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ABSTRACT

As energy consumption continues to rise due to technological advancements and
the increasing adoption of electric vehicles, the necessity for efficient and effective
energy oversight in smart homes has never been more vital. This paper presents an
intelligent approach to enhancing energy management and sustainability in smart
homes by integrating advanced machine-learning techniques. By analyzing resident
behavior and energy usage patterns, the proposed Smart Home Energy
Management System (hereafter: SHEMS) optimizes the operation of home
appliances to reduce energy consumption while maintaining comfort. The system
leverages machine learning algorithms to predict energy demand, adapt to changing
conditions, and provide personalized energy-saving recommendations. The
depicted approach not only enhances energy efficiency but also bolsters overall
effectiveness by significantly lowering carbon emissions. The alignment with global
climate efforts underscores a commitment to mitigating climate change effects. The
study outlines the implementation of the machine learning models, illustrating their
integration within the intelligent living environment, and demonstrates the
system's efficacy in achieving sustainable energy management. During testing, the
model achieved a 94.8% accuracy rate with a Root Mean Square Error (RMSE) of
2.61, confirming its effectiveness in providing accurate predictions for smart home
energy production. An embrace of this groundbreaking solution boosts smart
homes’ prospects of evolving into beacons of sustainability, paving the way for a
greener and more energy-efficient future. Accordingly, the article can contribute to
transforming human living spaces into catalysts for a more harmonious eco-friendly
tomorrow.

1. INTRODUCTION

The concept of smart homes is recognized as a
fortune to enrich the quality of life and manage
energy efficiently and effectively in residential
spaces. Key facets that drive the smart home
concept include energy saving, environmental
effects, cost reduction, augmented control,
integration of renewable energy, grid resilience,
security and ongoing technological advancements
such as IoT and machine learning [36], [1], [2]. The
contemporary era has not seen such fast growth in
household devices, smart technologies, and electric

vehicles all contributing to higher demand for
energy and adding pressure to power grids.
According to research by the International Energy
Agency, it indicates that global electricity demand
last year grew by 6%, the fastest rate since 2020
[3]- This rapid increase underscores the urgent
need for innovative solutions to enhance power
efficiency in a way that aligns with the UN's
Sustainable Development Goals (SDGs),
particularly SDG 7 (Affordable and Clean Energy)
[4] and SDG 13 (Climate Action) [5]. By reducing
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energy waste and improving energy management,
we can lessen the strain on power grids and make
significant  contributions toward reducing
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emissions, supporting cleaner energy, and
ultimately advancing climate resilience.
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Figure 1: Smart Home Energy Management

In parallel to the increasing demands for energy, so
have environmental concerns in terms of CO2
emissions from power plants, and reasons for
global warming. There is a surge of change in
energy use to renewable sources of energy and
energy-efficient technology; energy has been a
large contributor to CO2 gas recently at about 40%
of the global emission [6]. This changing energy use
to renewable sources of energy and implementing
energy-efficient technology will help reduce its
carbon footprint in energy consumption. Smart
home technologies hold promises in opening new
avenues for household energy efficiency and
sustainability through the application of state-of-
the-art management systems as shown in Figure 1.
Despite all the progress in the domain of smart
homes, huge challenges are still in the optimal
usage of energy. Traditional energy management
approaches are unable to deal with the real-time
energy use complexities as well as the dynamism in
household behaviors [7], [8]. This is where most of
the traditional systems fall short, thus leading to
suboptimal savings in energy and an inefficient
running of the appliances. In a similar vein, Chen et
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al. identify that the centralized nature, which many
energy management systems take, creates
problems related to the privacy of data,
communication overhead, and poor scalability.
This implies that there is a need for a more
advanced solution to handle the intricacies of
modern-day consumption while taking care of
privacy concerns [9], [10], [11].

