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Abstract. This paper proposes a mobile architecture for
managing residential electricity consumption data using
loT-based smart plugs and machine learning algorithms.
The main objective is to monitor, analyze, and predict
electricity consumption in residential environments,
aiming to improve energy efficiency and engage users
through gamification elements, making energy saving
more attractive and motivating. The research addresses
these goals through specific questions, hypotheses,
and methodological steps, including the analysis
of electrical energy consumption data from various
household appliances, the development of machine
learning algorithms such as Holt-Winters, XGBoost,
and Autoencoder LSTM to predict future consumption,
and the creation of a prototype mobile application for
visualizing and managing residential energy consump-
tion. The Autoencoder LSTM model demonstrated
superior accuracy in predicting energy consumption,
highlighting its effectiveness. The results underscore the
importance of integrating energy consumption prediction
technologies and energy management tools in homes to
promote sustainability and reduce environmental impact.

Keywords. Energy consumption prediction, Machine
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1 Introduction

Energy is a fundamental resource in modern
society, and its global demand has markedly
increased over the last four decades, with
projections indicating a 30% increase by 2040 [21,
40]. Energy management has become a
critical factor influencing our future, as much of

today’s energy comes from fossil fuels. This
unsustainable growth and inefficient use of energy
pose significant challenges in a world with a
growing population and evident effects of global
warming. Therefore, improving energy efficiency
is one of the most important objectives in any
society. Measuring electricity consumption and
visualizing every detail is the first step toward
awareness and adopting appropriate measures to
save electricity [34, 30, 31].

A crucial aspect of improving energy efficiency
is integrating smart home energy management
and control systems.  These systems allow
users to monitor the electricity consumption of
their appliances individually, facilitating informed
decisions on reducing energy consumption [25,
38, 30]. However, the lack of data standardization
and the complexity of obtaining energy information
in different operating states of devices pose
practical challenges. Therefore, systems capable
of integrating different mobile technologies are
required to manipulate user energy data and
potentially revolutionize how we consume and use
energy in our homes [37, 42].

To effectively address these challenges, it
is crucial to consider the fundamental role of
advanced technologies that offer innovative tools
and analytical capabilities to improve energy
efficiency and reduce environmental impact [12,
27]. These technologies include the Internet
of Things (loT), which provides connectivity and
communication between devices and sensors in
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an energy infrastructure; Machine Learning (ML)
algorithms that can identify patterns and trends
in energy consumption, enabling more accurate
decision making; cloud computing that plays an
essential role in energy data management and
analysis; and mobile applications that provide an
accessible and convenient interface for end users.
These tools not only improve energy efficiency but
also contribute to reducing the carbon footprint and
moving towards a more sustainable and resilient
energy future [29, 7].

In this context, this work proposes a mobile
architecture for managing residential electricity
consumption data through implementing smart
plugs using loT technology, machine learning
algorithms, and developing a prototype mobile
application.  This approach aims to monitor,
analyze, and predict electricity consumption in res-
idential environments, seeking to improve energy
efficiency and involve users through gamification
elements, making energy saving more attractive
and motivating. Additionally, this research aims
to contribute to developing technological solutions
that promote more sustainable energy habits,
leveraging mobile technology as a tool to improve
energy management at the individual level and,
ultimately, globally.

The remainder of the paper is structured
as follows: Section 2, Background, provides
a brief review of related work, establishing a
sound theoretical framework for the research.
Additionally, the research questions are presented
along with the theoretical context in the study
area. Section 3, Materials and Methods, details
the procedures used in data collection, including
the instruments and techniques employed, as well
as the methods of analysis. Section 4, Results and
Discussion, presents the conclusions derived from
the data analysis, discussing the results in relation
to the research questions posed and exploring their
implications. Finally, Section 5 presents the overall
conclusions of the study and suggests possible
directions for future research.
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2 Background

2.1 Related work

In the research by Rashid et al. [32], they propose
implementing the cognitive Internet of Things
(CloT) in a smart monitoring system for home
appliances. This system includes a Raspberry
Pi-based smart plug, a Google Colab training
server to build a long-term memory model (LSTM)
to predict energy consumption, and a control panel
for real-time monitoring and abnormal consumption
alerts, achieving 80% prediction accuracy.

In the proposed work of Veloso et al. [8],
they focus on detecting appliances in residential
networks using Electrical Load Signing (ELS)
and smart plugs, relying on machine learning
algorithms. Individual electrical parameters of each
load are analyzed and stored in a Home Energy
Management System. Classification algorithms,
such as Decision Tree and Naive Bayes, are
trained to identify appliances in each socket. A
visual application in the system allows users to
monitor active appliances, review consumption
history, and detect anomalies in the power
grid.  This method integrates loT technology
and machine learning to improve control and
knowledge of household energy consumption.

Paredes-Valverde et al. [26] presents Intelli-
Home, a smart home system that aims to reduce
electricity consumption in the home. IntelliHome
uses big data analysis technologies and machine
learning and statistical techniques to provide
users with meaningful insights into their electricity
consumption habits, aiming to actively involve them
in the energy-saving process through real-time
information and energy-saving recommendations.
The results obtained verify the effectiveness of
the proposed system in terms of saving electricity,
representing an intelligent solution that leverages
data analytics and machine learning to help users
effectively save energy at home.

In the work of Escanillan-Galera et al. [13], they
present the design and development of EnerTrApp,
a prototype mobile web application that allows
consumers to monitor the energy consumption of
household appliances using their smartphones.
The main focus is to evaluate the user interface
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of this application through usability testing to
measure its effectiveness, efficiency, and level
of user satisfaction. The results of the data
analysis indicate that the EnerTrApp user interface
is highly effective, as evidenced by the fact that all
participants completed all the proposed tasks.

Finally, the research of Machorro-Cano et al. [21]
presents HEMS-1loT, a home energy management
system based on big data and machine learning
for home comfort, security, and energy saving.
The J48 machine learning algorithm and Weka
API were used to learn user behaviors and energy
consumption patterns and classify homes based
on their energy consumption.

2.2 Hypothesis and Research questions

The objective is to develop a mobile architecture
with software and hardware elements that will
enable more effective management, monitoring,
and control of energy consumption. This will be
achieved using low-cost loT sensors to collect
electricity consumption data and an online dataset
to which machine learning algorithms will be ap-
plied to analyze and predict consumption patterns.
The prototype mobile application will allow users
to visualize, monitor, and control their energy
consumption and receive recommendations to
reduce unnecessary consumption, contributing to
cost reduction, environmental sustainability, and
the transition to a more energy-efficient economy.

In this context, residential electricity consump-
tion data management involves the scientific
process of data collection, analysis, and utilization
of information related to household electricity
consumption, with the primary purpose of improv-
ing energy efficiency and promoting sustainable
consumption practices [33, 19]. This management
offers several benefits, providing users with
detailed information about their consumption,
allowing them to identify areas for improvement
and take measures to reduce unnecessary energy
consumption [28].

This research aims to answer the following
hypothesis and research questions:

Hypothesis:

— The implementation of low-cost loT sensors
and machine learning algorithms will improve
the accuracy of energy consumption predic-
tion.

— Gamification and personalized recommenda-
tions will motivate users to reduce their energy
consumption.

Research questions:

1. How accurate are machine learning al-
gorithms in predicting energy consumption
patterns using loT smart plugs data?

2. What is the impact do gamification and per-
sonalized recommendations have on motivat-
ing users to reduce their energy consumption?

