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Introduction

The advancement of technology, the equipping of communication infrastructures
with new-generation systems, and the need for a completely digital and autonomous
world of future communications such as 5G and beyond (5BG) and 6G have required
people to enter a different evolution with the adaptation of these technologies not only
in their business lives but also in many areas such as health, agriculture, and defense
(Eroglu, 2022). New communication and sensing innovations also allow connections
to be ubiquitous, allowing communication among devices from anywhere at any time.
This connectivity form is called the Internet of Things (Kaya et al., 2019). One of these
important areas is that smart homes must be built with new-generation requirements.
The smart home automation paradigm has increased significantly in recent years due
to the growing demands of people and their desire for comfortable living. However,
with the rising use of smart home automation, significant energy consumption poses a
problem (Geraldo Filho, et al., 2019).

A smart home can be seen as a living space where devices, systems, and services
received by users are automated, optimized, and integrated using sensors, digital
systems, and IoT platforms. With smart home technology, users can remotely manage
devices in the home and live in a way that provides energy efficiency and increased
comfort. As depicted in Figure 1, a smart home uses some off-the-shelf loT sensors and
actuators such as motion sensors, thermal sensors, lighting, power, audio systems, air
conditioning, and a fan or motor. A smart home also includes various communication
technologies such as Wi-Fi, Zigbee, and Bluetooth. A smart home has a user interface
can be controlled via remote access with a web interface or mobile app. All these basic
requirements consume energy.
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Figure 1
A Basic Smart Home Consisting of loT- instruments.
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In IoT-based smart home applications, many situations such as making life
easier, controlling health status, etc. are realized using the data collected. While various
artificial intelligence algorithms are analyzed by statistical and mathematical modeling
and turned into valuable insight, on the other hand, the production, transmission, storage,
and processing of this data, i.e. the use and existence of software, hardware, and data,
increase energy consumption (Eroglu and Unlu Eroglu, 2023). At this point, using
energy efficiently by applying the optimization method to find the best-desired result is
inevitable. Hence, in this chapter, we address this problem.

Goal and Motivation

The Internet of Things (IoT) paradigm has gained great importance. It is a global
network of physical objects embedded with sensors, software, and other technologies
for data connection and sharing with other devices/systems over the Internet that can
communicate with each other via [oT communication protocols. The Internet of Things
shows its presence in many areas. It has made progress, especially in smart home
automation. In addition to important innovations such as remote electronic device control
and system security in home automation, it has also provided comfort and convenience.
In addition to its positive effects, it has also brought problems that need to be solved.
One of these main problems is that it has seriously increased energy consumption. The
problem of reducing and optimizing energy consumption has been the subject of many
research studies. The study focuses on the pivotal issue of energy efficiency in loT-
driven smart home applications.

Research Questions

In this study, we want to understand and find answers to the research questions listed
below.

e How are IoT devices and the networks created by these appliances used in smart
home applications?

e What are the devices commonly used in smart home applications?
e What are the consumption amounts of the instruments?

e (Can we turn off the devices, put them in sleep mode, or limit their communication
to provide less energy, taking into account the user’s comfort?
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e What are the data sets used in the literature?

e (Can optimization solutions be applied in smart home applications using these
data sets?

e (Can these solutions be generalized?
Problem Definition

In recent years, there has been a significant increase in energy consumption associated
with smart home systems. Effective management of energy consumption is crucial for
both reducing environmental impacts and lowering energy costs for users. This study
focuses on preserving user comfort and flexibility while enhancing energy efficiency
within smart homes. In this context, the primary aim is to optimize energy consumption
levels in smart home environments.

For this research, we applied three different optimization algorithms to our
dataset: Grey Wolf Optimization (GWO), Genetic Algorithm (GA), and Particle Swarm
Optimization (PSO). Each algorithm approaches energy utilization in the smart home
context from diverse perspectives, offering a range of potential improvements. We
assume the desired values of temperature and humidity are provided by the home user so
that we consider user comfort.

Methodology

In our study, the most up-to-date studies in the literature on energy-efficient smart home
applications are investigated and presented with a comparative analysis. In this study, we
first find the data set obtained from an loT-based smart home application. Then, the most
commonly applied optimization algorithms are applied to this data set by considering
user provided optimal temperature and humidity values.

