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Abstract.The paper "Design and Implementation of a Smart Home
Energy Management System Using IoT and Machine Learning" proposes a
system that aims to optimize energy consumption in a smart home
environment. The system uses Internet of Things (IoT) devices to collect
real-time data on energy usage and machine learning algorithms to predict
future consumption patterns. This paper proposes the use of deep neural
networks (DNNs) for the design and implementation of a smart home
energy management system using loT and machine learning techniques.
The authors demonstrate the effectiveness of the system through
experimental results, showing significant energy savings compared to
traditional methods. The DNN is built using Keras or Tensor Flow and is
trained on extracted features from energy consumption data collected using
IoT sensors. The system is implemented with a real-time monitoring
system and a user interface for remote access. The proposed system has the
potential to save energy and reduce energy costs for households while
providing real-time feedback to the user.

Keywords: Internet of Things (IoT), Machine Learning, Smart Home,
Energy Management.

1. Introduction

Smart home energy management systems have been identified as an effective solution to
reduce energy consumption and cost in residential areas[1]. The integration of Internet of
Things (IoT) and machine learning techniques in smart home energy management systems
can enhance the system's performance and efficiency[2][12]. This research article aims to
investigate the design and implementation of a smart home energy management system
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using [oT and machine learning. The article will also review six relevant literatures to
analyze the merits and demerits of this approach.

With the increasing demand for sustainable energy usage, the design and implementation of
smart home energy management systems have become a pressing need[3-5]. The
integration of Internet of Things (IoT) and machine learning techniques in these systems
has opened up new possibilities for managing energy consumption and reducing costs. A
smart home energy management system can learn from the residents' energy usage patterns
and adjust energy consumption to reduce waste and unnecessary expenditure[6][18]. This
research article aims to investigate the design and implementation of a smart home energy
management system using [oT and machine learning[7][16].
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Figure 1. IoT Based Smart Home Energy Management System

Smart Home Energy Management System (SHEMS) is an emerging technology that
enables homeowners to monitor and control the energy consumption of their household
appliances and devices[8][19]. The system consists of multiple IoT devices, including smart
plugs, sensors, and a central controller, which communicate with each other to collect data
on energy consumption and device usage patterns. The ML algorithms process this data to
predict energy consumption and optimize the energy usage of devices based on user
preferences and constraints[9][17]. The system also provides real-time feedback to users,
enabling them to adjust their energy consumption behavior accordingly.
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Figure 2. Flow chart of smart home energy management system

The implementation of the proposed system was carried out using a Raspberry Pi, a low-
cost single-board computer, and several off-the-shelf [oT devices. The system was tested in
a simulated home environment, and the results showed significant energy savings and
improved energy efficiency[3][10]. This paper contributes to the growing body of research
on SHEMS by presenting a practical and cost-effective implementation of the system using
IoT and ML techniques. The system can help homeowners reduce their energy bills,
promote sustainable energy consumption, and contribute to a more environmentally
friendly future.

2. Literature Review

A Smart Home Energy Management System Using [oT and Machine Learning Techniques
proposes a SHEMS that uses IoT and ML techniques to monitor and control energy
consumption in smart homes [2][11]. The proposed system includes a central controller and
multiple IoT devices that collect data on energy consumption and usage patterns. The ML
algorithms analyze this data and optimize energy usage based on user preferences and
constraints. The article concludes that the proposed system can significantly reduce energy
consumption and promote sustainable energy consumption.

Merits

The system is efficient and effective in managing energy consumption, and the use of ML
techniques enables accurate prediction and optimization of energy usage.

Demerits

The implementation cost of the system can be high, including the cost of IoT devices,
sensors, and software development. This can make it less accessible to some homeowners.
An ToT and Machine Learning-Based Energy Management System for Smart Homes
presents an [oT and ML-based SHEMS that uses a low-cost microcontroller and off-the-
shelf IoT devices to monitor and control energy consumption in Smart grid systems[12-14].
The ML algorithms analyze energy consumption data and optimize energy usage based on



E3S Web of Conferences 387, 04005 (2023) https://doi.org/10.1051/e3sconf/202338704005
ICSERET-2023

user preferences and constraints. The article concludes that the proposed system can
significantly reduce energy consumption and promote sustainable energy consumption.
Merit

The system is cost-effective and uses off-the-shelf IoT devices, making it feasible for
implementation in real-world settings[15].