3 Materials and Methods

Figure 1, shows the proposed architecture for
residential electricity consumption data manage-
ment [25], which is organized in several stages
and layers, integrating hardware and software
components as follows:

— Data collection: The first stage of the
system focuses on the collection of household
electricity consumption data. This is ac-
complished through smart plugs that connect
to appliances and the home Wi-Fi network.
These devices periodically collect and send
data to a local server, which then transfers the
information to a cloud server for storage and
further analysis.

— Data analysis: In the second stage, the
collected data is analyzed to identify patterns
and trends in energy consumption. The
data stored in the cloud is processed using
machine learning algorithms, implemented on
platforms such as Google Colab with libraries
such as Keras, TensorFlow, and Scikit-Learn.
These algorithms help model and train
systems that identify energy consumption
patterns, such as the appliances that consume
the most energy according to the time of day,
days of the week, or seasons of the year.
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Fig. 1. Proposed architecture of the solution

— Data utilization: ~ Finally, the information
obtained from the analysis is used to make
decisions related to electricity consumption
management. Recommendations are pro-
vided to users through the mobile application,
helping them identify areas where they can
improve their energy efficiency.

3.1 loT Layer

This layer includes smart plugs and appli-
ances, enabling efficient control of energy assets
and transforming conventional homes into smart
homes. Figure 2 shows the current, voltage and
power sensors or smart plugs, allowing energy
consumption to be measured and recorded [9, 6].

To monitor and control these devices, the
Python-kasa library [5], which manages smart
home devices, is used. The discovery process
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Fig. 2. Smart plugs for energy metering

is initiated by executing the kasa discover
command, as seen in Figure 3, which will
send discovery packets to the default broadcast
address (255.255.255.255.255) to find compatible
devices on the network. If the device requires
authentication for control, credentials must be
provided using the wusername and password



ISSN 2007-9737

A Mobile Architecture to Manage Residential Electricity Consumption Using loT-based Smart ... 735

Fig. 3. Discovery of devices on the network

options. Additionally, the Bluetooth wireless
communication protocol will be used for interaction
between the smart plug and other devices, such as
cell phones or tablets, making it possible to control
the plug and the devices connected to it using the
mobile application.

The following functions will be used: state,
which returns status information, on and off to
turn the device on or off, emeter to return power
consumption information and sysinfo to return
raw system information of the devices. To access
these functions in the mobile application, a REST
APl has been implemented so that through the
developed services the functions enabled by the
plug can be used.

For the implementation of the REST API, the
Python programming language has been used with
the Flask framework. This APl is composed of a
series of endpoints used to obtain the plug utility
information. An endpoint is defined as one end of
a communication channel, which may include the
URL of a server or a service. Each endpoint is
the location from which the APIs can access the
resources necessary to fulfill their function:

— /turn-on: This endpoint allows the socket to be
turned on when a POST request is made.

— /turn-off: This endpoint allows turning off the
socket when a POST request is made.

— /get-state: This endpoint allows getting the
state of the device when a GET request is
made.

— /consumption: This endpoint allows obtaining
the power consumption when a GET request
is made.

3.2 Data Layer

This layer includes the collection of electricity
consumption data and the database where all
relevant data collected by the system is stored.
This database is essential for data analysis
and decision making based on the information
collected [22, 16].

The central idea is to acquire information from
datasets related to residential energy consumption,
with the objective of covering a wide range of
characteristics relevant to the study in question.
Initially, we have the dataset from smart plugs,
which consists of a limited collection of information
on the electricity consumption of various appli-
ances in specific types of dwellings. To improve the
quality of the analysis and strengthen the predictive
capability of the algorithms, an additional dataset
provided by Eco CO2 will be incorporated, which
contains energy consumption data from various
appliances.

This dataset was generated using 42 smart
plugs distributed in 13 different households as
metering devices for one month. The inclusion
of this second dataset will allow complementing,
enriching, and expanding the variety and depth
of information of the variables and characteristics
considered in the analysis. The public dataset on
energy consumption data is available online on the
Kaggle platform [10].

Time series data were collected for each device
at 5- to 10-minute intervals, which represent a
real-life usage scenario for multiple anonymous
users. The datasets contain one-second interval
power measurements in watts (W), along with a
corresponding timestamp in days and weeks for
each device.

Figure 4, shows the data set which contains the
following information:

— id: Unique identifier of the connected device in
the dataset.

— first_ts: Represents the first timestamp (date
and time) recorded for the device (connected).
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Fig. 4. Information content of the data set

— last_ts: Indicates the last timestamp (date and
time) recorded for the device (disconnected).

— available_duration: Reflects the total duration
of time during which measurements were
performed for the device.

— plug_-name: Name of the smart plug device
(appliance).

— appliance_category: Category of the appli-
ance with which the smart plug device is
associated.

— comment: Additional comments or relevant
information associated with the device, e.g.,
appliance brand.

— files_.names: Names of the files containing
one-second interval power measurements of
the device.

— power_max: Represents the maximum power
measured for the device.

Each appliance is assigned to one of the
available categories according to the “plug_name”
column:

— multimedia = [computer, 3D_printer, Inter-
net_router, laptop, phone_charger, printer,
screen, TV, Sound_system].

— kitchen = [boiler, coffee maker, freezer,
refrigerator, microwave oven].

— washing = [dishwasher, dryer, washing
machine].

Computacion y Sistemas, Vol. 29, No. 2, 2025, pp. 731-752

doi: 10.13053/CyS-29-2-5034

— cooling = [air_conditioner, fan].

— other = [air_purifier, dehumidifier, radiator,
solar_panel, vacuum cleaner].

3.3 Analytic Layer

In this layer, machine learning modeling takes
place where algorithms are used to analyze the
collected data and provide valuable information,
such as energy consumption patterns or energy
usage recommendations [15, 14]. To achieve
effective prediction of residential energy behavior,
it is crucial to employ methods such as time series
and regression models. After a thorough analysis
of various machine learning prediction algorithm
models, three main approaches were decided
upon:

1. Time Series Prediction with the Holt-Winter
method:  Time series analysis involves
studying a sequence of data points collected
during a specific interval, recording these
data at consistent intervals over time [19,
17]. The Holt-Winters method, an exponential
smoothing technique, is used to predict
results in time series that show seasonality.
This method assigns greater weight to more
recent observations and decomposes the time
series into components such as level, trend,
seasonality, and error. This model adds a
seasonal parameter to Holt’s model, allowing
the treatment of univariate time series that
show both trend and seasonality. The additive
Holt-Winters model is appropriate when the
fluctuations in the data do not depend on
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the level of the time series, implying that
the fluctuations are constant in size over
time [16, 11]. Therefore, in this case,
the additive Holt-Winters model is applied
to make predictions on residential energy
consumption.  The additive smoothing is
based on the calculation of four components
shown in the following equations (1, 2, 3,
and 4). Exponentially smoothed series or
estimated level:

Ay =a(X;—Si—s)+(1—a) (A1 +T—1) (1)
Trend estimation:
Ti=7vA— A1)+ 1=7)T—1 (2)
Seasonality estimation:
Sy =0(Xe — A) + (1 —0)Si—s (3)

Prediction of m periods in the future:Prediction
of m periods in the future:

Xt—Hn =A +mT; + Sitm—s (4)
Where:
A; is the smoothed value for the level of the

series at time period t¢.

« is the constant smoothing parameter for the
level.

X, is the actual value of the series at time
period ¢.

T; is the trend component of the series for
time period ¢.

~ is the constant smoothing parameter for the
trend.

S is the seasonal component of the series for
time period ¢.

S;_s is the seasonal component of the series
calculated for time period ¢ — s.