Contributions

This study focuses on loT-based smart home applications with real-life implementations
and simulations. Studies implemented using embedded systems and shared data sets
are both categorically examined and implementing the three most commonly used
optimization algorithms is carried out using a data set. Since very few studies generally
examine efficient loT-based home applications using energy optimizations, this gap in
the literature is filled in this study.

In this context, we approach the smart home energy optimization problem with
a comparative analysis and comprehensive evaluation. We also compare the results of
three different optimization algorithms (PSO, GA, and GWA) on the Appliances Energy
Prediction dataset published on Kaggle, which to our knowledge has yet to be run before.

The rest of the chapter is like the following.

The subsequent section presents the state of the art for energy-efficient
applications in IoT-based smart home systems. The “Energy Optimization in [oT-based
Smart Home Systems” section defines the common datasets in the literature and three
of the most common preferred optimization algorithms. In the “Experimental Results
and Discussion” section, we present the outcomes of The algorithms PSO, GA, and
GWA, and a detailed discussion regarding the energy optimization problem in IoT-
based smart homes. The section “Future Directions” discusses the most possible open
research questions for loT-based smart home energy management systems. Ultimately,
we conclude the chapter by focusing on the most prominent research observations and
future studies.

Related Work

This section comprehensively analyzes smart home energy management research. In the
literature, studies on smart homes can be divided into different categories. These vary
according to how the relevant scenario is realized and at which stages the optimization
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solution is used. The studies in the first category can be seen as those using a real testbed
or experimenting and verifying with simulation. A real testbed can be directly obtained
on platforms using embedded systems such as Arduino or Raspberry Pie (Francis et al.,
2023) and various sensors such as temperature and humidity, while other studies are
[oT-supported smart home applications, where there are many more devices and their
designs can be considered as studies where the energy efficiency of smart buildings
(Goudarzi et al., 2021) and studies can be evaluated in this context. The studies in the
second category are encountered with studies such as minimizing energy consumption
of optimization algorithms, user comfort, and bills. In contrast, the other category is used
in solutions on parameter optimization and selection of algorithms that will be used in
predictive analysis, scheduling systems, and decision support systems (Priyadarshini et
al., 2022).

Obtaining energy consumption for energy management using accurate data taken
at the correct intervals is emphasized in many studies (Leitao et al., 2020). Home energy
management systems ( HEMs ) are important systems that can guide the user with solutions
like timing by using the correct consumption data. A typical HEMs consists of a user
interface which can be a mobile application or a remote terminal to make communication
with a device and some measurements and state information about appliances; a central
management unit to monitor and control energy consumption; measuring and sensing
devices to get some physical phenomena such as light, humidity, and temperature; other
electronic units including air conditioners, and other smart domestic appliances (Leitao
et al., 2020). In a smart home management system smart meters are used to record the
energy consumption of each device as well as the consumption resulting from people’s
activities. In a HEMS, sensors continuously collect data. This data is generated by
monitoring the activities in the home. Usually, the energy consumption signals of the
devices are recorded, but techniques such as Non-Intrusive Load Monitoring (NILM) can
be used to determine the consumption of individual devices. This data is transmitted to
a central management unit and processed. Weather information and billing forecasts can
also be collected and used in the optimization steps. A HEMS monitors the characteristics
and preferences of the home users, takes into account user behavior and profiles, and
optimizes the operating schedules of the devices according to physical constraints. The
communication protocols between the central platform and the smart devices ensure
the implementation of the most appropriate planning. In particular, the communication
protocols are also being developed to ensure energy efficiency.

Environmentally friendly applications and preventing waste of resources are made
possible with smart homes, smart buildings, and green applications. In particular, there is
aneed for efficient energy management for the optimal use of electrical energy-requiring
devices and systems such as lighting. At this point, loT-based designs and applications
that facilitate accurate and timely data monitoring enable energy management and
efficiency to be carried out dynamically. Internet of Things (IoT) home automation
systems provide reliable and flexible communication between home devices and the
user via the Internet. The increasing use of smart home devices, the widespread use
of the Internet, the development of smartphone technology, and the rise of mobile
communication standards offer comfort, security, and energy efficiency for users.

