework for the automatic load management of various household appliances in a
smart home and propose a regularization technique to transform the mixed integer
nonlinear program (MINLP) to a standard CP, which can be solved more readily.
Electricity allocation of various appliances based on battery-assisted and model-based

appliances in the smart home under RTP. Rasheed et al. (2015) introduced a knapsack-
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based wind-driven optimization (K-WDO) algorithm for residential load scheduling. The
model incorporates the different appliances based on hourly electricity prices (TOU)
during on-peak and off-peak hours in conjunction with user preferences. Moreover, it
proposes that SHEMS incorporate a renewable energy resource during critical hours for
grid stability, electricity cost reduction, and user comfort. At the same time, Shirazi and
Jadid (2015) represent a mixed integer non-linear programming (MINLP) to achieve
home energy management with distributed energy resources (DERs) along with both
electrical and thermal appliance scheduling (HEMDAS) to optimize residential energy
consumption under dynamic pricing, which tries to achieve a favorable trade-off
between minimizing the energy costs as well as the inconvenience for the operation.
Household tasks along with DER operation are scheduled according to electricity real-
time price (RTP) and natural gas fixed price. HEMDAS offers a feasible solution to
optimal energy management for diverse load scenarios. Later, Kapoor and Sharma
(2019) developed an optimal charging and discharging schedule for a PV battery storage
system formulated to maximize the net saving in the electricity bill of a residential
customer considering intermittent PV output due to varying weather conditions. The
impact of changing weather conditions on PV power output is considered by taking
different cases of cloud cover. The optimal battery scheduling algorithm based on TOU
tariffs is implemented by utilizing a conventional interior point (IP) and the genetic
algorithm (GA) method. Most recently, Qais et al. (2023) developed a home energy
management (HEM) schedule using solar PV and battery systems implemented by a
random integer search optimization (RISO) for an optimal day-ahead load schedule
based on the day-ahead weather forecast and consumers’ comfort time range
schedule to help consumers achieve cost-effective, zero-grid energy consumption. This
approach not only supports user comfort and carbon footprint reduction without
sacrificing comfort load scheduling but also aligns with the Hong Kong government

policy of encouraging homeowners to contribute to lowering their carbon footprints
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by feeding extra PV power into the grid. In summary, SHEMS with ESS enables more
adaptive and resilient home energy optimization. The integration of batteries presents
both opportunities and technical challenges, encouraging the development of refined
optimization algorithms that balance economic and environmental goals while

preserving user comfort.

2.6 The SHEMS with Electric Vehicles (EVs).

Nowadays, people are turning to EV users in large numbers because using EVs
reduces the need for gasoline and diesel, helping to save the environment instead of
using conventional combustion vehicles. The SHEMS addition of EVs is the basic case
in recent smart homes. EVs are similar to transportable batteries, as EVs can act as
both energy consumers and possible energy sources through vehicle-to-home (V2H) or
vehicle-to-grid (V2G) systems, further complicating the energy management process.
Many studies apply advanced mathematical and metaheuristic optimization
techniques to address these complexities. Lee and Choi (2014), proposed power
consumption scheduling for shaving peak load at the home level using linear
programming techniques. Their system integrates the erid, residential ESS, and plug-in
hybrid electric vehicles (PHEVs), where the optimized energy management system
(OEMS) coordinates the charging and discharging processes. PHEVs are utilized as
backup storage to alleviate grid load via V2G. Duman et al. (2018) applied a mixed
integer linear programming (MILP)-based home energy management system (HEMS)
under a TOU rate. In this HEMS, a smart home comprises washing machines,
dishwashers, and electric vehicle loads. EVs in this work are considered as a load for a
residential household to overcome problems that could possibly arise from high
penetration of the EVs to the grid in the near future.

The SHEMS were rapidly developed years ago; many works proposed modeling

of the smart home comprised of a conventional power grid, RES such as PV systems
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and wind turbines, battery storage systems, EVs, and integration of controllable
electrical home appliances. This basic modeling pushes the SHEMS problem more
challenging. Numerous SHEMS problems can be extended and proposed optimization
solutions. For example, Melhem et al. (2017) proposed a Mixed Integer Linear
Programming (MILP) method to solve the appliance scheduling model in various smart
grid configurations, focusing on minimizing the electricity cost for households by
optimizing the scheduling of energy production and consumption by time-of-day (TOD)
pricing. Hou et al. (2019) focused on a comprehensive smart home optimization model
incorporating RES, ESS, and plug-in EVs (PEVs). Using MILP under real-time pricing (RTP)
for a minimized cost of electricity with guaranteed user satisfaction. A dedicatedly
designed charging and discharging strategy for both the ESS and EV, considering their
capital costs, is proposed to integrate them into the HEMS to provide better flexibility
and economic advantages, as well as to extend the life of the batteries. At the same
time, Singh et al. (2019) investicated how a Residential Energy Management System
(REMS) was used to optimally manage energy from DERs as well as the operation of
shiftable appliances using the day-ahead TOU pricing strategy and the MILP technique
to achieve the lowest cost. In a subsequent study, Singh et al. (2021) extended a MILP-
based Energy Management and Load Scheduling System (EMLSS) model that optimally
controls household appliances and manages energy received from DERs other than
the utility grid using day-ahead TOU pricing. The simulation of the MILP data was fed
into the Rain Flow Cycle Counting algorithm (RCCA) to determine the capacity
degradation of the home BESS until it reached the End of Life (EolL). Meanwhile,
Rehman et al. (2021) proposed an efficient load scheduling and energy management
controller (LSEMC) for smart home buildings achieved by shifting the demand in
response to RTP to reduce the electricity bill, peak-to-average ratio (PAR), and carbon
emission. LSEMC is implemented by heuristic algorithms, i.e., genetic algorithm (GA),

wind-driven optimization (WDO), binary particle swarm optimization (BPSO), and
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bacterial foraging optimization (BFO), and compared with their suggested hybrid of GA,
WDO, and PSO (HGPDO) algorithm. Chreim et al. (2022) developed LOSISH, a price-
based demand response (DR) system for load scheduling in smart homes that considers
RESs, BESS, and plug-in electric vehicles (PEV). A hybrid PSO-BPSO algorithm for day-
ahead load scheduling, balancing electricity cost and user comfort. This research uses
consumers’ preferences from the real data of their smart home in Loughborough, UK.
Most recently, Kanakadhurga and Prabaharan (2024) proposed a Binary Particle Swarm
Optimization (BPSO) algorithm for appliance scheduling considering RTP and dynamic
availability of DERs, BESS, and EVs were integrated as V2H support. With excess energy
exported to the grid under an Indian feed-in tariff scheme. Appliance scheduling using
BPSO to reduce grid dependency and electricity costs by optimizing SHEMS.

These studies illustrate a wide range of optimization strategies that address the
dual role of EVs in energy consumption and supply. In conclusion, integrating EVs into
SHEMS models represents an essential step toward decentralized and resilient energy

systems.

2.7 Research Gap based on the Literature Overview

Smart home energy management systems (SHEMS) are an increasingly
important problem with multiple methods to optimize and develop SHEMS. Most
existing literature has used appliance scheduling to manage energy consumption for a
variety of objectives, including minimizing electricity prices, reducing peak load
demand, and others. Table 2.5 shows the research gap between the proposed effort
and the existing literature. According to the above-mentioned literature survey, a
number of previous researchers have applied hybrid stochastic deterministic
approaches to address complex optimization problems. Nevertheless, this class of

methods remains a subject of ongoing research interest, primarily due to the inherent
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complexity of the problems and the involvement of multiple interdependent
variables.

In this thesis, SHEMS is formulated as a two-layer hybrid optimization
framework: a heuristic layer using PSO to determine possibilities of power consumption
of battery and EV, and a mathematical programming layer using LP to handle appliance
scheduling under TOU tariffs. Recently, in addition to utilizing electricity from the grid,
the excess energy from the rooftop PV can also be sold to the household PV
purchasing scheme project by the Metropolitan Electricity Authority (MEA) and
Provincial Electricity Authority (PEA). The principal concept of this article is TOU-based
optimal home appliance scheduling (OHAS) to reduce daily electricity costs and

decrease grid dependency, which is implemented by the hybrid PSO-LP algorithm.
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2.8 Optimization Model Formulation

Optimization plays a vital role in the development of Smart Home Energy
Management Systems (SHEMS), especially when managing multiple energy sources and
scheduling appliances under specific operational constraints. This section introduces
the theoretical foundations of two optimization techniques used in this research, which

are linear programming (LP) and particle swarm optimization (PSO).

2.8.1. Linear Programming (LP)

Linear programming (LP) is one of the most basic and widely used
mathematical techniques in optimization. LP was first formally introduced by George
B. Dantzig in 1947, who developed the Simplex Method for solving optimization
problems under linear constraints (Dantzig, 1963), which laid the foundation for both
theoretical development and practical applications of LP in diverse fields such as
operations research, economics, and engineering. LP has become a core component
in optimization-based decision-making systems due to its ability to model various
problems with clear objectives and constraints when all relationships in the system
are linear. Winston (2004) explains that LP problems are especially useful not only for
their mathematical tractability but also because they can be solved efficiently, even
when involving a large number of decision variables and constraints, provided that
both the objective function and constraints are linear. Before formally defining a linear
programming problem, it is essential to introduce the concept of a linear function. A
function fix;, x5, ...,x,) of x;, x5, ...,x,, is a linear function if and only if for some set of
constants ¢y, ¢z, ...,Cp, X7, X3, X)) = Cjx; + x5 + ... t¢,x,. A linear equations

system such as:

apx;+apx;tapzxz .t a,x,= b
arx;+ ayx;taxzt..t azx,= b,
a31x1+ a32x2+a33x3+...+ a3,,xn= b3 (21)

Am1X] + AmoX2 +am3x3+ et AynXn = bm
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This system can be written as Ax = b, where

ap; ap  ap v ap X/ [b1'|

az Az dax; vt Ay [XZ] | 52|
A=|asr azx ax oay |, x=|%|, b=|b] (2.2)

: : : : 0 | ;] | : |

Ami Am2  Am3z  ° Amp LXﬂJ lan

When 4 is the matrix of coefficients, x is the vector of variables, and b is the vector of
constants. In many practical optimization problems, some relationships are expressed
as linear inequalities instead of equalities. For any linear function fix;, x,, ...,x,) and
any number b, the inequalities fix;, x5, ...,x,) < b and fix;, x5, ...,x,) = b are linear
inequalities.

In any linear programming problem, maximization or minimization of some
function of the decision variables is called the objective function. LP is a mathematical
approach for optimizing a linear objective function, subject to the values of the
decision variables satisfying a set of constraints. Each constraint must be a linear
equation or linear inequality. A sign restriction is associated with each variable. For any
variable x;, the sign restriction specifies that x; must be either non-negative (x; = 0) or

unrestricted in sign. The general form of a linear programming problem is as follows:

Minimize C'x (2.3)
Subject to Ax <b (2.4)
x>0 (2.5)

This standard form is widely used throughout LP applications and is particularly useful
in energy optimization, including smart home energy management systems (SHEMS),
where decision makers aim to minimize electricity costs while satisfying power demand

using multiple energy sources.
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2.8.2. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is a nature-inspired, population-
based optimization technique introduced by Kennedy and Eberhart (1995). PSO is a
stochastic search optimization method inspired by the collective behavior of birds
flocking, which searches for a population of particles to obtain the best solution. Where
particles adjust their positions by learning from their own experience and the
experience of their neighbors to discover optimal solutions in a search space. With this
concept, the population is defined as a swarm, and the possible solutions are the
particles. Unlike classical optimization techniques, PSO does not require the gradient
of the objective function, making it suitable for nonlinear, non-differentiable, and
complex optimization problems. It has been widely applied in fields such as power
systems, control engineering, neural network training, and smart grid energy
management due to its simplicity, flexibility, and fast convergence properties (Eberhart
& Shi, 2001).

In PSO, each particle represents a potential solution to the optimization
problem. The particles move through the search space and iteratively update their
positions and velocities based on both personal best position (pbestl.t.) and global best
position (ghest"). pbestil is the best solution the particle has found so far, while gbest’
is the best solution found by the entire swarm. The position and velocity update rules

for each particle ‘i’ at iteration ‘j” are defined as follows:

v{” =wv{+ c iy (pbestf— xl]) +czr2(gbestj- xij), (2.6)
x] =] ] (2.7)
Where,
xl.j is the position of particle / at iteration j,
vf is the velocity of particle i at iteration j
w is the inertia weight, which controls the trade-off between exploration

and exploitation,
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cj, ¢, are the cognitive and social acceleration coefficients

r;, ¥y are random numbers within the range [0, 1]

The iterative process continues until a stopping criterion is met, such as a maximum
number of iterations or convergence tolerance.

In the context of SHEMS, PSO can be applied to determine optimal values for
continuous variables such as the State of Charge (SoC) of batteries or Electric Vehicles
(EVs) or to select control parameters that lead to minimal electricity cost while
satisfying constraints. In this thesis, PSO is used to determine proper values of SoC for
battery and EV systems over a day, then passed to the LP section, which optimally
allocates energy from multiple sources to meet appliance demands. This hybrid PSO-
LP framework employs the stochastic search capability of PSO and the precision of LP,
ensuring both efficient exploration of the solution space and optimal scheduling of

energy resources.

2.9 Economic Impact Modeling

The economic evaluation of energy management systems plays a crucial role
in determining the feasibility and financial viability of implementing technologies such
as battery energy storage, electric vehicles (EVs), and renewable energy integration. In
the context of SHEMS, economic impact is often assessed based on cost savings from
reduced electricity bills, capital investments, and long-term financial returns. To
quantify these economic benefits, various financial indicators are widely used in energy
studies. These include the initial investment cost, estimated annual electricity cost
savings, and key financial indicators such as Present Value (PV), Net Present Value (NPV),

Return on Investment (ROI), and Payback Period (PBP) (Short, Packey, & Holt, 1995).
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2.9.1. Initial investment cost (IIC)
The first step in evaluating the economic viability of the system is to
determine the total cost of deploying all relevant components. These include energy

generation systems, both rooftop PV and wind turbines, and energy storage systems.

1IC= Cpy + Cwina + CBattery (2.8)

Where,
Chattery is the installation cost of the battery energy storage system,

Cpyv, Cwina are the installation costs of PV panels and wind turbines.

2.9.2. Estimated annual electricity cost savings (AES)
When the SHEMS is operational, economic benefit is realized through
reduced electricity costs. The annual energy saving estimates the amount of money

saved per year due to optimized scheduling and renewable energy usage.

AES = CBase - COptimized (29)
Where,
Chase is the annual electricity cost without optimization,
Coptimized is the annual electricity cost with the proposed SHEMS in place.

2.9.3. Present Value (PV)

Present Value (PV) is a fundamental concept in financial analysis that
refers to the current worth of a stream of future cash flows, discounted back to the
present using a specific discount rate. It reflects the principle that the monetary value
received in the future is worth less than the same amount received today due to
inflation, opportunity cost, and risk. According to Short et al. (1995), PV is computed

using the following formula:

AES

Lasny

Total PV= 2" (2.10)
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Where,

r is discount rate per year,

n is the number of years in the evaluation period.

y is specific year of the project.

This concept enables the comparison of future cost savings with present investment

and is essential for long-term planning in SHEMS projects.

2.9.4. Net Present Value (NPV)

Net Present Value (NPV) represents the difference between the present
value of benefits and the initial investment cost. It is a widely accepted indicator for
determining the economic feasibility of a project. A positive NPV indicates that the
investment generates more value than it costs, while a negative NPV suggests financial
loss.

NPV =PV -1IC (2.11)
As described by Boardman et al. (2018), NPV is considered the most theoretically sound

financial criterion because it measures the absolute value created by a project.

2.9.5. Return on Investment (ROI)

Return on Investment (ROI) is a ratio that expresses the net benefit of a
project as a percentage of the total investment cost. It is a simple but effective tool
for comparing the relative profitability of different investment options.

— NPV 9
ROI = C x100% (2.12)
2.9.6. Cumulative Discounted Cash Flow
In economic analysis, Cumulative Discounted Cash Flow (CDCF) is a

method used to evaluate the financial feasibility of a project by summing the net cash

flows over time, while incorporating the time value of money. According to this
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principle, a unit of currency received today is worth more than the same unit received
in the future due to its earning potential. As a result, all future savings or earnings must
be discounted to their present value when performing economic evaluations. CDCF is
particularly important in renewable energy and smart home investments, where the
initial investment costs are significant and the return is accumulated gradually over
time through operational cost savings. By tracking the accumulation of discounted cash
inflows, CDCF enables investors to determine how long it will take for the project to

break even. The CDCF at year y can be mathematically defined as:

AES,,
CDCF, = -+ ¥ =

i (2.13)

Where:

1y is initial investment cost,

AES, is net annual electricity cost savings (or cash inflow) at year y.

The point in time at which the CDCF becomes zero or positive (CDCF, >0) is

considered the break-even point, which marks the discounted payback period.

2.9.7. Discounted Payback Period (PBP)

To estimate the Discounted Payback Period (DPBP) more accurately,
linear interpolation is applied between the last year when the cumulative discounted
cash flow (CDCF) is still negative and the first year it becomes non-negative. This
approach enables a more precise identification of the breakeven point in present value
terms.

The DPBP is calculated using the following equation:

CDCF .

— (2.14)
CDCF,-CDCFy, ;)

DPBP =(y-1)+
Where,
y s the year in which CDCF, >0
CDCF,.;) and CDCF,, are the cumulative discounted cash flows in the year before

and at the breakeven point, respectively. This method improves upon the traditional
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payback period by incorporating the time value of money, making it a more realistic
tool for evaluating long-term energy investments.

In summary, evaluating the economic impact through financial indicators such
as NPV, ROI, PBP, and cumulative cash flows provides a comprehensive understanding
of the investment feasibility and long-term benefits of smart home energy systems.
These indicators not only support cost-saving decisions but also reinforce the practical

value of integrating renewable energy and storage technologies in SHEMS.



CHAPTER 1lI

METHODOLOGY

3.1 Introduction

This chapter outlines the formulation and computational process of the
proposed optimal home appliance scheduling (OHAS) model, which aims to minimize
daily electricity costs implemented by a hybrid Particle Swarm Optimization-Linear
Programming (PSO-LP) approach. The chapter presents the overall system architecture
and mathematical representation of the smart home system. The proposed smart
home energy management system (SHEMS) comprises four components: electrical
appliance data, renewable energy sources (RESs) model, including solar panels, wind
turbines, battery energy storage systems (BESS), electric vehicle-to-home (V2H) models,
and the connection between the smart home and the grid. An overview of the
proposed SHEMS configuration is illustrated in Fig. 3.1. As smart homes incorporate a
growing number of RESs, BESS, and EVs, the SHEMS problem becomes increasingly
complex due to the variability and interaction among components. Traditional single-
method approaches may not be sufficient to handle these challenges. Therefore, a
hybrid PSO-LP approach is adopted in this study, combining the global search
capability of PSO with the precise and constraint optimization strength of LP. This

chapter presents the foundational elements of the proposed model
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Figure 3.1 Proposed smart home model

3.2 Proposed Smart Home Energy Management System Framework
3.2.1 Electrical appliances

The future smart home is expected to incorporate a large number of
electrical appliances with varying energy demands. In this thesis, we present a selection
of electrical home appliances that are ubiquitous in every home. These appliances are
categorized into two types based on their operational flexibility: shiftable and
unshiftable (Melhem et al., 2017). Unshiftable appliances must always be on or have
a non-changed period for operation. In contrast, the shiftable appliances can flexibly
designate a time to operate to obtain the optimal solution of the proposed system.
Each electrical appliance has specific data framed based on the usage pattern of each
appliance by the consumer. The power rating (kW), the required duration of operation
(hours), and the allowable range of starting and finishing times (hours) of eighteen

different appliances (Kanakadhurga & Prabaharan, 2024). are presented in Table 3.1
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Table 3.1 The typical appliances data

Power Duration of  Starting  Ending Category of appliance

No. Appliances rating  operation time time
(kW) (hours) (hours)  (hours)  Unshiftable  Shiftable

1. Refrigerator 0.175 24 0 24 v

2. sensor 0.01 24 0 24 v

3. Air conditioner 1.15 12 12 24 v

4. Illumination 0.50 5 19 24 v

5. Dishwasher 1.70 1 9 17 v
6.  Washing machine 1.80 2 9 12 v
7. Dryer 2.50 1 13 18 v
8. Oven 2.50 2 15 19 v
9. Microwave 1.70 1 7 9 v
10.  Cooker hood 0.20 1 17 19 v
11.  Water heater 1.70 2 0 24 v
12.  Television 0.30 5 19 24 v
13.  Desktop 0.30 5 14 24 v
14.  Iron 2.70 2 5 20 v
15.  Laptop 0.10 3 14 24 v
16.  Vacuum cleaner 2.00 1 I 20 v
17.  Radio player 0.20 1 7 9 v
18.  Others load 3.00 5 0 24 v

Units of electricity are measured in kWh and the price for a unit of electricity in
Thailand is shown in THB per kilowatt hour (THB/kWh).

While Table 3.1 outlines typical usage patterns, it is important to note that the
proposed algorithm is designed to accommodate customizable appliance profiles.
Households can freely modify the duration, starting or ending time windows, or even

the classification of appliances to be shiftable or unshiftable, without compromising
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the optimization framework. This flexibility ensures the adaptability of the model to a

wide range of household settings and user preferences.