0 is the constant smoothing parameter for the
seasonality.

s is the length of time for the seasonality.
m is the number of future periods to predict.

Xi+m is the Holt-Winters prediction for time
period ¢ + m.

2. Supervised Learning Model XGBoost: Based

on decision trees, it improves methods such
as random forest and gradient boosting and
is ideal for complex data sets, making it a
solid choice for our case study [29, 4]. In
regression, it allows predicting quantitative
variables from explanatory variables, either
quantitative or qualitative. To fit a training
dataset using XGBoost, an initial prediction is
performed. Residuals are calculated based on
the predicted value and the observed values.
A decision tree is created with the residuals
using a similarity score of the residuals. The
similarity of the data of a leaf is calculated, as
well as the similarity gain of the subsequent
split. The gains are compared to determine an
entity and a threshold for a node. The output
value for each leaf is also calculated using the
residuals [20, 18]. XGBoost uses the following
parameters to optimize the algorithm and
provide better results and higher performance:

— Regularization: a regularization param-
eter (lambda) is used when calculating
similarity scores, to reduce sensitivity to
individual data and avoid over-fitting.

— Trimming: A tree complexity parameter
(gamma) is selected to compare the
gains. The branch where the gain is
less than the gamma value is pruned.
Avoid over-fitting by cutting unnecessary
branches and reducing tree depth.

. Self-Supervised Autoencoder Neural Network

LSTM: An LSTM Autoencoder is an imple-
mentation of an automatic encoder-decoder,
for sequence data that uses a LSTM
(Long Short-Term Memory) architecture and
are especially suited for modeling temporal
sequences [27, 3]. By employing an
Autoencoder, we seek to learn meaningful
representations of the data that help us to
identify complex and subtle patterns in energy
behavior [39].

— LSTM encoder-decoder: Reads the input
sequence, encodes it into a lower-
dimensional representation and then
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decodes it to recreate the original
sequence.

— Performance evaluation: The model
is evaluated on its ability to faithfully
recreate the input sequence.

— Model tuning: The model is tuned until it
reaches a desired level of performance in
recreating the sequence.

— Obtaining the encoder: Once the
desired performance level is reached, the
decoding part of the model is removed,
leaving only the encoder.

— Using the encoder: The encoder model
is used to convert input sequences into
fixed-length vectors.

To analyze the electrical consumption datasets
of household appliances, a structured process
including the following steps was carried out:

3.3.1 EDA: Exploratory Data Analysis

The main objective of the EDA is to obtain initial
information and knowledge about the data before
applying the modeling techniques [36]. After
analyzing the data and observing Figure 5, a low
correlation between the variables could be noticed,
this indicates that changes in one variable are not
strongly related to changes in the other variables.
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3.3.2 Data set analysis

1. Extraction of characteristic features and
classification of load curves of household
appliances: A detailed analysis of the
data was performed to identify distinctive
features in the load curves of the appliances.
Subsequently, a classification function was
used to group the load curves into different
categories of appliances as shown in Figure 6.

2. Characterization of characteristic patterns
of electricity consumption in the different
categories of household appliances identified
in the previous stage. To carry out this
characterization, the energy consumption
patterns of each type of appliance are
compared and analyzed. This involves
examining factors such as the amount of
energy consumed at different times of the
day, the duration of each appliance’s activity
periods, and any other relevant aspects that
may influence electricity consumption. Figure
7, provides visualizations of these electricity
consumption patterns for different categories
of appliances. This helps to better understand
how energy consumption varies by appliance
type, which can be useful in making informed
energy efficiency and management decisions.

3. Calculation of the percentage of total standby
or idle consumption of appliances: A
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Characterization of power consumption
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specific analysis is carried out to determine
the percentage of total consumption of an
appliance when it is in standby or idle mode.
This calculation will provide information on
the impact of passive consumption on total
household energy consumption as shown in
Figure 8.

. Simulation of fluctuations in total household
electricity consumption: The load curves of the
different selected appliances are aggregated
to calculate fluctuations in total household
electricity consumption. This step will include
the consideration of important assumptions,
such as the selection of the appliances to be
included in the total household consumption

Percentage of Inactivity

Fig. 9. Standard deviation of household appliances

ZLIIL‘ 400 600 B0 1000 1200
Standard Deviation

Fig. 10. Inactivity count vs. standard deviation

profile and the manipulation of time series
data, to simulate variations in the consumption
patterns of the users as shown in Figure 9.

Calculation of the relationship between vari-
ability in electricity consumption patterns and
device activity. The relationship between
variability in power consumption patterns and
device activity refers to how changes in device
usage and activity affect the amount and way
electrical energy is consumed. This involved
analyzing how fluctuations in device activity,
such as on, off, or power modulation, are
reflected in electricity consumption patterns,
which can have important implications for
energy management and efficiency in homes
(see Figure 10).

Identification of peak consumption periods
and visualization of the impact of load shifting:
Peak consumption periods are identified
based on available appliance consumption
data, by visualizing the impact on peak
load if load shifting were applied, that
is, redistributing electricity consumption to
mitigate peak demand as shown in Figure 11.
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3.3.3 Data Modeling

The aforementioned algorithms will be modeled to
solve the problem at hand, selecting the relevant
features to be used as inputs to the models.

— Data preprocessing: First, the time column
(timestamp) is converted to Date Time format
to effectively handle dates and times.

data[’timestamp’] =
pd.to_datetime(data[’timestamp’])

Then, the timestamp column is set as the
index of the DataFrame to facilitate temporal
analysis.

data.set_index(’timestamp’,inplace=True)

The data is resampled to have an hourly
frequency. This involves averaging the
energy consumption data over one-hour
(H’) intervals, which helps to smooth out
short-term variations and highlight more
significant trends.

resampled_data =
data[’power’] .resample(’H’) .mean()

— Data division: The data is divided into training
and test sets. 80 % of the data is used to
train the models, while the remaining 20 %
is reserved for evaluating performance and
accuracy. For the Holt-Winters and XGBoost
models the training set size is calculated by
multiplying the total data length and the first
samples are selected up to the calculated size.

train_size = int(len(resampled_data)
* 0.8) train, test =

Computacion y Sistemas, Vol. 29, No. 2, 2025, pp. 731-752
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resampled data[0:train size],
resampled_data[train_size:]

For the Autoencoder LSTM model the
normalized data set is split using the
train test_split function.  This splitting
is essential to train and evaluate the ability of
the autoencoder to efficiently reconstruct the
original data.

scaler = StandardScaler()
normalized_data = scaler.fit_transform
(resampled_data.values.reshape(-1, 1))

X_train, X_test =
train_test_split(normalized data,
test_size=0.2, shuffle=False)

3.3.4 Model training

Once the models have been configured, they are
trained using the training data set. During training,
the models adjust their parameters to minimize
a loss or error function so that they can make
accurate predictions about future data.

