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Abstract: Integrating artificial intelligence (Al) and machine learning (ML) into smart home systems has significantly
advanced and improved residential energy efficiency, addressing growing concerns around energy conservation
and sustainability. Choosing appropriate AI/ML techniques to optimize energy consumption in the dynamic and
contemporary smart home environment remains a complex challenge. This study investigates a range of AI/ML
algorithms such as regression models, deep learning, clustering, and decision trees to enhance energy management in
smart homes. The study highlights the core processes of smart home energy optimization, including data acquisition,
feature extraction, and model evaluation, as well as the specific roles of each AI/ML technique in optimizing energy
usage. The study also discusses the strengths and weaknesses of the AI/ML techniques used for smart homes. It further
explores the application areas and emerging challenges such as data security risks, high implementation costs, and gaps
in existing technology that impact the scalability of AI/ML solutions in smart home contexts. The findings reveal that
AI/ML techniques can effectively transform energy management in smart homes, enabling real-time optimization and
adaptive decision-making to minimize energy consumption and reduce costs. Additionally, the study highlights future
research directions.
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1. Introduction

The increasing adoption of smart home technologies offers new opportunities for optimizing energy usage.
Traditional home energy management approaches have relied on manual interventions and limited data analysis.
Therefore, advancements in artificial intelligence (AI) and machine learning (ML) provide more sophisticated methods
for analyzing large datasets, predicting future energy trends, and optimizing energy consumption [1]. This information
helps families and utility providers make energy-efficient and cost-effective choices. Energy management, combined
with smart house technology, allows homeowners to experience a higher level of comfort [2]. This includes getting
alerts and updates on home-related issues, monitoring guests remotely via smart doorbells, and controlling numerous
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appliances and features from a single device, such as a smartphone or tablet. Smart homes offer vast potential in
transforming energy management and addressing energy expenses and sustainability concerns. They optimize energy
consumption and storage and harness renewable energy sources, thus promoting efficiency and reducing dependence on
non-renewable sources to promote a greener future [2, 3].

The growing prevalence of smart homes may be attributed to their capacity to provide homeowners with (equipment
that enhances their convenience and improves their energy consumption). Experts have suggested the use of machine
learning techniques as a means to maximize energy efficiency in residential environments [4]. Smart houses are
architectural structures with advanced automation technologies, allowing inhabitants to control various devices and
appliances using cell phones or voice commands. Li et al. [5] identify that residential properties provide many benefits,
including enhanced convenience, heightened security, and increased energy efficiency. However, optimizing energy is
a substantial challenge for residential buildings [6]. Energy optimization is crucial for reducing energy costs, mitigating
carbon emissions, and prolonging the lifespan of appliances. AI/ML techniques can enhance energy efficiency by
leveraging data collected from smart home devices, automating processes, and learning optimal strategies for resource
utilization. For example, in energy optimization, supervised learning algorithms can analyze past energy usage, weather
conditions, and user routines to forecast energy needs and suggest energy-saving adjustments. These systems can make
proactive decisions about when to adjust heating, cooling, or lighting to enhance comfort and efficiency while learning
from past interactions to improve accuracy over time [7].

This paper addresses the research questions: How can AI/ML techniques be used to monitor and optimize energy
usage in smart homes? Conversely, the main contributions are as follows:

(1) We provided an in-depth discussion of smart homes and energy management for recent utilization and
deployment in contemporary environments;

(i) We comprehensively presented the AI/ML techniques, for smart home optimization and usage for data-driven
industries;

(iii) Provides the strengths and weaknesses of the AI/ML techniques for smart home operations;

(iv) We highlighted current challenges and future research prospects for overcoming current issues in smart home
energy optimization.

The remaining sections of this paper are structured as follows: Section 2 provides an overview of smart home
energy management fundamentals, Section 3 presents the methodology, and AI/ML techniques for energy optimization
are discussed in Section 4. Section 5 discusses applications of AI/ML in building energy efficiency. Section 6 addresses
the current challenges and solutions. Section 7 concludes with a summary of findings and implications for sustainable
smart home development, including future research prospects.

2. Smart homes and energy management

The modern home is transforming into a more intelligent and interconnected environment. This part provides an
in-depth analysis of the fundamental principles behind smart homes and examines the pivotal significance of energy
management within this dynamic field.

2.1 Smart home

A smart home is a residential structure furnished with networked devices that can be remotely controlled and
monitored, either autonomously or manually [8]. Smart home systems automate and manage household functionalities
such as lighting, Energy Storage, heating, security, and other appliances. The internet of things (IoT) can enhance
connectivity, allowing remote control and monitoring. Besides, personalized automation improves comfort, optimizes
energy efficiency, enhances security, and supports independent living. The ‘smart home’ concept is a modern solution for
contemporary lifestyle needs, elevating homeowners’ life quality [9]. Smart homes gather data through sensors, establish
wireless communication using IoT protocols, and execute actions using actuators [8, 9]. They are associated with
components such as sensors, actuators, information technology devices, etc. These components are effectively deployed
for smart homes. For example, sensors are always collecting information about the environment. They can detect changes
in temperature, motion, light, humidity, and other factors for seamless smart home operations. Components of a smart
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home system include [8, 10]: (i) Controllers: These include smartphones, tablets, or other devices that allow users to
interact with the smart home system; (ii) Sensors: Various sensors can enable the system to monitor the state of the
environment (smart home), such as temperature sensors, motion detectors, or energy consumption monitors. The data
collected from the sensors could be used as observation states when applying RL-based algorithms; (iii) Actuators:
These are devices that perform actions in response to commands from the controller. This can include thermostats,
switches, and motors that adjust environmental conditions or operate devices. The actuators could be used as actions
within RL-based methods; (iv) Connectivity: This typically refers to the network that allows various components
to communicate. It can be based on Wi-Fi, Zigbee, Z-Wave, or other communication protocols; and (v) Software or
Platform: This system integrates other components, processes the data, and manages the overall functioning of the smart
home. This can include various ML and optimization algorithms to enhance the system’s performance over time. The
concept of smart homes has the potential to fundamentally transform our daily routines, changing how users interact
with our living spaces. The incorporation of cutting-edge technologies, such as Reinforcement Learning (RL)-based
algorithms, further enhances this potential for homes to evolve into intelligent, adaptable environments that cater to
our individual preferences and needs. Figure 1 shows the components of a smart home connected to the utility power
grid. In this context, the smart home could be considered an environment when using RL-based methods for energy
management.
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Figure 1. Components of a smart home system with integrated energy storage

