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Abstract. This research addresses the challenge of
monitoring and optimizing energy consumption in smart
homes, due to the high volume of data generated by
IoT devices and its relationship with climate variables.
The central problem lies in the absence of an loT
system capable of processing, integrating, and
transforming large volumes of data into useful
information for energy decision-making. The objective
was to design, implement, and evaluate an intelligent
system based on loT, AWS, DuckDB, Python, and
Power BI for monitoring, analyzing, and visualizing
energy consumption in smart homes. For this purpose,
the agile Scrum methodology was used, due to its
iterative and incremental approach. A dataset of
503,910 records was used, from which a 5% sample
equivalent to 25,195 observations was selected. The
developed architecture integrated loT sensor data,
AWS storage, data cleaning and loading through
Python, queries with DuckDB, and interactive
visualization in Power BIl. The results showed
improvements in query time, report generation,
reduction of incorrect data, and elimination of missing
data in the experimental group after the implementation

of the system. In conclusion, the proposed architecture
proved to be efficient and reliable for supporting timely
decisions aimed at energy efficiency in smart homes.

Keywords. Database, smart home, energy
consumption, I0T, energy efficiency; power Bl, internet
of things.

1 Introduction

The expansion of smart homes and IoT devices
generates a massive volume of energy
consumption data and climate variables. The
challenge lies in the inefficiency of traditional
methods for processing and analyzing this
information, which hinders effective optimization
and decision-making for energy efficiency. This
requires the creation of a robust system that
ensures data quality and response speed.
Various studies have shown that IoT
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architectures, both in edge and cloud
environments, make it possible to collect, store,
process, and query energy data efficiently. Along
these lines, HEMS Cloud-IoT solutions, 10T API
optimization, and query models for 10T databases
have been implemented, showing improvements
in storage, control, latency, and operational
performance [1, 10, 13].

Likewise, the authors [2, 6, 29] have
addressed energy optimization in smart homes
through  hybrid  approaches, edge-cloud
frameworks, and LSTM-based models aimed at
reducing costs, decreasing dependence on the
grid, and maintaining user comfort. These studies
confirm that the combination of 10T, artificial
intelligence, and contextual variables makes it
possible to generate actionable
recommendations for residential
energy management.

Complementarily, recommendation systems
applied to prosumers, solar energy, and electrical
self-sufficiency have shown important advances
in consumption optimization and energy trading.
In particular, LLMs, machine learning models,
LightGBM, SHAP, and heat maps have been
used to identify key decision factors and improve
the accuracy of energy recommendations [3,
5, 58].

On the other hand, the authors [4, 45] have
highlighted that 10T solutions also contribute to
environmental  sustainability by  reducing
unnecessary data transmission, decreasing
energy consumption, and supporting more
efficient urban systems. These contributions link
energy efficiency with emission reduction and
sustainability in smart environments.

Regarding data, several studies have
developed or used energy and IoT datasets to
analyze  consumption  patterns, evaluate
algorithms, and study residential behaviors.
Studies based on smart meters, high-frequency
electricity datasets, and ZigBee traffic show the
importance of having structured, reliable, and
representative data to validate models in smart
homes [7, 9, 37].

In addition, user interaction with intelligent
systems has been analyzed from the
perspectives of adoption, perception, and
visualization of energy information. The authors
[8, 12, 35] show that user acceptance, visual
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clarity, and the design of dashboards or mobile
applications are critical elements for transforming
complex data into understandable and useful
information for decision-making.

Regarding predictive modeling, there is a
growing trend toward advanced machine learning
and deep learning models for forecasting energy
consumption. The reviewed studies have used
federated learning, XGBoost, LSTM, ConvLSTM,
and CNN-LSTM, achieving relevant
improvements in metrics such as MAE, MAPE,
RMSE, R2, and predictive accuracy [11, 41, 56].

Similarly, data quality constitutes a
fundamental axis in 0T systems. The authors [14,
31, 33] have proposed imputation and
compensation methods for missing values using
XGBoost, LSTM, hybrid models, weighted
averages, and stacking, demonstrating that the
proper treatment of incomplete data improves the
reliability of subsequent analyses.

Continuing along this line, other studies have
examined anomalies, duplicates, missing data,
outliers, and sensor failures in smart home and
physical sensor contexts. These works show that
the detection and correction of data quality
problems are essential to ensure reliable energy
analyses and avoid bias in the interpretation of
results [15, 16, 23].

In the field of security, the authors [17, 27, 32]
have identified relevant threats in 0T and smart
home ecosystems, including privacy intrusion,
unauthorized access, cyberattacks, and network
anomalies. Likewise, they have proposed IDS
frameworks, ensemble learning, rule induction,
and hyperparameter optimization to strengthen
threat detection and improve the reliability of
intelligent systems.

Complementarily, Padilla-Gomez and
colleagues [68] show that the expansion of IoT
devices increases the risks associated with data
confidentiality, integrity, availability,
authentication, and authorization. This
contribution is relevant for energy monitoring
systems in smart homes, because data
transmission from sensors and cloud platforms
requires protection mechanisms that ensure
system reliability.

On the other hand, efficiency in the
provisioning, composition, and computational
offloading of 10T services has been addressed
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through ZTP solutions, multi-objective
optimization, and offloading strategies.

These studies show that service automation,
response time reduction, and computational
offloading are essential factors for improving the
scalability and performance of smart homes [18,
30, 66].