Big data (Al-Ali et al., 2017, Machorro-Cano et al., 2020), machine learning, and
deep learning algorithms are important for smart home energy management systems. With
the help of IoT devices, which are used especially in smart home management systems,
it has become an easy application to track device behaviors, create certain patterns, and
calculate energy consumption with various measurement techniques. Various analysis
studies, predictive analytics studies, and optimization studies can be done on the data
to be created here. In particular, the realization of models for making predictions with
machine learning and deep learning methods has become an important solution that has
taken its place in many studies (Devi et al., 2023).
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Most of the studies utilize optimization techniques to make energy-aware
smart home management. There are various kinds of optimization algorithms such as
PSO, GA, GWA, Butterfly Optimization Algorithm (BOA), artificial neural network
(ANN), decision support model (DSM), heuristic system identification (HIS), linear
reinforcement learning controller (LRLC), Markov decision problems (MDP), model-
based predictive control strategy (MBP), multinomial logistic regression (MLR), ant
colony optimization algorithm (ACO), bat algorithm (BAT), and artificial bee colony
(ABC), and Simplex Optimization Algorithm (SOA) to find an optimal solution for
HEMs. In the literature, most of these algorithms are applied to consider single - or
multiple-user comfort, reduction of energy consumption, home user behavior, and
learning how to manage (Shah et al., 2019). The multi-objective optimization method
has paramount importance for energy optimization. Multi-objective studies take into
account important parameters such as temperature, humidity, climate data, the accurate
information on energy consumption of different devices and services, as well as user
satisfaction parameters, which can include the effect of user behaviors, especially in
energy consumption problems (Wang et al., 2021).

All in all, when the studies on energy management in smart homes are examined,
it is revealed that there are goals such as reducing power consumption and increasing
the comfort index of users with optimization techniques. Especially in smart home
environments where annual, weekly, hourly, and even instantaneous data can be collected,
itis seen that energy consumption optimization, indoor environment parameter estimation,
and energy-aware improvement techniques are important areas of study to achieve the
relevant goals of energy management. In this study, we focus on the energy consumption
optimization problem and try to show how different optimization techniques, which have
not been applied to the relevant data set to the best of our knowledge, can be applied.

Energy Optimization in IoT-based Smart Home Systems

This section explains the dataset from Kaggle obtained from IoT-based smart home
systems, and how the three most frequently encountered optimization algorithms in the
literature are applied to this data set will be discussed.

Data Set

This dataset, obtained from Kaggle (Appliances Energy Prediction, 2017), is designed
to analyze and optimize energy use in smart homes, consisting of 29 columns with
19,735 data entries each. The data headers include the measurement date (date), energy
consumption of household appliances (appliances), hghtlng consumption (lights), and
temperature measurements (T1-T9) obtained from various rooms (including the kitchen,
living room, and bedroom) indicative of indoor temperature levels, along with relative
humidity measurements (RH_1-RH_9) from these rooms, illustrating indoor humidity
conditions. Furthermore, the dataset contains external conditions such as outdoor
temperature and wind speed that can influence indoor temperatures. Data is collected
using two sensors for temperature and humidity measurements, with four actuators
(heater, cooler, humidifier, and dehumidifier) to regulate conditions. This dataset is
highly suitable for optimizing energy use based on temperature and humidity, managing
device energy consumption, and controlling actuators in response to environmental
conditions in a smart home context.

Comparison and Implementation of Optimization Algorithms

This section explains how our optimization mechanism works, which data set we use,
what is our objective function, and which algorithms we implement.
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Optimization Approach

Our methodology is demonstrated in Figure 2. We use loT-based measurements such as
temperature, humidity, and the amount of energy cost of each device. We use a multi-
objective optimization technique, our methodology uses two important parameters
which are temperature and humidity. The objective function is inspired from (Malik et
al., 2020). After that, we apply three different well-known optimization techniques to
see the differences between each technique and how to apply them to the same problem.