3.2.2 Renewable Energy Sources (RES) models

Renewable energy (RE) is an alternative energy to replace energy from
fossil fuels or conventional energy that is used to generate electrical power. RE is not
only clean and causes no pollution or environmental impact, but it also helps to
reduce greenhouse gas emissions, which are the cause of global warming and also
promotes community participation in electricity generation. RES are employed in the
proposed model to reduce reliance on the conventional grid and enhance the
sustainability of energy consumption in smart homes. Among the various RE
technologies, solar photovoltaic (PV) and wind energy systems are the most commonly
integrated into SHEMS. This thesis includes both solar and wind energy sources based
on the geographic and climatic conditions in Thailand, where solar energy harvesting
is more consistent and widespread, while wind energy is more unstable and location

dependent.

Rooftop solar PV model
The rooftop solar PV systems convert the solar irradiance into electrical
energy. The hourly solar power available to the proposed smart home for each hour

is calculated using the equation (3.1).

P}t)V :APVﬁ'ut’/]inv . (31)

Where Apy is the area of the PV panel, B is the efficiency of the PV panel, i’ is the
solar irradiance at the time ‘t’, and their solar power output is DC power that must be
converted into usable AC power for the household and grid by an inverter with inverter

efficiency 77, .
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Wind model
Wind power output from a wind turbine depends on the wind speed at

each hour, subject to operational wind speed limits. The usable range is defined as:
v; <v' <w,. (3.2)

Where v;, v,, and v’ represent cut-in speed, cut-off speed, and wind speed at the time
‘t’, respectively. A wind turbine reaches its maximum power output when the wind
speed is between the wind turbine rate and cut-off speed. Precise values can be
obtained from the manufacturer’s data sheet for the respective units (Saber and
Venayagamoorthy, 2010). The power output of a wind turbine is proportional to kinetic

energy; in the proposed system, the wind power is as follows:
Pl =lapd. @) (3.3)
wind ™ 5 P Awind (V) Hypppineliny - ’

Where a is the Albert Betz’s constant, p’ is the air density at the time ‘t’, Aying is the
swept area of the turbine rotor, 7, .. is the efficiency of the wind turbine rotor. Same
as solar power, wind power is DC power that must be converted into AC power via an
inverter before being supplied to the smart home.

In this study, it is assumed that appropriately sized inverters are integrated into
both the PV and wind systems, ensuring efficient energy conversion and compatibility
with household electricity demands. A typical inverter efficiency of 96% is assumed in
the proposed SHEMS.

This model enables the system to calculate the availability of renewable power from
solar irradiance and wind speed profiles. These available RESs are then integrated into
the energy management and optimization framework of the proposed smart home. In
Fig. 3.2 The solar and wind power availability for 24 hours was calculated using
equations (3.1) and (3.3) based on solar irradiance data (Energy Sector Management
Assistance Program [ESMAP], 2019) and wind speed data (Weather Spark, 2018)

throughout 24 hours in Thailand, as displayed in Table 3.2



Table 3.2 Solar and wind data for 24 hours )

Solar irradiance Wind speed
Time (hours)

(W/m?) (m/sec)
1 0 41172
2 0 3.6031
3 0 3.0846
4 0 3.6031
5 0 3.0846
6 28 4.1172
7 187 3.8602
8 283 4.6492
9 357 4.1172
10 411 4.6492
11 448 4.6492
12 470 4.8951
13 468 4.6492
14 429 5.1410
15 349 41172
16 241 5.1410
17 95 5.4092
18 1 6.7056
19 0 5.4092
20 0 4.8951
21 0 4.8951
22 0 5.6774
23 0 5.1633
24 0 5.1633

(1) Average data of Thailand in April 2024
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Figure 3.2 The typical solar and wind power in Thailand

In addition, this model allows for flexible input of renewable energy profiles,
enabling the replacement or adjustment of solar irradiance and wind speed data for
different days, months, or seasons as needed. This capability supports broader scenario
analysis and enhances the applicability of the proposed system under varying weather

and environmental conditions.

3.2.3 Battery and V2H models

In this work, the battery energy storage system (BESS) and electric
vehicles (EVs) can operate as both energy storage devices and auxiliary power sources
for the smart home. When electricity prices are low, batteries and EVs can be charged
from the grid. Alternatively, when RE produced by households is sufficient and exceeds
the energy required for household appliances, surplus REs can charge batteries and
EVs. In contrast, when electricity prices are high or REs are insufficient to satisfy
electrical appliance demand, batteries and EVs can be discharged to meet energy
demands. This BESS and vehicle-to-home (V2H) operation enhances system flexibility
and reduces grid dependency by managing energy usage based on dynamic pricing and

energy availability. The battery and EV specifications are provided in Table 3.3. In this
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study, a C-rate of 1 is assumed for both the battery and EV, indicating that the devices
can be fully charged or discharged within one hour under rated conditions.

Table 3.3 Battery and EV specifications

Total Chargingand  pjinimum  Maximum Arrival Departure
. discharging time time
capacity o SoC SoC
efficiency (hour) (hour)
Battery 10 kWh 95% 0.2 0.9 - -
EV 50 kWh 90% 0.2 0.9 17.00 09.00
Battery model

The battery energy storage system (BESS) plays a critical role in
enhancing the reliability and flexibility of many smart homes. Battery not only
improves reliability in a home's electrical system, but it can also help reduce costs and
grid dependency when power from the grid has a high electricity price, the battery can
be discharged to supply the demand. The constraints of the state of charge (SoC) limits

in the battery are given below,

SoCH™ < SoCh < SoCH™, (3.4)
SOCt :SOCt_I +( Plé,c/z _Plli,deh XnB) (3 5)
Ly B np X capacity,  capacityp ’ )

where SoCp represent the SoC of the battery at the time ‘t”. SoC#"™ and SoCa™ are
the minimum and maximum limit of the state of charge. Battery should not be charged
or discharged more than this limit. In Eqg. (3.5), updating the SoC of the battery can
provide power to charge or discharge from the battery in each time slot. The power

charging and discharging limit of the battery is as follows:
0<Pg ., <Pg%,, for charging state, (3.6)

- PG <P gn <0, for discharging state. (3.7)
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Where, Pé’ o and Pé’ Jen are the power charge and discharge from the battery at the
time ‘t” respectively, Pg'e, , and Pg'Gy, are the maximum power charging and
discharging limits. These constraints guarantee that the battery only operates within its
safe charging and discharging limits. The battery cannot simultaneously charge and

discharge in the same time slot.

V2H model

Nowadays, more and more people are turning to electric vehicles (EVs)
instead of conventional internal combustion engine vehicles. Recent advancements in
EV chargers now support vehicle-to-home (V2H) functionality, allowing EVs to serve
not only as transportation but also as portable energy storage units acting as a backup
to supply emergency power directly to the home. For this work, the EV is modeled
similarly to a battery system, the SoC of the EV battery at the time ‘t” is provided in

Egs. (3.8) - (3.9).

SoCH" < SoChy < SoCpd™ (3.8)
L P}/ P} XN

SoChy = SoCH +(—Tha__ Toids o) (3.9)
Ngy X capacity p, capacity gy,

Where SoC2" and SoCA%* are the minimum and maximum limit of the SoC. Similar
to battery modeling, EV battery should not be charged or discharged more than the
SoC limit. From The hourly update of the SoC for the EV battery is defined in Eq. (3.9)
which can provide power from the EV battery to charge or discharge in each time slot.

The EV battery power charging and discharging limits are as follows:
0<Pgy o <PH"n, for charging state, (3.10)
-PEFaen <Pgy aon <0,  for discharging state. (3.11)

Where, PéK o and PgK Jen Are the power charge and discharge from the battery in EV

at the time ‘t” respectively, Pgy"c; and Py qe, are the maximum power charging and
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discharging limits. These constraints ensure that the EV battery operates within safe

SoC and power limits during its interaction with the home energy management system.

3.2.4 Connection between the smart home and the grid

Demand Response (DR)

Demand Side Management (DSM) is energy management on the
consumer side or operations on the demand side of electricity usage that can be
divided into two dimensions: Energy Efficiency (EE) is the improvement of the energy
usage process of equipment and systems to use less energy while still getting the same
results. And Demand Response (DR) will focus on encouraging electricity consumers to
change their behavior or reduce their energy usage in a short period for the main
purpose of gaining some benefit from that behavior change. DR is often aimed at
reducing energy consumption during peak demand periods.

According to Siano (2014), Demand Response involves “changes in electric usage by
end-use customers from their normal consumption patterns in response to changes in
the price of electricity over time, or to incentive payments designed to induce lower
electricity use at times of high wholesale market prices or when system reliability is
jeopardized”. There are two fundamental categories of DR options:

The price-based DR is the price of electricity that fluctuates following variations in the
underlying costs of electricity production, such as TOU, RTP, and CPP rates.
Incentive-based DR represents contractual arrangements designed by policymakers,
grid operators, and load-serving entities to elicit customer demand reductions at critical
times such as peak hours (Qdr, 2006).

In the proposed system, price-based demand response (DR) plays a vital role in guiding

the scheduling of appliances, battery storage, and electric vehicles.
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Figure 3.3 Demand Response Options

Time of Use (TOU)

Time-of-use rates have a common goal to incentivize customers to
consume energy when the electricity prices are low because the country has low
electricity demand, allowing power plants to operate using fuels with lower prices to
produce electricity (off-peak hours) and to disincentive energy consumption when the
electricity prices are high because the country has a high electricity demand. The
Electricity Generating Authority of Thailand (EGAT) must provide all types of fuel, both
high and low prices, to produce electricity in order to meet the demand during this
period (peak hours). The Time of Use Tariff in Thailand is an electricity tariff that reflects
the cost of electricity production (Metropolitan Electricity Authority [MEA], 2023),
divided into two time periods:

Peak : 09.00 a.m.-10.00 p.m., Monday-Friday
Off-Peak : 10:00 p.m.-9:00 a.m. Monday-Friday

: Time 00.00-24.00 Saturday-Sunday, National Labor Day, Royal Ploughing
Ceremony Day that falls on Saturday-Sunday, and normal public holidays (excluding

compensatory holidays).



Table 3.4 Time of Use (TOU)

Energy Charge
Service Charge
Time of Use Rate (TOU) (Bath/kwh)
(Bath/Month)
Peak Off-Peak
At voltage level 12-24 kv 5.1135 2.6037 312.24
At voltage level lower than 12 kV 5.7982 2.6369 24.62
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For residential in the proposed system, time of use rates (TOU) at voltage levels lower

than 22 kV. Energy charge when peak is 5.7982 THB/KWh and off-peak is 2.6369

THB/KWh. Shown in Fig.3.4
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Figure 3.4 Hourly electricity time-of-use tariff in Thailand

The household PV purchasing scheme

The household PV purchasing scheme is a government-supported

initiative implemented by the Metropolitan Electricity Authority (MEA) and the

Provincial Electricity Authority (PEA) to promote residential solar photovoltaic (PV)

adoption. Under this program, electricity generated from rooftop PV systems is
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primarily intended for self-consumption within the household. Any surplus energy not
consumed on-site can be sold back to the grid. This project contains four conditions.
First, the household rooftop PV energy is generated for self-consumption in smart
homes; if there are excessive amounts, the excess solar energy can be sold to MEA or
PEA. Second. Being a natural or juristic person who consumes Type | residential
electricity. Third. Own an electrical meter to accurately measure the amount of
electrical energy delivered or received from the grid. And fourth, the installed PV
system must be connected to a low-voltage network and comply with local technical
regulations regarding capacity and safety standards.

In this work, the conventional household PV purchasing model is extended.
The proposed model not only allows the household to sell excess PV generation to
the grid but also incorporates the proposed SHEMS to optimize when and how PV
energy is used, stored, or sold, depending on electricity prices, demand levels, and
system constraints.

Table 3.5 Electricity purchase information

Electricity purchase rate

Electricity purchase period (years)
(THB/unit)

2.20 10

Grid power limit

The power supplied by the utility grid in the proposed smart home is
constrained by a maximum allowable limit. This assumption ensures that the residence
always retains the option to consume electricity from the grid when renewable or

stored energy sources are insufficient. The constraint is defined as follows:

0<Pgiy<Pgii. (3.12)

el represents the

Where, Pgtr,-d denotes the power drawn from the grid at time ‘t’, P,

maximum grid power limit.
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3.3 Objective Function

The proposed method applies a hybrid Particle Swarm Optimization-Linear
Programming (PSO-LP) approach to solve the Optimal Home Appliance Scheduling
(OHAS) under TOU-based Demand Response (DR). The model aims to determine the
proper hours and optimal energy management to operate each electrical appliance
and optimally allocate energy from can select energy to consume from 5 available
energy resources comprising power from the grid, rooftop solar PV, wind turbine,
battery, and EV to pursue minimum daily electricity costs. In this framework, PSO is
responsible for searching the optimal State of Charge (SoC) values for the battery and
EV, while the optimal power value is processed to LP to complete the OHAS
concurrently. In addition, appliances can select power from each energy source to
consume. This synergy combines the global search capability of PSO and the
constraint-handling precision of LP to minimize electricity costs. The objective of the

proposed system is to minimize the total daily electricity cost (TDC), expressed as:
. H NT ¢ |
Minimize 7DC= ), ~ C' % Py, (3.13)

Where, P}, is the total power demand and C' is the electricity cost at the time ‘¢’.

NA
P%otal: Zmzl(PLtoad' PlgV“PlfVind—’_ PZ§’+PEtV) ’ (3.14)
P} _[ P P (3.15)
: — Py, Ph g’ '
Pt Pt
Py, ={ P ET (3.16)
o — Py, Phyach ‘

form=12 3 .., NA andtimet=1,2 3 .. 24 hours, when,
Pl44 is the optimization variable in the LP section, which is the sum of power

consumption from all appliances in each time slot,
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P} and Pf are the optimization variables in the PSO section, that is, a power charge
or discharge from the battery and battery in EV, which can be obtained from the SoCp
and SoCpy at the time ‘t’,

P}y and Pl are the available RE power generated from the rooftop solar PV and
wind turbine at any time slot ‘t’, respectively.

For P%,,,; and C' the conditions are defined as follows:

P[ _ {P(gfridr PYtbml >0 (3 17)
Total — t t ’ :
P excess» P Total <0
Ct Pt = Pt )
t_ buy> * total gri
C'= {C” o (3.18)
sell» total excess

Where, P}, refers to either the power drawn from the grid (Pgtrid) or to the excess
power (Pl ..). When P/, is more than zero, it indicates that there is insufficient power
for P} .4 to consume during that time slot or that P} and Pf; require more power to
charge the battery than REs power are available. The grid will always provide power in
this situation. On the other hand, P}, is less than zero, which indicates that P/, ,; has
adequate power to consume during that time slot, and the smart home gets the excess
discharge power from P}, and P};. However, the proposed method permits the sale
of additional power generated by the rooftop solar PV to the household PV purchasing
scheme project from MEA. Then, the excess energy from other resources will be
neglected and not considered when calculating the minimum TDC.

From Eq. (3.18), define C' as the cost of electricity at the time ‘t’, which can switch
between the cost of buying energy (Cbtuy) and the income from selling excess energy
(CL;). When P/, is greater than zero, C;fuy gets used to compute grid power usage
with TOU rates. Conversely, P/, is less than zero, and Cl,; is used to calculate the

power excess with the purchasing rate power from MEA.
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Although the household may receive energy from RESs, or discharge from BESS
and V2H, the electricity cost is only incurred when energy is drawn from the grid.
Therefore, the optimization aims to shift energy usage to cheaper time periods and

prioritize renewable and stored energy whenever possible.

3.4 Constraints

In addition to the battery and EV charge/discharge constraints previously
defined in Eq. (3.6) and Eq. (3.9), the objective of electricity cost minimization must be
achieved by satisfying several operational constraints. These include appliance
operation constraints, power balance constraints, and OHAS constraints and

boundaries.

3.4.1 Appliance operation constraints
In the proposed model, household appliances are classified into
shiftable and unshiftable loads. Unshiftable loads are fixed and must operate during a
specific time, whereas shiftable appliances are scheduled flexibly within a defined

duration of operation and starting to ending time range.

0, if t<T). cartine and t>T} oo
¢ { f m, starting m, ending (3.19)

Lif =T, rZ starting and (=T, nta ending .
Where 4’ is the binary variable ON/OFF state of operation for each appliance ‘m’ at
the time ‘t” using the binary variables ‘1’ denotes ON and ‘0’ denotes OFF status.
When appliance ‘m” is within their starting to ending time range, the status of operation

A}, can be either ‘1’ or ‘0’ which is decided by their duration of operation, all available

energy resources, and the hybrid PSO-LP based on the TOU or RTP tariff.
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3.4.2 Power balance constraints
To ensure the reliable operation of the SHEMS, the total power
supplied must always be balanced with the total power demanded. This

requirement is represented by the power balance constraint as given by:
t 1 t t t _ t 4 t t
Pgrid+PPV+ Pwind+PB, dch +PEV, dch ™ PLoad+PB, ch +PEV, Ch+P€)CC€SS’ (320)

Power consumption from all appliances is calculated by the product of the proper
ON/OFF state of operation A4}, and the power rating of each ‘m” appliance for m = 1,
2, 3, .., NA, The total load power consumption from all appliances at time ‘¢’ is
calculated as below,

NA

m=1

PLtoad: Z (Ain Pn/;ating) . (3.21)

3.4.3 OHAS Constraints and boundary
In the proposed SHEMS framework, LP is utilized to determine the
optimal home appliance scheduling (OHAS) and P/,,; to achieve the objective
function in Eq. (3.13). P}, 44 is derived from the optimal power scheduling matrix Ppoqea
which represents the scheduled power consumption for all household appliances

across all time slots.

Boundary

To ensure feasibility, the total scheduled load power must remain
within the range defined by available energy resources. The lower boundary of Pr,.4
is zero, denotes the minimum allowable power usage, while the upper boundary is
Pprps, represents the maximum power available from all energy resources throughout

the day. Therefore,

0<Ppous < Prs - (3.22)
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Where,

Pload = Pload, 1, Pload, 25 Pload, 3 1)load, NA ](24xNAxNER)x1 ) (3.23)

Pers =[P P P P . (3.24)
ERS = [ TERS, 1, TERS,2> TERS, 3> FERS,NALL 00 aner

For each appliance m, the power consumption and available power energy resource

n are represented as:

Pload, m= [PLm, 1, PLm, 2, PLm, KITREN PLm, NER](MXNER)X] ’ (3.25)

PERS, m= [PEm, 1, PEm’ 2, PEm, 3,een, PEm, NER] (326)

1x(24xNER)’

Each energy resource Py, , is detailed as follows:

PLuvn =1PLoy n. PLay o Pl e PLi 1, (3.27)
PEw, 0 =tPEp, n PEn o PEy, . PEmin . (3.28)

Wherem=1,2 3, ..,NA, n=1,2 3 .., NER and time t = 1, 2, 3, ..., 24 hours.

PL}, , is the power consumption from appliance ‘m’ from ‘n” energy resources at the
time ‘t” and PE,, , is the power available from ‘n” energy resources at the time ‘t” for
each appliance ‘m’. This constraint ensures that the total power allocated to
appliance operation does not exceed the system’s energy capacity at any given time

slot, enabling reliable and cost-effective energy management.

Equality constraints

These constraints are used to ensure that each shiftable appliance
operates for the appropriate duration for turning appliances on or off, considering all
possibilities within 24 hours of operating. The total scheduled power consumption
must match the predetermined demand pattern for each appliance, considering its

power rating and operational duration. The constraint is expressed as:

AS ° PLoad = DP . (329)
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Where,
[ASI 0 0o - 0 ]
| 0 AS, 0 - 0 |
AS=1 0 0 AS; - : . (3.30)

: : i ) 0
0 0 0 ASNA

For each appliance m, the submatrix AS,, is defined as:

ASm= [ASHm’ 1» ASHm, 25 ASHm, 39 eeey ASHm7 NER]]><(24><NER). (331)

Each ASH,, , is represented as:

ASH,, \=[4SH,, ,, ASH, 0 ASH, ooy Ayt ] (3.32)
Additionally, the duration matrix DP is expressed as:
DP=[DP,, DP,, DP,, .., DP,]] \ .. (3.33)

Form=12 3 .,NA,n=1,2 3, .., NER, and time t = 1, 2 3, ..., 24 hours.

The matrix AS is a block diagonal matrix whose diagonal contains blocks of smaller
matrices of AS,, corresponds to the status of appliance m. Each ASH,i,’,, represents
the ON status with a range of starting and finishing times (hours) for each ‘m” appliance
at time ‘t'fort =1, 2 3,, .., 24 hours with energy resource n = 1, 2, ..,NER, and DP,,
is the total energy (in kWh) required by each appliance over the entire scheduling
period, calculated as the duration of operation (hours) multiplied by power rating each
‘m” appliance. This equality ensures that the optimization process strictly enforces

appliance power demands over the day.