Regarding smart home architectures, the
authors [19, 21, 65] have described the evolution
of SHS toward multifunctional, automated, and
loT-based models. Their contributions integrate
sensors, microcontrollers, wireless protocols,
control services, and big data architectures to
improve the management of domestic scenarios
and the automatic response of the system.

Likewise, the integration of loT, artificial
intelligence, and data source search has been
addressed through AloT approaches, bibliometric
studies, and frameworks for tracking and indexing
0T resources. The authors [20, 26, 67] show that
this convergence makes it possible to expand
analytical capacity, automation, data discovery,
and decision-making in intelligent systems. Along
similar lines, Andrade-Mogollon and collaborators
[69] show that the integration of IoT, artificial
intelligence, and data analytics makes it possible
to monitor critical variables in real time, optimize
resources, and strengthen decision-making in
intelligent  environments.  Although  their
application focuses on precision agriculture, their
findings are transferable to the smart home
context, where the continuous capture of energy
and climate data makes it possible to improve
operational efficiency and sustainability.

Regarding human activity recognition in smart
homes, the authors [22, 24, 28] have reviewed
and applied algorithms based on 10T sensors, 1D-
CNN, LSTM, RNN, and GRU to classify daily
activities. These studies demonstrate that activity
analysis makes it possible to better understand
residential behavior and enrich predictive models
associated with energy consumption.

Relatedly, more advanced approaches have
been proposed for activity recognition using
Transformers, semi-supervised learning,
semantic reasoning, SIMCLR, and attention
mechanisms. The authors [34, 36, 54] show that
these techniques improve accuracy in scenarios
with complex sensory sequences, limited labels,
or partially annotated data.

In addition, the availability of multimodal
datasets has strengthened algorithm evaluation in
domestic environments. The authors [38, 39, 59]
have developed databases with audio, vibration,
environmental variables, sensors,
accelerometers, and RGB-D data, providing
relevant resources to validate automated activity
recognition systems in smart homes.

From the perspective of data evaluation and
reliability, some studies have analyzed errors,
measurement quality, and statistical relationships
in different applied contexts. The authors [40, 42,
48] show that rigorous error measurement, label
evaluation, and statistical analysis of data quality
make it possible to strengthen the validity of
empirical results. Similarly, the authors [43, 46,
49] have proposed models aimed at improving
computational efficiency and accuracy in activity
recognition, fall detection, and kitchen activity
tasks. These works show that reducing
computational cost and fusing sensors make it
possible to obtain more efficient systems without
compromising accuracy.

In this same direction, graph neural networks,
explainable models, and bidirectional recurrent
architectures have been applied to activity
recognition and occupancy detection. The
authors [50, 51, 52] show that attention,
hierarchical pooling, and visual explanations
improve both model performance and user trustin
intelligent environments. Likewise, the authors
[53, 55] have explored multi-label classification
and multimodal recognition approaches using
deep networks and self-attention mechanisms.
These studies are relevant because they make it
possible to address scenarios involving multiple
residents, multiple activities, and the fusion of
heterogeneous signals within the home.

In the specific field of energy prediction, the
authors [57, 60, 61] have analyzed the
relationship between IloT sensors, variable
correlation, previous consumption, machine
learning models, and forecasting methods for
smart grids. Their results suggest that non-
parametric, hybrid, and sensor-based models are
suitable for capturing nonlinear patterns and
seasonal variations in energy consumption.

Finally, recent literature on missing data
confirms that imputation is preferable to deletion
when it is necessary to preserve useful
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information in sensory datasets. The authors [62,
63, 64] have reviewed deterministic, probabilistic,
machine learning, deep learning, GAN-based,
and spatial recovery methods, highlighting that
method selection should depend on the pattern,
mechanism, and rate of missing data.

Finally, from a methodological point of view,
the authors [44, 48] show that experimental
designs and indicator analysis make it possible to
rigorously evaluate the impact of a technological
solution. This evidence supports the need to
compare groups, measure times, data quality,
and operational performance to validate the real
effect of an loT architecture applied to
energy monitoring.

Although the literature reports advances in 0T
architectures, predictive models, and energy
management in smart homes, gaps remain in the
complete integration of the data flow: cleaning,
normalization, cloud storage, efficient querying,
and interactive visualization. In addition, several
studies prioritize advanced models but do not
always propose accessible, reproducible, and
low-cost frameworks based on tools such as
Python, DuckDB, AWS, and Power BI. A limited
articulation among climate variables, appliance-
level  consumption, and understandable
dashboards for the end user is also observed.

Likewise, many works do not detail systematic
data cleaning and validation processes, even
though [oT datasets may contain errors,
duplicates, missing values, or inconsistent
records. This research responds to these gaps
through an integrated architecture for monitoring
and analyzing energy consumption in smart
homes. The solution combines Python for data
cleaning, DuckDB for efficient queries, AWS for
cloud storage, and Power Bl for interactive
visualization. The study provides an accessible
and replicable framework that improves
operational efficiency, reduces errors and missing
data, and transforms energy and climate data into
useful information for decision-making. In
addition, it makes it possible to identify the
devices with the highest consumption and support
more efficient and sustainable
residential management.

The main purpose of this paper is to design,
implement, and validate a monitoring and
management system for energy consumption in
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smart homes through an integrated framework
based on loT, AWS, DuckDB, Python, and Power
BI, aimed at optimizing the processing, querying,
and visualization of energy and climate data. The
paper is organized as follows: Section 3 describes
the research method, the Scrum methodology,
and the evaluated indicators; Section 4 presents
the case study and sprint-based development;
Section 5 presents the results and discussion on
operational efficiency, data quality, and analytical
visualization; finally, Section 6 presents the
conclusions, limitations, and future lines
of research.