Furthermore, the increasing complexity of
household energy systems, which is driven by the
proliferation of smart devices and heterogeneous
sources of energy, requires more sophisticated
management strategies [12], [13], [14]. Traditional
methods often rely on static rules and cannot learn
from or adapt to real-time data. Such a static
approach can be inefficient, as it would not
consider most of the variations that come with
household energy usage patterns and exogenous
factors, such as weather conditions or changes in
occupancy[15], [16]. In an increasingly dynamic
landscape, the management of energy should
provide systems that allow dynamic adjustability
according to such variables, to optimize energy
usage at the individual level.
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A recent study on the role of smart homes in
reducing electrical consumption shows a
paradoxal trend that should not be neglected.
While the proliferation of smart home appliances
suggests a potential for increased energy use,
advancements in technologies can facilitate more
efficient and rationalized consumption patterns. A
research recognizes that the digitalization of
homes tends to correlate with higher energy
consumption. However, the sustainability of smart
homes in electrical energy consumption is
contingent upon their reliance on clean and
environmentally friendly energy alternatives. For
smart home advanced technologies to effectively
contribute to energy efficiency, a greater emphasis
on integrating renewable energy sources is vital
[37]- In light of these challenges, the paper has
come up with a new Smart Home Energy
Management System that incorporates machine
learning to implement improved energy
management and sustainability. Machine learning

plays a vital role in smart home energy
management systems by decreasing costs,
improving comfort, and optimizing energy

consumption. More specifically, ML, with its
sophistication, contributes to reaching the
prevailing concept’s objectives via predictive
analytics, real-time demand response,
optimization of the operation of smart appliances,
personalization, optimization of renewable energy
sources, and identification of unusual patterns that
may indicate issues, thus efficiently and effectively
noticing various threats. Finally, ML can simulate
various scenarios to estimate likely shifts in energy
consumption, aiding in the design of more efficient
home energy systems. Smart home systems can use
ML to provide insights and recommendations to
decision-makers that empower energy-saving
behaviors [17]. The proposed system, with the help
of machine learning algorithms, may also help in
the analysis and prediction of energy use patterns
based on the behavior of residents with the view of
optimizing the operation of home appliances to
reduce the overall use of energy. This enables
personalized and adaptive management without
sacrificing privacy because machine learning
models are trained on local data from individual
smart homes. In this way, decentralized methods
will not only help in improved energy efficiency but
also save more from the carbon foot printing aspect
related to energy consumption. These techniques
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can offer sizable improvements in energy
management, hence providing a sustainable
answer to the growing energy demands of modern
households [18], [19], [20].

In contrast, the proposed SHEMS serves to bridge
the gap between conventional methods of
managing energy and the developing needs of
smart homes through an innovative approach. The
integration of machine learning into this
framework allows the system to adapt to dynamic
consumption patterns and further optimize
appliance usage on behalf of future sustainable and
efficient energy living [21], [22], [23]. This paper
provides the holistic outlook of system design and
implementation and, therefore, the potential for
new energy management features of a smart home
in attaining broader environmental objectives.

The rest of this paper is organized in the following
manner: The subsequent sections present a review
of earlier studies relevant to the purpose of this
paper. Section 3 describes the approach proposed.
In Section 4, a simulation and results of the
proposed approach are presented. Section 5
concludes with an overview of the findings of the
study and their implications.

2. LITERATURE REVIEW

It has fostered significant research and
development in smart home energy management
systems as a way of improving energy efficiency
and sustainability within residential settings. This
paper discusses some advanced technologies that
can be applied in monitoring, controlling, and
optimizing energy use within the home. The past
few studies on SHEMS have focused on
architecture, algorithms, and several other facets of
reduction in energy use[24], [25]. Given the
capacity of ML to deal with high-level data
complexity and predict possibilities based on past
trends, it has become one of the most influential
tools in enhancing energy management systems
[26], [27], [28]. Applications of ML techniques in
this area include demand forecasting, load
prediction, and optimization of energy use [29],
[30]. With their increasing reliance upon data-
driven approaches, privacy, and security turned
into a critical issue with SHEMS. Traditional
centralized management generally requires the
uploading of several sources of sensitive data and
hence brings about risks to the privacy and security
of user data. Therefore, researchers have been
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investigating decentralized and privacy-preserving
techniques [31], [32], [33].

Nutakki et al. [34] infer the power systems'
tendency toward smart grids; hence, they believe
DSM is an important factor for grid stability. Many
traditional optimization techniques have been
implemented on conventional HEMS, but these
optimization methods usually suffer from certain
deficiencies, for which metaheuristic optimization
techniques were developed. The authors survey
how recent advancements in Al have further
enhanced the optimization methods. It discusses
how Al-based approaches have offered great
improvements over traditional methods by
integrating machine learning and deep learning
algorithms. The paper therefore gives an overview
of the application of these smart optimization
techniques in HEMS, underscoring the benefits that
come with enhancing energy management
efficiency and supporting the smart grid
infrastructure. Above all, it points out the passage
from heuristic traditional methods to sophisticated
Al-driven solutions; more generally, it highlights
the trend toward the exploitation of advanced
computational techniques for the optimization of
energy systems and for increasing the overall
performance of grids.