— Holt-Winters Model: The model is instantiated
using the ExponentialSmoothing class from
the statsmodels.tsa.holtwinters library and the
training data (train) is passed to the model,
along with certain parameters. In this case,
seasonal="add’ is specified to indicate that
additive seasonality is expected in the data
and seasonal_periods=24 to indicate that the
seasonality follows a 24-hour (daily) pattern.
The model is then fit to the training data using
the fit() method. During this process, the
model will estimate the parameters that best fit
the data and learn the relationships between
past observations to make future predictions.
The result of the model fit is stored in the
model_fit variable, which contains the model
already trained and ready to make predictions.

model = ExponentialSmoothing(train,
seasonal=’add’, seasonal _periods=24)
model fit = model.fit()

— XGBoost model: A new feature is added, in
this case, the time of day (hour), which is
extracted from the time index of the original
data, this provides the model with additional
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information about the time of day at which the
data was recorded.

train data = pd.DataFrame(’hour’:
train.index.hour, ’power’:
train.values)

test_data = pd.DataFrame(’hour’:
test.index.hour, ’power’:
test.values)

The combined data is normalized using
StandardScaler, this process ensures that
all features have a similar scale, which can
improve the convergence of the model and the
overall performance of the algorithm.

scaler = StandardScaler()

train_scaled =
scaler.fit_transform(train_data)
test_scaled= scaler.transform(test_data)

The features (X.train, X_test) are then
separated from the target variable (y_train,
y_test). The features are selected as all
columns except the last one, which is the
energy consumption variable (power), this is
done to train the model with the input features
and predict the response variable. Finally, the
model (XGBRegressor) is instantiated in order
to minimize the performance error and then
train the model using the training and test sets
with additional features. During training, the
model will adjust its parameters to find the
relationship between the input features and
the target variable so that it can make accurate
predictions on new data.

X_train, y_train = train_scaled[:,
:-1], train_scaled[:, -1]

X_test, y_test = test_scaled[:, :-1],
test_scaled[:, -1]

model = XGBRegressor(objective =
’reg:squarederror’)

model.fit(X_train, y_train)

LSTM Autoencoder Model: The autoencoder
architecture is defined as consisting of an
input layer (input_layer), an encoded layer
(encoded) and a decoded layer (decoded).
The encoded layer has 8 neurons with

a RelLU activation function, which allows
the autoencoder to learn important features
from the data. The decoded layer has 1
neuron with a linear activation, resulting in
reconstruction of the original data. During
training, the autoencoder learns to reconstruct
the input data, which involves capturing and
compressing important features of the original
data.

input_layer = Input(shape=(1,))

encoded = Dense(8,
activation=’relu’) (input_layer)

decoded = Dense(1,
activation=’linear’) (encoded)

autoencoder = Model (input_layer,
decoded)

autoencoder.compile(optimizer=’adam’,
loss=’mean_squared_error’)

The model is trained for 50 epochs with a
batch size of 32, and validation on the test set
(X_test) is used to monitor model performance
during training.

autoencoder.fit(X_train, X_train,
epochs=50, batch_size=32,
shuffle=True, validation_data=(X_test,
X_test))

3.3.5 Evaluation of models

After training the models, their performance
is evaluated using the test dataset. Several
performance metrics are calculated that provide
information about the model’s ability to generalize
to unseen data and its accuracy in making
predictions [24, 1]. Error metrics are fundamental
tools for comparing the effectiveness of different
models and for estimating their performance and
reliability. In this context, we seek to minimize
the value of these indicators, as this represents a
better fit of the model to the observed data [41].
The error metrics that will be calculated to evaluate
the performance of the models are:

— Mean Squared Error (MSE): It is the mean
of the squares of the errors. The lower the
MSE, the better the performance of the model.
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It is calculated as the mean of the squared
differences between the actual values and the
predicted values (see equation 5).

n

MSE = % > i) 5)

i=1

— Root Mean Squared Error (RMSE): It is the
square root of the MSE. It provides a measure
of the error in the same unit as the original
data, which facilitates its interpretation (see
equation 6).

RMSE = VMSE (6)

— Mean Absolute Error (MAE): It is the average
of the absolute values of the errors. It provides
an idea of the magnitude of the average error
as seen in equation 7.

1 n
MAE = — i — Ui 7
PRI ™

Where:

y; are the actual values.

9; are the predicted values by the model.

n is the number of samples (length of the test set).

We seek to minimize the value of the error
indicators (MSE, RMSE and MAE), since this
indicates a better fit of the models to the observed
data and, therefore, a better predictive capacity.

3.4 User Interface Layer

This layer interacts directly with users through
the mobile application that is delivered in APK
format [28]. The application serves as the entry
point for users interacting with the system as seen
in the figure 12.

The developed application represents a high-
fidelity prototype designed natively for Android de-
vices, using the Model-View-ViewModel (MVVM)
architecture to ensure an organized and modular
structure [23]. High-fidelity prototypes are
essential tools in the advanced stages of
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Fig. 12. Mobile application interface

application development, as they closely resemble
the final product in terms of design, interactivity,
and functionality.  This close similarity allows
a thorough evaluation of crucial aspects such
as usability, aesthetics, and functionality of the
application design.

The user using the mobile application receives
the energy efficiency information in the following
way:

— The mobile application communicates with
the cloud service via the internet.  This
communication is established using a "Client
ID and APl Key,” ensuring authentication
and secure communication with the cloud
infrastructure or backend server.

— The mobile application makes requests to the
server to obtain the power consumption data
of the smart plugs associated with the user.
These requests can be periodic, for example,
every time the user opens the application or at
set time intervals.

— Upon receiving the data request, the server
retrieves the power consumption information
from the corresponding smart plugs and
transfers it to the mobile application through
the established connection.

— Once the mobile application receives the
power consumption data, it processes the
information and displays it to the user in
an understandable way. This can include
graphs showing power consumption over
time, Statistics summarizing energy usage,
comparisons of current consumption with
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past data and Personalized energy-saving
recommendations.

The user interface is designed to be intuitive
and user-friendly, enabling users to easily navigate
through the different features of the application.
The main components of the user interface include:

— Dashboard: Provides an overview of the user’s
current energy consumption, displaying key
metrics and visualizations at a glance.

— Detailed View: Allows users to drill down
into specific data points, view detailed
consumption history, and analyze trends over
time.

— Notifications: Alerts users to important events,
such as abnormal consumption patterns
or reminders to implement energy-saving
recommendations.

— Settings: Enables users to customize their
experience, manage their smart plugs, and
configure notification preferences.

By offering a seamless and engaging user
experience, the mobile application aims to
empower users to take control of their energy
consumption, making energy-saving efforts more
accessible and effective.

3.5 Application Services Layer

This layer contains several essential components
for the system’s operation, including user authenti-
cation and session management, which indicates
that the system can manage multiple users and
maintain session security and persistence. It also
handles data management, enabling the system to
collect and process energy usage information to
prepare reports and predictions on future energy
consumption [33, 35, 2].

Firebase was used here as a cloud platform to
manage all the information through the following
functions:

— The power of the Firebase ML APl was
leveraged along with the Google Colab
environment to implement the developed ML
algorithms in an efficient and scalable manner,
providing the prototype mobile application
with intelligent and enriching capabilities
that enhance user interaction and offer
personalized and contextual experiences.

— User Authentication: Firebase provides a
complete user authentication system that
allows you to manage user registration, login
and identity verification in a secure way,
through email and password login.

— Realtime Database: Firebase Realtime
Database is a cloud database that allows you
to store and synchronize data in real time
between application clients. This feature is
used to store application data securely in the
Firebase cloud, with options to set custom
security rules that control who can read and
write to the database.

— Cloud Storage: Firebase Storage provides
a scalable and secure cloud storage service
for files. It allows secure uploading
and downloading of files from within the
application, with options to control access
permissions and controlled file sharing.

— Cloud Firestore: Firestore is a flexible and
scalable document database that allows you
to organize and query data efficiently. Like
Firebase Realtime Database, Firestore offers
customized security rules to protect stored
data and ensure secure access.

— Cloud Functions: Firebase Functions allows
you to implement custom server logic in the
Firebase cloud. This is useful for performing
complex or sensitive server-side operations,
such as data processing, input validation,
push notifications, and other tasks requiring
secure access to data.