Inequality constraints

The inequality constraints ensure that the total power consumption
from all scheduled appliances does not exceed the available power from all energy
sources at each time slot. This is important for maintaining system feasibility and
preventing the load from demanding more power than the system can provide. The

constraint is defined as:
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AR * PLoad S PR. (3.34)
Where,
E, 0 0 - 0
0 E, 0 - 0
AR=|10 0 E; -- N (3.35)
: : P 0
0 0 b 0 ENA

Each block E,, is defined as:

En=1[1, 1 L2 Ly 3 -1 NER]24x(24xNER)' (3.36)
And the power limit PR is expressed as:
PR =IPR,,, PRy, PRy, wois PRy}, anny (3.37)

Form=1,2 3, .., NA,n=1,2, 3, ..., NER, and time t = 1, 2, 3, ..., 24 hours.
The matrix AR is a block diagonal matrix containing blocks of smaller matrices E,, for
each ‘m’ appliance, Each I, , is the identity matrix used for the load appliances to
select energy resources to consume with energy resource n = 1, 2, ..., NER, ensuring
that each energy resource is uniquely selected for each time slot ‘t’, and Furthermore,
PR, represents the power consumed by appliance m, which can be calculated by
ASH), , multiplied by the power rating for each ‘m’ appliance (P,, rating)- 1IS
constraint guarantees that the optimization process selects only feasible combinations
of appliance operation that respect the limitations of the available energy resources
at any given hour.

Based on the typical appliance characteristics summarized in Table 3.1, the
possible ON status along with a range of starting and finishing times (hours) for each
‘m’ appliance in any ‘n’ energy resources (4SH,, ,) is shown in Table 3.6. This variable
is computed using the proposed SHEMS framework implemented by the hybrid PSO-
LP method. Together with the system constraints, the ASH determines the OHAS for

all appliances in 24 hours. Unshiftable appliances such as refrigerators, sensors, air
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conditioners, and illumination have an unchanging operational time. Leftover shiftable
appliances, such as irons and dishwashers, can be scheduled to obtain the optimal
solution of OHAS in the SHEMS problem.

In summary, the constraints outlined in this section ensure that the proposed
SHEMS operates feasibly and efficiently within system boundaries. These constraints
provide a strong framework for load scheduling optimization using the hybrid PSO-LP
approach, ensuring operational practicality while minimizing electricity costs under the

TOU tariff
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Table 3.6 The possible ON status for each appliance

The status of each ‘m’ appliance
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3.5  Hybrid PSO-LP algorithm

The system is initialized by random population positions in a searching space.
Each particle in the swarm is influenced by the current position of the other particles,
as well as its own personal best position. Then, the particles are updated in the next
iterations. The adaptive velocities will update the particles and record the best position
they have ever been in.

The particles are influenced by the global (ghest”) and personal best positions
(pbestl.t) and use their velocity to move within the search space to find the optimal
solution to the problem. In every iteration, particles update their velocity and position
according to the following equations:

v/ =wvl+ ey (pbest] - x])+eors(gbest’- x]), (3.38)

j+1
x]

:xl{'Jrvlj“_ (3.39)
When, xl.j is the position of particle i at iteration j where superscript j and j+1 denote
the iteration number of the variables.

In this work, PSO is used to find the optimal state of charge (SoC) for both the
battery and EV across 24 hours. These SoC values are essential to determine when
and how much energy should be charged or discharged, depending on the TOU-based
DR, power consumption demand, and energy resource availability.

In order to obtain OHAS, the SoC values for the battery (SoCj)and EV (SoCf)) originally
defined in Equations (3.5) and (3.9), respectively. These SoC are represented as the
particle in the PSO framework. The best SoC schedule for each particle across the day
is considered as personal best (pbest), while the overall schedule that provides the

minimum TCD in achieving the objective function in Eq. (3.13) is considered the global

best (gbest). The set of populations is formulated as:

Xsocy ]

(3.40)
XSOCEV

x=
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Xsocz= [Xs0Cy, 15 XS0Cp, 29 XS0Cp, 39 +++5 XSoCy, NP); (3.41)
XS0Cg,i = [XS0Cy, 1) XS0Cp, 20 XS0Cp, 30 +++» XSoCp, 24); (3.42)
XsoCry = [Xs0Cgy, 15 XSoCpy, 22 XS0Cpy, 39 +++5 XS0Cpy, NP, (3.43)
XSoCpy,i = [xSOCEV, 1> XSoCgy, 20 XSoCry, 3» +++» XSoCpy, 24] - (3.44)

Where Xg,c,,i and Xs,cy,,i are the set of the state of charge of the battery (SoC}) and
EV (SoCéV) fort=1,2 3, .., 24 hours.
Xsocy and Xg,cp, represent the populations for particles i = 1, 2, 3, ..., NP.

The hybrid PSO-LP method approach for optimal home appliance scheduling
(OHAS) under a TOU tariff aims to minimize the total daily electricity cost (TDC). In this
framework, the PSO layer first identifies the optimal state of charge (SoC) values for
the battery and electric vehicle (EV), which determines the charging and discharging
power for the battery and EV. The PSO provides these values to the LP layer, which is
concurrently processed to complete the OHAS. Then, the LP layer allocates power
from various energy resources, including batteries, EVs, rooftop solar, wind turbines,
and the g¢rid, for scheduling household appliances in a way that satisfies operational
constraints while minimizing electricity costs. The power consumption from all
appliances in 24 hours obtained from OHAS will be updated and used to calculate the
objective function again to obtain the proper duration to operate each appliance, the
optimal power consumption, and the minimum TDC. Figure 3.5 shows the flowchart
of hybrid PSO-LP for OHAS in the proposed smart home.

The hybrid PSO-LP structure presents the strengths of both methods: PSO
provides a global search across the complex, nonlinear space of SoC values, while LP
ensures that the final appliance scheduling is computed with high precision under a
specified set of constraints. However, it is necessary to set the constraints as mentioned

previously so that the proposed hybrid PSO-LP can efficiently solve the OHAS problem.
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Figure 3.5 Flowchart of hybrid PSO-LP for OHAS in the proposed smart home



66

3.5.1 Computational Procedure of the proposed Hybrid PSO-LP
The computational procedure for solving OHAS under TOU-based DR
using the hybrid PSO-LP can be given as follows:
Step 1: Initialize all the proposed SHEMS constraints, including PSO parameters, and
the initial power load schedule P}, .
Step 2: Randomly generate the initial positions and velocities of all particles, where
each particle represents as the state of charge (SoC) values for the battery

Oy, AN EV O, )

Step 3: For each particle, using as input to the LP model to solve the OHAS problem
and determine the updated Pj,.q- Then, calculate the objective function
based on the LP result.

Step 4: Evaluate the fitness of each particle and update the personal best (pbes?) and
global best (gbes?) positions.

Step 5: After each iteration, the velocity of each particle is to be updated using Eq.
(3.38)

Step 6: Update the position of each particle based on new velocity using Eqg. (3.39) to
explore the solution space for better SoC schedules.

Step 7: The procedure is to be repeated from step 3 to 6 until the stopping condition

either the maximum number of iterations is reached or the change in objective

value is below a tolerance value.

3.5.2 Pseudocode of the Hybrid PSO-LP Algorithm
Pseudocode of the proposed hybrid PSO-LP algorithm for minimizing
total daily electricity cost under TOU-based demand response. The PSO layer searches
for optimal SoC values for the battery and EV, while the LP layer allocates energy for

scheduling appliances consequently.
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Algorithm Hybrid PSO-LP Algorithm

Input: Appliance data, RES profiles, BESS and V2H parameters
Output: Optimal SoC schedule (X) and minimum total daily cost (TDC)
Set a number of particles, maximum iterations, PSO parameters, and the
initial power load schedule P}, ...
PSO generates the initial population of particles randomly
(SoC of battery and V2H in each time slot; X)
Set iteration = 0
While iteration %’ < maximum iterations
For each particle ‘" in the PSO population
Check all of the constraints
Use LP to solve OHAS and update Pjgaq based on X;
Calculate the objective function f(X)) based on updated P/,
Evaluate the fitness value for each particle
Update pbest and gbest
END For
Update particle velocity and position using Eq. (3.38) and (3.39)

£

lteration ‘%’ = iteration 4’ + 1
END While

Return Output best solution (X) and corresponding minimum TCD (f(X))




CHAPTER IV

SIMULATION RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the simulation results and discussion of the performance
of a smart home energy management system (SHEMS) using a hybrid particle swarm
optimization (PSO) and linear programming (LP) approach to address the optimal home
appliances scheduling (OHAS) problem under the time-of-use (TOU)-based DR
framework. The objective of this thesis is not only to validate the ability of this model
to minimize total daily electricity costs (TDC) but also to assess the flexibility and
effectiveness when adapted to a variety of energy sources, such as rooftop solar PV,
wind turbines, battery energy storage systems (BESS), and electric vehicles (EVs)
operating under vehicle-to-home (V2H) conditions. This study introduces nine different
case studies formulated with various configurations of energy sources, focusing on
demonstrating the behavior of batteries and EVs, overall power consumption, and
efficiency reduction in electricity costs. The influence of PSO parameter settings is
analyzed for optimal algorithm performance. Furthermore, the scalability of the system
is examined to determine its adaptability to larger household configurations, while a
preliminary economic assessment is conducted at the household level. In addition,
the proposed hybrid PSO-LP-based SHEMS has been benchmarked against other
commonly used optimization techniques, including Genetic Algorithm (GA), hybrid GA-
LP, and PSO, to evaluate its comparative performance and advantages.

The results and analyses provided in this chapter offer strong evidence that the
proposed SHEMS framework offers effective energy flexibility management and can be

adapted to various system conditions and case scenarios.
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4.2 Parameter setting

This section presents the parameter selection process for the proposed hybrid
PSO-LP algorithm applied to the optimal home appliance scheduling (OHAS) problem.
To achieve effective optimization performance, it is necessary to set the PSO
parameters accurately. This section focuses on adjusting the inertia weight (w) and
acceleration coefficients (C; and C2). These parameters play a crucial role in balancing
the exploration of the search space, directly influencing both convergence speed and
solution quality. In this work, Case IX is used to test the parameter setting. Table 4.1
presents the result of electricity cost and run-time comparison under various PSO

parameter combinations.

Table 4.1 Comparison of electricity cost and computational time

under different PSO parameter settings in Case IX

Parameter Electricity cost Runtime

Ci C> w (THB) (sec)
0.1 85.708 10843.82
1.5 1.5 0.6 88.959 10824.94
1.1 112.30 10132.26
1 1 80.230 10413.42
1 2 85.527 10946.82
1.5 1.5 0.1-1.1 77.813 10695.03
2 1 86.406 10030.55
2 2 89.597 10808.34

Table 4.1 summarizes the effect of varying PSO parameters on electricity cost
and computational time in case IX. When varying the inertia weight (w) with fixed
cognitive acceleration coefficient (C;) and social acceleration coefficient (C») = 1.5, the
results show that smaller inertia weights tend to lead to lower electricity costs but

longer computation time. Conversely, higher inertia values reduce runtime and
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promote faster convergence but increase electricity costs, as the search process may
terminate prematurely without fully exploring the solution space. This observation
aligns with PSO theory, which suggests that w controls the balance between
exploration and solution: a larger w promotes global search, while a smaller w
encourages local search. Figure 4.1 portrays the convergence behavior when fixing the
acceleration coefficient constraint and varying w. Meanwhile, Fig. 4.2 illustrates the
convergence curves under fixing w and varying C;and C>. Adjusting C;and C> have
relatively small effects on the result. However, the convergence trends reveal
behavioral differences in each particle learning. When varying the C;with a low value,
convergence is more stable and smoother than with the high value, as particles rely
less on their individual best positions (pbest). On the other hand, when Czis high value,
the particles are more socially influenced by the global best (gbest), which may cause
the swarm to converge rapidly. While this may reduce runtime, it can also increase the

risk of early convergence to local optima.
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Figure 4.1 Comparison of PSO parameter when adjusted C;and C:
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Figure 4.2 Comparison of PSO parameter values at when adjusted w

Based on this tuning, the parameter configuration of C;= 1.5, C>= 1.5, and w
linearly decreasing from 1.1 to 0.1 is selected for the proposed hybrid PSO-LP
algorithm. This configuration is widely supported in the PSO literature, where equal
cognitive and social coefficients promote a balanced learning behavior between
personal experience and collective swarm intelligence. Furthermore, the linearly
decreasing inertia weight encourages global exploration in early iterations and gradually
shifts toward fine-tuning the solution space, enhancing convergence stability. This
setting effectively balances exploration and enhances convergence stability, solution

quality, and computational efficiency.

4.3  Appliance Scheduling and Power Consumption

This section analyzes the optimal scheduling of eighteen household appliances
with the objective of minimizing total daily electricity costs. Each appliance can choose
power consumption from any available energy resources, including grid electricity, RES,
BESS, and V2H systems. Batteries and EVs are modeled as bidirectional components,

capable of acting both as energy resources and loads. In the proposed approach, RESs
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are prioritized as the primary energy sources for appliance consumption, and the
surplus power after appliance consumption is considered to charge the battery and
EV, depending on their available capacity and state of charge (SoC) constraints. The
RES from rooftop solar PV is either self-consumed or, if surplus, can be sold back to
the grid through the extended household PV purchasing scheme by MEA. The battery
and EV charging or discharging are determined based on their SoC constraints, power
demand, and electricity costs for each hour, with optimization performed under the
operational constraints defined in Chapter 3. To evaluate the system comprehensively,
nine case studies are formulated, as summarized in Table 4.2. These cases highlight
how different energy source combinations affect appliance scheduling, overall power
consumption, and electricity cost reduction.

Table 4.2 The different cases of appliance scheduling

Type of energy resource
Cases
Grid PV Wind BESS V2H Energy export
I v X X X X X
11 v X X v X X
1 v X X X v X
v v v X v X v
A% v v X X v v
VI v v X v v v
VIl v v v v X v
VIII v v v X v v
IX v v v v v v

4.3.1 The appliances scheduling with power from the grid (Base case)
The power consumption for each appliance can be explained in two
parts: Appliance Scheduling and Non-Scheduling. Non-scheduling describes an
unoptimized schedule with the proposed algorithm. In this part, appliances can
operate during peak hours and be overlooked when electricity prices are lowest. The

non-scheduling part is similar to what is occurring in real life, with consumption
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reaching peaks during times when people are generally off their work shift and perform
all their electricity-consuming activities during those hours. This base case is a
benchmark for comparison with other optimized scenarios in which power

consumption can be flexibly allocated across different time slots and energy sources.
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Figure 4.3 Comparison of power consumption between

appliance scheduling and non-scheduling

Figure 4.3 illustrates a comparison of daily power consumption between
appliance scheduling and non-scheduling appliance operation when using only grid
power (Base Case). Across all case studies, the comparison is between appliance
scheduling and non-scheduling. The proposed algorithm notices that peak load is
occurring and knows when the lowest electricity prices are based on the TOU tariff. As
a result of appliance scheduling, the algorithm successfully minimizes electricity costs
by shifting appliance usage to off-peak hours and avoiding peak hours. In contrast, the
non-scheduling scenario reflects typical user behavior, where appliances are used
without consideration of electricity pricing, often during peak demand periods. Figure

4.4 presents the power consumption profile of each appliance in the non-scheduled
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case, where devices are allowed to operate during high-demand periods without regard

for cost optimization.

12,7

107

Power (kW)

¥ 7 7 7 7 7 |

0

2

4

6

8

10 12 14

Time (Hours)

16

18

20

22

24

- Other load
- Radio player
-Vacuum cleaner
- Laptop

|:| fron

l: Desktop

||
I:‘Water heater

— l:l Cooker hood
|:| Microwave
Ij Oven

i Dryer
-Washing machine

- -Dishwasher
- lllumination
-Air conditioner

o
- Refrigerator

Figure 4.4 Appliance non-scheduling in a day

4.3.2 Appliances Scheduling with power from the grid and BESS

For case II, appliance scheduling is performed using both grid power and

BESS. Figure 4.5 demonstrates that the consumer depends on the grid power over 24

hours. However, the battery alone is not capable of fully supporting the household

demand at any time interval. In some periods, the battery even draws power from the

grid to recharge. Hence, the daily energy provided by the grid is 72.325 kWh, after

accounting for the battery’s contribution. Consequently, the daily electricity cost in

this case is 256.121 THB. Figure 4.6 illustrates the scheduled power consumption of

each appliance under this configuration.
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Figure 4.6 Appliance scheduling in Case I

Figure 4.7 illustrates the charging and discharging behaviors of the BESS along
with its state of charge (SoC) over 24 hours in Case Il. The result reveals that the BESS
undergoes multiple charge and discharge cycles. The battery discharges to supply
power to appliances and tends to reduce grid dependency. Overall, the BESS
demonstrates flexible participation in energy balancing, though its limited capacity

means that it cannot fully replace grid power. Instead, it functions as a supplementary
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resource that enhances scheduling flexibility and contributes to electricity cost

reduction.
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Figure 4.7 BESS behaviours in Case |l

4.3.3 Appliances Scheduling with power from the grid and V2H

In case lll, the appliance scheduling is considered power from the grid
and V2H system. This configuration is designed to reflect typical energy usage patterns
in Thai households. Figure 4.8 displays the daily power consumption in the smart
home, where the consumer relies heavily on grid power for all 24 hours, similar to
Case Il. When the EV departs from home, all appliances consume power from the grid.
However, once the EV returns, the EV is capable of supplying power to partially meet
household demand, thus reducing the grid dependency. When the EV requires
recharging power from the grid, a significant amount of power is drawn from the grid
to recharge the EV. Hence, the net electricity drawn from the grid amounts to 100.50
kWh, and the daily electricity cost is 310.737 THB. The detailed power usage of each

appliance under the scheduled condition is displayed on Fig. 4.9.
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Overall, the EV plays a supplementary role similar to the BESS, supporting peak

load periods and reducing the burden on the grid. However, due to the EV’s charging

demand and limited availability time slot, its contribution is less flexible and more

dependent on usage patterns. The charging and discharging behaviours of the EV under

the V2H configuration in Case lll, along with its state of charge throughout the 24-hour

period, are illustrated in Fig. 4.10.
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Figure 4.10 V2H behaviours in Case |l

4.3.4 Appliances Scheduling with power from the grid, PV, and BESS

This case represents the emerging situation in many countries, including
Thailand, where installing rooftop PV with BESS is becoming increasingly common in
residential households. Figure 4.11 illustrates the power consumption in a smart home
with batteries and PV. This result shows that most of the power load demand in the
smart home is consumed by PV and BESS due to their availability, which reduces
dependency on the grid power. The BESS supplies power to meet the load demand,
enabling the PV to have more excess energy to sell into the grid as much as possible.
As a result, the overall daily electricity cost and the power consumption from the grid
decrease. The energy supplied by the ¢rid is 42.017 kWh, while 9.1525 kWh of excess

PV energy is exported to the grid, resulting in a daily electricity cost of 93.2293 THB.
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Figure 4.12 shows self-consumption and export of PV power in Case IV. During

peak hours with high electricity costs, the BESS is charged using available PV power to

reduce grid dependency and minimize cost. Figure 4.13 presents the scheduled power

consumption of each appliance under the same scenario.
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Figure 4.12 PV power usage and export in Case IV
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Figure 4.14 displays the charging and discharging behavior of the Battery Energy

Storage System (BESS) along with its state of charge (SoC) in Case IV, where the

household utilizes power from the grid, rooftop PV, and BESS. In this case, the battery

is charged during daylight hours using energy from the solar PV system and discharges

during peak hours to support household demand. BESS has a crucial role in managing
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solar power and power consumption, enabling greater self-consumption sufficiency

and enhanced electricity cost reduction.

4.3.5 Appliances Scheduling with power from the grid, PV, and V2H
In case V, Fig. 4.15 reveals the daily power consumption in a smart
home configuration that integrates rooftop PV and V2H capability. Figure 4.16 shows
PV power usage and export in this case. This scenario examines how the availability of
PV energy and the mobility behavior of the EV influence household power

consumption patterns and overall energy cost.
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Figure 4.15 The daily power consumption in Case V

As a result, when PV power is available simultaneously, the EV departs from
home. Load demand is primarily met by PV power, which reduces dependency on the
grid power in peak hours. During such periods, surplus PV energy is exported to the
grid. On the other hand, when the EV arrives and begins charging, the EV behaves like
a heavy load and consumes a significant amount of energy. This significantly increases
the household’s energy requirement. Therefore, both the overall electricity cost and

grid energy usage increase compared to Case IV, which involved PV and BESS. The
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energy supplied by the grid is 88.493 kWh, while the energy surplus from PV is 17.270
kWh, resulting in a daily electricity cost of 197.531 THB. Figure 4.17 shows the scheduled

power consumption of each appliance under this case
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Figure 4.16 PV power usage and export in Case V
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Figure 4.17 Appliance scheduling in Case V

Figure 4.18 presents the charging and discharging behaviours of V2H
configuration in Case V, along with SoC in a day. Although this configuration enables

high PV energy surplus export to the grid when EVs depart from home, it also results
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in greater reliance on grid electricity due to the EV's significant charging requirements
when EVs arrive. This demonstrates that while V2H provides potential flexibility, its
impact on electricity cost can be less advantageous than using a BESS, especially when

EV charging behavior aligns conversely with PV availability.
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Figure 4.18 V2H behaviours in Case V

4.3.6 Appliances Scheduling with power from the grid, PV, BESS,

and V2H

Figure 4.19 illustrates the power consumption in a smart home
integrated with rooftop PV, BESS, and V2H operating in case VI. As a result, when PV is
available simultaneously, the EV departs from home. The PV energy produced is
utilized to satisfy both the household load and to charge the BESS, reducing reliance
on grid power during peak hours. The absence of the EV during daytime hours also
allows the PV to have some excess energy to sell to the grid under the household PV
scheme. The utilization and export of solar PV power in Case VI is shown in Fig.4.20.
On the other hand, when the EV arrives and charges, which is consumes a significant
amount of energy from the grid. However, unlike Case V, due to this case, the BESS

can provide some power for charging EVs to minimize costs. Then, the total daily
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electricity cost and the power consumption from the grid increase more than in Case
IV but less than in Case V. The total grid-supplied energy is 81.939 kWh, and 12.6745
kWh of excess PV energy is exported to the grid. The daily electricity cost in this

scenario is 188.292 THB. Figure 4.21 shows the detailed appliance scheduling for this

scenario.
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Figure 4.21 displays the PV power consumption behavior when integrating both BESS
and EV in the proposed system. When comparing cases IV, V, and VI, where only a
BESS is integrated, the PV power export is the lowest because the battery is charged
using PV power during the day. In case V, EVs depart from home during PV generation
hours, reducing a large amount of power consumption from EVs and resulting in the

highest PV power export among all cases.
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Figure 4.22 BESS and V2H in Case VI
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Figure 4.22 illustrates the integrated charging and discharging behaviors of both
BESS and V2H configurations in Case VI, along with their respective SoC. During daytime
hours, solar PV energy is used to meet household demand and to charge the BESS,
while EVs depart from home. In the evening, both the BESS and EV participate in
supplying household loads, while the BESS is able to partially assist with the EV’s
charging demand. This cooperative discharge pattern helps reduce grid usage during
peak hours. Overall, the combination of BESS and V2H improves energy flexibility,
enables PV energy export to the grid, and reduces grid dependency more effectively

than configurations using either component alone.