2 Theoretical Background
2.1 Internet of Things

Al-Sammarraie and Jawad [20] argue that the
Internet of Things (loT) interconnects devices,
physical objects, electronic equipment, animals,
and people through unique identifiers, enabling
the autonomous exchange of data without direct
human intervention. Bouchabou and other
authors [22] indicate that smart homes have been
driven by the advancement of loT and the
reduction in sensor costs, facilitating health
services, daily assistance, energy management,
and security. Majib and coauthors [25] point out
that the Internet of Things (IoT) makes it possible
to connect smart devices to the physical
environment and the Internet, facilitating
monitoring, automation, and remote control by
users or other systems.

Nirupam, together with other researchers [29],
states that 10T technologies integrate artificial
intelligence, big data analytics, sensors, and
smart meters to collect environmental data,
appliance consumption, and user habits, making
them essential for energy management in
smart homes.

Fengyang and collaborators [30] point out that
service composition in the Internet of Things has
gained relevance for developing intelligent
systems in areas such as industrial automation,
traffic management, and smart homes. Yan [26]
states that AloT integrates the Internet of Things
(IoT) and Artificial Intelligence (Al), becoming a
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SMART HOME SYSTEM (SHS) OPERATION: A THREE-PHASE PROCESS

PHASE 1 &

DATA COLLECTION

A
Thermostats Smart

Devices
\_y

Sensors & Smart Devices gather
data from the environment.

STORAGE & ANALYSIS

@ [ 8o

Automated 0\ Notifications
Cloud Storage Lighting @) & Alerts

2@ gy
OQBOJ

Cameras Motion
="C
| = Central
E s |
{(1)

Processing
Unit

Information is stored and
processed for insights.

%{r‘/\ PHASE 3:

ACTION & SERVICES

Climata Control Security

Data Analysis @ Adjustments Measures

Derived from analysis, automated
actions and services are generated.

The cycle continuously optimizes home functions for comfort and efficiency.
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Fig. 2. Typical architecture of smart home modeling

key technology due to its potential impact on
social and economic development.

2.2 Smart Homes

The definition of a Smart Home System (SHS)
has been addressed by Chakraborty and
collaborators [19], who states that these systems
enable continuous communication between
household devices and the user, facilitating the
monitoring and remote control of various
domestic functions from any location.

An SHS integrates sensors, cameras,
microphones, and other connected devices to
collect information from the environment, such as
motion, temperature, humidity, smoke or gas
presence, as well as the status of smart
appliances. Thanks to the connectivity provided
by 10T, these devices can exchange information

in real time and respond in a coordinated manner,
contributing to improved comfort, security, and
home efficiency (see Figure 1). Singh and
colleagues [24] argue that the concept of a smart
home is based on the integration of various
services through a common communication
system, which makes it possible to provide
greater independence and comfort to residents.
This is achieved through interconnected
networked devices capable of forming an
interactive and functional domestic environment.

2.2.1 Typical Architecture of Smart Homes

Smart homes are not limited to automation or
remote device control; rather, they are
characterized by the integration of advanced
technologies aimed at optimizing energy
efficiency, security, and user comfort. According
to Djumanazarov and other authors [21], these
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Fig. 3. SCRUM methodology development process

systems articulate sensors, actuators, wireless
networks, and artificial intelligence to identify
behavioral patterns, anticipate needs, and
configure adaptive and functional domestic
environments (see Figure 2). Likewise,
interoperability = among  devices, through
standards such as ZigBee, Z-Wave, or Wi-Fi,
favors the formation of an integrated ecosystem
that improves home management. Overall, smart
homes reflect a transition toward more
sustainable, connected, and user-
centered housing.

2.2.2 Challenges and Limitations

According to Buil-Gil and their research group
[27], the most recurrent threats in smart homes
are mainly related to privacy breaches,
unauthorized access, and improper exposure of
sensitive data. Likewise, the authors identify other
relevant risks, such as hacking, malware, and
DoS/DDoS attacks targeting IoT devices, which
can compromise the security of surveillance
systems, smart appliances, and home networks.

2.3 Predictive Modeling with IoT Sensors for
Energy Consumption

Energy consumption in smart homes is relevant
due to its impact on household economics,
environmental sustainability, and the efficient use
of energy resources. In this context, predictive
modeling based on IoT sensor data and climate
variables makes it possible to anticipate demand,
identify consumption patterns, and support
decisions aimed at savings, efficiency, and the
reduction of environmental impact. 10T sensors
transform residential energy management by
shifting from a reactive approach to a predictive
and adaptive one. These devices collect data on
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temperature, humidity, lighting, occupancy,
appliances, and air conditioning.

When integrated with external climate
variables, they make it possible to better
represent the factors that influence energy
consumption. This articulation is supported by the
capture, transmission, storage, and
preprocessing of data from loT sensors, together
with predictive algorithms such as regression,
random forest, gradient boosting, neural
networks, and time series. These models
estimate future consumption based on historical
patterns,  environmental  conditions, and
residential habits. Overall, predictive modeling
with 10T sensor data and climate variables
promotes advanced energy management aimed
at monitoring, anticipating, and optimizing
consumption through automated decisions
according to the residential context.