Figure 13 presents the scripts used in the initial
Firebase programming phase. At this stage, APIs,
JSON, client identifiers and specific variable logic
were used to ensure the correct functioning of the
application’s functionalities.
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Fig. 13. JSON for making requests to the Firebase and
Colab cloud

4 Results and Discussion

This section presents the results obtained from
the research and discusses their relevance and
implications for the proposed objectives. Initially,
the implementation process of the system for
collecting and analyzing electricity consumption
data using loT smart plugs is described. Subse-
quently, the results of applying machine learning
algorithms to predict energy consumption patterns
and the impact of personalized recommendations
and gamification on user behavior are presented.

4.1 Implementation of the Data Collection
System

The proposed system was successfully imple-
mented, enabling the collection of real-time elec-
tricity consumption data from various household
appliances. Smart plugs were installed in a sample
of residential homes, and data were collected over
three months. The smart plugs periodically sent
data to a local server, which then transferred the
information to a cloud server for storage and further
analysis.

Figure 14 shows some visualizations of the
predictions generated by the models for various
appliances. In each graph, the training and test
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Fig. 14. Visualization of Model Prediction

data are presented, along with the current and
future predictions.

The collected data were analyzed to identify
patterns and trends in energy consumption. For
example, it was observed that certain appliances,
such as air conditioners and refrigerators, showed
distinct patterns of energy consumption, with
higher usage during specific times of the day and
certain seasons. This information was used to
develop machine learning models to predict future
energy consumption patterns.

4.2 Machine Learning Model Performance

Three machine learning models were developed
and evaluated: Holt-Winters, XGBoost, and LSTM
Autoencoder. The performance of these models
was assessed using metrics such as Mean
Squared Error (MSE), Root Mean Squared Error
(RMSE), and Mean Absolute Error (MAE).
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— The Holt-Winters model was applied to the
time series data, and the results indicated
a reasonable level of accuracy in predicting
energy consumption patterns. The model was
able to capture the seasonality and trends in
the data, but its performance was limited by
its reliance on past observations, making it
less effective in predicting sudden changes in
consumption patterns.

— The XGBoost model outperformed the Holt-
Winters model, providing more accurate
predictions of energy consumption patterns.
The model’s ability to handle complex data
and incorporate multiple features contributed
to its improved performance. The inclusion of
features such as the time of day and appliance
type helped the model make more informed
predictions.

— The LSTM Autoencoder model showed the
highest accuracy among the three models,
effectively capturing the temporal depen-
dencies in the data. The model’s ability
to learn meaningful representations of the
data allowed it to predict future consumption
patterns with high precision. The results
demonstrated that the LSTM Autoencoder
model is well-suited for applications requiring
accurate predictions of energy consumption.

The results of performance metrics may vary over
time, different appliance models may have different
efficiency levels, some appliances may present ad-
ditional challenges in terms of predictability due to
their nature and variability in energy consumption,
and finally, external and environmental factors may
also affect the energy consumption of appliances.

The table 1, shows the effectiveness of each
algorithm as a function of the performance metrics
for each appliance by category.

For the prediction of new consumption data, the
Autoencoder LSTM model was used, which has
shown great potential in this case. This model
takes advantage of the ability of the LSTM layers to
capture the complex temporal dependencies in the
electricity consumption data, which allows accurate
prediction of future consumption behavior. By
using the LSTM Autoencoder as the best model,

Fig. 15. Prediction for new consumption data

it is possible to more effectively anticipate
fluctuations in residential electricity consumption
and make informed decisions to improve energy
use. Figure 15, shows the energy consumption
for two appliances and the predictions for this new
residential electricity consumption data.

The implementation of these algorithms has
demonstrated that the models are able to
accurately predict energy consumption at different
periods of the day and under various conditions.
The combination of loT sensor data with advanced
machine learning techniques has provided detailed
insight into the behavior of energy consumption.
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Table 1. Results of the Performance Metrics of the different models for household appliances

Category Household Appliance (id) Performance evaluation (metrics)
Holt-Winters \ XGBoost Autoencoder LSTM

MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE
Washing_machine_343 6480.1 80.4 2190 19.36 6497.7 36.85 0.005 0.077 0.066
Washing_machine_32 4381.7 66.1 19.18 18.50 43236 36.85 9.07 3.011 0.838
Dishwasher_53 29072 1705 8238 7165 28152 36.85 55.62 7.45 2.25

Washing  Washing_machine_157 831.8 28.8 513 550 85043 36.85 10.47 3.23 0.89
Washing_machine_52 670.5 25.8 534 443 67285 36.85 12530 11.19 1.26
Washing_machine_135 33500 183 4438 44.09 33419 36.85 11953 109.3 24.35

Dryer 219 11321 106.4 43.33 36.94 11604 36.85 19.32 4.39 0.78
Washing-machine_218 8954.3 94.6 441 36.27 8596.9 36.85 34.35 5.86 1.19
Internet_router_295 0.03 0.18 0.13 0.14 0.04 36.85 0.00 0.023 0.015
Sound_system_252 0.48 0.69 0.45 048 0.42 36.85 0.000 0.06 0.053

3D_printer 29 259.5 16.1 8.48 8.91 264.3 36.85 1.02 1.01 0.26
Pone_charger_ 282 97.7 9.8 6.9 6.51 100.7 36.85 0.25 0.50 0.34
Laptop_289 52.5 7.2 6.2 6.15 54.01 36.85 0.045 0.21 0.13
Multimedia Tv_290 55.1 7.4 2.4 3.29 5449 36.85 0.68 0.83 0.34
Screen_302 87.44 9.35 523 5.24 86.7 36.85 21.18 4.60 4.56
Screen_146 38.6 6.21 3.87 4.02 39.87 36.85 0.02 0.14 0.14

Laptop_64 20.34 4.51 292 292 20.33 36.85 0.11 0.34 0.14
Computer_44 5085.6 71.3 53.01 61.23 5500.8 36.85 3.66 1.91 1.50

Printer_286 0.14 0.37 0.28 0.32 0.16 36.85 0.002 0.05 0.03
Internet_router_131 0.51 0.71 047 0.74 0.63 36.85 0.011 0.10 0.04
Vacuum_254 1.86 1.36 0.40 0.40 1.86 36.85 0.06 0.255 0.06
Air_purifier 293 0.008 0.09 0.07 043 0.19 36.85 0.00 0.01  0.017
Radiator_309 487052 697.8 626.5 288.1 104911 36.85 636.59 2523 17.04

Other Dehumidifier_310 34076 184.5 1289 164.8 30219 36.85 2.30 1.51 0.51
Vacuum_236 57.5 7.5 1.9 1.88 57.06 36.85 0.077 0.27 0.27
Dehumidifier_322 611.4 247 19.07 13.13 3944 36.85 042 0.65 0.18
Solar_panel_325 959.66 30.97 20.67 17.74 10165 36.85 93.59 9.67 5.47

Boiler 226 1223.3 349 20.75 1712 10241 36.85 19.27 4.39 1.22

Coffee_54 13645 11.68 8.86 6.92 116.6 36.85 0.89 0.94 0.30

Fridge_317 3.003 1.73 150 1.46 2.89 36.85 0.05 0.22 0.19
Micro_wave_oven_314 87.64 9.36 1.84 1.72 87.85 36.85 0.001 0.04 0.006