4.3.7 Appliances Scheduling with power from the grid, PV, wind,

and BESS

In case VI, Figure 4.23 portrays the power consumption in the smart
home when the PV, wind, and BESS are considered. Due to the availability of two RES,
the system gains greater flexibility in energy allocation. The BESS charging and
discharging are more adaptable. Wind power assists batteries in providing power when
PV power is unavailable, allowing batteries to charge and discharge more strategically.
This synergy between wind and solar resources allows the battery to make better
decisions to minimize the strain on PV power. As a result, PV has more excess power
to feed into the grid to reduce electricity costs. This coordinated utilization of both
RES and storage ensures not only demand satisfaction but also maximizes economic
benefit in the household. Then, the daily grid consumption is only 13.512 kWh, while
19.4146 kWh of excess PV energy is exported. Consequently, the total electricity cost
becomes negative at -6.9987 THB, reflecting net earnings for the household due to
reverse power flow and energy export revenues. Figure 4.24 PV power usage and
export, and wind power usage in Case VI, and the appliance scheduling for this scenario

is displayed in Fig. 4.25.



Power (kW)

Power (kW)

Power (kW)

87

Pey

PF'\I usage

F,Wim‘.i usage
P Grid
= © P Battery

E PLcuad

14 16 18 20

Time (hours)

22

Figure 4.23 The daily power consumption in Case VI

PV Power Usage and Export

24

[:l l:‘F’V usage
- ..

—— P,

Wind Powe
T

14 16 18 20

r Usage

22

24 Time (hours)

=

I T T

S | . 5

H_

| :I F’wind usage

17]

e

|
22

24 Time (hours)

Figure 4.24 PV power usage and export and wind power usage in Case VII



88

- Other load
- Radio player
10 [ = -Vacuum cleaner
- Laptop
l:l Iron

8 1 :] Desktop
v

l:l Water heater
l:l Cooker hood
[:I Microwave
47r 1 [j Oven
- Dryer

-Washing machine
- ] -Dishwasher
-IIIumination
-Air conditioner
8 10 12 14 16 18 20 22 24

Power (kW)
()]

-Refrigerator

Time (Hours)

Figure 4.25 Appliance scheduling in Case VII

T 100

T
6 T - PBanEry

—-6-= S0Cg,tery

Power (kW)
State of Charge (%)

L L 1 I L 1 | | 1 | L 1

0 2 = 6 8 10 12 14 16 18 20 22 24

Time (hours)

Figure 4.26 BESS behaviours in Case VI

Figure 4.26 presents the overall behaviours of the BESS in Case VII, where the
system integrates solar PV, wind power, and battery energy storage. Wind energy
complements solar PV by contributing power during early morning and evening hours,
allowing the battery to recharge even when solar energy is not available. This synergy
enables the battery to operate more flexibly, responding to short-term load

fluctuations and reducing the need to draw power from the grid. The system achieves
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a minimal daily electricity cost as the battery efficiently supports energy allocation,
thereby improving self-sufficiency, enhancing power balancing, and maintaining

increased PV export to the grid.

4.3.8 Appliances Scheduling with power from the grid, PV, wind,
and V2H

For case VI, Figure 4.27 illustrates the smart home power consumption
scenario where power is supplied by the grid, PV, wind, and V2H systems. PV and wind
power consumption behavior is shown in Fig. 4.28. Although the EV represents a large
load when charging, the availability of two RES made EV charging and discharging more
relaxed. When the EV departs from home, wind power assists in providing power to
load demand, allowing PV to have more surplus power to feed into the grid to reduce
household costs. Moreover, when the EV returns and begins charging, wind power
helps the grid charge EVs during hours when PV is unavailable. Figure 4.29 provides
appliance scheduling in this case. In this case, the energy drawn from the grid is 55.686
kWh, and the excess energy exported from PV is 17.2795 kWh. The total daily electricity

cost is 108.824 THB.
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Figure 4.27 The daily power consumption in Case VI



90

PV Power Usage and Export
T T T T

T T T T T
5 1 l:lPPV usage
§ 3 ] [:lPPV export
R g fa e
o . - | s o P e
2 =t -]
g - L L
3 —
5 I I I I I 1
2 4 6 8 10 12 14 16 18 20 22 24 Time (hours)
Wind Power Usage
T T T T T
I:I Pwincﬁ usage
=~4r =
g e —— e g Puing
5 Haw a0
z2f ( : : 1
o
¢ LI AL
I 1 I I | I 1 = | | |
18 20 22

2 4 6 8 10 12 14 16 24 Time (hours)

Figure 4.28 PV power usage and export and wind power usage in Case VIII

-Oiher load
10 B -Radio player
-Vacuum cleaner
:] Laptop

8 ] [:I Iron

l:l Desktop

[ dw

6 i l:lWater heater
I:ICooker hood
I:I Microwave
:lOven
-Dryer
-Washing machine
-Dishwasher
- lllumination
-Air conditioner

0 2 4 6 8 10 12 14 16 18 20 22 24 .o
- Refrigerator

Power (kW)

Time (Hours)

Figure 4.29 Appliance scheduling in Case VI

Figure 4.30 presents the state of charge and power flow of the EV in Case VI,
where the system is supported by both solar PV and wind energy. The inclusion of
wind energy in this case reduces the burden on the grid during EV charging. When the
EV returns and begins discharging, wind energy again supports the household load,
allowing the EV to maintain a relatively stable SoC while still participating in V2H. This

enhanced energy flexibility, achieved by combining multiple RES with V2H, reduces
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grid dependency, improves cost-effectiveness, and ensures more strategic use of the

EV as a distributed energy resource.
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Figure 4.30 V2H behaviours in Case VIlI

4.3.9 Appliances Scheduling with power from the grid, PV, wind, BESS,

and V2H

In case IX, Fig. 4.31 represents power consumption in the smart home
when the PV, wind, BESS, and V2H are considered. The integration of two RES provides
greater flexibility for battery operations. BESS is strategically charged using RES during
off-peak hours to alleviate grid dependence. Batteries help discharge power when
there is insufficient RES to satisfy demand or high electricity price intervals. When an
EV arrives at a smart home, the EV contributes a minor amount of power to satisfy the
load demands. EVs can draw energy from the wind and batteries. This coordination of
energy sources helps reduce peak demand and overall reliance on grid power. The
total energy supplied by the grid is 48.0491 kWh, and the excess energy exported from
PV is 22.2595 kWh. As a result, the total daily electricity cost is 77.8126 THB, reflecting

the economic and operational benefits of full energy integration.
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Figure 4.32 PV power usage and export and wind power usage in Case IX

When comparing the result of PV export in cases VII, VIIl, and IX. Figure 4.32
illustrates the PV and wind power consumption behavior when integrating BESS and
EV. As a result, this case has the highest PV power export to the grid due to the
combined advantage of the battery and EV systems. In addition, wind energy
integration helps alleviate appliance load demand, allowing the battery to be primarily

charged utilizing other energy resources instead of PV while the EV departs from home
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during PV availability. This allows more excess PV power to be exported to the grid.

Figure 4.33 gives the corresponding appliance scheduling details for this case.
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Figure 4.34 Battery and EV behaviour in Case IX

Figure 4.34 visualizes the coordinated charging and discharging behaviors of
both the BESS and EV under the fully integrated smart home configuration in Case IX.
The plot showcases how both battery systems respond dynamically to household

demand, RES availability, and TOU pricing. Wind can provide power to support when



94

the EV is intensively charged, and BESS begins discharging to supply immediate demand
when RESs are unavailable. When the EV arrived, the EV and BESS partially supported
household loads and each other's charging demand. The synchronized behavior of the
SoC of the battery and the EV reflects a strategic sharing of energy responsibilities. As
a result, this case achieves the highest PV energy export to the grid due to the
coordination among RESs, BESS, and V2H, significantly enhancing system flexibility,
reducing grid reliance, and optimizing electricity cost savings. This case represents the
most economically efficient and operationally resilient configuration in the SHEMS
study. Figure 4.35 shows the convergence curve of the minimum TDC in case IX.
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Figure 4.35 The minimum TDC in Case IX

Table 4.3 presents the hourly power balance for Case IX. In this table, a positive
value indicates the needed power consumption from any energy source, while a

negative value denotes energy being discharged to supply the demand.
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Table 4.3 The power balance of each time slot in case IX

P P,

. e p orid  PPVusage vt Py SoCp Pry SoCpy Proa
Time (kW) (kW) WIEE W) (%) (kW) (%) (kW)
(hours) (kw)

1 16.67 2.667 3 30 15 30 1.335

2.334 59 89 0 30 1.335
3.036 1.998 -0.8 81 4.5 39 1.335
6.201 2.334 -2.8 53 10 59 1.335

2 4.901
3
4
5 3.136 0 1.998  -1.2 41 5 69 1.335
6
,
8
9

o O o O

4.452 0.266 2.667 a.7 88 25 74 0.185
2.308 1.7765 2.501 -6.8 20 7.5 89 5.885
0.384 2.6885 3.012 L} 31 -6.5 76 11.485

0.026 3.3915 2.667 -1.1 20 7 90 0.185
10 -1.919 1.985 0 0 20 -5 80 1.985
11 -2.071 2.185 0 0.2 22 -5 70 1.985
12 -3.98 0.485 0 0.3 25 0 70 0.185
13 -4.261 0.185 0 0 25 0 70 0.185
14 -3.890 0.185 0 0 25 0 70 0.185
15 -3.130 0.185 0 -0.5 20 0 70 0.185
16 -2.104 0.185 0 0 20 -5 60 0.185
17 -0.9025 0 2.085 0.2 22 -5 50 1.885
18 0 0.0095 4.344 59 81 -9 32 6.335
19 0 0 3.504 3.7 aa =5 26 5.135
20 0 0 3.171 2.8 72 -3 20 2.435
21 0 0 3.135 1.8 90 0 20 1.335
22 4.2568 0 3.678 -2.6 64 5 30 5.535
23 1.8899 0 3.345 -1.8 a6 15 33 5535
24 0.7899 0 3.345 -1.6 30 -1.5 30 7.235

Across all case studies, the appliance scheduling patterns demonstrate similar

trends, primarily driven by the TOU pricing scheme on energy management decisions.
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The scheduling algorithm always shifts appliance operations to avoid peak hours and
toward lower electricity cost time slots instead. Energy sources contribute to improving
power consumption, enhancing system flexibility, and providing more opportunities to
reduce electricity costs.

Therefore, variations in electricity cost across cases are largely attributed to the
variety of energy resources utilized to supply the scheduled appliances, rather than

significant differences in the scheduling of each appliance.



4.4  Electricity Cost Analysis

4.4.1

management using the proposed framework. Table 4.4 presents a comparative analysis
of daily grid power consumption, excess PV energy, and resulting electricity costs
between two scenarios: non-scheduled appliance operation and optimized scheduling
using the proposed hybrid PSO-LP algorithm. This comparison is conducted across all

nine simulation cases to demonstrate the minimization of electricity cost potential and

Electricity cost analysis under TOU Scheme

This section analyzes the electricity cost benefits of optimized energy

resource utilization efficiency of the proposed SHEMS.

Table 4.4 The electricity cost and total power consumption comparison

Non-Scheduling

Scheduling with PSO hybrid LP

Case Energy Enersy Electricity Energy Enersy Electricity
grid usage ffgée;i/ cost Grid usage ﬁesrcnespsv cost
(kwWh) (kWh) (THB) (kwh) (kWh) (THB)
I 64.740 - 356.61 64.740 - 255.13
I 85.710 - 331.38 72.325 - 256.12
1] 155.30 - 499.15 100.50 - 310.74
v 61.343 10.769 215.43 42.017 9.1525 93.230
\Y% 141.99 15.874 478.66 88.493 17.270 197.53
Vi 125.54 9.494 442.90 81.939 12.674 188.29
Vil 34.986 15.271 82.079 13.512 19.415 -6.999
Vil 102.82 18.955 325.45 55.686 17.280 108.82
IX 101.99 14.855 280.69 48.049 22.260 77.813

As a result, nine different cases were analyzed to evaluate the impact

of various energy sources on daily electricity costs and grid dependency.

solely on power from the grid. This scenario refers to the average Thai household,

Case | represents the base case, where appliance scheduling relies

which depends on the grid for 24 hours.
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Case Il, when adding a battery in the home, compares to Case |ll, EV integration.
The results show that the consumer relies heavily on grid power for all 24 hours.
Although batteries and EVs can discharge power to assist the load demand, both also
need to charge power from the grid. The result shows that EV integration in Case lll
leads to higher power consumption and electricity cost than BESS in Case Il, due to
the EV’s significant charging demand.

Rooftop PV systems are added in Cases IV to VI. In these cases, PV power
significantly reduces grid dependency. However, the presence of EVs in Cases V and VI
still increases total consumption due to EV charging demand. However, when EV
departure enables the PV to have some surplus power to export to the grid, it is more
than in cases that include batteries. In Case VI, which combines PV, EV, and BESS. As a
result, power consumption in a day is more flexible than in the previous cases, and
adding a battery benefits EVs, which have more energy resources for charging.

Cases VIl to IX include wind energy in the system. The availability of two RES
makes the battery and EV more flexible in deciding power for charging, allowing more
excess power from PV to be injected into the grid to reduce electricity costs. Case VII,
which includes PV, wind, and BESS, results in the lowest electricity cost and grid
consumption. Wind power assists batteries in providing power when PV power is
unavailable, allowing batteries to efficiently provide power to meet load demands.
This case has less power consumption from the grid and electricity cost than any other
case. However, when adding EV, like in case IX, the net electricity cost is 77.8126 THB.
The energy from the grid in a day is 48.0913 kWh, and the energy excess from PV is
22.2595 kWh, which increases all results compared to case VIl because EVs need a large
amount of power. The results show that the SHEMS using the hybrid PSO-LP efficiently
minimizes electricity costs and handles load schedules to avoid peak hours.

The results above clearly show that the SHEMS using the hybrid PSO-LP

efficiently optimizes energy consumption and schedules load to avoid peak hours. The
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computation reliability of the proposed method had been verified by 30 trial runs of
case IX as shown in Fig. 4.36. The minimum and maximum daily cost from optimization
of the SHEMS obtained by hybrid PSO-LP is 77.8126 THB/day and 101.653 THB/day,
respectively. The average daily electricity cost in the optimization system is 89.3548
THB. The results show that the proposed computational procedure can successfully

provide stable and reliable results for SHEMS.
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Figure. 4.36 The solution with 30 trials of Case IX

4.4.2 Adaptability to Real-Time Pricing (RTP) Scheme
In-addition to TOU electricity cost analysis, the adaptability of the
proposed hybrid PSO-LP framework was further evaluated by replacing the traditional
TOU pricing scheme with a real-time pricing (RTP) scheme in the simulation scenarios.
In this work, the RTP tariff reflects highly dynamic power demand in Thailand
conditions, in which, in low demand, the RTP prices also decrease. RTP presents greater
challenges for optimal scheduling due to frequent and unpredictable changes in

electricity prices. The performance of the proposed SHEMS under RTP was assessed in



terms of computational efficiency, solution quality, and the ability to

savings in case IX.
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Figure. 4.37 The electricity TOU and RTP tariff

Table 4.5 The electricity cost and total power consumption comparison between

TOU and RTP tariff in case IX

Non-Scheduling Scheduling with PSO hybrid LP
. Energy Energy
Tariff r:zdnirsgay " excess Electricity Grlizgirsg;/ \ excess Electricity
s (kWh)g from PV cost (THB) (kWh)g from PV cost (THB)
(kWh) (kWh)
TOU 101.998 14.855 280.687 48.0913 22.2595 77.8126
RTP 96.4613 4.3105 357.649 50.2270 17.4206 87.3628

The results in Table 4.5 demonstrate that the proposed hybrid PSO-LP

algorithm effectively reduces electricity costs under both TOU and RTP schemes. In

the RTP scenario, the minimum electricity cost is 87.36 THB, which is higher than the

TOU case. The system still maintains performance despite the increased volatility of

electricity prices. The RTP scenario also shows a reduced amount of excess PV energy

exported to the grid due to RTP short-term price fluctuations in daylight hours. This is
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primarily because real-time electricity prices tend to be lower during daylight hours,
thus incentivizing the algorithm to schedule appliances to operate at lower prices. This
highlights the flexibility of the proposed framework in responding to complex pricing
sicnals while ensuring economic benefits. The hybrid PSO-LP demonstrates high

adaptability and remains cost-effective even under RTP environments.
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Figure. 4.38 The daily power consumption under RTP tariff
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Figure. 4.40 Appliance scheduling under RTP tariff
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Figure. 4.41 BESS and V2H behaviours under RTP tariff

Figure 4.38 provides the daily power consumption under the RTP tariff.
Although the RTP pricing is unpredictable, the proposed SHEMS maintains an appliance
schedule that avoids high electricity cost periods as much as possible, reflecting the
algorithm scheduling capability. Figure 4.40 highlights the appliance scheduling pattern,
which shows a more flexible arrangement compared to the TOU case. This behaviour

demonstrates how RTP encourages BESS and V2H to make a decision to manage energy
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in each time slot. The BESS responds more actively to price signals, charging during
very low-price hours and discharging to support the load demand strategically.
Meanwhile, the EV arrives to support household demand through V2H, but EV charging
behaviour is dependent on the low-price hours of the RTP tariff.

Figure 4.42 illustrates the convergence behavior of the proposed hybrid PSO-
LP algorithm under both TOU and RTP pricing schemes. As a result, the algorithm
successfully converges under both pricing models, but the TOU scheme allows for
faster and smoother convergence due to the TOU structured price pattern. This
observation further reinforces the adaptability of the proposed algorithm in responding

to varying tariff conditions while maintaining reliable optimization performance.
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Figure. 4.42 The convergence curve under TOU and RTP tariff

4.5 Comparative Performance with Other Methods

This section presents simulation results used to ensure the efficient
performance of the proposed hybrid PSO-LP algorithm for optimal home appliance
scheduling (OHAS). This section provides a comparative analysis between the proposed

method and other commonly used optimization techniques, including PSO, Genetic
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Algorithm (GA), and hybrid GA-LP. Each method is tested under the same system
configuration in Case IX and constraints to ensure an appropriate comparison. The
algorithm-specific parameters and hyperparameter configurations are summarized in
Table 4.6. The performance comparison focuses on key metrics such as electricity cost,
computational time, and convergence behavior. Table 4.7 presents the result of the

proposed hybrid PSO-LP compared to the other algorithm-based SHEMS.

Table 4.6 The parameters setting for different methods

Method

Parameters PSO/ GA/

PSO-LP GA-LP

Populations 50 50

lterations 100 100
C 1.5 -
C, 1.5 -
w 0.1-1.1 -

Elite Count - 2
Crossover Fraction - Scattered, 0.8
Mutation Function mutation gaussian
Selection Function - Stochastic Uniform
Function Tolerance 10°® 10°

In this study, in PSO and PSO-LP after parameter tuning, the proposed
framework uses the default parameter setting, therefore the parameter values for the
Genetic Algorithm (GA) were set according to the default recommendations of MATLAB.
This approach ensures fairness and accuracy in the baseline comparison between the
proposed method and other algorithms, which minimizes potential bias that could

arise from individual parameter tuning.



Table 4.7 The comparison results of the proposed hybrid PSO-LP and the

other algorithm-based SHEMS

Enersy Energy Total cost Runtime
|
Method from grid  injected to (THB/day) Lz :
a sec
(kWh)  grid (KWh) Y

GA 58.5800 10.2550 131.890 240.7304
GA-LP 43.2899 16.3815 80.3955 12004.90
PSO 47.2780 12.4635 113.152 300.4936
Hybrid PSO-LP 48.0913 22.2595 17.8126 10695.03
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Under the same simulation conditions in case IX and using the hyperparameters

provided in Table 4.6. The comparative results demonstrate that the proposed hybrid

PSO-LP significantly outperforms the other methods in minimizing electricity costs.