3 Research Method

The research adopts an applied approach, aimed
at the development and evaluation of an
intelligent system based on 10T sensors for the
predictive modeling of energy consumption in
smart homes. For this purpose, Scrum is
integrated with an experimental design in order to
analyze the predictive accuracy and usefulness of
the system in residential energy management.
The methodological process includes the
operationalization of variables related to energy
consumption, loT sensor data, and climate
variables, as well as the application of predictive
models to estimate household energy demand.
For the analysis, a dataset corresponding to
smart homes located in the United States is used,
which delimits the empirical context of the study.

3.1 SCRUM Solution Development
Methodology

Scrum is an agile project management and
development methodology based on iterative and
incremental cycles. Its application makes it
possible to organize work in small and
multidisciplinary teams, prioritizing collaboration,
continuous feedback, and the progressive
delivery of functionalities.
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Table 1. Operationalization of the dependent variable

. Unit of Unit of
Indicator Index .
measurement observation
Report
preparation [0-2000] Seconds (s) SDgtt:;elto/
time y g
Dataset /
0,
% Incorrect [0-30] Percentage Validation
data (%) ;
script
% Missing [0-15] Percentage giﬁiﬁ:/
data (%) 'ing
script
Completely
satisfied /
Very
satisfied /
_User_ Neutral /  Ordinal scale End user /
satisfaction . Survey
Slightly
satisfied /
Not
satisfied
SQL engine
Query -
Milliseconds (DuckDB) /
response  [0-500] (ms) ( Excel)
time .
(simulated)

Gamboa-Cruzado and colleagues [44]
describe Scrum as an agile methodology
centered on collaborative work and continuous
improvement, with particular relevance for
software development projects. In this research,
Scrum is used to guide the development of the
proposed solution, allowing each system
increment to be progressively validated and
aligned  with user  requirements.  This
methodological approach is consistent with Mina-
Rios and collaborators [70], who developed an
loT-based intelligent system through an applied
methodology, experimental design, and Scrum,
integrating data processing, cloud storage, and
analytical visualization. In addition, it facilitates
adaptation to changes, improves control of the
development process, and contributes to
obtaining a functional, verifiable, and results-
oriented product (see Fig. 3):

— Planning: The objectives, scope, tasks,
responsibilities, and estimated project
timelines are defined. This phase establishes
the organizational basis of the development

process and makes it possible to identify
strategies to mitigate potential risks.

— Implementation: This corresponds to the
execution phase, in which the requirements
are transformed into functional results
through previously selected tools and
techniques. In technological projects, it
includes data processing, component
development, and continuous monitoring
of progress.

— Review and retrospective: The quality of the
implemented work and the achievement of
the objectives are evaluated, identifying
errors, improvements, and lessons learned to
optimize the development process.

— Release: This corresponds to the final
delivery of the developed results, products, or
systems, ensuring that  they are
understandable, accessible, and consistent
with the initial requirements.

— Justification for the use of Scrum: Its
selection is justified because the project
requires progressive validations, continuous
testing, and dynamic adjustments in the
management of data, cloud infrastructure,
and dashboards. In addition, it makes it
possible to review progress periodically and
adapt the plan according to the needs of
the system.

3.2 Applied Research Methodology

To evaluate the impact of the intelligent system
based on IoT sensors on the prediction of energy
consumption in smart homes, an applied research
methodology was adopted. This approach makes
it possible to empirically analyze system
performance through indicators associated with
predictive accuracy, data processing efficiency,
and the quality of the information generated.

3.21 Operationalization of Variables

The operationalization of variables defines the
way in which the indicators associated with the
dependent variable of the study will be measured.
This procedure makes it possible to quantify,
compare, and experimentally analyze the
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Table 2. Sprint planning

Sprint

Sprint Description

Final Deliverable

Sprint 1: Project definition
and dataset search

The research area is defined, the
dataset is searched for, and an
architecture is proposed.

Project scope document. Selected
dataset and preliminary system
architecture.

Sprint 2: Data cleaning and
normalization

Dataset preprocessing is performed:
cleaning, normalization, and removal of
duplicate data.

Cleaned and normalized dataset.
E-R model. Python script for the
ETL process.

Sprint 3: Connection and
data upload to AWS

Configuration of AWS S3, IAM,
credentials, and upload of the
processed dataset.

Configured S3 bucket. Stored
dataset. AWS connection script.

Sprint  4: Power BI
connection to AWS

Integration between Power Bl and AWS
S3 or AWS Athena. Data extraction
from the cloud, creation of preliminary

Power Bl and AWS connection.

visualizations, and exploratory

analysis.
Sprint 5: Dashboard ggghbo;erzsm \?ﬁ‘éempﬁﬁers com}zlaelge Final dashboard in Power Bl and
creation : ' complete system documentation.

correlations, and report export features.

performance of the proposed system (see

Table 1). As can be observed, the dependent
variable is operationalized through five indicators
that make it possible to evaluate system
performance from technical and usage-related
dimensions. Report preparation time and query
response time measure the system’s operational
efficiency, considering the speed with which
reports are generated and queries are processed.
In turn, the percentage of incorrect data and the
percentage of missing data make it possible to
evaluate the quality of the information processed
from the dataset and validation scripts. Finally,
user satisfaction, measured using a Likert scale,
incorporates a perceptual dimension regarding
the usefulness and acceptance of the system by
the end user. Taken together, these indicators
allow for a comprehensive analysis of the
efficiency, reliability, and usability of the
proposed solution.

3.2.1 Research Design

The research is applied in nature and uses an
experimental design aimed at evaluating, under
controlled conditions, the impact of a predictive
model on energy consumption in smart homes:

RGe X 01, (1)
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The experimental group (Ge) received the
intervention of the predictive model based on loT
data and climate variables, whereas the control
group (Gc) did not receive treatment. The random
assignment of the groups strengthens the internal
validity of the experiment. Subsequently,
comparative measurements were carried out to
determine the effect of the intervention on the
defined indicators.