Hane et al. [35] go on to conduct deep research on
the evolution status of home energy management
systems in place, driven by the increase in
residential electricity demand, the incorporation of
renewable energy sources, and the introduction of
smart home appliances. In this paper, HEMSs are
discussed regarding the fact that they can boost
energy efficiency, cut down electricity bills, and
underpin the energy transition processes that may
take the countries to low-carbon economies. He
systematically analyzes the historical development
of HEMS architecture and reviews some of the
characteristics of  major communication
technologies that are commonly wused in
contemporary HEMS infrastructures. This review
categorizes common objectives and constraints
associated with scheduling optimization and
evaluates various intelligent optimization
algorithms presented in the literature. Along this
way of comparing and critiquing these methods,
some light will be shed on the very evolution—
from simple to complex—of HEMS architectures
and functionalities, challenges, and advances in
modeling and scheduling. In addition, related
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experimental studies and real-world challenges set
the stage to provide some hints on further
research. Such a detailed survey gives an informed
context for understanding the trends at the
moment in research, and perspective regarding
compromises between optimality and
computational complexity that underlie current
and future research efforts on HEMS modeling and
scheduling approaches.

Wang et al. [36] discuss the issue of energy
optimization needed in smart buildings,
particularly concerning overuse by electrical
appliances such as refrigerators, mobiles, and
washing machines. The integration of machine
learning algorithms in this research affords energy
predictions that reduce high consumption power
for efficiency in the conservation of electricity.
Wang implemented a hybrid model using deep
learning in combination with meta-heuristic
algorithms for multi-objective optimization
problems in improving the management of HVAC
systems. The study investigates the optimization of
the energy used in HVAC through GM-equivalent
Gated Recurrent Units (GRU) associated with a
Gorilla Troop Optimizer (GTO). The simulations of
the study are implemented with different scenarios
using Python to measure the performance of the
proposed model. The results show that the
proposed method for saving energy, managing
price, and managing reactive power significantly
outperforms conventional techniques in power
loss. From Wang's study, it is comparatively shown
that there is better performance of the proposed
model to achieve energy efficiency and keep the
building integrity in intelligent buildings in
correlation to the existing HVAC devices and the
communication protocols that are in current use.
Ma et al. [37] add to the growing interest in HEMS
against the background of the rapid development
of smart grids and distributed energy sources. The
focus is on the increase in the accuracy of short-
term residential electricity demand forecasting at
the level of individual appliances, the key to
effective energy management. It reviews recent
research in short-term load forecasting at the
household level, assessing the different methods
for respective strengths and weaknesses. It covers
deep learning techniques' latest developments,
such as network models, feature extraction, and
adaptive learning, and emphasizes the importance
of incorporating probabilistic methods of
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forecasting to capture the uncertainty in the loads.
It further explains the implications and
methodologies for device-level and ultra-short-
term load forecasting. By discussing the role of
short-term load forecasting in the process of
optimum scheduling of electricity consumption, Ma
underlines its critical contribution to improving
HEMS efficiency. The paper also identifies certain
research gaps existing in the area, with
recommendations toward future developments
that could improve the accuracy of the forecasts
and the overall energy management in a residential
setting.

Cai et al. [38] propose a new Energy Management
for residential microgrid systems, where Model
Predictive Control is combined with Reinforcement
Learning and the Shapley value to achieve optimal
cost distribution. This research therefore
addresses the problems of residential microgrid
management in light of fluctuating spot-market
prices, uncertain user demand, and renewable
energy generation, along with collective peak
power penalties. In this paper, an EM problem is
formulated as a cooperative coalition game, the aim
of which is to minimize the collective economic cost
for a coalition comprising residential prosumers
and then to equitably distribute the savings
obtained.

Chen et al. [39] focused on the interpretability
requirement of machine learning models
developed in the context of building energy
management. The development of machine
learning techniques for building energy-efficient
and demand-flexible buildings has raised
interpretability challenges mainly because of the
innately opaque nature of the developed models.
The review article classifies, in a very structured
way, the existing interpretable machine learning
techniques research into approaches, then moves
on to review how such approaches have evolved to
methodologically improve the transparency issues
of models.