When using the PSO, the daily electricity cost is 113.152 THB, while the proposed

hybrid PSO-LP reduces it to 77.8126 THB. For GA hyperparameters with the same

condition, the GA and GA-LP, the electricity costs are 131.890 and 80.3955 THB per

day, respectively.

Although the proposed hybrid PSO-LP algorithm has the longest runtime, the

performance of the results in reducing electricity costs can improve significantly. As

shown in Figure 4.43, the convergence behavior of the hybrid PSO-LP is more stable

and directed toward the global optimum, indicating its effectiveness in exploring

complex search spaces with higher solution quality.
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Ficure. 4.43 The convergence behaviors of different methods

Although the hybrid PSO-LP algorithm requires longer computational time
compared to the other methods, this limitation is acceptable in the context of this
study. The optimization is designed for day-ahead appliance scheduling under a TOU
or RTP pricing framework, therefore a runtime of several hours does not impact the
practical implementation, since the optimized schedule will be applied the following

day. The focus remains on minimizing electricity costs and optimal energy allocation.
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Figure. 4.44 The solution with 30 trials of Case IX using GA
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Figure. 4.46 The solution with 30 trials of Case IX using PSO
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Figures 4.44 to 4.46 present the results of 30 independent trials for Case IX

using GA, GA-LP, and PSO, respectively. The variation in electricity cost results across

multiple trials highlights the stability and quality of each algorithm. The GA and PSO

methods demonstrate more fluctuations in their solutions, which may be attributed

to early convergence or improper setting in the search process. In contrast, the hybrid

GA-LP and particularly the hybrid PSO-LP demonstrate more consistent performance
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and lower variability, indicating higher convergence reliability toward optimal solutions.
These results support the advantage of hybrid metaheuristic algorithms with
mathematical programming techniques like LP for improved scheduling quality and

stability.

4.6 The Scalability of the Hybrid PSO-LP

The scalability of the proposed hybrid PSO-LP based SHEMS is evaluated to
ensure this framework has adaptability in more realistic and demanding conditions.
Table 4.8 provides the scalability of hybrid PSO-LP in Case IX. This includes scaling the

number of household appliances.

Table 4.8 The scalability of hybrid PSO-LP in Case IX

E E
Number of Time slots  Total cost nergy o Nersy Runtime
appliances (hours) (THB/day) from Giid injected to (sec)
PP Y (RWh)  grid (KWh)
18 24 77.8126 48.0491 22.2595 10695.03
36 24 232.602 97.6817 11.3525 46826.16
18 48 133.712 75.4705 29.9670 35761.25

As shown in Table 4.8, the system remains computationally feasible and
effective even under larger-scale scenarios. Additionally, Figure 4.47 illustrates the daily
power consumption profile when the number of household appliances is doubled
from 18 to 36. Despite the increased scheduling complexity, the proposed hybrid PSO-
LP framework successfully manages energy allocation, ensuring efficient operation
while minimizing grid dependency. The results confirm that the proposed method is
achieving effective appliance scheduling and continued electricity cost reductions even

as the number of appliances increases.
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Figure. 4.47 The daily power consumption in 36 appliances case

PV Power Usage and Export

I T T T
5[ - & 7 |:| PF’V usage

3F V —I:PF’VM)@M
7+P?\/
. - - (5 | | = % * * * » »
|
3 | =
1

Power (kW)
T

2 4 6 8 10 12 14 16 18 20 22 24 Time (hours)
Wind Power Usage
T T T T

—a 7] I:I Puind usage
= 4
X | A | TERS-TEEE "~ Puin
@
o
F ﬂ

0

24 Time (hours)
Figure. 4.48 PV power usage and export and wind power usage in 36 appllances case

Figure 4.48. shows the RESs consumption behavior in the 36 appliances case.
The total electricity consumption increased significantly, resulting in 97.68 kWh of grid
power usage to meet all power demand and 11.35 kWh of PV power export to the
grid. The increase in appliance usage not only intensifies energy demand but also
expands the complexity of scheduling appliances. Specifically, the appliance
scheduling matrix extends proportionally with the number of appliances, leading to a

longer runtime for the optimization algorithm. This reflects the increased
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computational burden in managing a larger number of variables and constraints while

still maintaining cost-effective operation under TOU-based DR.
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Figure. 4.49 BESS and V2H behaviours in 36 appliances case

In order to investigate the scalability of the proposed SHEMS, the scheduling
horizon was extended from 24 hours to 48 hours. In this extended scenario, the
availability profiles of solar and wind power were varied between the two days to
reflect more realistic renewable energy generation patterns. The simulation results
show that the total electricity consumption from the grid was approximately 75.47
kWh, while the PV export was 29.97 kWh. Figure 4.50 presents the daily power

consumption inthe 48-hour case, and the RESs consumption behavior is shown in Fig.

4.51.
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Figure. 4.50 The daily power consumption in 48 hours case
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With the doubled time scheduling horizon, the runtime of the optimization
algorithm remained approximately the same as that of the scalability test with doubled
appliance load. This may be attributed to the structure and number of decision
variables used in the Particle Swarm Optimization (PSO) phase. In the 48-hour scenario,
the randomly generated SoC variable vector consisted of twice as many elements,
potentially contributing to a slightly longer processing time. Nevertheless, the
proposed algorithm remained computationally efficient and manageable. These
findings suggest that the runtime is influenced not only by the number of appliances

but also by the dimensionality of the decision variables.
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Figure. 4.52 BESS and V2H behaviours in 48 hours case

Although the proposed algorithm may require a longer runtime in larger
problem sizes, it effectively reduces electricity costs and alleviates grid dependency,

demonstrating its practical value for smart home energy management.
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4.7 Economic Impact of the Proposed SHEMS

This section presents a preliminary economic analysis that includes the initial
investment cost (IIC), estimated annual electricity cost savings (AES), and key financial
indicators such as present value (PV), net present value (NPV), return on investment
(RO, and discounted payback period (DPBP). The objective is to examine whether
using the hybrid PSO-LP-based SHEMS has long-term financial advantages. Table 4.9
provides a summary of the investment cost for the proposed SHEMS.

Table 4.9 Summary of the Investment Cost for the Proposed SHEMS

Specification Total Cost (THB)
Battery Energy Storage System 10kWh 220000
Rooftop Solar PV System 5kw 215000
Vertical-Axis Wind Turbine 5kwW 150000

In this study, the total initial investment cost for this project is estimated to be
approximately 585000.00 THB, which includes a 5 kW rooftop solar PV system, a
vertical-axis wind turbine (VAWT), and 10 kWh BESS. It is important to note that the
cost of the EV is excluded from the investment calculation, as it is assumed that the
EV is already owned by the user and is utilized solely as an auxiliary energy storage
unit through Vehicle-to-Home (V2H) integration. Based on the projected electricity cost
savings between  scheduling . appliances using the proposed system and non-
scheduling, annual electricity cost savings of approximately 101762.15 THB. Table 4.10
summarizes the key financial indicators, evaluated using a discount rate (DCR) ranging

from 1% to 5% to reflect varying economic conditions.
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Table 4.10 Economic impact on this proposed SHEMS in case IX

discount rate (DCR)
1% 2% 3% 4% 5%
initial
nvestment 585000.00 THB
AES 101762.15 THB.
PV 963820.27  914087.12  868051.75  825382.16 785780.32
NPV 378820.27  329087.13  283051.75 240382.16 200780.32
RO 64.76% 56.25% 48.38% 41.09% 34.32%
5 Years 11 6 Years 2 6 Years 5 6 Years 8 6 Years 11
DPEP Months Months Months Months Months

)
E |
g o -m
— S —
fcg ﬂl[“ IocrR 1%
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o 1 I ock 5%
: PBP 1%
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Figure 4.53 Cumulative discounted cash flow over 10 years
Using a DCR of 5%, the present value of these savings over 10 years is estimated
at 785780.32 THB. Consequently, the NPV of the project is about 200780.32 THB, and
a return on investment of approximately 34.32% over 10 years. Since both the NPV

and ROI are positive, this indicates that the investment is economically viable under
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the system conditions. Figure 4.34 presents the cumulative discounted cash flow over
10 years and the DPBP with a DCR of 1% to 5%. In addition, a sensitivity analysis was
conducted by varying the DCR from 1% to 5%.

The results indicate that a lower discount rate results in a higher present value
of future energy savings, thus making the overall project more financially attractive and
enhancing the long-term financial benefits of implementing the proposed PSO-LP-

based hybrid SHEMS.



CHAPTER V

CONCLUSION

5.1  Conclusion

This thesis proposed a hybrid Particle Swarm Optimization-Linear Programming
(PSO-LP) framework to address the Optimal Home Appliance Scheduling (OHAS)
problem under a Time-of-Use (TOU)-based Demand Response (DR) scheme and
improve smart home energy management systems (SHEMS). The proposed SHEMS
allows household appliances to select their power consumption from various energy
resources, including grid power, rooftop solar PV, wind turbines, Battery Energy Storage
Systems (BESS), and Vehicle-to-Home (V2H) integration. The battery and V2H can
charge when renewable energy sufficiently meets load consumption and discharge
when renewable energy is insufficient to satisfy load demands or during peak hours.
Integrating BESS and V2H made SHEMS more flexible in energy management, allowing
rooftop PV to have more surplus power to feed into the grid under the household PV
purchasing scheme by MEA and PEA, which can reduce household costs. The
simulation results comparing appliance scheduling with non-scheduling in all scenarios
demonstrated that not only was a significant reduction in daily electricity costs
achieved, but the burden on the grid during the peak hour decreased by implementing
the proposed hybrid PSO-LP to solve the SHEMS problem. Moreover, nine simulation
scenarios were developed to investigate how different combinations of energy sources
affect appliance scheduling, system flexibility, and electricity cost reduction. The
results show that integrating RESs with BESS and V2H can significantly reduce grid

reliance and enable surplus PV energy export in both TOU and RTP pricing schemes.
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The proposed PSO-LP was benchmarked against conventional PSO, GA, and GA-
LP approaches. The results confirmed that the hybrid PSO-LP consistently achieved
better convergence behavior, more stable solutions, and lower electricity costs across
all trials. Despite having a longer computation time, it remains acceptable for day-
ahead scheduling, as the optimization can be performed in advance without affecting
real-time operations. In summary, the proposed hybrid PSO-LP-based SHEMS efficiently
reduces electricity costs and achieves optimal scheduling in SHEMS but also leads the
way toward smarter, greener, and more cost-efficient smart homes in future smart

grids.

5.2  Future Work

Although the proposed hybrid PSO-LP framework has shown strong
performance in optimizing appliance scheduling and reducing electricity costs, there
are still areas for future enhancement, such as RES uncertainty and battery factor.
However, in reality, solar and wind power are naturally uncertain due to weather and
environmental variations. The current model assumes deterministic renewable energy
profiles. Therefore, incorporating uncertainty analysis for RES would enhance the
adaptability of this model to real-world conditions. For the battery factor, the
behaviors of batteries and electric vehicles (EVs) in this thesis are modeled under
simplified assumptions. Important battery factors such as battery degradation, charging
and discharging efficiency losses, and stochastic EV mobility patterns are not included.
Future research could focus on developing more detailed models that capture these
requirements, thereby improving both the precision and long-term practicality of the

proposed smart home energy management systems.
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APPENDIX A

The power balance in every case scenario

Appendix A represents the daily power balance of all energy resources,
including erid power, rooftop solar PV, wind turbines, Battery Energy Storage Systems
(BESS), and Vehicle-to-Home (V2H) integration. The table below reveals power
consumption from each energy source to satisfy load demand in each time ‘t’. The

power balance in each case study is as follows:
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Case I: Appliance scheduling using grid power only.

Table A.1 The power balance of each time slot case |

Poria  Pprusage ]:;Z;j Pg SoCp Pry SoCpr  Prow

BN R C U Y I CUR O RV O R T
1 0.185 0 0 0 0 0 0 0.185
2 0.185 0 0 0 0 0 0 0.185
3 0.185 0 0 0 0 0 0 0.185
4 0.185 0 0 0 0 0 0 0.185
5 0.185 0 0 0 0 0 0 0.185
6 3.185 0 0 0 0 0 0 3.185
7 4.585 0 0 0 0 0 0 4.585
8 7.085 0 0 0 0 0 0 7.085
9 1.985 0 0 0 0 0 0 1.985
10 1.885 0 0 0 0 0 0 1.885
11 1.985 0 0 0 0 0 0 1.985
12 0.185 0 0 0 0 0 0 0.185
13 1.335 0 0 0 0 0 0 1.335
14 1.335 0 0 0 0 0 0 1.335
15 1.335 0 0 0 0 0 0 1.335
16 1.335 0 0 0 0 0 0 1.335
17 3.835 0 0 0 0 0 0 3.835
18 4.035 0 0 0 0 0 0 4.035
19 6.535 0 0 0 0 0 0 6.535
20 2.435 0 0 0 0 0 0 2.435
21 2.435 0 0 0 0 0 0 2.435
22 7.235 0 0 0 0 0 0 7.235
23 5.535 0 0 0 0 0 0 5.535
24 5.535 0 0 0 0 0 0 5.535
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Case II: Appliance scheduling with power from the grid and BESS.

Table A.2 The power balance of each time slot in case |l

Pgria  Pprusage ]:;Z;j Pz SoCp Ppy SoCpyr  Proa

BN IRV 7 U CO RV CO R T
1 4.335 0 0 3 30 0 0 1.335
2 3.635 0 0 2.3 53 0 0 1.335
3 1.835 0 0 -2.5 28 0 0 4.335
4 0.535 0 0 -0.8 20 0 0 1.335
5 4.435 0 0 0.1 21 0 0 4.335
6 10.085 0 0 6.9 90 0 0 3.185
7 2.885 0 0 -6.9 21 0 0 9.785
8 15.285 0 0 6 81 0 0 9.285
9 0 0 0 -3.7 a4 0 0 3.685
10 0 0 0 -0.2 42 0 0 0.185
11 0 0 0 -0.7 35 0 0 0.185
12 0.485 0 0 -1.5 20 0 0 1.985
13 9.385 0 0 6.7 87 0 0 2.685
14 0 0 0 -0.6 81 0 0 0.185
15 0 0 0 -6.1 20 0 0 2.685
16 9.685 0 0 7 90 0 0 2.685
17 0 0 0 -0.2 88 0 0 0.185
18 0 0 0 -1.4 74 0 0 1.335
19 0 0 0 2.0 a7 0 0 2.635
20 0 0 0 -2.5 22 0 0 2.435
21 1.135 0 0 -0.2 20 0 0 1.335
22 3.635 0 0 1.1 31 0 0 2.535
23 1.535 0 0 -1 21 0 0 2.535
24 3.435 0 0 0.9 30 0 0 2.535
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Case lll: Appliance scheduling with power from the grid and V2H.

Table A.3 The power balance of each time slot in case lI

Poria  Pprusage ]:;Z;j Pgp SoCp Pry SoCry  Prow
N IR Y U O RV R O R

1 16.335 0 0 0 0 15 30 1.335
2 3.335 0 0 0 0 -1 28 4.335
3 3.335 0 0 0 0 2 32 1.335
4 11.335 0 0 0 0 10 52 1.335
5 16.335 0 0 0 0 12 176 4.335
6 0.685 0 0 0 0 -2.5 71 3.185
7 15.085 0 0 0 0 7.5 86 7.585
8 13.485 0 0 0 0 2 90 11.485
9 3.685 0 0 0 0 0 90 3.685
10 0.185 0 0 0 0 -5 80 0.185
11 1.985 0 0 0 0 -5 70 1.985
12 0.185 0 0 0 0 0 70 0.185
13 2.685 0 0 0 0 0 70 2.685
14 0.185 0 0 0 0 0 70 0.185
15 2.685 0 0 0 0 0 70 2.685
16 2.685 0 0 0 0 -5 60 2.685
17 0.185 0 0 0 0 -5 50 0.185
18 0 0 0 0 0 -1.5 47 1.335
19 0 0 0 0 0 -2.5 42 2.035
20 0 0 0 0 0 -2.5 37 2.435
21 0 0 0 0 0 -2 33 1.935
22 3.535 0 0 0 0 1 35 2.535
23 2.535 0 0 0 0 0 35 2.535
24 0.035 0 0 0 0 -2.5 30 2.535
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Case IV: Appliance scheduling with power from the grid, PV, and BESS.

Table A.4 The power balance of each time slot in case IV

Poria  Pprusage ]:;Zgj Pgp SoCp Pry SoCry  Prow
N IR Y U O RV R O R

1 4.335 0 0 3 30 0 0 1.335
2 4.335 0 0 3 60 0 0 1.335
3 3.135 0 0 1.8 78 0 0 1.335
4 0.935 0 0 -3.4 a4 0 0 4.335
5 1.935 0 0 -2.4 20 0 0 4.335
6 4.219 0.266 0 1.3 33 0 0 3.185
7 7.9085 1.7765 0 2.1 54 0 0 7.585
8 5.7965 2.6885 0 -3 24 0 0 11.485
9 0 3.3915 0 -0.3 21 0 0 3.685
10 -0.0195 3.885 0 3.7 58 0 0 0.185
11 -4.071 0.185 0 -0.2 56 0 0 0.185
12 -2.48 1.985 0 -0.3 53 0 0 1.985
13 -1.761 2.685 0 -0.2 51 0 0 2.685
14 -0.1905 3.885 0 3.7 88 0 0 0.185
15 -0.6305 2.685 0 -0.2 86 0 0 2.685
16 0 2.2895 0 -0.4 82 0 0 2.685
17 0.0825 0.9025 0 0.8 90 0 0 0.185
18 0.0255 0.0095 0 -1.3 T 0 0 1.335
19 0.235 0 0 -1.8 59 0 0 2.035
20 0.335 0 0 -2.1 38 0 0 2.435
21 0.135 0 0 -1.8 20 0 0 1.935
22 5.735 0 0 3.2 52 0 0 2.535
23 0.535 0 0 -2 32 0 0 2.535
24 2.335 0 0 -0.2 30 0 0 2.535
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Case V: Appliance scheduling with power from the grid, PV, and V2H.

Table A.5 The power balance of each time slot in case |

Pgria  Ppyusage 1:;2;5 Pz SoCp Ppy SoCgy  Proaw
BN B o T O RV RO

1 16.335 0 0 0 0 15 30 1.335
2 11.335 0 0 0 0 10 50 1.335
3 6.835 0 0 0 0 55 61 1.335
4 17.335 0 0 0 0 13 87 4.335
5 5.335 0 0 0 0 1 89 4.335
6 3.419 0.266 0 0 0 0.5 90 3.185
7 3.5085 1.7765 0 0 0 -2.5 85 7.785
8 11.0965 2.6885 0 0 0 2.5 90 11.285
9 0.2935 3.3915 0 0 0 0 90 3.685
10 -3.7195 0.185 0 0 0 -5 80 0.185
11 -2.271 1.985 0 0 0 -5 70 1.985
12 -4.28 0.185 0 0 0 0 70 0.185
13 -1.761 2.685 0 0 0 0 70 2.685
14 -3.8905 0.185 0 0 0 0 70 0.185
15 -0.6305 2.685 0 0 0 0 70 2.685
16 0.3955 2.2895 0 0 0 -5 60 2.685
17 -0.7175 0.185 0 0 0 -5 50 0.185
18 0 0.0095 0 0 0 -1.5 47 1.335
19 0 0 0 0 0 -3.5 40 2.035
20 0 0 0 0 0 -6 28 2.435
21 0 0 0 0 0 -4 20 1.935
22 5.535 0 0 0 0 3 26 2.535
23 5.535 0 0 0 0 3 32 2.535
24 1.535 0 0 0 0 -1 30 2.535
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Case VI: Appliance scheduling with power from the grid, PV, BESS, and V2H.

Table A.6 The power balance of each time slot in case VI

Poria  Pprusage ]:;Z;l Pgp SoCp Pry SoCry  Prow
BN IR Y U O RV O R

1 19.335 0 0 3 30 15 30 1.335
2 5.335 0 0 6 90 -5 20 4.335
3 7.035 0 0 -2.8 62 8.5 37 1.335
4 7.135 0 0 -3.7 25 95 56 1.335
5 18.235 0 0 59 84 8 12 4.335
6 6.219 0.266 0 0.3 87 3 78 3.185
7 9.6085 1.7765 0 0.3 90 3.5 85 7.585
8 5.4965 2.6885 0 -5.3 37 2 89 11.485
9 0 3.3915 0 -0.8 29 0.5 90 3.685
10 -3.7195 0.185 0 -0.2 27 -5 80 0.185
11 -2.271 1.985 0 -0.2 25 -5 70 1.985
12 -0.28 4.185 0 4 65 0 70 0.185
13 -1.761 2.685 0 -0.2 63 0 70 2.685
14 -3.8905 0.185 0 -0.6 57 0 70 0.185
15 -0.0305 3.285 0 0.6 63 0 70 2.685
16 -0.0045 2.2895 0 -0.4 59 -5 60 2.685
17 -0.7175 0.185 0 -0.3 56 -5 50 0.185
18 0 0.0095 0 -3.6 20 2 54 1.335
19 0 0 0 6.5 85 -9.5 35 2.635
20 0 0 0 -4 45 2 39 1.835
21 0.035 0 0 0.6 51 -2.5 34 1.935
22 0.035 0 0 -2 31 -0.5 33 2.535
23 3.435 0 0 3.4 65 -2.5 28 2.535
24 0.035 0 0 -3.5 30 1 30 2.535
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Case VII: Appliance scheduling with power from the grid, PV, wind, and BESS.