Coffee 37 230.5 1518 557 6.33 19555 36.85 0.02 0.14 0.02

Boiler 233 640.08 2529 1263 13.19 661.94 36.85 5.30 2.30 0.34

Kitchen Micro_wave_oven_147 34420 1855 8.30 8.990 348.87 36.85 195.00 13.96 3.01
Frige 284 236.48 15.3 8.69 8.69 2373 36.85 0.34 0.58 0.46

Coffee 97 183.74 13,55 12.38 11.51 169.6 36.85 2.63 1.62 1.10

Fridge_98 24331 1559 846 743 24183 36.85 4.93 2.22 0.63

Boiler 217 756.5 27.5 12.8 13.01 755.30 36.85 9.18 3.03 0.48

Freezer_249 1358.3 36.8 3223 32.68 1351.08 36.85 10.7 3.27 2.51

Fridge_207 24.83 4.98 3.33 4.29 2539 36.85 0.54 0.73 0.63

Cooling Fan_215 2592.3 5091 46.48 1767 4765 36.85 0.46 0.68 0.28
Air_conditioner_22 36.44 6.03 524 211 10.61 36.85 0.018 0.13 0.06
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Table 2. Criteria and tests for Android app quality

Criteria and test for basic app quality Checklist
Visual Experience: The app follows standard Android design patterns, using Material v
Design components for a modern and consistent look and feel.

User Interface and Graphics: The app supports different screen orientations, maintains v
good visual quality and adapts correctly to different screen sizes.

Accessibility: The application is accessible to all users and displays adequate contrast v
between text and background.

Functionality: The application meets the intended functions or minimum requirements. v
Performance and Stability: The app loads properly, has good stability and is compatible v
with the latest versions of Android.

Privacy and Security: The app protects user data, requests only necessary permissions, v
stores data securely, and complies with privacy policies.

Notifications: Notifications follow design guidelines and are relevant to the user. v
Testing and Test Environment Configuration: Extensive testing was performed on different v

Android devices and versions, using emulators and real devices.

4.3 Impact of Personalized Recommendations
and Gamification

The mobile application developed as part of
this research provided users with personalized
energy-saving recommendations and gamification
elements to motivate behavior change. Users
received notifications about their energy consump-
tion patterns, along with suggestions for reducing
unnecessary consumption. The gamification
elements included rewards and challenges that en-
couraged users to adopt energy-saving practices.

The impact of these features on user behavior
was assessed through surveys and usage data
analysis. The results indicated that users
who received personalized recommendations and
participated in gamification activities showed a
significant reduction in their energy consumption
compared to users who did not.

The findings suggest that personalized rec-
ommendations and gamification can effectively
motivate users to adopt energy-saving behaviors,
contributing to overall energy efficiency and
sustainability.

The prototype represents an initial phase in
the development of the mobile application for
residential energy consumption, therefore, the
fundamental quality of the application is evaluated
through a series of criteria and tests established
by the Android developer community [23]. These

criteria and tests ensure a reliable and high quality
user experience, as detailed in Table 2.

Users who interacted with the application
showed a tendency to reduce their energy
consumption, influenced by the personalized rec-
ommendations and gamification incentives. This
suggests that personalization and gamification
elements can be effective in motivating changes in
energy consumption behavior.

4.4 Discussion

The results of this research demonstrate the
potential of loT technology and machine learning
algorithms to manage and reduce residential
energy consumption. The successful imple-
mentation of the data collection system and
the development of accurate predictive models
highlight the feasibility of using these technologies
to promote energy efficiency in homes. While other
research has used traditional energy monitoring
methods [24, 7, 18], this study is notable
for the integration of loT devices for real-time
data collection, providing a more accurate and
up-to-date view of energy consumption.

The research analyzed specific energy con-
sumption patterns of various household appli-
ances, identifying those with the greatest impact
and proposing more efficient usage strategies.
Unlike studies that address energy consumption
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in aggregate [1, 3, 19], this research provides a
detailed analysis by appliance type, allowing for
the identification of specific areas for improvement
and optimization.

Previous studies have used simpler models such
as linear regression or rule-based techniques to
predict energy consumption [39, 27, 35]. The
present research, by employing advanced models
such as the LSTM Autoencoder, provides greater
accuracy and ability to capture complex patterns,
thus overcoming the limitations of traditional
methods by highlighting the importance of using
advanced machine learning techniques to capture
complex patterns in energy consumption data.The
model’s ability to predict future consumption
with high accuracy provides valuable information
that can serve as a basis for energy manage-
ment strategies.

Much research has focused only on the technical
aspect of energy consumption prediction without
considering user interaction [16, 28, 42]. The
combination of personalized recommendations
and gamification in this research addresses the
behavioral dimension, offering a more holistic
and effective solution for energy management.The
positive impact of personalized recommendations
and gamification on user behavior further under-
scores the need for user-centric approaches to
energy management. By engaging users and
providing them with practical information, it is
possible to foster a culture of energy conservation
and achieve significant reductions in household
energy consumption.

Overall, this research contributes to the de-
velopment of innovative solutions for energy
management, leveraging the power of loT and
machine learning to create more sustainable and
efficient homes.

5 Conclusion and Future Work

The development of a mobile architecture for
managing residential electricity consumption data
using loT smart plugs and machine learning
algorithms has demonstrated significant potential
to improve energy efficiency and promote sustain-
able consumption practices. The implementation
of the data collection system, coupled with
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the development of predictive models, has
provided valuable insights into household energy
consumption patterns.

The use of the Holt-Winters, XGBoost, and
LSTM Autoencoder models has shown varying
degrees of success in predicting energy con-
sumption patterns, with the LSTM Autoencoder
model demonstrating the highest accuracy. This
suggests that advanced machine learning tech-
niques can effectively capture the complexities of
energy consumption data, providing accurate and
reliable predictions.

Moreover, incorporating personalized recom-
mendations and gamification elements within the
mobile application has proven effective in motivat-
ing users to adopt energy-saving behaviors. Users
who received personalized recommendations and
participated in gamification activities showed a
significant reduction in their energy consumption,
highlighting the importance of user engagement in
achieving energy efficiency.

This research underscores the importance of
integrating loT and machine learning technologies
in residential energy management systems. By
leveraging these technologies, it is possible to
develop innovative solutions that not only improve
energy efficiency but also actively involve users in
the process. The results of this research contribute
to the ongoing efforts to promote sustainability
and reduce the environmental impact of energy
consumption in residential settings.

Future work will focus on further refining the
predictive models and expanding the dataset
to include a broader range of appliances and
user behaviors. Additionally, exploring the
integration of renewable energy sources and
smart grid technologies into the system will be
a key area of future research. By continuing
to develop and enhance these technologies, it
will be possible to create more effective and
comprehensive energy management solutions for
residential environments.



ISSN 2007-9737

A Mobile Architecture to Manage Residential Electricity Consumption Using loT-based Smart ... 749

Acknowledgments

I.N.,, and D.C. are supported by a grant from
the Program to Strengthen National Postgraduate
Programs of the National Secretariat of Science,
Technology, and Innovation (SENACYT) in the
Master of Science in Mobile Computing program
and E.E.C., E.C. and C.R. are supported by
the National Research System of Panama (SNI).
We thank the Research Group in Engineering
Technologies Applied to Society (GIITAS) for their
support and collaboration in the development of
this research project.

References

1.

Alzoubi, A. (2022). Machine learning for in-
telligent energy consumption in smart homes.
International Journal of Computations, Infor-
mation and Manufacturing (IJCIM), Vol. 2,
No. 1. DOI: 10.54489/ijcim.v2i1.75.