Figure 2
Our Methodology to Apply Optimization Technique by Using loT-based Measurements.
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Objective Function

This section explains the partially modified objective function design we used. Table
1 presents the parameters and their descriptions. In our study, where we have taken
the data from the user and thus the user’s comfort is seen as optimal values, the aim
is to minimize the energy consumption of the function and to achieve this by using
temperature and humidity values.
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Table 1
The Notations for Parameters
Notation Description of Parameters
E, car Total energy cost
Tiie Initial temperature value
H, .. Initial humidity value
T o Upper temperature target value.
Toin Lower temperature target value
H, e Upper humidity target value
H .. Lower humidity target value.
Tc Temperature Control
He Humidity control
Temp_Error Difference between the desired and current temperature.

Humidity_Error  Difference between the desired and current humidity

Coper Cost of differences
E; Energy cost for temperature.
E, Energy cost for humidity
Temp_Error = |Tmax — Tc| €]
Humidity_Error = |Hmax — Hc| )

Ccost = (Temp_Error = mean(ET)) + (Humidity_Error * mean(EH)) €)
E_balance = [ET + EH] — Ccost 4)

E_total = (Tinit * mean(ET)) + (Hinit #+ mean(EH)) ©)

(1) calculates the absolute difference between the desired maximum temperature and the
current temperature. It is used to determine the necessary adjustments for temperature
control. (2) calculates the absolute difference between the desired maximum humidity
and the current humidity. This difference is used to determine the necessary adjustments
for humidity control. (3) calculates the energy costs associated with temperature and
humidity errors. Each error is multiplied by the corresponding average energy cost to
determine the total cost. (4) computes the energy balance by taking the total current
energy costs and subtracting the calculated cost from it. This shows how effective
the current energy usage is. (5) calculates the energy costs associated with the initial
temperature and humidity values. Each initial value is multiplied by the corresponding
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average energy cost to find the total initial energy cost.
The Particle Swarm Optimization Algorithm

Particle Swarm Optimization constitutes an optimization algorithm motivated by the
communal conduct of fish schools and avian flocks, predicated on the principle that
individuals within a swarm enhance their positions by mutually updating one another
(Bahmanyar et al., 2022; Onder, 2011). Algorithm 1 explains the impalmantatiin details
of the PSO approach. In the initial phase, a swarm (population) is established, with
each individual referred to as a “particle,” and a search domain is delineated wherein
each particle is allocated a position and velocity. Subsequently, each particle formulates
a solution predicated on its fitness value. During each iteration, the particle’s optimal
value (pbest) and the swarm’s optimal value (gbest) are ascertained, and particles
revise their positions and velocities before proceeding to the subsequent iteration. This
procedure persists until a predetermined cessation criterion, such as a maximum number
of iterations (maxlIter), is attained, ultimately discerning the optimal solution.

Algorithm 1
The Implementation of Particle Swarm Optimization

e Start:
e Define parameters:
o tmax, tmin, hmax, hmin, t0, h0, ect, eht, b, ub

Define PSO parameters:
maxiter (maximum number of iterations)
pbest (best particle positions)
gbest (global best position),
Define objective function (objective function):
Get tc, hc values
Calculate ¢ err: |tmax - tc |
Calculate &_err: |hmax - he |
Calculate c_cost: (t_err * ecost t) + (h_err * ecost _h)
Calculate energy costs eb, ec0), et
Run PSO algorithm:
Initially determine random particle positions
Assign pbest and gbest values
For iteration in range(maxiter):
For each particle:
Evaluate objective function and update pbest
If pbest value is better than gbest, update gbest
Update particle speed and position according to pbest and gbest
Obtain xopt, fopt values
Print results:
Optimized temperature and humidity (xopt)
. Minimum energy cost (fopt)

The Genetic Algorithm

It is a metaheuristic optimization algorithm inspired by biological evolution
processes (Mahmood et al.,2023; Onder, 2011). It is generally used to find the
best solutions in large and complex solution spaces. In Algorithm 2, we explain the
implementation of the genetic algorithm. The working principle is as follows: an initial
population is created from random individuals. A ranking is made among the generated
solutions using a fitness function. The most suitable individuals selected from this
ranking are designated as parent individuals, and they produce new solutions (offspring)
by altering their genetic material. This ensures the diversity of the population and allows
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for the discovery of new solutions. Small random changes are made. This is used to find
potential good solutions that might be overlooked during crossover. After crossover and
mutation, new individuals are created, and the process continues with the new population.
It uses genetic operators (selection, crossover, and mutation) to produce better solutions
from generation to generation.