Table A.7 The power balance of each time slot in case VI

Py Prvussse " Py SoCs Pry S0Cr Prow
N I A LU ORI LR OO
1 1.667662 0 2.667338 3 30 0 0 1.335
2 0.200723 0 2334277 1.2 42 0 0 1.335
3 0.636634 0 1.998366 1.3 55 0 0 1.335
4 0.800723 0 2334277  -1.2 43 0 0 4.335
5 2.436634 0 1.998366 0.1 44 0 0 4.335
6 4.151662 0.266 2.667338 39 83 0 0 3.185
7 1.40766 1.7765 2.50084 -5.38 25 0 0 11.485
8 2.184504  2.6885 3.011996 0.3 28 0 0 7.585
9 0.026162  3.3915 2.667338 24 52 0 0 3.685
10 -3.6195 0.285 0 0.1 53 0 0 0.185
11 -4.071 0.185 0 0 53 0 0 0.185
12 -2.48 1.985 0 -0.3 50 0 0 1.985
13 -1.761 2.685 0 0 50 0 0 2.685
14 -3.8905 0.185 0 -0.4 46 0 0 0.185
15 -0.6305 2.685 0 -0.7 39 0 0 2.685
16 -2.23511 0.05439  3.33061 0.7 46 0 0 2.685
17 -0.7175 0.185 0 -0.5 a1 0 0 0.185
18 -0.0095 0 3.235 1.9 60 0 0 1.335
19 0 0 2.635 =11 49 0 0 2.635
20 0 0 2.435 -0.9 40 0 0 2.435
21 0 0 2.335 1 50 0 0 1.335
22 0 0 2.535 -0.1 49 0 0 2.535
23 0 0 2.935 0.4 53 0 0 2.535
24 0 0 2.535 -2.3 30 0 0 2.535




133

Case VIII: Appliance scheduling with power from the grid, PV, wind, and V2H.

Table A.8 The power balance of each time slot in case VIlI

Poia Ppyusage ]:;Z;j Pz SoCs Pry SoCgy  Proa

N B o U IO B U B OB
1 13.66766 0 2.667338 0 0 15 30 1.335
2 0.000723 0 2.334277 0 0 1 32 1.335
3 1.836634 0 1.998366 0 0 2.5 37 1.335
4 5.000723 0 2.334277 0 0 3 43 4.335
5 18.33663 0 1.998366 0 0 16 75 4.335
6 5.251662 0.266 2.667338 0 0 5 85 3.185
7 2.50766 1.7765 2.50084 0 0 -3 79 9.785
8 9.084504  2.6885 3.011996 0 0 55 90 9.285
9 0 3.3915 0.2935 0 0 0 90 3.685
10 -3.7195 0.185 0 0 0 -5 80 0.185
11 -2.271 1.985 0 0 0 -5 70 1.985
12 -4.28 0.185 0 0 0 0 70 0.185
13 -1.761 2.685 0 0 0 0 70 2.685
14 -3.8905 0.185 0 0 0 0 70 0.185
15 -0.6305 2.685 0 0 0 0 70 2.685
16 0 2.2895 0.3955 0 0 -5 60 2.685
17 -0.7175 0.185 0 0 0 -5 50 0.185
18 -0.0095 0 1.535 0 0 -2 46 1.535
19 0 0 2.835 0 0 1 48 1.835
20 0 0 2.435 0 0 -2.5 43 2.435
21 0 0 1.935 0 0 -1 41 1.935
22 0 0 2.535 0 0 -1.5 38 2.535
23 0 0 2.535 0 0 -2 34 2.535
24 0 0 2.535 0 0 -2 30 2.535
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Case IX: Appliance scheduling with power from the ¢rid, PV, wind, BESS, and V2H.

Table A.9 The power balance of each time slot in case IX

Power P.ing
N Pgia Ppyusage wsage Pg SoCp Py SoCpy  Proa
N I T 7 LU B U B O )
1 16.66766 0 2.667338 3 30 15 30 1.335
2 4.900723 0 2.334277 5.9 89 0 30 1.335
3 3.036634 0 1.998366 -0.8 81 4.5 39 1.335
4 6.200723 0 2334277 -2.8 53 10 59 1.335
5 3.136634 0 1.998366 -1.2 41 5 69 1.335
6 4.451662 0.266 2.667338 4.7 88 2.5 74 0.185
7 2.30766 1.7765 250084 -6.8 20 7.5 89 5.885
8 0.384504  2.6885 3.011996 1.1 31 -6.5 76 11.485
9 0.026162 33915 2.667338 -1.1 20 7 90 0.185
10 -1.9195 1.985 0 0 20 -5 80 1.985
11 -2.071 2.185 0 0.2 22 -5 70 1.985
12 -3.98 0.485 0 0.3 25 0 70 0.185
13 -4.261 0.185 0 0 25 0 70 0.185
14 -3.8905 0.185 0 0 25 0 70 0.185
15 -3.1305 0.185 0 -0.5 20 0 70 0.185
16 -2.1045 0.185 0 0 20 -5 60 0.185
17 -0.9025 0 2.085 0.2 22 -5 50 1.885
18 0 0.0095 4.34424 59 81 -9 32 6.335
19 0 0 3.504364 « -3.7 44 -3 26 5.135
20 0 0 3171303 2.8 12 -3 20 2.435
21 0 0 3.135 1.8 90 0 20 1.335
22 4.256882 0 2678118 -2.6 64 5 30 5.535
23 1.889943 0 3.345057 -1.8 46 1.5 33 5.535
24 0.789943 0 3.345057 -1.6 30 -1.5 30 7.235
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Abstract— This paper proposcs a linear programming (LP)
method approach for optimal scheduling of the load of electrical
appliances in the residential to respond to time-of-use (TOU)
electricity prices at various periods. Appliance scheduling by
TOU-based Demand Response (ASTDR) can give eleetricity
consumers a benefit. Appliance loads should be shifted from the
high clectricity price periods not only to minimize the total
electricity cost per day but also to reduce peak load demand by
controlling the shiftable loads. The simulation result shows that
the proposed method can efficiently reduce electricity costs and
also help reduce peak demand from the grid during the peak
hour by implementing ASTDR.

Key is— D ! Resp Home Energy Management,
Load scheduling, Time of Use (1OQU)

I. INTRODUCTION

Nowadays, the clectricity power demand and
consumption are increasing rapidly worldwide. This
increment causes many problems, such as increasing carbon
emissions, deficiencies in electric service reliability, increased
disturbances, power quality issucs, and power system collapse
caused by high peak loads that lead to blackouts [1-2].
Presently, most of the current power system is centralized
power generation with unidirectional power flow that is
moving into smart grid (SG) systems [3]. Demand-side
management (DSM) strategies play a crucial role in the SG
concept [4]. Demand Response (DR) is a part of the demand-
side management (DSM) technique that encourages smart
homes to modify the pattern of appliance operation by shifting
the appliances from peak hours to off-peak hours to minimize
their electricity costs [5]. That can be called part of a home
encrgy management system (HEMS). HEMS are the main
tools for DSM, which provide significant opportunities for
both consumers and energy traders [6].

Both HEMS and DR are important parts of pushing the
SG to come true in the power system. in the future, so
electricity consumers can get the most benefit from the
demand response process. Load scheduling is one of the
HEMS tools that manages the load of electrical appliances in
the home to respend to the clectricity price at various times.
When the electricity price is high, the low-priority loads
should be shifted to the period when the electricity price is
lower [7]. Thercfore, not only does it reduce electricity costs,
but it also helps reduce power consumption during peak
demand periods, which is very beneficial to managing
electrical energy crises and easily improves the stability of
electric power both in the short and long term [8].

979-8-3503-8359-1/24/$31.00 ©2024 IEEE

There is a lot of research on load scheduling. Numerous
researchers have developed optimization models to solve the
energy management problem in smart grids, especially for
residential consumers [3]. In Ref. [3], an optimal residential
load scheduling model in a smart grid environment is
proposed by using mixed integer linear programming
(MILP). In Ref. [5], each appliance can be scheduled by using
binary particle swarm optimization with demand response
(DR) implementation based on real-time pricing (RTP). In
the paper [9], the authors presented the appliance load
scheduling using linear programming (LP) based dynamic
pricing and renewable energy. While in [10], a MILP-based
smart appliance scheduling framework is proposed based on
actual spot prices, the MILP technique is used in papers [11—
12] to schedule residential appliances based on the TOU rate.
Nonetheless, LP is both explicit to understand and to operate
to solve energy management problems.

In this paper, Appliance Scheduling by TOU-based
Demand Response (ASTDR) is presented. First, that
represents the load scheduling of each appliance in a smart
home by TOU-based demand responsc using the lincar
programming (LP) method. Then, compare the shifted power
consumption of appliances with that of not shifting. The
proposed method resulted in minimizing the electricity cost
per day for consumers.

The organization of this paper is as follows: In Section IT,
we describe the proposed methed for scheduling power
consumption appliances in homes and minimizing electricity
costs using the LP technique. Section III explains the LP
method for ASTDR. The simulation results compare power
consumption costs between appliances that are scheduled and
not scheduled in Section IV. Lastly, we conclude in Section
V.

II. APPLILANCE SCHEDULING MODEL

A. Appliances Data

The future smart home will include a large number of
electrical appliances. In this paper, we propose some electrical
home appliances that can be found in every home. Appliances
can be divided into two types: shiftable and unshiftable.
Unshiftable appliances have to always be on or must be non-
changed time for operation. For Shiftable, the appliance can
designate a time to operate. Each electrical appliance has a
specific power rating (kW), a duration of operation (hours),
and a possible range of starting and finishing times (hours) [3,
5]. Table I presents the appliance data.

Authorized licensed use limited to: Suranaree University of Technology provided by UniNet. Downloaded on June 02,2025 at 19:28:18 UTC from IEEE Xplore. Restrictions apply.
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TABLE L THE APPLIANCE DATA
Power | Duralionof | Siariing | Fnding
No. Appliances rating operation time time
(kW) : 5
Unshiftable
L Refrigerator 0.18 24 (1] 24
2 sensor 0.01 24 [} 24
3 Air conditioner 115 12 12 24
4 Hlumination 0.50 & 18 24
Shiftable

5 Dish washer L70 1 8 -
6 Washing machine L.80 2 8 12
T Microwave L70 1 T 10
8 Cooker hood 0.20 1 16 19
9 Iron 2.70 2 5 21
10 | Laptop 0.10 3 13 24
11 Vacuum cleaner 2.00 1 7 22
12 Other load 3.00 5 (1) 24

Units of electricity are measured in kWh and the price for
a unit of electricity in Thailand is shown in Baht per kilowatt
hour (B/kWh).

B. Time of Use (10U)

Time-of-use rates have a common goal to incentivize
customers to consume energy when the cost of generating
electricity is cheap (off-peak hours) and to disincentive energy
consumption when the cost of generating electricity is high
(peak hours). The Time of Use Tarift in Thailand is an

electricity tariff that reflects the cost of producing electricity
divided into two time periods:

Peak: 09.00 a.m—~10.00 p.m., Monday—Friday
Off-Peak: 10:00 p.m.—9:00 a.m. Monday—Friday

for residential, time of usc rates (TOU) at voltage levels
lower than 22 kV. Energy charge when Peak is 5.7982 B/kWh
and Off-Peak is 2.6369 B/kWh.

Time of Use(TOU)

Electrieity price(Bahunit)

Fig. I Hourly eleetricity time-of-use tariff'in Thailand

C. Appliance scheduling

This paper presents linear programming (LP)-based
appliance scheduling by TOU-based Demand Response
(ASTDR) that focuses on shiftable appliances.

Authorized licensed use limited to: Suranaree University of Technology provided by UniNet. Downloaded on June 02,2025 at 19:28:18 UTC from IEEE Xplore. Restrictions apply.

Using LP to solve ASTRD gives proper hours to operate
appliances that minimize electricity costs. then ASTDR
should not only avoid manipulating to operate appliances
during peak hours but also shift appliances to off-peak hours
that have lower electricity prices. ASTDR proposes
calculating the operating costs in a day for cach appliance as
follows:

AOC; = PR, x TR,. )
Where,
AOC; =[AOC} AOC?, AOCE, ..., AOCH ) 2
TR, =[TRy, TR, TRy .. TRyulixzar

fori=1 23 .., NA and time ' forr=1, 2 3, ..., 24 hours.
AOC! s the electricity cost for an 4’ appliance when it is
operated at time 7,

is a time-of-use rate (B/kWh) at time 7, and

is the power rating (kW) of the ‘i " appliance.

IR,
PR,

From equation (1), we comprehend all possibilities of
operating cach appliance with TOU rate prices and use this
information to locate the proper time to ON any appliance in
Section IT1.

TIT. LP-BasED ASTDR PROBLEM FORMULATION
A. ASTDR Objective function
This work represents the scheduling of each appliance in a
consumer home based on the TOU using LP-based
optimization, The objective of ASTDR is to minimize the

electricity cost for consumers. The objective function is given
below,

Electricity cost = f-xT. )
Where,
f =[AOCy, AOC, AOC;, ..., AOCya |1 2axna):»
x = [PHy, PHz, PHg, ..., PHyg |1 2axna):
PH;,  =[Phi PRZ PhS, .., Ph?*] 1 an.
fori=1, 2,3, ..., NA, when,
Ph! 1s the optimization variable, which is the proper

duration to operate an %" appliance at a time */’
fori= 1, 2, 3, ..., 24 hours.
B. Constraints and boundary
ASTDR uses LP to solve a simple lincar program with
linear inequalities, linear equalities, and bounds.

®  Boundary
In this problem, the bound is the ON/OFF status of the
appliance per day. That “1® is denoted as ON and ‘0" is
denoted as OFF. Therefore,
PRt €{0,1}.

1, 2, 3,w, Ndyand time ¢

(3)

Fori 1, 2, 3, .., 24 hours.

* Equality constraints

These constraints are used to locate a proper duration to
turn on or off the appliance in all possibilities within 24 hours
of operating, as below:

AO;- PH, = DO.,. e
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Where,

AQ; =[AO0L,AO% AC?, ..., A0 o, fori 1,2, ., NA.

Aot is an ON condition with a range of starting and
finishing times (hours) for each 7’ appliance at a
time ¢’ fort [, 2, 3, ..., 24 hours, and

Do; is the duration of operation (hours) for ‘i’ appliance.

* [nequality constraints
The inequality constraints are used to find the mininmum
electricity cost of operating any 7" appliance as follows:

AC; -PH; = DC,. (5)

Where,

A S[ACL ACHBECS o AE iy FovT =, 2SN

AC  isAOCE multiplied by ACF Therefore, ACis the ©°
appliance operating cost at time 7" fort = 1, 2, 3,
24 hours, and
DC, is the minimum AOC, multiplied by the duration of
operation, Then DC,; is the minimum an 7’
appliance’s daily operating cost.

In order to obtain the most suitable hours for scheduling
the load of each electrical appliance, it is necessary to set the
above-mentioned constraints so that LP can efficiently solve
the ASTDR problem and locate the proper duration to operate
cach appliance in 24 hours. The ASTDR problem
computational procedure can be illustrated as shown in Fig, 2.

Provide data on an *i* appliance, fori -/, 2, 3, ., N4
Specify AOC, by calculation Egs. (1)

v

Formulate f = [A0C,, AOC,, AQC,, ..., AOC] oy
fori=1.2,3 ... N4

v

' Set boundaries by Eqgs. (3) [

v

NAp

1V. SIMULATION RESULTS

From the appliance data in Section 1I, we obtain the
appliance operating cost for all appliances in 24 hours (410C})
in Table IL

TABLEIL THE APPLIANCE'S DAILY OPERATING COST
Al The electrieity eost (Baht)
Time t |23 |4 |s|s| 7|89 |w|un|n
(Hours)

1 04746 | 00264 | 30324 | 13185 | 44827 | 4.7464 | 4.4 71196 | 0.2637 | 5.2738 | 7.9107
2 04746 | 0.0264 | 3.0324 | 13185 | 4.4827 | 4.7464 | 44827 1196 | 02637 | 5.2738 | 7.0107
3 0.4746 [ 0.0264 | 30324 | | 3185 | 44827 | 47464 | 44827 | 0.5274 | 71106 | (2637 [ 5.2738 | 79107
4 04746 | 0.0264 | 30324 | 13185 | 44827 | 4.7464 [ 44827 | 0.5274 | 7.1196 | 0.2637 7.9107
5 04746 | 0.0264 | 2.0324 | 13185 | 4.4827 | 4.7464 | 44827 | 0.5274 | 7.1196 | 02637 | 5.2738 | 7.9107
6 04746 | 0.0264 | 30324 | L3185 | 44827 | 47464 | 44827 196 | 0.2637 | 5.2738 { 7.9107
7 0.4746 | 0.0264 | 3.0324 | 13185 | 4.4827 | 4.7464 | 4.4827 T.1196 | 0.2637 | 5. 7.9107
8 0.4746 | 0.0264 | 3 1.3185 44827 | 0.5274 | 71196 | 0.2637 8 | 7.9107
9 LO43T | 0.0580 28091 | 9.8569 | 10437 | 9.8569 | 11596 | 15.655 | 0.5798 | 11.596 | 17395
10 L0437 | D.058D | 6.667% | 28091 | 9.8569 | 10437 | 98569 | 11596 | 15.655 | G-5798 | 11.596 | 17.395
1 L0437 | 0.0580 | 6.6679 | 2ROOI [ 0.8560 | 10437 | 9.8569 | 11596 | 15.655 | 0.5T08 | 11.506 | 17305
12 L0437 [ 00380 | 66679 | 28081 [ 98368 | 10437 | 9.856% | 1596 | 15.655 | 0.5798 | 11,596 [ 17,395
13 L0437 | 00580 | 66679 | ZEIY [ 9.8560 | 10437 | 98568 | 1 1596 05798 | 11.596 | 17.395
14 L0437 | D.0S80 | 6.6679 | 28991 | 9.8569 | 10437 | 9.8569 | 11596 | 15.655 | 05798 | 11.596 | 17.395
15 10437 | 00580 | 6. LRITI [ 9.R560 | 10437 | 98565 | 11596 | 15.655 | 0.5798 | 11.596 | 17395
16 LO437 [ 0.058D | 6.6679 | 28001 | 9.8560 | 10437 | 9.856% | 11596 | 15.655 | 0.5798 | 11.596 | 17.305
17 LO43T | Q.OSED | 6,667 | 2EDD] | D.8569 | 10437 | 9.8368 | 11586 | L 0.5798 | 11.596 | 17,395
18 L0437 | 00580 | 6.6679 | 28991 | 9.8569 | 10437 |9.856% | 11596 | 15.655 | 0.5798 | 11.596 | 17395
19 10437 [ 0.0580 | 6.6679 | 25991 | 9.8568 | 10437 | 9.8568 | 11596 | 15.655 | 0.5798 | 11.596 | 17,395
20 L0437 [ Q0580 | 66679 | 28091 | 98360 | 10437 | 98569 | 1 1596 | 15,655 | 0.5798 | 11.596 | 17.395
21 L0437 | 0.0380 | 66679 | 28091 | 98360 | 10.437 | 9.8569 | 11596 | 15.655 | 0.5T98 | 11,596 | 17,395
22 LO43T | D058 | 6.6670 | ZEDOL | 9.8560 | 10437 | 9.8568 | L1590 | L 5 | 0.5798 | 11.596 | 17.395
23 04746 | 0.0264 | 3.0324 | 13185 | 4.4827 | 4.7464 | 44827 | 0.5274 | 7.1196 | 0.2637 [ 5.2738 | 7.9107
24 04746 [ 0.0264 | 30324 | | 3185 | 44527 | 47464 | 44827 | 0.5274 | 71196 | 02637 [ 5.2738 | 7.0107

Table II shows the possible electricity cost of power
consumption for each appliance in 24 hours based on the TOU
tariff. With all the conditions for using LP mentioned in
Section I1I, LP can be implemented in the ASTDR objective
fanction to minimize the daily electricity cost.