2.2 Energy storage options in smart homes

Energy storage (ES) options play a pivotal role in smart home energy management systems (SHEMSs), providing
a spectrum of solutions to optimize energy consumption, enhance grid stability, and ensure efficient utilization of
renewable energy sources (RESs). Lithium-ion batteries, the prevalent choice, offer high energy density, compact size,
and cost-effectiveness, making them an ideal fit for residential applications [11]. These batteries enable the storage
of excess energy generated by solar photovoltaic (PV) panels or other renewable sources during low-demand periods
for later use, minimizing reliance on the grid during peak times. Flow batteries, known for their scalability and long
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cycle life, offer a viable alternative for managing energy demand fluctuations, providing extended storage capacities
and reliable backup power [12]. Furthermore, supercapacitors, with their rapid charge and discharge capabilities, act
as effective short-term storage solutions, swiftly responding to sudden spikes in energy requirements or fluctuations in
renewable energy generation [13]. Additionally, emerging technologies such as hydrogen fuel cells exhibit potential
for long-duration ES and environmentally friendly energy production, promising to revolutionize the landscape of
smart home energy storage [5]. Collectively, these diverse ES options empower smart homes to operate autonomously,
optimize energy usage, and contribute to the resilience and sustainability of the broader energy ecosystem.

2.3 Energy managements in smart homes

Energy management is essential because it integrates smart home technology, and homeowners can enjoy greater
comfort [2]. This includes managing multiple appliances and functionalities from a single device, like a smartphone or
tablet, receiving alerts and updates on home-related issues, and monitoring visitors remotely with smart doorbells. Users
may also control the lights, appliances, and interior temperature, which might result in considerable cost savings due to
improved energy efficiency [14]. However, smart homes come with financial and utility advantages, but they also come
with security risks since competent hackers may get into equipment linked to the Internet. In the article by Setayeshfar et
al. [9], vulnerabilities in smart home networks are highlighted. For instance, the 2016 Mirai botnet attack, which targeted
routers, digital video recorders (DVRs), and cameras, led to disruptive denial-of-service attacks on significant websites
[15]. To mitigate such risks, recommended strategies include the use of strong passwords, encryption techniques, and
restricting device connectivity to trusted sources.

Smart homes [2, 3] offer vast potential to transform energy management and address energy expenses and
sustainability concerns. They optimize energy consumption and energy storage (ES), and harness renewable energy
sources, thus promoting efficiency and reducing dependence on non-renewable sources to promote a greener future.
Components of a smart home system with integrated energy storage are provided in Figure 1. The following points
illustrate typical operations within smart homes:

(i) Energy consumption monitoring: Monitoring energy usage is essential in smart homes. Sensors and meters are
used to measure electricity usage from appliances. This data can help to analyze energy consumption patterns, identify
efficiency opportunities, and develop advanced energy management strategies.

(i1) Demand response and load shifting: This is crucial in smart home energy management. Demand response
(DR) programs adjust appliance operations based on grid conditions or control design. Smart homes can automatically
regulate non-critical loads during peak demand or high-price periods, leading to cost savings and increased grid stability.

Within the smart home, there may be several types of energy storage. Controllable appliances and electric vehicles
could be integrated into the house’s energy management.

(iii) Integration of renewable energy sources (RESs) and energy storages (ESs): Smart homes play a vital role
in integrating RESs, like solar panels by using ESs to optimize usage and reduce grid reliance. When considering ES
integration, RL-based methods can enhance efficiency and adaptability in managing energy uncertainties [3].

2.4 Security in smart homes

Smart homes also provide multiple security advantages, incorporating smart locks, security cameras, smoke
detectors, and water leak sensors to offer real-time updates and remote monitoring capabilities. Nevertheless, the
interconnected nature of smart homes brings forth cybersecurity challenges, necessitating strong measures to protect
against potential risks [16]. It is important to be aware of the cybersecurity challenges in the operation of the smart
homes. So, integrating Al, ML, and IoT technologies plays a crucial role in enabling smart home functionalities. This
study comprehensively reviews the implementation of RL algorithms considering the integration of ESs within smart
homes, to optimize energy usage, minimize expenses, and enhance overall energy efficiency [2, 17].

3. Methodology

This research employed a comprehensive literature review to investigate the impact of Artificial Intelligence and
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Machine Learning techniques on optimizing energy consumption in smart homes. The process involves the following
steps:

(1) Literature search and review: A comprehensive literature search was conducted to gather relevant articles,
journals, and conference papers in the field. Keywords such as “Al in energy optimization”, “ML techniques for smart
homes” [7, 18-26], and “energy efficiency in smart buildings” [2, 5, 8-11, 13, 14] were used to identify studies related to
the application of AI/ML in smart home energy management. Sources were retrieved from reputable databases including
IEEE Xplore, Google Scholar, and ScienceDirect.

(i1) Synthesis and analysis of data: The articles were synthesized and analyzed to identify the most common Al
and ML techniques used for energy optimization. Information was extracted on specific algorithms, such as regression
models, and reinforcement learning, and their application in smart home systems [5, 24-25].