Algorithm 2
The Implementation of Genetic Algorithm

Start:
Define parameters:
tmax, tmin, hmax, hmin, t0, h0, ect, eht
Ib, ub, n_generations, cxpb, mutpb, n_runs
Define objective function (objective_function):
Get fc, hc values

Calculate ¢ _errh_err
Calculate ccost
Return et

Define genetic algorithm structures:
Fitness function, individual structure, crossover(cxpb), mutation(mutpb),

selection operations

Perform each run (up to n_runs):
Create a population (n=250 individuals) in each run.
hof (Hall of Fame): Create a structure to store the best individuals.
stats: Create a structure to calculate statistics.

Implement genetic algorithm:
algorithms.eaSimple:
Evolve population (up to n_generations).
Apply crossover, mutation, and selection operations.
Update the best individual and fitness values at the end of each generation.
Get the best individual and its cost in the hof structure and add it to the list.
Record the best individual and cost of each run

Find the best result:
Find the index of the minimum cost in all best fitnesses (min_fitness_index)
Set the values of best_individual and best_fitness

Print the results:
Print the best individual and cost for each run

Print the best individual and cost at the end of the n_runs run

The Grey Wolf Optimization Algorithm

Grey Wolf Optimization is a meta-heuristic optimization algorithm conceived by deriving
inspiration from the hierarchical configuration and predation tactics of grey wolves
(Erdogan, 2023; Makhadmeh et al., 2021). Within this hierarchical configuration, the
pack is subdivided into four principal categories: the alpha (o) wolves who govern the
pack, the beta () wolves occupying the second rank, the delta (5) wolves positioned third,
and ultimately the omega (®) individuals at the lowest tier. The implementation of GWA
is depicted in Algorithm 3. The operational principle of the GWO algorithm is delineated
as follows: The initial populace is generated with randomly produced values within
specified confines. Subsequently, the fitness value of each individual in the populace
is computed, and the locations of the three preeminent individuals are designated as
alpha, beta, and delta. Through these steps, both the initial populace and the leading
individuals are ascertained, and the algorithm’s principal loop commences. Thereafter,
the positions of all individuals within the populace are revised utilizing the pertinent
objective function equations. Based on the amended positions, the fitness values are
recalibrated, and the top three individuals adjust the positions of the alpha, beta, and
delta individuals. The principal loop persists until the cessation criterion is satisfied.
Upon the conclusion of the loop, the position and fitness value of the alpha individual,
who possesses the most favorable fitness value, are recognized as the optimal solution,
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and the algorithm is finalized (Karakoyun ve Ozkis; Mirjalili et al., 2014; Karakoyun,
2021).

Algorithm 3
The Implementation of Grey Wolf Optimization

e Start:

. Define the parameters:

. tmax, tmin, hmax, hmin, t0, h0, ect, eht

J Ib, ub, epoch, pop_size

] Define the Grey Wolf Optimization (GWO) problem:

] fit_func: Objective function.

] Ib: Lower bounds.

J ub: Upper bounds.

J minmax: "min"

J verbose: Detailed output

e Define objective function (objective_function):

. Get tc, hc values

. Calculate ¢_err: |tmax - tc|

. Calculate &_errh: |hmax - he|

. Calculate ccost:(t_err * ecost_t) + (h_err* ecost_h)

. Calculate ec, eb, et energy costsa

e Create a GWO model and find the solution:

. model = BaseGWO(problem, epoch=epoch, pop _size=pop_size)
. best_position, best_fitness = model.solve()

¢ Find the best result:

J best_position: Best position (¢c, hc) found as a result of optimization.
. best fitness: Determine the value representing the lowest energy cost.
e  Print results:

. Print best (¢c, hc) values found as a result of optimization.

. Print optimum energy cost.

Experimental Results and Discussion

We implement three different optimization methods PSO, GWO, and GA are used to
reduce energy consumption in a smart home environment. We apply these algorithms to
analyze the data set obtained from Kaggle. These methods are tested and analyzed with
various objectives focused on temperature and humidity control.