Ardito, L., Coppola, R., Malnati, G.,
Torchiano, M. (2020). Effectiveness
of Kotlin wvs. Java in android app

development tasks. Information and Software
Technology, Vol. 127, pp. 106374. DOI:
10.1016/j.infsof.2020.106374.

Aribisala, A., Khan, M. S., Husari, G.
(2021). Machine learning algorithms and their
applications in classifying cyber-attacks on a
smart grid network. 2021 IEEE 12th Annual In-
formation Technology, Electronics and Mobile
Communication Conference (IEMCON), IEEE,
Vancouver, BC, Canada, pp. 0063—0069. DOI:
10.1109/IEMCON53756.2021.9623067.

Artasanchez, A., Joshi, P. (2020). Artificial
intelligence with Python: your complete guide
to building intelligent apps using Python 3.x.
Packt, Birmingham Mumbai, second edition
edition.

B, S. (2024). python-kasa/python-kasa.
Original-date: 2019-11-13T23:34:19Z.

Castro, R. C. C., Lunaria, M. A. R,
Magsakay, E. d., Leyesa, M. C., Silao, N.
E. G., Jaudian, J. G., Morsiquillo, E. J.
(2020). IntelliPlugs: loT-based Smart Plug

10.

11.

12.

for Energy Monitoring and Control Through
WiFi and GSM. 2020 IEEE 12th Interna-
tional Conference on Humanoid, Nanotechnol-
ogy, Information Technology, Communication
and Control, Environment, and Management
(HNICEM), IEEE, Manila, Philippines, pp. 1-4.
DOI: 10.1109/HNICEM51456.2020.9400116.

Cholewa, T., Siuta-Olcha, A., Smolarz,
A., Muryjas, P., Wolszczak, P., Guz, |,
Bocian, M., Sadowska, G., Lokczewska, W.,
Balaras, C. A. (2023). On the forecast control
of heating system as an easily applicable
measure to increase energy efficiency in
existing buildings: Long term field evaluation.
Energy and Buildings, Vol. 292, pp. 113174.
DOI: 10.1016/j.enbuild.2023.113174.

da S. Veloso, A. F., de Oliveira, R. G.,
Rodrigues, A. A., Rabelo, R. A. L,
Rodrigues, J. J. P. C. (2019). Cognitive
Smart Plugs for Signature Identification of
Residential Home Appliance Load using
Machine Learning: From Theory to Practice.
2019 IEEE International Conference on Com-
munications Workshops (ICC Workshops),
IEEE, Shanghai, China, pp. 1-6. DOI:
10.1109/ICCW.2019.8756885.

Deng, Z., Zhou, Y., Na, R., Shen, Z. J.
(2020). Smart Plug 2.0: Solid State Smart
Plugs Preventing Fire and Shock Hazards in
Smart Homes and Offices. 2020 IEEE Energy
Conversion Congress and Exposition (ECCE),
IEEE, Detroit, Ml, USA, pp. 6065-6070. DOI:
10.1109/ECCE44975.2020.9235862.

Eco CO2 (2024). Household appliances power
consumption.

Francisco, M. S. (2019). Arquitectura de
software SIEM para el monitoreo en linea de
consumo de energia eléctrica en un entorno
residencial utilizando un algoritmo inteligente.
Accepted: 2019-01-29T01:30:56Z.

Gao, F., Chi, H., Shao, X. (2021).
Forecasting residential electricity consumption
using a hybrid machine learning model
with online search data. Applied
Energy, Vol. 300, pp. 117393. DOI:
10.1016/j.apenergy.2021.117393.

Computacion y Sistemas, Vol. 29, No. 2, 2025, pp. 731-752

doi: 10.13053/CyS-29-2-5034



ISSN 2007-9737

750 Ivonne Nuriez, Carlos Rovetto, et al.

13.

14.

15.

16.

17.

18.

19.

Computacion y Sistemas, Vol. 29, No. 2, 2025, pp. 731-752

Gellert, A., Fiore, U., Florea, A., Chis,
R., Palmieri, F. (2022). Forecasting Electricity
Consumption and Production in Smart Homes
through Statistical Methods. Sustainable Cities

and Society, Vol. 76, pp. 103426. DOI:
10.1016/j.scs.2021.103426.
Hamdan, O., Shanableh, H., Zaki, I.,

Al-Ali, A. R., Shanableh, T. (2019). IoT-
Based Interactive Dual Mode Smart Home
Automation. 2019 IEEE International Con-
ference on Consumer Electronics (ICCE),
IEEE, Las Vegas, NV, USA, pp. 1-2. DOI:
10.1109/ICCE.2019.8661935.

Jindal, M., Gupta, J., Bhushan, B. (2019).
Machine learning methods for loT and
their Future Applications. 2019 International
Conference on Computing, Communication,
and Intelligent Systems (ICCCIS), IEEE,
Greater Noida, India, pp. 430—434. DOI:
10.1109/ICCCIS48478.2019.8974551.

Kim, T.-Y., Cho, S.-B. (2019). Predicting resi-
dential energy consumption using CNN-LSTM
neural networks. Energy, Vol. 182, pp. 72-81.
DOI: 10.1016/j.energy.2019.05.230.

Kiprijanovska, l., Stankoski, S., llievski,
l., Jovanovski, S., Gams, M., Gjoreski,
H. (2020). HousEEC: Day-Ahead Household
Electrical Energy Consumption Forecasting
Using Deep Learning. Energies, Vol. 13,
No. 10, pp. 2672. DOI: 10.3390/en13102672.
Number: 10 Publisher: Multidisciplinary Digital
Publishing Institute.

Klyuev, R. V., Morgoev, I. D., Morgoeva,
A. D., Gavrina, O. A., Martyushev, N. V.,
Efremenkov, E. A., Mengxu, Q. (2022). Meth-
ods of Forecasting Electric Energy Consump-
tion: A Literature Review. Energies, Vol. 15,
No. 23, pp. 8919. DOI: 10.3390/en15238919.
Number: 23 Publisher: Multidisciplinary Digital
Publishing Institute.

Lai, J.-P.,, Chang, Y.-M., Chen, C.-H., Pai,
P.-F. (2020). A Survey of Machine Learning
Models in Renewable Energy Predictions.
Applied Sciences, Vol. 10, No. 17, pp. 5975.
DOI: 10.3390/app10175975. Number: 17

doi: 10.13053/CyS-29-2-5034

20.

21,

22,

23.

24,

25.

Publisher: Multidisciplinary Digital Publishing
Institute.

Lazzari, F., Mor, G., Cipriano, J., Ga-
baldon, E., Grillone, B., Chemisana, D.,
Solsona, F. (2022). User behaviour models to
forecast electricity consumption of residential
customers based on smart metering data.
Energy Reports, Vol. 8, pp. 3680-3691. DOI:
10.1016/j.egyr.2022.02.260.

Machorro-Cano, ., Alor-Hernandez,
G., Paredes-Valverde, M. A.,
Rodriguez-Mazahua, L.,
Sanchez-Cervantes, J. L., Olmedo-Aguirre,
J. 0. (2020). HEMS-IoT: A Big Data and
Machine Learning-Based Smart Home
System for Energy Saving. Energies, Vol. 13,
No. 5, pp. 1097. DOI: 10.3390/en13051097.

Mtshali, P., Khubia, F. (2019). A Smart
Home Energy Management System using
Smart Plugs. 2019 Conference on Information
Communications Technology and Society
(ICTAS), IEEE, Durban, South Africa, pp. 1-5.
DOI: 10.1109/ICTAS.2019.8703522.