3.2.2 Population and Sample

The population consisted of all the records
available in the dataset used, corresponding to
smart homes in the United States, with a total of
503,910 records.

The sample was defined by considering 5% of
the total number of records, equivalent to 25,195
observations. This selection made it possible to
work with a representative volume of data for the
experimental analysis, while  maintaining
adequate processing and evaluation conditions
for the predictive model.

3.2.3 Data Collection Procedure

In this research, data collection was carried out
through the selection and analysis of a public
dataset, specifically “Augmented Smart Home
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Table 3. Functional requirements

No. Requirement Description Priority

FR1 Data reading The system must allow the dataset data to be loaded into Python. High

FR2 Data processing Thg system will transform the data and enable queries on the stored data High
using DuckDB.

FR3 Data transfer to the cloud The system must store the processed data in the cloud through Amazon High
Web Services.

FR4 Connection with Power Bl The dashboard must connect to AWS to extract the processed data. High

FR5 Energy consumption The dashboard must display energy consumption by appliance and High

visualization climate conditions. 9
FR6 Analysis filters The system must allow data to be filtered by time periods and device type. Medium

FR7  Dashboard generation

The dashboard must calculate indicators such as total, average, and
maximum consumption.

Medium

i)

Power Bl

4. Application (Visualization)

— [;
)< |
%\Ii—ﬁ @(ﬁ»)) 3. s(or:"%?d?,?:wpa:-.?ec)essing :;'

2. Network (Transmission).

1. loT Device (Perception)

Fig. 4. 10T system architecture

with Weather Information,” available on Kaggle
and whose original source is found in Mendeley
Data. The techniques used included indirect
observation of records and database querying to
obtain information on electricity consumption,
household conditions, and climate variables.

4 Case Study

For the development of the solution based on a
predictive model of energy consumption and
climate variables, the Scrum methodology was
applied. This approach made it possible to
organize the implementation into iterative and
incremental phases, facilitating the progressive

validation of system advances (see Table 2).
Likewise, Scrum has proven to be an effective
strategy for optimizing development and
continuous improvement processes in
technological and educational contexts, as
reported by Gamboa-Cruzado and
colleagues [44].

4.1 Sprint Planning

In this phase, the system architecture, functional
requirements, and objectives of each sprint were
defined. This process made it possible to
organize development activities, prioritize tasks,
and establish progressive deliverables for the
implementation of the proposed solution.
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Table 4. Non-functional requirements

No. Requirement Description Priority

The system must
allow the data
volume to increase
without  significantly
affecting
performance.

NFR1  Scalability High

Queries must be

executed within no
NFR2 Response time more than 3 seconds High

using the dataset

data.
Cloud storage must
High uarantee .
NFR3 ugh - guan High
availability — continuous access to
the data.
The cloud service
must protect access
. through .
NFR4 Securit I High
Y authentication and 9
permission
mechanisms.
The dashboard must
. be easy for the end
Intuitive ;
NFR5 . user to use, Medium
interface
interpret, and
understand.
import pandas as pd
import re
file_path = r"D:\HomeC_augmented.csv"
df = pd.read_csv(file_path)
if "Unnamed: @" in df.columns: df = df.drop(columns=["Unnamed: 8"])
def clean_name(col):
col = col.lower().strip()
col = re.sub(r"\[kw\]", "kw", col)
col = re.sub(r'[ ', col)
col = re.sub(r'[*a-z0-9]+", ', col).strip('_")
return col
df.columns = [clean_name(c) for c¢ in df.columns]
df["time"] = pd.to_datetime(df["time"], errors="coerce")
df = df.dropna(subset=["time"])
df = df.sort_values("time")
df = df.drop_duplicates()
df = df.drop_duplicates(subset=["time"])
for col in df.columns:
if col != "time": df[col] = pd.to_numeric(df[col], errors="coerce")

clean_file_path = r"D:\IoT-Smarthome.csv"
df.to_csv(clean_file_path, index=False)

print("@ Cleaned file saved locally:", clean_file_path)
'

Fig. 5. Python code for dataset cleaning
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4.1.1 System Architecture

The system architecture integrates IoT devices
for capturing electricity consumption data and
environmental variables. The information is
transmitted through a wireless network to a cloud
storage and processing layer using AWS.
Subsequently, the data are queried and
processed using Python, Pandas, and DuckDB,
and are finally visualized in Power BI through an
interactive dashboard. This structure enables an
organized data flow from perception to analytical
visualization (see Fig. 4).

4.1.2 Functional Requirements

The functional requirements define the
capabilities needed to process, store, analyze,
and visualize the energy consumption data from
the dataset. The flow includes data reading and
transformation in Python, processing with
DuckDB, storage in AWS, and final visualization
through Power BI (see Table 3).

41.3 Non-Functional Requirements

The non-functional requirements establish the
quality conditions needed to ensure that the
system operates with adequate performance,
availability, security, and ease of use. These
criteria  complement the main functions and
guarantee an efficient experience for the end user
(see Table 4).

4.2 Sprint

At this stage, the user stories derived from the
functional requirements were identified. Each
story represents a system functionality and
serves as the basis for sprint planning
and execution.

4.2.1 Sprint 1: Project Definition and
Dataset Search

Project Definition: The research area
corresponds to Smart Homes, due to its
relevance for monitoring and optimizing energy
consumption through connected IoT devices. This
solution contributes to reducing costs, improving
household efficiency, and promoting the
sustainable use of energy.