In essence, the review underscores three
challenges: the various terminologies used to
describe the same concept under model
interpretability, the difficulties in juxtaposing the
effectiveness of different machine learning
schemes  through  different interpretable
techniques, and the limited offered interpretability
by popular algorithms. Rehman affirms that
although this demonstrates remarkable success,
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there still exists a necessity for an even richer kind
of interpretability to win user trust and to realize
wide  applications for  building energy
management.

Solutions to better design interpretability as a
more comprehensive mechanism in response to
these limitations are the leading research and
development tasks to further the scope of
interpretability for machine learning models
toward their wide use in the optimization of
building energy systems. Insights on the current
status  of interpretable  machine-learning
frameworks and guidelines for next-generation
improvements would make this approach far more
accessible and actionable for the end users within
construction energy management.

3. PROPOSED METHODOLOGY

This paper presents intelligent algorithms to
identify and keep very accurate tabs on the
working status of home appliances vis-a-vis the
activity states of the residents. The proposed
system structure for the management of home
appliances in this paper is predominantly based on
the integration of motion detectors and remote
actuators as its core modules. This will be able to
distinguish if a resident is active and present,
inactive yet present, or not available at the home.
Such will be important in ensuring that the system
operates the appliances depending on the state of a
household to optimize energy.

Operational pre-defined cycles can work for any
identified state of operation, which becomes
important for easier appliance management. It
merely avoids a manual decision on the state of the
household since it provides, both, monitoring of the
activity inside the house and the logical state of the
main entrance.

Figure 2 framework is one of the key components
of the offered system. It is the entrance of the
system and enables a communication way among
the implementation parts to create ease of
operation. The embedded adaptive algorithm in
the framework performs online control for
appliance management programmatically
according to residents' prevailed activity in real-
time. The smart home gateway supports tracking
and control of all sensors and devices at home on
the Wi-Fi network.

This setup allows remote control and monitoring.
Even if the users are not in the house, the system
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can manage and control the working of appliances
in the house. The Wi-Fi router connects the home
with the surveillance and controls the performance
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of the house through unbroken communication
with the home management system.
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Figure 2: Smart Home Energy Management Proposed Model

Figure 2 illustrates an end-to-end workflow of
integrating machine learning techniques in
optimizing energy management and sustainability
in smart homes. Following environmental sensors
capturing temperature, humidity, and appliance
usage information, these are joined through the
home's in-built network infrastructure. Initial
steps in the process involve gathering data from
these local sources, followed by pre-processing
necessary to put data into a format ready for use.
After that, a machine learning model will be trained
with the pre-processed data; one "Training Layer"
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has been colored specifically in the image to
indicate this stage. Once trained, evaluation follows
to ensure that a model meets the performance
criteria. If successful, it proceeds to the Evaluation
Phase, extracting relevant features from the data
for further analysis or decision-making. All of this
will help arrive at an energy consumption forecast
that can help optimize energy management and
improve sustainability within the smart home. This
justifies a structured approach toward showing
how machine learning can be effectively used in
managing and improving energy efficiency in a
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modern smart home environment.

This home management system improves energy
efficiency without the need for homeowners to
invest in expensive appliances or without affecting
activities carried out by the residents. Unlike the
national grid system, which in most cases lacks a
mechanism to monitor the different home
appliances, this offers an effective resource-saving
alternative using intelligent technology. Further,
with cheaper technology and a neat design, the
proposed system will enable end-users to monitor
their houses from wherever they will be, thus
adding value to their convenience and lessening
worries. Moreover, the system can be developed to
monitor security, which can show what problems
are happening at home when nobody is around.
This is another option that could be implemented
in the future rather than as a primary aspect of this
design.

System performance was tested using the DELM
method on occupancy data. The results achieved, as
indicated in Table 1, present that the proposed
scheme guarantees a very high rate of accuracy of
98.8%, with a miss rate of 1.4% during training.
Testing and validation were done with thirty
percent of the dataset, having 14,352 samples. The
developed method showed 94.8% for testing
accuracy with a corresponding miss rate of 5.2%
(Table 2). The RMSE of the DELM system model
was 2.61, lower in error compared to others. Based
on the statistical results, the DELM technique
shows itself to be better than alternative methods
and has enhanced write-offs in both the
perspectives of accuracy and efficiency.