TABLE IIL THE OPTIMAL SCHEDULING OF APPLIANCES

Appli- Optimal hours
Sel equality constraints using Eqs. (4), specify AO; and 20, | 4
Tme 1 2 3 4 5 3 7 8 9 10 11 12
{Hours)
. . . . - . ha e
Set inequality constraints using Eqs. (5), specify AC; and DG | i - ? U . A 7 o v L - " #
2 1 1 o |lo|o|o o f[aofof|o]|a]oen
l 3 1 1 o |lo|o|ofofofoef|o]|e]o
. : - : - - 4 1 1 0 0 o o o 0 0 0 [ o
Solve ASTDR by LP with All Constraint Types using Eqs. (2) ‘
: 1 1 o | o | oo |offodfso o0 |0 |0
& 1 1 o o oo o[ fofa]|a]|
¢ = 7 1 1 o @ & |2 1 0 1 o |0 1
Computation gives a proper duration PH; to operate an 7
appliance in 24 hours. e L ! g 6 l & 8 L l 4 5 1
9 1 1 o | o oo foe|ofofo]|o]oe
l 1o 1 1 o |l o |oflo o |[ofao|a]|a]oae
i [ h 1 1 1o oo fo|loe|lofofoe]o]oe
Obtain optimal solution of x

12 1 1 L 0|0 tloefofo]oe | e |oe
13 1 1 1 o | o |o|lo|o o |[o]|a]|oao
- 14 1 1 1 o|o|o|lo|o|[o|o|o o0
STOP 15 1 1 1 o |lo oo |ofofo|o o0
Fig. 2 Flowchart of the LP based ASTDR L L 1 b 2 8 9 i ‘ 8 ] L 0
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Appli- Optimal hours
ances
Time tl2 ]3| a|s || |s|o|w|uln
(Hours)
17 1 1 1 o o o o 0 ) 0 0 o
18 vt loelolo]olelo]o]o
19 1 L 1 1 o o o 0 0 o 0 0
20 1ttt 1o lololo]|o|e]e]o
21 1 1 1 1 o o o 0 0 0 o o
22 1 11 i 1 o ) o 0 0 1 L] [}
23 1 1 1 1 o o o 0 0 1 0 1
24 vl e | s | ]oe]o]e|[e]|1 ]| o]l

& +1” assign as the appliance is *ON, and * *0” assign as the appliance is *OFF

Table III presents the proper hours (Ph;) to schedule and
operate any appliance in 24 hours. Unshiftable appliances
such as refrigerators, sensors, air conditioners, and
illumination have an unchanging operational time. Leftover
shiftable appliances, such as irons and dishwashers, can be
scheduled to obtain the optimal solution to the ASTDR
problem.

In the scheduled appliance case, ASTDR notices that peak
load is oceurring and knows when the lowest electricity prices
are. Then we can shift appliances in a consumer's home to
avoid an hourly peak load, like in Table IV.

The Elactricity cost per day

i agpanea Seeeuin "
~ e nisns Now Betmng|

Fig 3. The power consumption cost in 24 hours.

TABLE IV, THE APPLIANCES POWER CONSUMPTION COSTS IN 24 HOURS
A';.‘:‘:: The elecricity cost (Bakt) TABLE V. THE ELECTRICITY COST OF ALL APPLIANCES
T'ime i 2 3 4 5 6 7 3 9 10 il 12 I The eleetricity cost (Bahty
(Hours) L TOU Rate
- KHot) Nom-Schieduling Optimal Scheduling

1 04746 | 5.0264 | 0.0000 | 0.0000 | 0.0000 | 0.0006 | 8,600 | 0.0000 | 0,000 0.000¢ | 00000 | 0.0000
2 0.4746 | 5.0264 | 5.0000 | 0:0000 | 0.0000 | 0.6000 | 0.6000 | 0.0600 | 0.0600 | 0.0000 | 0.0000 | 0.0000 1 OFF-PEAK 0.5010 05010
3 04746 | 0.0264 | £.0000 | 0:0000 | 0.0000 | 0.0000 | 06000 | 0,900 | 0.0000 | 0.0000 | 0.0000 | 0.0000 2 OFI-PEAK 05010 0.5010
4 04746 | 0.0264 | 0.0000 | 0.0000 | 0.0000 | 06000 | 0.0000  0.0000 | 10000 | 0.0000 | 0.0000 | 00060 3 OFF-PEAK 0.5010 0.5010
5 4746 | 0.0264 | 00000 | (0.0000 | 0,000 | 0,000 | 0400 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 4 OFF-PEAK 0.5010 0.5010
6 04746 | 0.0264 | 00000 | 6.0000 | 0.0000 | 0.0000 | 80000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 7.8107 5 OFF-PIAK 03010 05010
7 04746 | 0.0264 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 4.4827 [ 0.0000 | 7.1196 | 0.00000.0000 | 7.9107 6 OFF-PEAK 0.3010 84117
8 0.4745 | 0.0264 | 0.0000 | 0:0000 | 4.4827 | 47464 | 0.0006 | 0.0000 | 7.1 196 | 0.0000 | 5.2738 | 7.9107 7 ON-PEAK 03010 20.0141
9 10457 [ 0.0850 | 0,0000 | 0,000 | 0.0000 | 06000 | 6604 | 1.0600 | 00000 | 0,000 | 0,006 0.0000 8 OFF-PEAK. 05010 30.0343
10 L0437 | 0.0580 | 0.0000 | $.0000 | 0.0000 | 00000 | 80000 | 0.0000 | 0.0000 | 8.0000 | 0.0000 | 0.0000 9 PEAK 22,5550 Lioi?
1 10457 | 00580 | 0.0000 | 0.0000 | 0.0009 | 10.427 | 0,000 | 0.0000 | 0.0006:| 0.0000 | 0.0000 | 0.0600 10 PEAK 18.4963 1017
12 1.0437 | 00580 | 66679 | 0.0000 | 0.0006 | 06005 | 0.000e | 0.0000 | 0.0600.| 8,000 | 9.0000 | 0.0000 1 PEAK 113384 115384
13 10437 [ 0.0550 | 66679 | 0:0000 | 0,000 | 0.6000 | 6.8000 | 1.0000 | 0.0000 | 0.0000 | 0.0000 | 00050 12 PEAK 35,6009 77696
14 L0437 [ 0.0580 | 6.6679 | 0.0000 | 0.0000 | 0.0000 | 0.6000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 { 0.0000 13 PEARK 25.1642 7.7696
15 10437 | 0.0580 | 66679 | 0.0000 | 0.0000 | 0.6000 | 0.000¢ | 0.0000 | 0.0600 | 0.0000 | 5.0000 | 0.0060 14 PEAK 17696 77696
16 L0457 [ 00880 | 66679 | 0,0000 | 0.0000 | 0,600 | 0.0 | 1.1506 | 0000 | 0.0000 | 0.0000 | 0000 15 PEAK 77696 77696
17 1.0437 [ 0.0580 | 6.6679 | 0.0000 | 0.0000 | 0.0004 | 6.0000 | 00000 | 0.0000 | 0.0000 | 0.0000 | 0.0060 16 PEAK 7.7696 829292
18 LO43T [ 0.0550 | 66679 | 2,8991 | 0.0000 | 06000 | 64000 | 0.0000 | 1.0000 | 0.0000 | 0.0000 | 0.0000 17 PEAR 8.9202 77696
19 10437 [ 0.0580 | 6.6679 | 2:8991 | 0.0000 | 0.000 | 0.0000 | 0.0000 | 0,006 | 0.0000 | 0.0000 | 0.0000 ] PEAK 37.9202 10.6687
20 1.0437 | 0.0580 | 5.6679 | 2.8991 | 0.0000 | n.6000 | 0.cone | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 19 PEAK 26,3238 10.6687
21 10457 [ 0.0580 | 6.6679 | 2.8991 | 0.0000 | 0.6006 | 0000 | 0.0900 | 0.0000 | 0,000 0.0000 | 0.0000 20 PEAK 26.9036 10,6687
22 10437 | 0.0580 | 6.6679 | 2.8991 | 0.0000 | 0.6000 | 6.6000 | D000 [ 0.000% | 0 5798 | 0.0000 | 0 0000 21 PEAK 286431 106687
23 04746 | 0.0264 | 30324 | 13183 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.0000 | 0.2637 | 0.0000 | 7.9107 22 PEAK 112485 112485
24 |047a60.0264 | 3.0324 | 1.3185{ 0.0000 | 0.0000 | 0.0000 | n.0000 | 0.0000 | 0.2637 | 0.0000 | 79107 23 OFL-PEAK 458519 13.0263
24 OFF-PEAK 48519 13.0263
The power consumption cost for each appliance can be Tlectricity cost per day 290.344. 202.460

explained in two parts: appliance scheduling and non-
scheduling.

Non-scheduling describes an unoptimized schedule with
ASTDR. In this part, appliances can operate during peak hours
and be overlooked when clectricity prices arc lowest. The non-
scheduling part is similar to what is oceurring in real life, with
consumption reaching peaks during times when people are
generally off their work shift and perform all their electricity-
consuming activities during those hours.

Finally, the result is revealed in Fig. 3 and Table IV. Figure
3 shows the comparison of results obtained for the proposed
system between non-scheduling and scheduled appliances.
In Fig. 3, the ASTDR efficiently schedules the load appliances
to avoid peak demand hours. Table V provides the electricity
cost in two cases: For non-scheduling appliances, the power
consumption cost of all appliances within 24 hours is 290.344
baht.
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And for scheduled appliances, the power consumption
cost is 202.460 baht. The result shows that the electricity cost
of the consumer's home is saved by 87.884 Baht per day by
using the proposed method.

V. CONCLUSION

This work introduces the problem formulation and
computational procedure for ASTDR using LP. The
simulation results not only proved that the reduction in
electricity cost is achieved by implementing residential
appliance scheduling in the home but also that the burden on
the grid during the peak hour is reduced by implementing the
proposed LP-based ASTDR for HEMS. Future work could be
focused on managing the energy of the smart house by
combining renewable energy sources such as micro-wind
turbines, solar rooftops, etc., with power from the grid,
including energy storage systems, to improve the efficiency of
the smart home system.
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Abstract: This article presents a hybrid particle swarm optimization-linear programming (PSO-LP) approach for smart
home intelligent energy management systems (SHIEMS). The proposed method formulates the objective function as
the minimization of total daily electricity costs, considering various home appliances, electricity from a rooftop
photovoltaic (PV) system, and wind power generation, as well as a battery energy storage system (BESS) and vehicle-
to-home (V2H) integration. The optimal BESS and V2H scheduling obtained from PSO is then incorporated into LP
to complete the optimal home appliance scheduling. Seven case studies under a time-of-use tariff were conducted to
evaluate the effectiveness of the proposed method in solving the problem under different conditions and benefiting
prosumers by optimizing and managing energy in smart homes. The results demonstrate that the proposed hybrid PSO-
LP-based SHIEMS effectively minimizes daily electricity costs for prosumers by 16.48% compared to the non-
scheduling. Additionally, the proposed framework maximizes PV electricity sales for prosumers by 17.941 kWh and
minimizes energy usage from the grid by 0.608 kWh, which helps alleviate the grid burden during peak hours.

Keywords: Smart home energy management, Time-of-use tariff. Demand response, Appliance scheduling.

Notation Description

A The binary variables on or off status of
" each appliance ‘m’ at the time 7’

c; The cognitive acceleration coefficient.

) The social acceleration coefficient.

¢t The electricity cost at the time 7.

Célo. The cost of buying energy.

Chy income from selling excess energy.

gl Tlle g_lob:?! ,best position of particle 7’ at

iteration 5.
bt Ille persoz_lal best position of particle 7’ at
i iteration 7’

P The power charge or discharge from the
LS battery at time ¢’

PF%G Maximum power battery charging limit.

PRy Maximum power battery discharging limit.

Pt The poyer charge or _discharge from the
£V battery in EV at the time 7.

Priy Maximum power EV charging limit.

Pgi Maximum power EV discharging limit.

Pless The excess PV power at the time 7’.

Pé,-,-d The power from the grid at the time 7.
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grid
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PLoaa'
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Ppy
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PZ’arai
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SoC}
SoC émn
SoCg™*
SaCi
SoCHr
BoCee
T g
Tn’?, starting
DC
NA
NER
NT

g

Maximum grid power limit.

Power consumption from all appliances at
the time 7’.

The power rating of each appliance m’.
The PV power at the time 7.

The wind power at the time 7’

The total power demand at the time 7’
The random values within the range of 0
and 1.

The SoC of the battery at the time ¢’
Minimum limits of the SoC of the battery.
Maximum limits of the SoC of the battery.
The SoC of the EV at the time ‘¢’
Minimum limits of the SoC of the EV.
Maximum limits of the SoC of the EV.
Ending time of appliance ‘m’ at the time 7.
Starting time of appliance 7’ at the time 7’
Total daily cost.

The number of electrical appliances.

The number of energy resource.

The number of time slot.

Efficiency of the battery.
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ey Efficiency of the EV.

vf The velocity of particle 9’ at iteration 7.
w The inertia weight factor.

x The position of particle 7’ at iteration 'j’.

1. Introduction

Currently. the global demand and consumption of
power are increasing rapidly. This increment causes
numerous problems, such as increasing carbon
emissions, rising energy prices, deficiencies in
electric service reliability, increased disturbances,
power quality issues, and power system collapse
caused by high peak loads that lead to blackouts [1].
Most of the current power systems are centralized
power generation with unidirectional power flow that
is developing into a decentralized power system,
which improves the flexibility, resilience, and
reliability of the power grid [2, 3]. Decentralized
systems can enable bidirectional power flow,
allowing electricity to be both supplied and used from
the grid, where consumers can act as prosumers to
produce their electricity and sell the excess power
back to the grid. This concept is an essential step
toward developing smart grid (SG) systems [4]. The
SG approach relies heavily on demand response
(DR), which is a part of the demand-side
management (DSM) tactics [5] that motivates both
consumers and prosumers to adapt and manage
energy consumption behavior in their smart homes to
reduce electricity costs and support the stability of the
power system [6, 7]. That can be considered a vital
component of a smart home intelligent energy
management system (SHIEMS) [8]. Load scheduling
is one of the SHEMS tools that manages the power
consumption of electrical appliances in the home to
respond to the electricity price at various times [9,
10]. To solve the global energy crisis and improve the
reliability of the power system. SHIEMS is an
alternative that every consumer can readily
implement.

Recent advancements in SHIEMS have increased
complexity because of rising global energy demand,
improved power system reliability, electricity cost
reduction efforts, and the integration of renewable
energy sources (RES), energy storage systems (ESS),
and electric vehicles (EVs) [11]. Researchers have
proposed different objectives for SHIEMS using
various optimization strategies. DSM plays a crucial
role in SHIEMS [12], using day-ahead load shifting
to minimize peak demand and electricity costs and
enhance sustainability. Optimized power scheduling
uses integer and continuous variables under day-
ahead pricing [13]. Appliance scheduling via TOU
minimizes daily electricity costs using LP [14], using
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mixed integer linear programming (MILP) applied
spot pricing [15]. A Markov decision process (MDP)
algorithm adjusts the power balance under real-time
pricing (RTP) to maximize social welfare [16]. A
multi-objective evolutionary algorithm (MOEA) and
multi-objective mixed integer linear programiming
(MOMILP) approach balances user satisfaction and
electricity cost [17, 18]. Early research of SHIEMS
relies only on grid power, which can be applied to
various problem formulations.

Integrating RES like solar and wind into
SHIEMS complicates energy management. In [19],
the prioritization and scheduling (PAS) algorithm
minimizes real-time total energy consumption under
time-of-day (TOD) pricing. Scheduling appliances
based on TOU to reduce the total electricity cost and
peak load using MILP [20]. Binary Particle Swarm
Optimization (BPSO) [21], and a multi-start random
constructive heuristic algorithm [22]. The load
scheduling model based on dynamic pricing and RES
using LP to minimize energy bills or maximize RES
usage [23]. After that, [24] developed load
scheduling using the genetic algorithm (GA) to
optimize energy costs and solar energy usage.

SHIEMS with ESS enhances flexibility and
reliability by storing excess RES or grid power during
off-peak hours for later use and provides energy for
smart homes when in peak demand. LP optimizes
load scheduling with RES to reduce energy costs and
peak demand under dynamic pricing [25]. Day-ahead
load scheduling based on weather forecasts to
minimize energy costs and achieve zero energy
consumption from the grid [26]. Under RTP, convex
programming (CP) [27] and mixed integer non-linear
programming (MINLP) [28] optimize load
scheduling to minimize electricity costs. Under TOU,
optimizing appliance scheduling to reduce electricity
costs and high peaks via the knapsack-based WDO
(K-WDQ) algorithm [29]. While GA and Interior-
Point (IP) optimization are proposed to schedule
charge/discharge battery storage systems to minimize
cost [30]. Most SHIEMS with ESS studies always
integrate RES for various objectives, including
appliance and battery scheduling:

Integrating EVs into SHIEMS presents an
interesting scenario for handling potential issues that
may arise from the imminent high penetrationof EVs
into the grid. EVs are similar to transportable
batteries, which can act as energy consumers and
possible energy sources through vehicle-to-home
(V2H) or vehicle-to-grid (V2G) systems. In [1], EV
18 considered V2G for peak shaving using LP. MILP
for TOU-based load scheduling to reduce electricity
bills [31]. MILP for scheduled energy production and
consumption under TOD pricing [4]. A hybrid of GA,
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WDO, and PSO (HGPDO) algorithms for optimal
power scheduling to reduce costs and carbon
emission-based RTP [32]. According to all the
research above, EVs are considered a household load.
Recently, there has been much research about V2H,
which acts as a backup to supply emergency power
directly to the home. To schedule energy for a
minimum cost based on DR implemented by MILP
[33, 34], in addition to optimizing BESS lifespan
through optimal energy management using the Rain
Flow Cycle Counting algorithm (RCCA) [35]. Load
scheduling for the upcoming day achieves a balance
between electricity cost and consumer comfort [36].
In Ref. [37], scheduling appliances based on the RTP
to reduce grid dependency and electricity costs using
BPSO.

The SHIEMS is an increasingly important
problem and requires complex solving methods.
Most existing studies have used appliance scheduling
to manage energy consumption for various
objectives, including minimizing electricity prices,
reducing peak load demand, and others. Table I
shows the research gap between the proposed effort
and the existing literature. A number of previous
researches have applied hybrid stochastic-
deterministic approaches to address complex
optimization problems. Nevertheless, this class of
methods remains a subject of ongoing research
interest, primarily due to the mherent complexity of
the problems and the involvement of multiple
interdependent variables. In this study, SHIEMS is
formulated as a two-layer hybrid optimization
framework: a heuristic layer using PSO to determine
possibilities of power consumption of battery and
EV, and a mathematical programming layer usmg LP
to handle appliance scheduling under TOU tariffs. In
Thailand, for example, DR can respond to varying
TOU energy prices, which are the main factors in
managing daily energy consumption. Recently, in
addition to utilizing electricity from the grid, the
excess energy from the rooftop PV can also be sold
to the household PV purchasing scheme project by
the Metropolitan Electricity Authority (MEA) and
Provincial Electricity Authority (PEA) [38]. The
principal concept of this article 1s TOU-based optimal
home appliance scheduling (OHAS) to reduce
electricity costs and decrease grid dependency, which
is implemented by the hybrid PSO-LP algorithm.

Therefore, this paper proposes a hybrid PSO-LP
framework for SHIEMS. The proposed approach
aims to minimize total daily electricity costs while
considering multiple energy sources, including
rooftop PV generation, wind power, BESS, and V2H
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integration. The optimization process is divided into
two stages: first, PSO is employed to determine the
optimal scheduling of BESS and V2H operations;
then, LP is used to refine the scheduling of home
appliances for enhanced energy efficiency. To
evaluate the effectiveness of the proposed method,
seven case studies under a time-of-use tariff are
conducted, analyzing different scenarios and their
impacts on prosumers. The results confirm that the
hybrid PSO-LP framework not only reduces
electricity costs for consumers but also maximizes
electricity sales opportunities for prosumers while
alleviating grid demand during peak hours.

The organization of the paper is as follows:
Section 2 presents the proposed SHIEMS framework.
Section 3 addresses the hybrid PSO-LP-based
SHIEMS problem formulation. Section 4 discusses
the simulation results and findings. Finally, the
conclusion 1s provided in Section 5.

2. Proposed SHIEMS framework

The proposed smart home system comprises five
components: electrical appliances, RES models,
BESS model, V2H model, and the connection
between the smart home and the grid. In this study,
the electricity tariff and household PV purchasing
scheme are used. The proposed SHIEMS model is
shown in Fig. 1. Figure 2 illustrates the proposed
PSO-LP based SHIEMS framework.

2.1 Electrical appliances

This article presents a selection of ubiquitous
home appliance usage to test the algorithm given in
[4-11], which can be divided into two types:
unshiftable appliances have a non-changed period for
operation, and shiftable appliances can designate a
time to operate to obtain the optimal solution of the
proposed system.

(g, A
ng PSO
BESS Rooftop
* PV
=7 ] EEy Wind
Va2l S ; _ Turbine
Grid Lo e . ~ [ e
bhis d L
- =) ——————

Smart home

Figure. 1 The proposed SHIEMS model
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Table 1. Research Gap from Literature Survey

Ref  Year Tpeof DR by wind BESS EV Grid DIECHCY ooogngy — Optimiztion
program Export Methods
[15] 2011 Spot pricing x X X X x SE! & NYC MILP
[12] 2012 DSM X X X X % H EA
[13] 2016 day-ahead price X X b3 b4 v * H Scheduling strategy
[16] 2019 RTP % x X X X H SA-RTP algorithm
[17] 2020 Fixed cost X X X X v X H MOEA
[18] 2020 TOU x x * x v x ZA MOMILP
[14] 2024 TOU X X X x v x H LP
[21] 2015 TOU v x x v v x H BPSO
[20] 2015 day-ahead TOU v X X v v x H MILP
[19] 2018 TOD v X x x v x H PAS algorithm
[22] 2018 TOU v X x x v x H heuristic algorithm
[23] 2021 dynamic pricing v X x x v x MA P
[24] 2023 dynamic pricing v X X X X MA GA
[25] 2012 dynamic pricing v v v b v v H LP
271 2012 RTP v v Vol - X H cP
[29] 2015 TOU v x v b v > H K-WDO
28] 2015 RTP v X v %X v x H MINLP
[30] 2019 TOU v x Ve x v > H IP and GA
[26] 2023 Price based v X 4 V4 v 4 HK RISO
[1] 2014 hourly peak load x X x v v b KR LP
[4] 2017 TOD A Vg v g v H MILP
[31] 2018 TOU X x x v v x TR MILP
[33] 2019 RTP v X v \2H b H MILP
[34] 2019 day-ahead TOU v v v V2H v H MILP
[32] 2021 RTP e v v v v x H HGPDO
[35] 2021  day-ahead TOU + +  « V2H v H MILP and RCCA
[36] 2022 Price based v v v V2H v UK heuristic algorithm
[37] 2024 RTP v v ¥ V2H v IN BPSO
L e TOU/RTP v ¥ ¥ WH ¥ v TH hybrid PSO-LP
Framework

'H: Hypothetical (Research formulated based on hypotheses), HK: Hong Kong, IN: India, KR: Korea, MA: Morocco,
NYC: New York City, SE: Sweden, TH: Thailand, TR: Turkey, UK: United Kingdom, and ZA: South Africa.