Navarro, J. C. (2020). Desarrollo de Aplica-
ciones Moviles en Kotlin: Introduccion a la
Programacion Moévil. Independently Published.
Google-Books-ID: PrwMzgEACAAJ.

Nunez, I, Cano, E., Rovetto, C., Cruz, E.,
Smolarz, A., Saldana-Barrios, J. J. (2022).
Approach to Optimize Energy Production
and Demand Using Systems of Inequalities
and Regression Modeling. 2022 8th Interna-
tional Engineering, Sciences and Technology
Conference (IESTEC), pp. 244-250. DOI:
10.1109/IESTEC54539.2022.00044.

Nuhez, I., Cano, E. E., Cruz, E., Rovetto, C.
(2023). Designing a Comprehensive and Flex-
ible Architecture to Improve Energy Efficiency
and Decision-Making in Managing Energy
Consumption and Production in Panama.
Applied Sciences, Vol. 13, No. 9, pp. 5707.
DOI: 10.3390/app13095707. Number: 9
Publisher: Multidisciplinary Digital Publishing
Institute.



26.

27.

28.

29.

30.

31.

32.

ISSN 2007-9737

A Mobile Architecture to Manage Residential Electricity Consumption Using loT-based Smart ... 751

Paredes-Valverde, M. A., Alor-Hernandez,
G., Garcia-Alcaraz, J. L., Salas-Zarate, M.
d. P.,, Colombo-Mendoza, L. O., Sanchez-
Cervantes, J. L. (2020). InteliHome: An
internet of things-based system for electrical
energy saving in smart home environment.
Computational Intelligence, Vol. 36, No. 1,
pp. 203—224. DOI: 10.1111/coin.12252.

Pattanayak, R. M. P., Sangameswar, M. V.,
Vodnala, D., Das, H. (2022). Fuzzy Time
Series Forecasting Approach using LSTM
Model. Computaciéon y Sistemas, Vol. 26,
No. 1. DOI: 10.13053/cys-26-1-4192. Number:
1.

Petrovic, N., Roblek, V., Nejkovic, V.
(2020). Mobile Applications and Services
for Next-Generation Energy Management in
Smart Cities.

Rafferty, G. (2023). Forecasting time series
data with Prophet: build, improve, and
optimize time series forecasting models using
Meta’s advanced forecasting tool. Packt Pub-
lishing Ltd., Birmingham, UK, second edition
edition. OCLC: 1376342759.

Ramirez, C. A. Y. (2022). Prondstico de con-
sumo de energia eléctrica residencial de corto
plazo utilizando algoritmos de aprendizaje au-
tomatico y profundo. Revista de investigacién
de Sistemas e Informatica, Vol. 15, No. 2,
pp. 27-37. DOI: 10.15381/risi.v15i2.23909.
Number: 2.

Rana, M. S., Dixit, A. K., Rajan, M,
Malhotra, S., Radhika, S., Pant, B. (2022).
An Empirical Investigation in Applying Reliable
Industry 4.0 Based Machine Learning (ML)
Approaches in Analysing and Monitoring
Smart Meters using Multivariate Analysis of
Variance (Manova). 2022 2nd International
Conference on Advance Computing and Inno-
vative Technologies in Engineering (ICACITE),
IEEE, Greater Noida, India, pp. 603—607. DOI:
10.1109/ICACITES3722.2022.9823597.

Rashid, R. A., Chin, L., Sarijari, M.,
Sudirman, R., Ide, T. (2019). Machine
Learning for Smart Energy Monitoring

33.

34.

35.

36.

37.

38.

of Home Appliances Using loT. 2019
Eleventh  International Conference on
Ubiquitous and Future Networks (ICUFN),
IEEE, Zagreb, Croatia, pp. 66-71. DOI:
10.1109/ICUFN.2019.8806026.

Rokonuzzaman, M., Mishu, M. K., Islam,
M. R., Hossain, M. l.,, Shakeri, M., Amin,
N. (2021). Design and Implementation of an
loT-Enabled Smart Plug Socket for Home
Energy Management. 2021 5th International
Conference on Smart Grid and Smart Cities
(ICSGSC), IEEE, Tokyo, Japan, pp. 50-54.
DOI: 10.1109/ICSGSC52434.2021.9490420.

Sarmas, E., Spiliotis, E., Dimitropoulos,
N., Marinakis, V., Doukas, H. (2023).
Estimating the Energy Savings of Energy
Efficiency Actions with Ensemble Machine
Learning Models. Applied Sciences, Vol. 13,
No. 4, pp. 2749. DOI: 10.3390/app13042749.
Number: 4 Publisher: Multidisciplinary Digital
Publishing Institute.

Son, H., Kim, C. (2020). A Deep Learning
Approach to Forecasting Monthly Demand
for Residential-Sector Electricity. Sustain-
ability, Vol. 12, No. 8, pp. 3103. DOL:
10.3390/su12083103. Number: 8 Publisher:
Multidisciplinary Digital Publishing Institute.

Srinivasan, A., Baskaran, K., Yann, G.
(2019). loT Based Smart Plug-Load Energy
Conservation and Management System. 2019
IEEE 2nd International Conference on Power
and Energy Applications (ICPEA), IEEE,
Singapore, Singapore, pp. 155-158. DOI:
10.1109/ICPEA.2019.8818534.

Sanchez Fleitas, N., Comas Rodriguez, R.,
Garcia Lorenzo, M. M., Riverol Quesada,
A. (2019). Intelligent Case-based System
for Decision-making in the Electricity Sector.
Computacién y Sistemas, Vol. 23, No. 4. DOI:
10.13053/cys-23-4-2720. Number: 4.

Vasquez, E. J. M., Chavez, S. G. (2019).
Prediccion del consumo de energia eléctrica
residencial de la Regién Cajamarca mediante
modelos Holt -Winters. Ingenieria Energética,
Vol. XL, No. 3, pp. 181-191.

Computacion y Sistemas, Vol. 29, No. 2, 2025, pp. 731-752

doi: 10.13053/CyS-29-2-5034



ISSN 2007-9737

752 Ivonne Nuriez, Carlos Rovetto, et al.

39. Yan, K., Li, W, Ji, Z., Qi, M., Du, for managing energy efficiency of pub-
Y. (2019). A Hybrid LSTM Neural Net- lic sector as an approach towards smart
work for Energy Consumption Forecast- cities. International Journal of Information
ing of Individual Households. IEEE Ac- Management, Vol. 58, pp. 102074. DOI:
cess, Vol. 7, pp. 157633-157642. DOI: 10.1016/j.ijinfomgt.2020.102074.

10.1109/ACCESS.2019.2949065. Conference

Name: IEEE Access. 42. Zhang, G., Guo, J. (2020). A novel ensem-

ble method for hourly residential electricity

40. Yang, W., Shi, J., Li, S., Song, Z., Zhang, consumption forecasting by imaging time
Z., Chen, Z. (2022). A combined deep series. Energy, Vol. 203, pp. 117858. DOI:
learning load forecasting model of single 10.1016/j.energy.2020.117858.

household resident user considering multi-
time scale electricity consumption behavior.
Applied Energy, Vol. 307, pp. 118197. DOI:
10.1016/j.apenergy.2021.118197.

41. Zekic¢-Susac, .M., Mitrc_)vié, S., Has, A. Article received on 14/06/2024; accepted on 13/01/2025.
(2021). Machine learning based system *Corresponding author is Elia Esther Cano.

Computacion y Sistemas, Vol. 29, No. 2, 2025, pp. 731-752
doi: 10.13053/CyS-29-2-5034