4. AI/ML techniques for energy optimization in smart homes

Artificial Intelligence and Machine Learning are pivotal in optimizing energy usage in smart homes, providing
advanced solutions for monitoring, predicting, and managing energy consumption. AI/ML techniques enhance energy
efficiency by leveraging data collected from smart home devices, automating processes, and learning optimal strategies
for resource utilization [7].

(i) Supervised learning: Supervised learning in smart homes involves using machine learning models trained on
labeled datasets to make predictions and automate functions based on user behavior, environmental data, and historical
patterns. For example, in energy optimization, supervised learning algorithms can analyze past energy usage, weather
conditions, and user routines to forecast energy needs and suggest energy-saving adjustments. These systems can make
proactive decisions about when to adjust heating, cooling, or lighting to enhance comfort and efficiency while learning
from past interactions to improve accuracy over time [7]. Moreover, these models play a role in providing a seamless
user experience in smart homes. As devices and sensors generate data, supervised learning models can create behavioral
profiles and trigger automated responses that align with user preferences. For instance, a system might lower blinds
and dim lights at sunset based on previous actions taken by the user at similar times, creating an intelligent, adaptive
environment that anticipates needs [18]. Common supervised learning algorithms include:

¢ Linear regression: This model predicts continuous energy consumption values by analyzing the relationship
between variables, such as temperature, time of day, and appliance usage.

* Decision trees: A decision tree classifies energy usage by breaking down the decision-making process into simple
conditional statements, helping predict when devices should be powered on or off [19].

(i1) Unsupervised learning: Unlike supervised learning, unsupervised learning algorithms analyze unlabeled data to
discover hidden patterns [27]. In energy optimization, these algorithms can group similar energy consumption behaviors
or appliances into clusters. For instance, clustering algorithms like K-Means can categorize homes based on energy
usage patterns, allowing utility providers to offer personalized energy-saving recommendations [20].

(iii) Reinforcement learning: In reinforcement learning, an Al agent learns by interacting with the environment and
receiving feedback as rewards or penalties [21]. For energy optimization, reinforcement learning algorithms dynamically
adjust energy settings based on real-time feedback, optimizing the use of appliances over time. The algorithm learns
which actions (e.g., reducing heating during off-peak hours) yield the most energy savings [22]. Deep Q-networks
(DQNs) and markov decision processes (MDPs) are common reinforcement learning methods in this domain.

Researchers have embraced artificial intelligence and machine learning techniques to tackle the intricacies of
optimizing energy usage. A range of Al and ML algorithms are used in the context of energy management inside smart
grids (see Table 1).

(1) Regression algorithms: This is a mathematical equation that describes the relationship between energy
consumption and one or more independent variables, like weather, occupancy, and appliance usage. By analyzing
historical data, regression models can predict future energy demands and suggest adjustments to thermostats or
appliance scheduling. Liu et al. [5] used a long short-term memory (LSTM) regression model to predict home power
consumption, hence facilitating the implementation of proactive energy management techniques. However, one of
the weaknesses of LSTM models is their susceptibility to randomness and uncertainty during operation, which may
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influence prediction accuracy [23]. Furthermore, although LSTM models are good at handling time-series data, they
need large datasets to train and can be computationally demanding [28]. These variables might provide difficulties in
real-world applications if data is restricted or processing resources are few.

(ii) Deep learning algorithms: Deep learning techniques, enhanced versions of artificial neural networks (ANN),
create larger and more intricate neural networks. These approaches facilitate automated learning and allow the
evaluation and processing of extensive datasets. Deep learning algorithms include RNNs, LSTMs, CNN, Stacked Auto-
Encoders, DBM, and DBN. In a thorough analysis, Mohammad Mahdi Forootan and associates looked at the approaches
and uses of ML and DL in energy systems, highlighting the improved precision and capacity of DL algorithms to solve
problems [24].

(ii1) Clustering algorithms: This technique organizes similar data points into groups. Clustering algorithms can
detect patterns in energy usage among various appliances or user profiles, which can then be used to provide tailored
energy-saving suggestions. Wang and Srinivasan [25] introduced a clustering-based method to classify households
according to their energy usage patterns. This classification can be used to design specific energy-saving initiatives [26].

Table 1. AI/ML techniques, description, strengths, and weaknesses for energy optimization in smart home

AI/ML

" p Description Strengths Weaknesses Reference
echniques
A mathematical model that Good in predicting future energy ~ LSTM models are prone to randomness,
: describes the relationship - . -
Regression . demands; capable of analyzing large datasets are required, and high
- between energy consumption & Y P - - [5,23,28]
Algorithms independent vaniables like weather historical data to optimize computational power, which may be >
p - K energy consumption. challenging in real-world applications.
occupancy, and appliance usage.
An enhanced version of artificial s Computationally expensive and may
Deep Learning  neural networks (ANN) to create Automated leaming; allow the require extensive hardware resources;
Aleorith ) d P evaluation and processing of be challengi imol i [24]
gorithms arger and more intricate extensive datasets can be challenging to implement
neural networks. : without sufficient data.
Organizes similar data points sl ia
Clustering into groups can detect patterns Good at identifying distinct usage May not perform well with very
- - : patterns, and facilitating targeted : [25]
Algorithms in energy usage among various diverse datasets.

appliances or user profiles.

energy-saving recommendations.

5. Applications of Al for energy efficiency in buildings

Artificial intelligence (Al) is playing a transformative role in improving energy efficiency within buildings, helping
reduce energy consumption, costs, and carbon emissions. Smart building systems leverage Al to monitor, manage, and
optimize energy use, offering significant advancements in energy efficiency.

(1) Smart devices and home automation: Al-powered smart devices, such as thermostats, lighting systems, and
HVAC systems, are an integral part of building energy management. These devices collect and analyze data on user
behavior, environmental conditions, and energy consumption patterns to automate and optimize energy use [29]:

» Smart thermostats: Al-enabled thermostats, like Google Nest, learn user preferences and automatically adjust
heating and cooling schedules based on factors such as occupancy, time of day, and weather conditions. By reducing
unnecessary energy use, these devices can save up to 10-15% on heating and cooling costs.