4. RESULTS AND DISCUSSION

The machine learning methodology proposed in
this study was applied to a dataset [40], utilizing
MATLAB for simulation purposes. A Python script
was developed within the MATLAB environment
that would facilitate the training and evaluation of
the dataset. Data in this study was analyzed using a
Dynamic Elasticity Learning Machine. In this case,
47,840 unique entries characterized the set of data.
This dataset is divided in a strategically meaningful
way into training and validation/test subsets for
the robustness of model performance evaluation.

Table 1: The effectiveness of the proposed

technique during training and testing for
forecasting smart home energy output

https.//doi.org/10.54489/ijcim.v4i1.396
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Training | Testing
Accuracy (%) 98.8% 94.8
Miss Rate (%) 1.2% 5.2%

In particular, the DELM model was trained on 70%
of the dataset, while the remaining 30%, which
includes 14,352 samples, was kept for validation
and testing. This partitioning strategy can then
guarantee an extensive training phase while
ensuring that the model's generalization
capabilities are well assessed on unseen data.
Before training, the dataset was preprocessed,
which involved removing any anomalies and
correcting errors in the data to achieve better
quality data input for reliable results.

Table 2: Comparison with Diverse Machine
Learning Techniques

Methods RMSE
ANN 47
GA base Multilayer Perceptron 4.874
Regression ANN Model 4.23
K-Means + ANN 3.93
Proposed DELM 2.61

The task assigned to DELM was to find the optimal
configuration that would help in the prediction of
energy production at smart homes. Much attention
was paid to the tuning of the model for an accurate
and efficient forecast. Several statistical indicators
were used to evaluate the performance of the
proposed DELM approach, including accuracy,
RMSE, and miss rate; these represent the general
performance of a model concerning predictability
and reliability.

However, the effectiveness of this DELM model was
benchmarked against some methods. The results,
according to Table 1, turned out that during
training, the accuracy rate was 98.8% and a miss
rate of 1.4% for the DELM approach. For the
validation and testing phases, the model held an
accuracy of 94.8% with a miss rate of 5.2%. All this
is shown in Table 2. The corresponding RMSE for
the DELM system was 2.61, which proved to have
lower errors compared to other methods. These
results show that the DELM model is effective for
the accurate prediction of energy production by
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smart homes. It means that better performance
metrics obtained for DELM modulate a more
accurate and reliable prediction as compared to
other  approaches, vindicating its real
implementation in energy management. The
results of the statistical analysis assure its
robustness and potential to improve efficiency and
accuracy to a great extent in smart home energy
management systems.

5. CONCLUSION

The integration of DELM (Deep Ensemble Learning
Model) into smart home energy management
systems represents a significant advancement in
optimizing energy efficiency while maximizing the
convenience of every home. In this paper, the
implementation of DELM also showed a stable way
to handle the energy use of smart homes, which
had high accuracy and a low error rate on energy
output. These results show exactly what was
expected: DELM does much better than traditional
methods in providing a more accurate and flexible
solution for both energy forecasting and appliance
control.

On the power of DELM, efficient energy
management concerning homeowners' comfort
and security can be performed. Its ability to work
with real-time data and through changing
conditions secures perfect control over heating,
ventilation, and other home equipment for the high
economy, which has much to say in terms of cost
savings and sustainability.

The smart home system enhances user experience
by the inclusion of remote accessibility and control,
which makes the management of home
environments smooth from anywhere. It includes
monitoring house security, management of
household appliances, and issuance of timely
notifications in case any problem may arise. With
no requirement for constant manual intervention,
it makes life more convenient and peaceful with
automated responses.

In other words, the general conclusion from the
results of the study is on the potential of machine
learning techniques to drive a sea change in smart
home energy management. It gives an all-inclusive
solution where efficiency, convenience, and
security are entrenched to begin the wave of
smarter and more sustainable living environments.
In these ever-developing smart home technologies,
sophisticated algorithms and adaptive system
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development would become very important to
meet increasing demands for energy management
and environmental stewardship. A limitation of the
study is that the DELM method was tested within a
controlled environment, and further research is
required to evaluate its effectiveness in larger-
scale, real-world smart home applications.
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