ISSN 2007-9737

Predictive Modeling of Energy Consumption in U.S. Smart Homes Using IoT Sensor Data ... 1461

N Dim_devices
Dim_usage_context

—— ® Device_id

® context_id N ® Category
@ gensol —— ® Device_name
® use_oh Fact energy usage o unit
® Device id —
——— ) (T
Dim_time

Dim_weather

I" ® Time.id
® time_id — ® Westher_id —

® Vieather ID
® Apparent te.

® day ® Consumitio.
® clou

® hour

® dew_point
® minute

® Humidity
& month

® Precipitation,
® time

- ® Precipitation,

® timing

® Pressure
® weekd...

® Temperature
® weekofyear

® Visibility
® year

® Windbearing

® Wind_speed

Fig. 6. Entity-relationship model

df = pd.read_csv("IoT-Smarthome.csv")
df["time"] = pd.to_datetime(df["time"])

print(f"Ed Data loaded: {len(df):,} records")

dim_time["time_id"] = dim_time["time"].dt.strftime("XYaXd¥HMM").astype(int

dim_time =

year”, “month”, “day”, "weekday", “weekofyear”, "hour”, "minute”, “timinm

“dishwasher”, "home_office”, "fridge”, "wine_cellar”, “garage_door™, “barn”, "well'
"microwave”, "living_room", "furnace”, "kitchen”,

“car_charger_ku",

ter_kw", “air_con
"outdoor_lights_kw", "microwave_kw", "laundry_kw", “pool_pump_kw"

ioning_kw", “home_theater_kw",

len(device_cols) + 1),
: device_cols,

* len(device_cols),
“: ["main_circuit™ if "_kw" not in c¢ else "appliance” for ¢ in device_col!
dim_devices.to_csv("dim_devices.csv”, index=False)
print(f" ¢ dim devices.csv created ({len(dim_devices):,} rows)")

Fig. 7. Python code for dataset normalization

The objective of the research is to design and
implement an AWS-based centralized cloud
system to analyze and Vvisualize energy
consumption, as well as to generate interactive
reports in Power Bl that support decision-making
in energy efficiency.

Dataset Search: A search was conducted in
specialized web sources to identify a dataset
suitable for the study. Finally, “Augmented Smart
Home with Weather Information” was selected
because it contains records associated with
energy consumption in smart homes and climate
variables relevant to predictive modeling.

4.2.2 Sprint 2

In this sprint, dataset cleaning and normalization
were performed using Python. The process
included removing unnecessary columns, empty
or duplicate records, as well as standardizing
variable names and handling dates. In addition,
libraries such as Pandas and DuckDB were used
to facilitate efficient data processing and
querying. As a result, a cleaned CSV file was
generated, ready for the subsequent stages of
analysis and visualization (see Fig. 5).

Data Normalization: After cleaning the
dataset, data normalization was performed in
order to structure the information more efficiently
and consistently. For this purpose, an Entity-
Relationship model was previously designed,
which made it possible to define the main
dimensions of the system, such as time, devices,
climate, and usage context (see Fig. 6).

Subsequently, using Python, the data were
reorganized into normalized tables, separating
the variables according to their function within the
model. This process made it possible to improve
data integrity, reduce redundancies, and facilitate
subsequent querying, processing, and predictive
analysis (see Fig. 7).

423 Sprint 3: Connection and Data
Upload to AWS:

Cloud Platform Selection: For the development of
the research, Amazon Web Services (AWS) was
selected as the ~cloud storage and
processing platform.

Justification for Use: AWS enables secure,
scalable, and highly available management of loT
data. In addition, it facilitates the centralization,
querying, and analysis of large volumes
of information.

Main Features: The platform provides access
control through IAM, resilient storage with
Amazon S3, and analytical services such
as Athena.
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Fig. 8. AWS bucket creation

Gonzalete@DESKTOP-HSS1KEQ MINGW64 ~/Desktop/Prueba IOT
$ python -m awscli configure

AWS Access Key ID [*#kkxsssdokkssssxkJMFT7]:

AWS Secret Access Key [**#kikdrsdickikssryCxh]:

Default region name [us-east-2]: us-east-2

Default output format [json]: json

credentials = session.get_credentials().get_frozen_credentials()
aws_access_key_id = credentials.access_key

aws_secret_access_key = credentials.secret_key
aws_session_token = credentials.token

Fig. 9. Python Code for Uploading the Normalized CSV
Files to AWS

# ========= 4. UPLOAD TO AWS S3 ===== ==
# Create boto3 session using default profile
session = ion(profile_name="default"”,
s3 = session.client("s3")

region_name="us-east-2

bucket = "datasetsmarthome"

# Dictionary of local files and target folders in S3
files_to_upload = {
“dim_devices.csv": "dim_devices",
"dim_time.csv": "dim_time",
"dim_usage_context.csv": "dim_usage_context”,
"dim_weather.csv": "dim_weather”,
“fact_energy_usage.csv": "fact_energy_usage"

# Iterate and upload each file
for local_file, folder in files_to_upload.items():
if folder:
s3_key = f"{folder}/{local_file}"
else:
s3_key = local_file #

# folder + file
bucket root

# Upload file
s3.upload_file(local_file, bucket, s3_key)
print(f"E4d File uploaded to s3://{bucket}/{s3_key}")

Fig. 10. Python code for uploading the normalized CSV
files to AWS

@ One cawler sccesshlly reated X
The folowing cawler s now cested “dimate”

climate . V10 (@) (un crawter ) (e ) ((Delere

Crawler properties

Name 1AM role
dimate A e homes

Description

Maximum table threshold

» Advanced settings

Fig. 11. AWS crawler creation
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It also enables process automation, remote
data access, and processing optimization for
subsequent stages of analysis and visualization.