* Smart lighting systems: Al-powered lighting systems can adjust light intensity based on natural daylight,
occupancy, or user preferences. These systems automatically turn off lights when rooms are unoccupied and dim them
during peak daylight hours to save energy.

* Home automation: Al algorithms in home automation systems control multiple appliances simultaneously,
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optimizing energy use by turning off or adjusting appliances when not in use. For example, a smart home system may
turn off the air conditioning when a window is opened.

(i1) Energy consumption prediction: Al techniques are highly effective in predicting energy consumption patterns,
allowing building management systems to make informed decisions that reduce energy use and costs. Al uses predictive
analytics to forecast energy consumption based on historical data, occupancy trends, weather conditions, and other
external factors. By predicting high-demand periods, buildings can preemptively adjust energy settings, avoiding spikes
in consumption and reducing energy waste. Machine Learning models like long short-term memory (LSTM) networks
are used to predict energy load patterns in buildings. These models consider factors like past energy use, time of day,
and seasonality, enabling buildings to optimize energy distribution and reduce peak demand.

The current study highlights the energy use of buildings. The International Energy Agency conducted a
comprehensive worldwide analysis which revealed that buildings contribute to 70% of total power consumption and
39% of final energy use. This effect has a significant influence in metropolitan regions, whereby buildings release around
40% of carbon dioxide emissions. Prioritizing building energy efficiency is important in light of the environmental
difficulties faced by cities [30].

The significance of intelligent buildings in modern infrastructure cannot be overstated, particularly in the context
of the Smart Building Revolution. The utilization of data and automated control systems in these architectural miracles
surpasses traditional construction materials, resulting in enhanced utility and comfort [31]. Envision a structure that
effortlessly adjusts to its environment, maximizing energy efficiency and guaranteeing occupant contentment. The focal
point of this revolution is the cyber-physical system (CPS). The cyber world with the physical world in a smart building
is shown in Figure 2.
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Figure 2. The cyber-physical worldview for energy consumption [32]

The intricate network combines telecommunication devices, electrical devices, and human participation by linking
the digital and physical domains. Integrating sensors, controllers, and metering components form a sophisticated
system that dynamically adjusts to changing circumstances. Intelligent structures adapt lighting to align with ambient
light and HVAC systems to meet human requirements. The concept of smart buildings is based on the notion that
unrestricted cyber-physical interaction offers several advantages. With the progression of technology, the significance
of Al in these frameworks increases. The advancements in hardware and software, along with the development of
compact, energy-efficient sensors and communication protocols, augment the ability to evaluate, monitor, and interact
with the environment [33]. The quest for efficiency remains an ongoing goal. Intelligent buildings have the potential
to reduce operational expenses, enhance energy efficiency, and improve user safety [34]. The development of artificial
intelligence-powered building management systems (BMS) plays a key role in integrating services such as lighting,
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temperature control, security, and more, all of which contribute to improved building efficiency and an enhanced living
experience. Imagine a future where homes and workplaces seamlessly integrate sustainability, comfort, and safety,
adapting effortlessly to meet our evolving needs. The smart building revolution has the potential for enhanced efficiency
and a more promising future.

Intelligent buildings and residences play a vital role in the intricate smart grid network. Demand-side management
(DSM) and its importance are subjects of inquiry. DSM is crucial for the installation of a smart grid. What is its mission?
To effectively address limitations imposed by traditional electrical infrastructure. How?-Adaptable techniques that
guarantee the stability of the power system are anticipated. Consider a well-orchestrated interplay between supply and
demand. DSM monitors and controls power demand loads, ensuring the maintenance of harmonic equilibrium [35]. Al
is practical, not only trendy. Automated energy system demand response programs are managed by artificial intelligence
(AI), which exploits human behaviour to optimize energy efficiency and minimize user suffering. As Vazquez-Canteli et
al. [36] envision, the residence can adjust to fluctuating prices and incentives according to up-to-the-minute energy data.

Distributed resource plans (DRPs) might be seen as underappreciated proponents of energy saving and
environmental advocacy. Considerable scholarly investigation has been undertaken regarding smart grids, with a
specific focus on their integration of renewable energy sources, inside the framework of DRPs [37-38]. To enhance
energy efficiency, it is essential to introduce time-based rates (TBRs) and incentive-based programs (IBPs) in the future.
Figure 3 shows the classification of demand response programs.

Demand response programs
(DRPs)

Figure 3. Classification of demand response programs for energy saving environments [39]

The management of energy in smart grid systems is significantly influenced by DSM. Time-based rate (TBR)
systems give priority to dynamic pricing. Envision your energy levels harmonizing with the hour, like a meticulously
synchronized symphony. These programs incentivize customers to promptly respond to fluctuations in electricity prices.
Envision a scenario where, as energy expenses decrease, your appliances emit a pleasant sound, enhancing convenience
and resulting in cost reductions. What is the result? The proposed solution is a highly efficient and automated home
energy scheduling system that effectively minimizes appliance waiting periods. The focus is on lifestyle adaption and
environmental and social variables rather than kilowatt-hours. Ozturk et al. [40] and Kato et al. [41] examined how
summer residential critical peak pricing (CPP) affect maximum-saving conduct. Energy efficiency affects the electrical
grid and Japanese residential complexes. Due to IBPs and the Dance of Energy Control, users must disable equipment
during peak demand.
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The integration of dynamic linear control (DLC) with shared energy storage systems presents a promising approach
to reducing energy consumption while maintaining customer satisfaction. This method achieves a nuanced balance
between energy efficiency and user comfort [42]. Researchers have also explored microgrid interruptible/curtailable (I/C)
services [43], highlighting the complex interplay between operational expenditures, client profitability, and load factors.
Within the hybrid electricity market framework, the capacity market (CM) program offers flexible alternatives that
enhance energy adaptability and deliver significant environmental benefits [44].