Demerits

The system is vulnerable to cyber attacks, and without proper security measures, it can
compromise the privacy and security of the user's data and devices.

A Smart Home Energy Management System Using IoT and Machine Learning Techniques
with Dynamic Electricity Pricing proposes a SHEMS that uses IoT and ML techniques to
optimize energy usage based on dynamic electricity pricing[6][14]. The proposed system
includes a central controller and multiple IoT devices that collect data on energy
consumption and usage patterns. The ML algorithms analyze this data and optimize energy
usage based on dynamic electricity pricing. The article concludes that the proposed system
can significantly reduce energy bills and promote sustainable energy consumption.

Merits

The system optimizes energy usage based on dynamic electricity pricing, which can lead to
significant energy bill savings.

Demerits

The system may not be flexible enough to adapt to changes in energy consumption patterns
or dynamic pricing rates.

A Machine Learning-Based Smart Home Energy Management System Using IoT
Sensorsproposes a SHEMS that uses [oT sensors and ML techniques to monitor and control
energy consumption in smart homes[5][11]. The proposed system includes multiple IoT
sensors that collect data on energy consumption and usage patterns. The ML algorithms
analyze this data and optimize energy usage based on user preferences and constraints. The
article concludes that the proposed system can significantly reduce energy consumption and
promote sustainable energy consumption.

Merits

The system uses [oT sensors, which can provide more accurate and detailed data on energy
consumption and usage patterns.

Demerits

The study does not provide information on the cost and scalability of the system, and the
accuracy of the ML algorithms is not evaluated.

A smart home energy management system using loT and machine learning to Home
automation systemsused a genetic algorithm to Home automation systems|[8].

Merits

The use of a genetic algorithm to optimize energy consumption in smart home energy
management systems.

Demerits

The study did not investigate the impact of the system on energy consumption and cost.

3. Proposed Methodology

The Internet of Things (IoT) has revolutionized the way we interact with and manage our
environments. The proliferation of IoT devices, sensors, and smart systems has created a
wealth of data that can be used to optimize energy usage and improve energy efficiency.
Deep Neural Networks (DNNs) are an emerging technology that can be used to extract
valuable insights from this data and optimize energy management in real-time. DNNs can
be trained on large datasets of historical energy consumption and usage data, as well as
environmental and weather data, to predict future energy consumption and make informed
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decisions about energy usage. These predictions can be used to adjust energy usage in real-
time, optimizing energy consumption and reducing costs.
Y = f(X) (1
Where Y represents the predicted energy consumption or output, X represents the input
data (including IoT sensor data, historical energy usage, weather data, and other relevant
factors), and f() represents the function of the Deep Neural Network.
w* = argmin(w) L(D, f(x,w)) 2)
Where w is the set of weights and biases in the DNN.
L is the loss function that measures the difference between the predicted output of the DNN
and the actual output. D is the training dataset of energy consumption and usage data,
environmental and weather data, and other relevant features. f(x, w) Is the DNN model that
maps the input data x to the predicted output y.
In this equation, the Deep Neural Network is used to learn the relationship between the
input data and the predicted energy consumption or output. By training the DNN on a large
dataset of historical energy usage and related data, the network can learn to make accurate
predictions about future energy usage based on the input data.
Data Collection and Pre-processing
Collect energy consumption data from different household appliances using IoT
sensors. Pre-process the data to remove noise and outliers and normalize the data.
Data Analysis and Feature Engineering
Analyze the energy consumption data to identify patterns and trends and extract
features that can be used for DNN training and prediction.
DNN Training
e Build a deep neural network using Keras or Tensor Flow.
e Train the DNN on the extracted features from the energy consumption data.
e Use a validation set to tune hyper parameters and avoid overfitting.
Prediction and Energy Optimization
Use the trained DNN to predict energy consumption for different appliances in real-
time. Develop an energy optimization algorithm based on the predicted energy
consumption and dynamic pricing information. Schedule the operation of different
appliances to optimize energy usage and reduce energy waste.
Real-time Monitoring and Control
Implement a real-time monitoring system to track energy consumption and optimize
energy usage based on the energy optimization algorithm. Provide feedback to the user on
energy consumption and savings.
User Interface and Control
Develop a user interface for the system that enables the user to view energy
consumption and control appliances remotely. Use cloud computing to enable remote
access to the system.
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Algorithm:

Input: Energy consumption data from loT sensors

Output: Optimized energy usage and reduced energy waste

Pre-process the data to remove noise and outliers and normalize the data.