Connection and Data Upload to AWS: AWS
Configuration: At this stage, an AWS S3 bucket
was created by assigning a specific name and
selecting the corresponding storage region. This
configuration made it possible to enable a cloud
repository  for  uploading, storing, and
subsequently accessing the processed system
data (see Fig. 8).

Connection with AWS: At this stage, the AWS
credentials were configured within a Python
virtual environment to establish the connection
with  Amazon S3. This configuration made it
possible to authenticate access to the service,
define the working region, and enable the
automated upload of the normalized CSV files to
the previously created bucket (see Fig. 9).

Data Upload to the Cloud: Once the
connection with Amazon S3 was established, the
normalized CSV files were uploaded using a
Python script. This process made it possible to
transfer the generated tables to the bucket
configured in AWS, organizing them into folders
according to their dimension or function within the
data model (see Fig. 10).

4.2.4 Sprint 4. Power Bl Connection to AWS

AWS Crawler Configuration: In this sprint, a
crawler was configured in AWS Glue to identify
and catalog the cleaned and normalized CSV files
stored in Amazon S3. This process made it
possible to create the corresponding database
and make the data available for subsequent
querying, integration, and visualization from
Power BI (see Fig. 11).

ODBC Configuration: To establish the
connection between AWS and Power BI, the
Amazon Athena ODBC driver was configured.
This driver acts as an intermediary between both
platforms, enabling authentication of AWS
credentials, definition of the region, catalog
selection, and access to the schema where the
processed data are located (see Fig. 12).

Power Bl Configuration: After configuring the
ODBC driver, the connection between Power BI
and the database hosted on AWS was
established. This connection made it possible to
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Simba Athena ODBC Driver DSN Setup X
Data Source Name: Smarthome
Description: fsmarthome ]
AWS Region [useast2 |
Catalog: ‘ AwsDataCatalog ‘
Schema: ‘ homes-db ‘
Workgroup: ‘ primary ‘
Metadata Retrieval
Method: [Auto ~]
Output Options
S30utputlocation | s3://athenea-data |
Encryption Options: NOT_SET ~ J
KMS Key:
Authentication Options... Advanced Options... Logging Options...
Endpoint Override Options Proxy Options...
v1.2.3.1000 (64 bit) Test.. |[_ok || concel

Fig. 12. ODBC driver configuration

From ODBC

Fig. 13. Power Bl connection to AWS through ODBC

access the processed tables, select the required
data, and load them into Power BI for subsequent
analysis and visualization through interactive
dashboards (see Fig. 13).

425 Sprint 5: Dashboard Creation

In this sprint, interactive dashboards were
developed to analyze energy consumption in

General electricity consumption

= =
6041K . | . 041K |
i o =
S ENVIROMENTAL DATA
(3 AVGTemparature by Month Temperaturs Type Count
——mu -
- Comparison of Real and Apparent Temperature
AVG Humidity # sy Apgarems Teegersturs Celtss @ ing Temperature Cuntas
S—

Fig. 14. Dashboard of overall electricity consumption
and environmental data

& Energy Consumption by Appliance

Tep & mast used houschold appliances House Interior

e _ e

——

e oftce I 084

125455

Analysis of Error between Actual and Apparent Temperature

Gistrintion. of % Ervar
‘Comparisan: Actusl v ADparert. Temperature MAE=3.35 | AMSE=5.06

ITS—

Fig. 15. Dashboard of consumption by appliance and
error analysis between actual and
apparent temperature

smart homes. The panels make it possible to
visualize  overall electricity = consumption,
consumption by appliance, environmental
variables, and model classification metrics,
thereby facilitating the monitoring and analysis of
energy information (see Fig. 14, Fig. 15, and
Fig. 16). Likewise, versions adapted for mobile
devices were designed in order to facilitate
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Fig. 17. Mobile dashboard of overall electricity
consumption and environmental data

access to the main indicators from more flexible
query environments. These views make it
possible to monitor overall consumption,
environmental variables, and consumption by
appliance from a mobile interface (see Fig. 17 and
Fig. 18).

4.3 Deliverable Review

This phase made it possible to verify the
fulfilment of the objectives of each sprint by
evaluating whether the developed products met
the established requirements and the quality
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Fig. 18. Mobile dashboard of consumption by
appliance and analysis of actual and
apparent temperature
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# Metrics
precision « precision_score(df['temp_high'], df['pred_temp_high'])
recall = recall_score(df[ "temp_high'], df['pred_temp_high'])

f1 = f1_score(df[ 'temp_high'], df['pred_temp_high'])

metrics = ['Precision’, "Recall’, 'F1 Score']
values = [precision, recall, f1]

Fig. 19. Recall, Precision, F1-Score

criteria defined for the proposed solution (see
Table 5).

4.4 Feedback and Comments

During the project review, consistent progress
was observed in each sprint, highlighting the
proper cleaning of the dataset, secure AWS
configuration, and effective integration with
Power BI.

It is recommended to optimize the ETL scripts
through modularization in order to facilitate their
maintenance, reuse, and scalability.
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Table 5. Sprint definition

z Aspects Reviewed

Review Result

Sprint 1: Project
definition and search

Scope, dataset analysis, problem
identification, preliminary architecture,
and initial documentation.