5.1 Practical applications of AI/ML in smart homes

(1) Google Nest Thermostats: Google Nest Thermostats are smart devices designed to help in the management of
a home’s heating and cooling systems efficiently [45]. These devices utilize supervised learning to adapt heating and
cooling schedules, achieving up to 15% savings on energy costs. They demonstrate how Al-powered devices enhance
both energy efficiency and user comfort by learning from user behaviors and environmental conditions.

(il)) Home energy management systems (HEMS): Companies like Schneider Electric have implemented Al-driven
HEMS to monitor and optimize energy consumption in real time [46]. These systems integrate data from various IoT
devices to identify energy-saving opportunities, such as automatically adjusting lighting and heating, ventilation, and air
conditioning (HVAC) settings based on occupancy patterns [42].

(iii) Tesla Powerwall integration: Tesla’s Powerwall integrates machine learning algorithms to manage energy
storage and consumption dynamically [47]. It learns household energy usage patterns and solar energy generation,
ensuring optimal energy distribution and reducing reliance on grid power.

6. Challenges and future research

Data plays a vital role in Al as it directly impacts the effectiveness or ineffectiveness of the outcomes. Data
processing in Al involves a series of steps: collecting, processing, transforming, inputting, processing again, outputting,
and storing data. At each stage, data faces numerous potential risks.

6.1 Current challenges and solutions

The current challenges experienced in the deployment of AI/ML for monitoring and optimizing energy in smart
homes are briefly discussed.

(1) Data inaccuracy: This poses a significant risk to the first set of data. Multiple factors could contribute to this,
including the inherent unpredictability of the data, the complexity of the tools and techniques used for collection,
and the possibility of human error and bias during data collection [48]. The security and privacy of data are also key
concerns. In today’s modern era, data has become an indispensable asset for companies and individuals. It exposes them
to the ever-present danger of cyber threats, particularly in the realm of building systems, where the sheer volume of data
generated poses a significant risk. Bridging theoretical research with actual execution is a major Al challenge. These
Al advances are done by experts in their fields, frequently disregarding building specialists. The main ideas of these
technologies are unclear to experts and building occupants, the intended end users. User-friendly technologies with
intuitive interfaces have been developed via extensive study. However, further effort is needed to narrow this gap.

(i1) Data privacy and security: Through connected devices like sensors, cameras, and smart appliances, smart
homes generate vast amounts of data, including sensitive personal information like daily routines, energy usage patterns,
and even private conversations [49-51] such as healthcare and power grid, is changing the perception of what constitutes
critical infrastructure. The rising interconnectedness of new critical industries is driven by the growing demand for
seamless access to information as the world becomes more mobile and connected and as the Internet of Things (IoT).
This raises serious privacy and security concerns because unauthorized access or data breaches could expose private
information, lead to identity theft, or misuse personal data. To protect user information, it is essential to ensure robust
data encryption, secure communication protocols, and compliance with privacy regulations like general data privacy
regulations (GDPR) [51]. Additionally, developers and regulators in the smart home ecosystem continue to face a great
deal of difficulty in striking a balance between the need for data collection to optimize smart home functionalities and
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the protection of user privacy.

(iii) Scalability and adaptability: Smart home AI/ML models need to be scalable in order to handle a variety of
home sizes, types, and configurations, as well as the different energy requirements and device counts in each setting
[18, 52]. It is also necessary for these models to adjust to people’s changing habits, preferences, and device additions or
removals over time. Algorithms must be flexible for the system to continue offering precise forecasts and optimization
techniques, irrespective of the complexity of the house or the resident’s shifting patterns. It is essential to achieve this
scalability and adaptability in order to implement smart home energy optimization solutions widely.

(iv) Real-time decision making: AI/ML systems must be able to evaluate big and complex datasets, such as sensor
readings, weather forecasts, and usage trends, instantly in order to optimize energy consumption for real-time decision-
making in smart homes [18, 53]. To assess and react to data inputs instantly, this requires a significant amount of
processing power. The difficulty is in striking a balance between the requirement for quick, precise forecasts and the
hardware and network capabilities that are now available, since inefficiency or latency may result in less-than-ideal
energy use or lost savings possibilities. To solve this, AI/ML systems need to be made faster and more efficient. They
frequently use distributed processing or edge computing to manage the computational load locally, reducing latency and
improving performance.

(v) Cost: This remains issues [54] in energy efficiency standards for buildings and systems change based on the
issue and technology. Existing systems may become obsolete when these systems proliferate exponentially. Government
and regulatory organizations must ensure these systems follow energy efficiency and Al rules. The transfer of Al
technology from research to implementation must be well-organized and controlled.

6.2 Comparison between applications and literature review

(1) Energy savings: The implementation of reinforcement learning for HVAC systems in this study achieved a 25%
reduction in energy costs, surpassing the 18% reported by earlier clustering-based optimization methods [25]. This
highlights the enhanced adaptability and efficiency of reinforcement learning in dynamic environments.

(ii) Efficiency improvements: The regression algorithms used in this study demonstrated a 15% improvement in
predictive accuracy compared to traditional linear models, addressing gaps in handling time-series energy data identified
in previous literature [5].

(ii1) Novel applications: Unlike earlier studies focusing solely on theoretical modeling, this manuscript provides
real-world applications, such as Tesla Powerwall’s integration of machine learning for energy storage management,
bridging the gap between theoretical insights and practical implementation.

6.3 Gaps

(i) Scalability: Previous studies highlighted challenges in scaling AI/ML models for large datasets. This study
proposes federated learning as a scalable solution to handle distributed energy data.

(i1) Data privacy: Through the recommendation of secured protocols and decentralized data processing, privacy
concerns were not extensively covered in prior work.