The PSO method is tested to reduce energy consumption by optimizing based
on the average temperature and humidity data, providing stable and reliable results in
minimizing energy usage. The results show that PSO delivers consistent outcomes with
average calculations, focusing on reducing overall energy costs. The GWO method aims
to reduce energy consumption by minimizing deviations from target temperature and
humidity, effectively achieving comfort conditions. This approach helps us to maintain a
low humidity level, though it resulted in higher energy expenditures compared to PSO.
The Genetic Algorithm is analyzed through 50 different trials, each using a population
of 250 individuals. Crossover and mutation operations are applied over 150 generations,
selecting the individuals with the lowest energy consumption. GA effectively controls
temperature and humidity with moderate energy usage, and balancing crossover and
mutation rates played an important role in reducing energy consumption. According to
the light of the results, each optimization method offers unique advantages in reducing
energy consumption.
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Figure 3
Temperature Humidity and Energy Costs are Obtained as A Result of Applying Our 3
Algorithms to 3 Different Rooms in The Dataset
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Figure 3 demonstrates that applying our three algorithms to three different
rooms in the dataset yields values for temperature, humidity, and energy costs. When
we examine the results of the three algorithms, we see that each one produces different
outcomes due to its unique optimization strategy. GA provides a balanced solution by
keeping humidity within an acceptable range and maintaining costs at a reasonable level.
GA’s ability to explore a wide solution space allowed it to balance both humidity and
cost-effectively and also performed well in temperature regulation. GWO has shown
effectiveness in maintaining a low humidity level; however, this has caused an increase
in energy costs. GWQ’s focus on localized solutions may have contributed to the rise in
energy costs while optimizing humidity. In contrast, PSO focuses on reducing overall
energy costs and achieving the lowest cost. However, this focus led to a humidity
level slightly above the target. PSO’s rapid convergence has been effective in lowering
costs, but it came with a compromise in humidity control. Based on our approach and
experimental results, GWO is useful for humidity management, PSO for cost reduction,
and GA for a balanced solution. Since the primary goal of our study is to optimize energy
costs, PSO offers the best results for this purpose while also maintaining an acceptable
temperature and humidity level.

Future Directions

There are some key research questions to enhance our methodology: How does the
efficacy of PSO, GWO, and GA algorithms for energy optimization in intelligent
residences fluctuate under varying climatic and environmental circumstances? In
what manner can the generalizability of these algorithms be augmented through more
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extensive and diversified datasets? When contrasting the efficacy of PSO, GWO, and
GA algorithms with alternative evolutionary algorithms such as Differential Evolution,
Simplex Optimization, or Ant Colony Optimization Algorithms for energy optimization,
what distinctions become apparent? What are the ramifications of alternative evolutionary
methodologies on solution quality and optimization velocity? What influence do multi-
objective optimization functions, which reconcile user comfort with energy efficiency,
exert on energy optimization in intelligent residences? How can these multi-objective
optimization functions be modified to accommodate diverse user behaviors and comfort
thresholds? How can PSO, GWO, and GA algorithms be engineered to adapt in real-
time to fluctuating environmental conditions in intelligent residences? How can adaptive
optimization algorithms reconcile real-time energy cost mitigation and user comfort?
In which situations can deep learning-based predictive models furnish more efficacious
solutions for energy optimization in intelligent residences? How does the efficacy of
Al-enhanced predictive models in forecasting energy demand affect the performance of
optimization algorithms?

Conclusion

This chapter aims to increase energy efficiency in loT-based smart home applications,
fills an important gap in the literature, and demonstrates the applicability of energy
optimization-based solutions. The use of algorithms such as Gray Wolf Optimization,
Genetic Algorithm, and Particle Swarm Optimization on loT-based data sets provides
significant contributions in terms of minimizing energy consumption and preserving
user comfort. The findings obtained reveal that energy-efficient management of IoT
devices offers both environmental and economic benefits. In future studies, more in-
depth analyses can be made in the field of energy consumption management in smart
homes by using different data sets and optimization algorithms, and energy management
solutions can be addressed from a broader perspective.
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