Particle Swarm Optimization
4 = EN

BESS [ijp,
i |

Figure. 2 The hybrid PSO-LP based SHIEMS model

2.2 Renewable Energy Sources (RES) models

The home RESs ate the rooftop PV and wind
electricity systems, which can be model as P}; and
P.a n each time slot, respectively [39].

2.3 BESS model

International Journal of Intelligent Engineering and Systems, Vol .18, No.6, 2025

Batteries improve reliability in a home electrical
system and can also help reduce costs when power
from the grid has a high electricity price. The
constraints of the state of charge (SoC) limits in the
battery are given below,

SoCH™ < SoC < SoCi™, (1)
i 1
. P, G xa
SoCh = SoCy! + (—E' S B 1 E). 2
ilp * capacilyy  capacityg

The battery should not be charged or discharged
more than this limit. In Eq. (2), updating the SoC of
the battery can provide power to charge or discharge
from the battery in each time slot. The power
charging and discharging limit of the battery is as
follows:
0<Pg cn<Pga.

Jfor charging state 3)
- PEGn SPg a5 =0,  for discharging state.  (4)
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For each hour, the power from the battery can only be
charged or discharged within the limits of the battery

capacity.
2.4 V2H model

The EV chargers with batteries have been
developed for V2H applications, acting as a backup
to supply emergency power directly to the home. For
this work, the SoC of the EV at the time %’ is
provided in Eqs. (5) —(6).

SeCh" < 8eCry <SoCme: . (5)

: 1 PEV o PEy. deh % gy,

= 4 —ZEvch  TEV.deh " AV
SOCEV SOC‘EV ('IEV * capacitygy  capacitygy 1 (6)
The SoC of the EV battery can provide power to
charge or discharge in each time slot. The EV battery
power charging and discharging limits are as follows:

0<Phy 3 <PB .  for charging state (@)

- P Py g 0. for discharging state  (8)
2.5 Connection between smart home and the grid

The power supplied by the grid should be within
a fixed limit to simulate a regular residence that can
always have a choice to consume electricity power
from the grid if other resources are unavailable, as
follows:

o<P.

grid =K rr;((r;'\ (9)

g

With the proposed problem formulation, both TOU
tariff and RTP can be handled in the hybrid PSO-LP
based SHIEMS framework.

3. Hybrid PSO-LP based SHIEMS problem
formulation

3.1 SHIEMS objective function

The hybrid PSO-LP based SHIEMS proposes
proper hours and optimal energy management to
operate each appliance, which load appliances can
select energy to consume from five energy resources
comprising power from the grid, rooftop PV, wind
turbine, battery, and EV to pursue minimum daily
electricity costs. The PSO system determines the
optimal power of the BESS and EV, while the
optimal power value is processed to complete the
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OHAS using LP concurrently. The objective function
of this work is given as,

Minimize IDC= ¥ 11 €' % Plyy.  (10)

N4

Ploar= 2. pyei( Ploaa= Pov-Phma® P5tPip). (1)
¢ Pgigy Jor Py > 0
Total = t i spt (12)
Percessr forPToml =0
Cyoys fO Pogey =P
c! :{ buys JOT EToral = Lgrid (13)
CSIEN! foi‘P}Gm; = Pe‘;acess

For appliancem =1, 2, 3, ..., NA,and time 7 = 1, 2,
3, ..., NT hours.

3.2 Constraints
3.2.1. Appliance operation constraints

The shiftable appliances are scheduled within the
duration of operation and starting to ending time
range.

y t -t
: 0, lft<Tm, starting and t>Tm, ending

"~ [ ]'U‘tzTni, starting and fSTn;J ending ’ (14)
‘When appliance 9’ is within their starting to
ending time range. The status of operation 4}, can be
either ‘1’ or ‘0’, which is decided by their duration of
operation, all available energy resources solved by
the hybrid PSO-LP based on the TOU or RTP tariff.

3.2.2. Power balance constraints

The power balance constraint checks the balance
between power generated and power consumed.
Power generation and demand should be equal for the
system to operate reliably.

PriatPiyt Piing Py aontPiy, aon =
Pioad+P1‘§, cfr+P}z'V, ch+Perxcess- (15)

Power consumption from all appliances is calculated
by the product of the proper ON/OFF state of
operation 4’, and the power rating of each appliance,
(Plmgy a5 below,

NA

PLruad: zm:] (A;]_P;]mmg . (16)
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3.2.3. SHIEMS constraints and boundary

In the proposed SHIEMS framework, LP is
utilized to determine the optimal home appliance
scheduling (OHAS) and Pj,,; to achieve the
objective function in Eq. (10). P/ g is derived from
the optimal power scheduling matrix Py,qs. This
matrix represents the scheduled power usage of all
electric appliances. The power consumption is
constrained by the available energy resources, where
0 denotes the minimum allowable power usage, while
Prrs represents the maximum power available from
all energy resources throughout the day. Therefore,

0= Prouq = Prgs. 17

The equality Constraints are used to determine
the appropriate duration for tuming appliances on or
off, considering all possibilities within 24 hours of
operating, the equation is formulated as Eq. (18)

AS - Prosg = DP, @18)
A8, 0

as=|: - ] (19)
0 ASyy

ASy= [4SH, 1, ... ASH,, ngg], raryt 2D

ASH,, ~IASHG 0y .y ASS) @n
DP=[DP,, DP,, ..., DP,1",... (22)

The matrix 45 is a block diagonal matrix whose
diagonal contains blocks of smaller matrices of A4S,
corresponds to the status of appliance m’ Each
ASH,;,,, represents the ON status with a range of
starting and finishing times for each appliance at time
‘t’, with energy resource n = 1, 2, ...,NER, and DP,,
is the duration of operation multiplied by power
rating for each appliance.

The inequality constraints are formulated to
determine the amount of power consumption from
the appropriate energy resources as Eq. (23)

AR - Prooa = PR, (23)
T 0
AR=|: ¢ ] (24)
Im: [Im,b Im,Z: "'rIm,NER ]24,((24,(]\@&,’ (25)

PR=|PR,, PR,, ..., PR,IT,, (26)

4xNAY
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The matrix AR is a block diagonal matrix
containing blocks of smaller matrices 1, for each m”
appliance, Each 1y, , is the identity matrix used for
the load appliances to select energy resources to
consume with energy resource 7’ ensuring that each
energy resource is uniquely selected for each time 77,
PR is the power limit and PR,, represents the power
consumed by each appliance, which can be calculated
by ASH,,, multiplied by P, "%,

3.3 Constraints

The particles are influenced by the global and
personal best positions and use their velocity to move
within the search space to find the optimal solution to
the problem. The updating velocities of the particle
equation can be described as:
1'J_j:11'1-'rj+ c:]rj(pbesr{- .\’rj)Jrc‘“,rJ (gbes.tj- rf) 27)

i

xrj_‘r:x;fﬂ!rj_j, (28)
X,

x=|[ 5 ] (29)
Xsocgy.

The SoCy in Eq. (2) and the SoC#p in Eq. (6) is used
as the particle \'f in Eq. (27). The set of best SoC
populations is formulated as Eq. (29). The PSO
system identifies the optimal SoC of the battery and
EV throughout the day for achieving the objective
function in Eq. (10 ). which is processed
simultaneously to complete the OHAS using LP. The
optimal daily power consumption from all appliances
obtained from OHAS will be updated and used to
calculate the objective function. The computational
procedure for the hybrid PSO-LP-based OHAS
problem is described below,

Algorithm Hybrid PSO-LP Algorithm

Read data for appliances, RES, BESS, and V2ZH
Read a number of particles, maximun iterations,
and PSO parameters

PSO generates the initial population randomly
(SoC of battery and V2H in each time slot; X)
Set iteration = 0

‘While iteration < maximum iterations
For each particle in the PSO
Check all of the constraints
Solve LP to update Py goq
Evaluate the fitness function for each particle
Update pbest and gbest
END For

Calculate the objective function; f{X)
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Update particle velocity and position using Eq.
(27) and (28)

iteration = iteration + 1

END While

Return Output best (X) and min TCD (f(X))

4. Simulation results and discussion

This section addresses the fest data and
simulation results of the proposed framework. The
proposed hybrid PSO-LP based SHIEMS had been
tested with the same case study of [37] and
benchmarked against other commonly used
optimization techniques, including GA, GA-LP, and
PSO. The hyperparameters used for different
methods as shown in Table 2. The comparison
demonstrates that the advantages of the hybrid
approach improve solution quality and system
efficiency. The proposed method was also evaluated
using Thailand’s distribution system condition. The
home battery energy storage. EV, and REs
specifications are given in Table 3. Meanwhile, the
solar and wind power availabilities are obtained from
solar irradiance and wind speed data throughout 24
hours in Thailand, as shown in Fig. 3.

Table 2. The parameters different methods

Thailand’s
Comparison condition system
Method condition
BPSO PSSO/ GA/
[37] | PSO-LP | GA-LP PG
Populations 50 50 50 50
Tterations 100 100 100 100
¢ 2.5 25 - 1.49
c3 2.8 25 - 1.49
w 0.4-0.9 0.4-0.9 - 0.1-1.0
Elite Count - - 10 -
Crossover y Y 08 ;
Fraction

Table 3. Battery, EV, and REs specifications
Battery EV PV  wind

Total capacity 10kWh 50kWh S5kW SKkW
Charging/ (_hschargmg 0504 0504 ) :
efficiency
Minimum SoC 0.2 02 - -
Maximum SoC 0.9 0.9 - -
Departure time (hour) - 09.00 - -
Arrival time (hour) - 17.00 - -
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Figure. 3 The typical solar and wind power
in Thailand

4.1 Case A: The result of hybrid PSO-LP based
SHIEMS

The result of the proposed hybrid PSO-LP
compared to the other algorithm-based SHIEMS is
represented in Table 4. With the same RE profile,
RTP of the Indian energy exchange, the feed-in tariff
of 5 rupees for the power injected into the grid, EV
changing constraints of [ 3 7] . and the PSO
hyperparameters, using the BPSO, the electricity sold
is 3.414 rupees/day. When using the PSO is 356.36
rupees/day. On the other hand, using the hybrid PSO-
LP is 418.26 rupees/day. For GA hyperparameters in
the same condition, the GA and GA-LP, the
electricity sold is 282.66 and 280.62 rupees/day,
respectively. Although the proposed algorithm has
the longest runtime, the performance of the results in
reducing electricity cost can improve significantly.
Figure 4 displays the convergence behaviors of
different methods. The power consumption and
appliance scheduling using the proposed framework
are shown in Fig. 5.

-100 T T T T T

Electricity Cost (THB)

-350

-400 - 4

=450 ¥ >

Iteration

Figure. 4 The convergence behaviours of
different methods
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Table 4. The comparison results of the proposed hybrid
PSO-LP and the other algorithm-based SHIEMS.

E Fiiés Net
nergy | bnergy Electricity Run
from | injected :
Method ) ? buy(+)/ Time
grid to grid sell(-) (sec)
(kWh) | (kWh) (Rupee)

BPSO [37] | 20.344 | 40.808 -3.414 -
GA 79.415 | 99.360 -282.66 697.63
PSO 124.88 140.36 -356.36 893.08

GA-LP 112.00 | 124.38 | -280.62 | 1297.77
PSO-LP | 113.96 | 148.08 | -41826 | 406831

Power (kW)

2 4 6 8 10 12 14 16 18 W 22 M
Time (hours)

@

[ - errigerator
I cosor

| N Adr condiiioner
[ 11umination
[ Dishwasher
[ Washing machine

| waicrowave.

|[——JCooker hood

] Water heater
TV

Power (kW)

T 4 6 8 1012 4 W 18 N 2 M
Time (Hours)

(b)
Figure. 5 The hybrid PSO-LP based SHIEMS:
(a) The power consumption from appliances scheduling
and (b) Appliances scheduling

4.2 Case B: The case study with Thai’s
distribution system condition

In this case, The TOU tariff in Thailand is an
electricity tariff that reflects the cost of electricity
production divided into two time periods [40]. For the
proposed SHIEMS, households at a voltage level
lower than 12 KV have to pay an energy charge of
5.7982 THB/KkWh for peak howrs and 2.6369
THB/kWh for off-peak hours. For the household PV
scheme project, household rooftop PV energy is
generated for self-consumption in smart homes. The
household can sell the excess solar energy to MEA or
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PEA at an electricity purchase rate of 2.20 THB/unit
with a purchasing period of 10 years [38].

4.2.1 Case B1: SHIEMS with V2H

This case shows average conswmners in Thailand.
Figure 6 illustrates the daily power consumption in
the smart home, where the consumer relies heavily on
grid power for all 24 hours. When the EV departs, all
appliances consume power from the grid. When the
EV arrives, EVs can provide some power to assist
grid-supplied load demand, but when the EV is
charged with power from the grid, EVs require a large
amount of power.

4.2.2 Case B2: SHIEMS with PV and BESS

This case represents the emerging situation in
many countries, including Thailand, where the
number of prosumer smart homes with PV rooftops
and BESSs is increasing. Figure 7 shows the result of
this case, that most of the power load demand in the
smart home is consumed by PV and BESS due to
their availability, which reduces dependency on the
grid power. The BESS supplies power to meet the
load demand, enabling the PV to have more excess
energy to sell into the grid as much as possible.

st T H—= | T —T
Paria

EV

Pload

Power (kW)
2

2 4 6 8 10 12 14 16 18 N 2 24
Time (hours)

Figure. 6 The power consumption in Case B1

A=Phattery
i

toad

Power (KW)

2 4 o L] mn 12 4 16 18 20 22 24
Time (hours)

Figure. 7 The power consumption in Case B2
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Figure. 8 The power consumption in Case B3
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Figure. 9 The power consumption in Case B4
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Figure. 11 The power consumption in Case B6
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4.2.3 Case B3: SHIEMS with PV and V2H

In case B3, Fig. 8 displays the daily power
consumption. When PV power is available and the
EV departs from home, allowing the generated
energy to supply the household load, reducing
dependency on the grid during peak hours. With the
EV absent, any excess PV energy can be sold back to
the grid. When the EV returns, the EV can discharge
power to minimize costs in peak hours. Conversely,
EV will charge a large amount of energy from the
grid i off-peak hours.

4.2.4 Case B4: SHIEMS with PV, BESS, and V2H

As aresult of Case B4 shown in Fig. 9, when PV
power is available and the EV departs from home,
allowing the generated energy to supply the
household load and charge the battery. In addition,
the excess PV energy can be sold back to the grid. On
the other hand, when the EV returns to charge from
the grid, the battery can supplement its power to
minimize costs and decrease reliance on the grid
during peak hours.

4.2.5 Case BS: SHIEMS with PV, wind, and BESS

The result in this case is represented in Fig. 10.
Due to the availability of two RES, the BESS
charging and discharging are more flexible. Wind
power assists batteries in providing power when PV
power is unavailable, allowing batteries to make
better decisions to minimize the strain on PV power,
resulting in PV having more excess power to feed
into the grid to reduce costs in households.

4.2.6 Case B6: SHIEMS with PV, wind and V2ZH

The power consumption in case B6 is presented
in Fig. 11. Although the EV is a large load, the EV
charging and discharging are more relaxed due to the
availability of two RES. When EVs depart, wind
power assists in providing power to load demand,
allowing PV to have more excess power to feed into
the grid to reduce household costs. In addition, wind
power helps the grid charge EVs when they arrive
home, and power from PV is unavailable.

4.2.7 Case B7: SHIEMS with PV, wind, BESS, and
VIH

Due to the availability of two RESs, the battery
charging and discharging are more flexible. The
battery charges power from RESs to avoid the burden
of the grid during peak hours. Batteries help
discharge power when there are insufficient RESs to
satisfy demand or high electricity prices. When an
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EV arrives at a smart home, the EV contributes a
minor amount of power to meet the load demand.
EVs can consume power from the wind and batteries.
The power consumption and appliance scheduling in
case B7 are presented in Fig. 12.
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!_ijnll( maching
[EE Dryer
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[E—IMicrowave

Power (kW)

4 L 8 " 12 it 16 18 2 12 24
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(b)
Figure. 12 The result in Case B7: (a) The power
consumption and (b) Appliances scheduling

Table 5. The electricity cost and power comparison

Ener;
Cases gﬁgi;gaée excegz Electricity
(kWh) ﬁ‘o—m PV cost (THB)
(kWh)
1 113.240 - 355.364
2 el 2 42.162 11.582 F17:552
%0 g 3 94.926 17.257 273.563
E % 4 94.217 8.744 233.828
% g 5 0.608 17.941 -37.868
(=T 43.514 15.870 80.906
i 34.307 17.833 48.637
1 140.115 - 558.578
%ﬁ 2 56.265 5.311 266.956
E 3 137.446 8312 481.913
-;—2) 4 131.941 2.440 464.607
t’g 5 26.551 9430 115.799
Zo 6 94.755 9.214 314.163
7 91.588 6.734 295.135
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Figure. 13 The solution with 30 trials of Case B7

The results above clearly show that the SHEMS
using the hybrid PSO-LP efficiently optimizes
energy consumption and schedules load to avoid peak
hours. Table 5 shows the daily energy consumption
from the grid, energy excess from PV, and daily
electricity cost in two scenarios: non-scheduling the
appliance and scheduling with hybrid PSO-LP in all
cases. The computation reliability of the proposed
method had been verified by 30 trial runs of case B7
as shown in Fig. 13. The minimum and maximum
daily cost from optimization of the SHIEMS obtained
by hybrid PSO-LP is 48.637 THB/day and 66.233
THB/day, respectively. The average daily electricity
cost in the optimization system is 57.640 THB. The
results show that the proposed computational
procedure can successfully provide stable and
reliable results for SHIEMS.

4.3 The scalability of the hybrid PSO-LP

The scalability of the proposed hybrid PSO-LP
based SHIEMS was considered for a larger number
of appliances and extended scheduling time slots.
Table 6 shows the result, which provides the
feasibility of applying the proposed method in more
complex SHIEMS scenarios. In addition, the
proposed framework was also tested with seven days
of operating conditions, as shown in Fig. 14. The
result indicates that the proposed method can be
effectively applied in a large time period.

Power consumption (kK¥Wh)

0, “ s

PP s o S
B0 206 1y 3y 4 0
Hour ()

Figure. 14 The power consumption in seven days
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Table 6. The scalability of hybrid PSO-LP in Case B7

Number Tisne slots Total cost Runtime
of appliances (THB) (sec)

18 24 48.637 4910.30

36 24 148.35 17626.62

18 168 25043 27984.26

Cumulative Cash Flow (THB)

01 2 3 4+ 5 6 1 %8 9 10
Year

Figure. 15 Cumulative cash flow over 10 years

4.4 Economic impact of the proposed SHIEMS

In this study, the total initial investment for this
project is estimated to be approximately 1,245,000
THB, which includes the 10 kWh BESS, a 5kW
rooftop solar PV system, a vertical-axis wind turbine
(VAWT), and a 50 kWh EV. Based on the projected
annual energy savings of approximately 196,082
THB. Using a discount rate (DCR) of 5%, the present
value (PV) of these savings over 10 years is estimated
at 1,514,058 THB. Consequently, the Net Present
Value (NPV) of the project is about 269,058 THB and
areturn on investment (ROI) of approximately 21.6%
over 10 years. Since both the NPV and ROI are
positive, this indicates that the investment is
economically viable under the system conditions.
Figure. 15 presents the cumulative cash flow over 10
years and payback period (PBP) with the DCR 1% to
5%.

5. Conclusion

The proposed method effectively provides
optimal appliance scheduling and improves smart
home energy management, leading to a decrease in
daily electricity costs. The proposed SHIEMS can
supervise the load appliances in selecting their power
consumption from various energy resources through
a TOU-based demand response system. The BESS
and V2H can charge when renewable energy
sufficiently meets the load consumption and
discharge when renewable energy is insufficient to
satisfy load demands or during peak hours. The
simulation results demonstrate that the proposed
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hybrid PSO-LP-based SHIEMS  effectively
minimizes daily electricity costs for prosumers by
16.48%  compared to the non-scheduling.
Additionally, the proposed framework maximizes PV
electricity sales for prosumers by 17.941 kWh and
minimizes energy usage from the grid by 0.608 kWh,
which helps alleviate the grid burden during peak
hours.
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