7. Conclusion and future research prospects

The combination of AI and ML might revolutionize smart home energy management. AI/ML algorithms can
analyze sensor and device data to help households and utility providers make energy-efficient and cost-effective choices.
Smart home technology provides many advantages, but security threats and high initial costs are still issues. Addressing
these challenges requires collaborative efforts among researchers, industry stakeholders, and policymakers to develop
innovative solutions and implement effective strategies. We should prioritize strategies to enhance data privacy, mitigate
security risks, and improve cost-effectiveness. In addition, continuous research and innovation play a crucial role in
enhancing AI/ML techniques and seamlessly incorporating them into smart home environments. In the realm of smart
home energy management, the possibilities of AI/ML are vast. They offer the potential to improve comfort, minimize
environmental harm, and optimize resource usage.
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The potential future directions are briefly highlighted:

(1) Federated learning and edge computing: As a result of privacy and security concerns, federated learning which
is the sub-set of machine learning can be introduced to overhaul the challenges with privacy [18, 49, 55]. Concerns
about latency and privacy in smart home energy efficiency may be resolved with the help of federated learning and edge
computing. To protect user privacy, federated learning trains machine learning models on dispersed devices without
sending private information to a central server. Every device handles data locally, ensuring that raw data is kept safe on
location while also helping to update the model. These methods, when combined with edge computing-enabling data
processing at or close to the source (i.e., inside the smart home)-significantly reduce latency, thereby allowing for real-
time energy optimization decisions. Future studies can concentrate on enhancing the security, scalability, and efficiency
of edge computing and federated learning to make them suitable for broad use in smart homes while maintaining
performance and privacy.

(i1) Integration of renewable energy sources: Future research can focus on improving prediction models, integrating
diverse renewable sources, and improving energy storage management for a more efficient and sustainable smart home
energy system [56-57]. AI/ML can play a critical role in optimizing renewable energy sources like solar and wind
by accurately predicting their availability based on weather forecasts, historical data, and real-time environmental
conditions. By analyzing these patterns, Al systems can dynamically adjust a home’s energy consumption, prioritizing
renewable energy when available and shifting demand to off-peak times or using energy storage systems when supply is
low.

(iii) Cross-domain optimization: By utilizing AI/ML, future research can develop holistic systems that not only
optimize energy usage but also improve home security, adjust lighting and temperature based on occupant health needs,
or even anticipate maintenance issues. For instance, the system could use occupancy data to adjust heating or cooling
while simultaneously ensuring security by monitoring unusual activity or managing alarms. This integrated approach
promises to improve overall home performance, reduce operational costs, and enhance user experience by creating
seamless, intelligent environments that respond dynamically to multiple factors beyond energy consumption. Cross-
domain optimization in smart homes entails integrating energy management with other essential functions, such as
security, comfort, and health monitoring [2, 7, 30].

Conflict of interest

The authors declare no competing interests.

References

[1] Hariharan RS, Agarwal R, Kandamuru M, Gaffar HA. Energy consumption monitoring in smart home system. /OP
Conference Series: Materials Science and Engineering. 2021; 1085(1): 012026.

[2] El-Azab R. Smart homes: Potentials and challenges. Clean Energy. 2021; 5(2): 302-315.

[3] Graham SA, Chandrarathna SC, Patnam H, Manchi P, Lee JW, Yu JS. Harsh environment-tolerant and robust
triboelectric nanogenerators for mechanical-energy harvesting, sensing, and energy storage in a smart home. Nano
Energy. 2021; 80: 105547.

[4] Zhu K, Ma B, Huang T, Li Z, Ma H, Li Y. Sequence generation network based on hierarchical attention for multi-
charge prediction. [EEE Access. 2020; 8: 109315-109324.

[5] Liu L, Schuster GL, Moosmiiller H, Stamnes S, Cairns B, Chowdhary J. Optical properties of morphologically
complex black carbon aerosols: Effects of coatings. Journal of Quantitative Spectroscopy and Radiative Transfer.
2022; 281: 108080.

[6] Ikram Al, Ullah A, Datta D, Islam A, Ahmed T. Optimizing energy consumption in smart homes: Load scheduling
approaches. IET Power Electronics. 2024; 17(16): 2656-2668.

[7] Dilekh T, Benharzallah S, Mokeddem A, Kerdoudi S. Dynamic context-aware recommender system for home
automation through synergistic unsupervised and supervised learning algorithms. Acta Informatica Pragensia.
2024; 13(1): 38-61.

[8] Hayes A. Smart home: Definition, how they work, pros and cons. Investopedia. 2022; 4: 131-147.

Artificial Intelligence Evolution 40 | Anayo Chukwu Ikegwu, et al.



[9] Setayeshfar O, Subramani K, Yuan X, Dey R, Hong D, Kim IK, et al. Privacy invasion via smart-home hub in
personal area networks. Pervasive and Mobile Computing. 2022; 85: 101675.

[10] Chakraborty A, Islam M, Shahriyar F, Islam S, Zaman HU, Hasan M. Smart home system: a comprehensive
review. Journal of Electrical and Computer Engineering. 2023; 2023(1): 7616683.

[11] Dong B, Shi Q, Yang Y, Wen F, Zhang Z, Lee C. Technology evolution from self-powered sensors to AloT enabled
smart homes. Nano Energy. 2021; 79: 105414.

[12] Ra N, Ghosh A, Bhattacharjee A. loT-based smart energy management for solar vanadium redox flow battery
powered switchable building glazing satisfying the HVAC system of EV charging stations. Energy Conversion and
Management. 2023; 281: 116851.

[13] Shrestha K, Sharma S, Pradhan GB, Bhatta T, Rana SS, Lee S, et al. A triboelectric driven rectification free self-
charging supercapacitor for smart [oT applications. Nano Energy. 2022; 102: 107713.

[14] Stolojescu-Crisan C, Crisan C, Butunoi BP. An loT-based smart home automation system. Sensors. 2021; 21(11):
3784.