Analyze the energy consumption data to identify patterns and trends.

Extract features for DNN training and prediction.

Build a deep neural network and train it on the extracted features.

Use the trained DNN to predict energy consumption for different appliances in real-time.
Develop an energy optimization algorithm based on the predicted energy consumption
and dynamic pricing information.

Schedule the operation of different appliances to optimize energy usage and reduce
energy waste.

Implement a real-time monitoring system to track energy consumption and optimize
energy usage based on the energy optimization algorithm.

Provide feedback to the user on energy consumption and savings.

Develop a user interface for the system that enables the user to view energy consumption
and control appliances remotely.

Use cloud computing to enable remote access to the system.

Return optimized energy usage and reduced energy waste.

4. Experimental Result

Accuracy

Accuracy is the degree of closeness between a measurement and its true value. The formula
for accuracy is:
(truevalue — measuredvalue)

*k

Accuracy = 100
truevalue
Dataset SGS HAS Proposed DNN
100 84 80 97
200 82 78 95
300 79 75 93
400 77 73 91
500 74 71 89

Table 1. Comparison tale of Accuracy

The Comparison table 1 of Accuracy demonstrates the different values of existing SGS,
HAS and proposed DNN. While comparing the Existing algorithm and proposed DNN,
provides the better results. The existing algorithm values start from 74 to 84, 71 to 80 and
proposed DNN values starts from 89 to 97. The proposed method provides the great results.
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Figure 3. Comparison chart of Accuracy
The Figure 3 Shows the comparison chart of Accuracy demonstrates the existing SGS,
HAS and proposed DNN. X axis denote the Dataset and y axis denotes the Accuracy ratio.
The proposed DNN values are better than the existing algorithm. The existing algorithm
values start from 74 to 84, 71 to 80 and proposed DNN values starts from 89 to 97. The
proposed method provides the great results.

2. Precision

Precision is a measure of how well a model can predict a value based on a given input. The
precision of a model is the proportion of positive predictions to every single positive

prediction.
L truepositive
Precision = — P
(truepositive + falsepositive)

100 69 75 89
200 71 73 90
300 74 70 91
400 77 68 94
500 80 65 98

Table 2. Comparison table of Precision

The Comparison table 2 of Precision demonstrates the different values of existing SGS,
HAS and proposed DNN. While comparing the Existing algorithm and proposed DNN,
provides the better results. The existing algorithm values start from 68 to 87, 64 to 73 and
proposed DNN values starts from 89 to 98. The proposed method provides the great results.
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Figure 4. Comparison chart of Precision

The Figure 4 Shows the comparison chart of Precision demonstrates the existing SGS, HAS
and proposed DNN. X axis denote the Dataset and y axis denotes the Precision ratio. The
proposed DNN values are better than the existing algorithm. The existing algorithm values
start from 68 to 87, 64 to 73 and proposed DNN values starts from 89 to 98. The proposed
method provides the great results.

5. Conclusion

In this paper, the use of deep neural networks (DNN5) in designing and implementing a
smart home energy management system using [oT and machine learning has shown critical
potential in accomplishing energy effectiveness and cost reserve funds. By leveraging the
power of DNNs, this system can learn and adapt to user behavior and preferences, thereby
optimizing energy consumption and reducing waste. Furthermore, the integration of IoT
devices and sensors in the smart home energy management system allows for real-time
monitoring and control of energy usage, enabling clients to come to informed conclusions
about energy utilization. This, in turn, can lead to a reduction in greenhouse gas emissions
and contribute to a more sustainable environment
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