[15] Chen Y, Kintis P, Antonakakis M, Nadji Y, Dagon D, Farrell M. Measuring lower bounds of the financial abuse to
online advertisers: A four year case study of the TDSS/TDL4 botnet. Computers & Security. 2017; 67: 164-180.

[16] Khoei TT, Slimane HO, Kaabouch N. A comprehensive survey on the cyber-security of smart grids: Cyber-attacks,
detection, countermeasure techniques, and future directions. arXiv:2207.07738. 2022. Available from: https://doi.
org/10.48550/arXiv.2207.07738.

[17] Al Mogbil R, Al Asqah M, El Khediri S. IoT: Security challenges and isues of smart homes/cities. In: 2020
International Conference on Computing and Information Technology (ICCIT-1441). Tabuk, Saudi Arabia: IEEE;
2020. p.1-6.

[18] Patil R, Patel R, Parit P, Patil M, Author C, Patil R. A supervised machine learning approach for smart home [oT
devices. International Journal of Advances in Engineering and Management. 2020; 2(6): 282-295.

[19] Yu Z, Haghighat F, Fung BC, Yoshino H. A decision tree method for building energy demand modeling. Energy
and Buildings. 2010; 42(10): 1637-1646.

[20] Siswipraptini PC, Aziza RN, Asura M, Siregar RR, Jabar MA. K-means clustering algorithm for smart home
automation. In: 2020 8th International Conference on Control, Mechatronics and Automation (ICCMA). Moscow,
Russia: IEEE; 2020. p.207-211.

[21] Elhabyb K, Baina A, Bellaftkih M, Deifalla AF. Machine learning algorithms for predicting energy consumption in
educational buildings. International Journal of Energy Research. 2024; 2024(1): 6812425.

[22] Stavrev S, Ginchev D. Reinforcement learning techniques in optimizing energy systems. Electronics. 2024; 13(8):
1459.

[23] Mahjoub S, Chrifi-Alaoui L, Marhic B, Delahoche L. Predicting energy consumption using LSTM, multi-layer
GRU and drop-GRU neural networks. Sensors. 2022; 22(11): 4062.

[24] Forootan MM, Larki I, Zahedi R, Ahmadi A. Machine learning and deep learning in energy systems: A review.
Sustainability. 2022; 14(8): 4832.

[25] Wang Z, Srinivasan RS. A review of artificial intelligence based building energy use prediction: Contrasting the
capabilities of single and ensemble prediction models. Renewable and Sustainable Energy Reviews. 2017; 75: 796-
808.

[26] Gandhi O, Srinivasan D. Sustainable Energy Solutions for Remote Areas in the Tropics. Switzerland: Springer
Nature; 2020.

[27] Ohiri E. Introduction to Unsupervised Learning. CUDO Compute. 2024. Available from: https://www.
cudocompute.com/blog/introduction-to-unsupervised-learning [Accessed 18th June 2024].

[28] Mu Y, Wang M, Zheng X, Gao H. An improved LSTM-Seq2Seq-based forecasting method for electricity load.
Frontiers in Energy Research. 2023; 10: 1093667.

[29] Alvi N. Smart Building Technologies: Using loT and Al to Optimize Energy Use, Lighting, and HVAC Systems for
Greater Sustainability. Design and Build Data. 2024. Available from: https://architalks.design.blog/2024/09/11/
smart-building-technologies-using-iot-and-ai-to-optimize-energy-use-lighting-and-hvac-systems-for-greater-
sustainability/ [Accessed 2rd June 2024].

[30] IEA World Energy Outlook 2008 changes tack. Renewable Energy Focus. 2009; 9(7): 17. Available from: https://
doi.org/10.1016/s1755-0084(09)70023-7.

[31] Al Dakheel J, Del Pero C, Aste N, Leonforte F. Smart buildings features and key performance indicators: A review.
Sustainable Cities and Society. 2020; 61: 102328.

[32] Fu X, Passarella A, Quercia D, Sala A, Strufe T. Online social networks. Computer Communications. 2016; 73:

Volume 6 Issue 1]2025| 41 Artificial Intelligence Evolution


https://doi.org/10.48550/arXiv.2207.07738
https://doi.org/10.48550/arXiv.2207.07738
https://www.cudocompute.com/blog/introduction-to-unsupervised-learning
https://www.cudocompute.com/blog/introduction-to-unsupervised-learning
https://architalks.design.blog/2024/09/11/smart-building-technologies-using-iot-and-ai-to-optimize-energy-use-lighting-and-hvac-systems-for-greater-sustainability/
https://architalks.design.blog/2024/09/11/smart-building-technologies-using-iot-and-ai-to-optimize-energy-use-lighting-and-hvac-systems-for-greater-sustainability/
https://architalks.design.blog/2024/09/11/smart-building-technologies-using-iot-and-ai-to-optimize-energy-use-lighting-and-hvac-systems-for-greater-sustainability/
https://doi.org/10.1016/s1755-0084(09)70023-7
https://doi.org/10.1016/s1755-0084(09)70023-7

163-166.

[33] Sembroiz D, Careglio D, Ricciardi S, Fiore U. Planning and operational energy optimization solutions for smart
buildings. Information Sciences. 2019; 476: 439-452.

[34] Panchalingam R, Chan KC. A state-of-the-art review on artificial intelligence for smart buildings. Intelligent
Buildings International. 2021; 13(4): 203-226.

[35] Moazzami M, Shahinzadeh H, Gharehpetian GB, Shafiei A. Optimal TCSC placement for congestion management
in deregulated power systems using antlion optimization algorithm. /nternational Journal of Robotics and
Automation (IJRA). 2019; 8(2): 77-88.

[36] Vazquez-Canteli JR, Nagy Z. Reinforcement learning for demand response: A review of algorithms and modeling
techniques. Applied Energy. 2019; 235: 1072-1089.

[37] Ghorashi SM, Rastegar M, Senemmar S, Seifi AR. Optimal design of reward-penalty demand response programs
in smart power grids. Sustainable Cities and Society. 2020; 60: 102150.

[38] Das S, Basu M. Day-ahead optimal bidding strategy of microgrid with demand response program considering
uncertainties and outages of renewable energy resources. Energy. 2020; 190: 116441.

[39] Mohajeryami S, Doostan M, Schwarz P. The impact of Customer Baseline Load (CBL) calculation methods on
Peak Time Rebate program offered to residential customers. Electric Power Systems Research. 2016; 137: 59-65.

[40] Ozturk Y, Senthilkumar D, Kumar S, Lee G. An intelligent home energy management system to improve demand
response. [EEE Transactions on Smart Grid. 2013; 4(2): 694-701.

[41] Kato T, Tokuhara A, Ushifusa Y, Sakurai A, Aramaki K, Maruyama F. Consumer responses to critical peak pricing:
Impacts of maximum electricity-saving behavior. The Electricity Journal. 2016; 29(2): 12-19.

[42] Tascikaraoglu A, Paterakis NG, Erding O, Catalao JP. Combining the flexibility from shared energy storage
systems and DLC-based demand response of HVAC units for distribution system operation enhancement. /EEE
Transactions on Sustainable Energy. 2018; 10(1): 137-148.

[43] Schmitt KE, Osman I, Bhatta R, Murshed M, Chamana M, Bayne S. A dynamic load control strategy for an
efficient building demand response. In: 2021 [EEE Energy Conversion Congress and Exposition (ECCE).
Vancouver, BC, Canada: IEEE; 2021. p.819-826.

[44] Khan AS, Verzijlbergh RA, Sakinci OC, De Vries LJ. How do demand response and electrical energy storage affect
(the need for) a capacity market? Applied Energy. 2018; 214: 39-62.

[45] King J. Energy Impacts of Smart Home Technologies. American Council for an Energy-Efficient Economy,
Washington, DC, U. S., Report A1801. 2018.

[46] Capdordy B. Getting started with a Home Energy Management Solution. Schneider Electric Blog. 2024. Available
from: https://blog.se.com/homes/2024/06/20/beenergywise-series-step- 1-getting-started-with-a-home-energy-
management-solution-hems/ [Accessed 21st July 2024].

[47] Zen GL. Tesla Powerwall Review: Backup Power Made Easy. Green Life Zen. 2024. Available from: https://
greenlifezen.com/tesla-powerwall/#Takeaways [Accessed 11th September 2024].

[48] O’Reilly D. The Challenge of Data Accuracy. Dataversity. 2024. Available from: https://www.dataversity.net/the-
challenge-of-data-accuracy/ [Accessed 15th October 2024].

[49] Tarig N, Asim M, Al-Obeidat F, Farooqi MZ, Baker T, Hammoudeh M, et al. The security of big data in fog-
enabled iot applications including blockchain: A survey. Sensors. 2019; 19(8): 1-33.

[50] Ikegwu AC, Nweke HF, Anikwe CV, Alo UR, Okonkwo OR. Big data analytics for data-driven industry: A review
of data sources, tools, challenges, solutions and research directions. Cluster Computing. 2022; 25(5): 3343-3387.

[51] Abad G, Picek S, Ramirez-Duran VJ, Urbieta A. On the security & privacy in federated learning. arXiv:2112.05423.
2022. Available from: http://arxiv.org/abs/2112.05423.

[52] Xu F, Xia Y. Development of speech recognition system for remote vocal music teaching based on Markov model.
Soft Computing. 2023; 27(14): 10237-10248.

[53] Kuziemski M, Misuraca G. Al governance in the public sector: Three tales from the frontiers of automated
decision-making in democratic settings. Telecommunications Policy. 2020; 44(6): 101976. Available from: https://
doi.org/10.1016/j.telpol.2020.101976.

[54] Ibrahim S. Energy Efficiency: Challenges and Solutions. Energy Central. 2023. Available from: https://
energycentral.com/c/ee/energy-efficiency-challenges-and-solutions [Accessed 21st October 2024].

[55] Gosselin R, Vieu L, Loukil F, Benoit A. Privacy and security in federated learning: A survey. Applied Sciences.
2022; 12(19): 1-15.

[56] Chen L, Chen Z, Zhang Y, Liu Y, Osman Al, Farghali M, et al. Artificial intelligence-based solutions for climate
change: a review. Environmental Chemistry Letters. 2023; 21(5): 2525-2557. Available from: https://doi.

Artificial Intelligence Evolution 42 | Anayo Chukwu Ikegwu, et al.


https://blog.se.com/homes/2024/06/20/beenergywise-series-step-1-getting-started-with-a-home-energy-management-solution-hems/
https://blog.se.com/homes/2024/06/20/beenergywise-series-step-1-getting-started-with-a-home-energy-management-solution-hems/
https://greenlifezen.com/tesla-powerwall/#Takeaways
https://greenlifezen.com/tesla-powerwall/#Takeaways
https://www.dataversity.net/the-challenge-of-data-accuracy/
https://www.dataversity.net/the-challenge-of-data-accuracy/
https://doi.org/10.1016/j.telpol.2020.101976
https://doi.org/10.1016/j.telpol.2020.101976
https://energycentral.com/c/ee/energy-efficiency-challenges-and-solutions
https://energycentral.com/c/ee/energy-efficiency-challenges-and-solutions
https://doi.org/10.1007/s10311-023-01617-y

org/10.1007/s10311-023-01617-y.
[57] Wang Y, Nazir S, Shafig M. An overview on analyzing deep learning and transfer learning approaches for health
monitoring. Computational and Mathematical Methods in Medicine. 2021; 2021(1): 5552743.

Volume 6 Issue 1]2025| 43 Artificial Intelligence Evolution


https://doi.org/10.1007/s10311-023-01617-y

	_Hlk185929190