The objectives were clearly defined; the dataset
was validated, and the initial architecture was
approved without observations.

Sprint 2: Data cleaning
and normalization

Dataset quality, treatment of null and
duplicate values, and normalization of
columns and dates.

A clean and consistent dataset was obtained; the
Python scripts work correctly.

Sprint 3: Connection  S3 configuration, IAM credentials, data
upload, file integrity, and Python-AWS  dataset was correctly stored in S3, and the IAM

and data upload to
AWS connection tests.

The connection was established securely; the

credentials work properly.

Sprint 4: Power Bl

connection to AWS and basic filters.

Access from Power Bl to AWS/Athena, Power Bl was successfully connected to AWS;
extraction queries, initial visualizations, preliminary charts were generated, and the filters

respond without errors.

Sprint 5: Final
dashboards

Complete dashboards, KPlIs,
correlations, and advanced filters.

Functional, understandable, and suitable
dashboards were delivered for the analysis of
energy consumption.

Likewise, it is suggested to expand the
technical documentation with more detailed
flowcharts and visual evidence from each stage to
strengthen development traceability.

Regarding data visualization, it is necessary to
further deepen the interpretation of KPIs and
correlations in order to improve the analysis of
energy consumption.

Overall, the feedback confirms the appropriate
management of cloud tools, a functional
implementation, and continuous improvement in
each project iteration.

5 Results and Discussion
5.1 Experimental Results

To evaluate the impact of the proposed system,
five key indicators associated with energy
consumption management in smart homes were
measured: report preparation time, query
response time, percentage of incorrect data,
percentage of missing data, and user satisfaction.

For each indicator, 30 observations were
collected before and after implementation, which
made it possible to compare process
performance under controlled experimental
conditions (see Table 6).

5.1.1 Analysis of Precision, Recall, and
F1- Score

To evaluate the performance of the predictive
model, classification metrics were used to
measure the system’s ability to correctly
distinguish  positive and negative cases,
considering both correct predictions and false
positives and false negatives.

To evaluate the model's performance in
detecting high temperatures, standard
classification metrics were used: accuracy,
precision, recall, and F1-score. These metrics
make it possible to measure the model’s ability to
correctly identify records associated with high-
temperature conditions.

Precision measures the accuracy in
identifying positive instances:
TP
ision = ———— . 1
Precision TP+ FP (1)
Recall indicates the system’s ability to detect
all positive cases:
TP
= 0= 2
Recall TP+ FN 2)
F1-score combines precision and recall
through their harmonic mean:
Precision X Recall

F1 = 2X . 3
Precision + Recall ®)
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Fig. 20. Correlations between energy and climate variables

Next, the results obtained for each evaluated
metric are presented, making it possible to clearly
visualize the performance of the I0T system, as
shown in Fig. 19.

The model demonstrates solid performance in
detecting low temperatures according to the
metrics obtained. The precision value of 0.915
indicates that more than 91% of the positive
predictions were correct, maintaining a minimal
level of false positives. The recall value of 0.84
shows that the system correctly identifies most
real cases of low temperature, with few values
going undetected. The F1-score of 0.88 confirms
a strong balance between precision and recall,
reflecting stable performance.

These results are comparable to those
reported by Ramos and colleagues [28], who also
obtained high metrics in precision (0.78-0.88),
recall (0.89-0.90), and F1l-score (0.82-0.88),
demonstrating that his model achieved
considerable reliability in predicting domestic
activities. Likewise, Liu and colleagues [49], in
their research on cooking activities in a realistic
environment, achieved an average accuracy of
92.44% and an F1-score of 88.27%, which
implies that their approach was realistic and valid.
Srivatsa and Plotz [50], with their graph network
model for recognizing domestic activities,
achieved an Fl-score of up to 92.4%, which
implies that their system was robust even with

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1451-1480
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40% missing data in its sensors. Yuan and other
authors [51], with their activity recognition system
in smart spaces, reported an Fl-score of up to
85% across the three different datasets analyzed.
Fahrmann and their team [52], using their BiIGRU
deep learning sensor-based model, obtained F1-
score results of 94.91% for single occupancy and
91.55% for multiple occupancy; these results
imply major improvements for safety in intelligent
environments. Lentza and other researchers [53]
evaluated multilabel classification methods for
activity recognition in smart homes with
multiple residents.

The RAKELd model with MLP achieved an F1-
score of 0.909 in house 2 and showed a low
Hamming loss, demonstrating the effectiveness
of this approach against class imbalance. These
results highlight the model’s capacity to improve
safety and well-being in intelligent environments,
even with imbalanced data. Chen and coauthors
[54] investigated the AttCLHAR model for human
activity recognition with environmental sensors.
The model outperformed other approaches,
achieving an F1-score of 97.04% and precision of
97.02% in semi-supervised and transfer learning
scenarios. These results indicate a significant
improvement in model generalization, making it
effective for working with unlabeled and
imbalanced data, which is crucial for applications
in smart homes. Islam and their research group
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Fig. 21. Average energy consumption by appliance in smart homes

[55] presented HAMLET, a multimodal human
activity recognition algorithm for collaborative
robotic systems. The model outperformed other
approaches, achieving a top-1 accuracy of
95.12% on the UTD-MHAD dataset and 97.45%
on UT-Kinect, and an Fl-score of 81.52% on
UCSD-MIT. These results demonstrate that
HAMLET effectively fuses unimodal data through
a multimodal attention mechanism, improving the
robot’s ability to recognize human activities more
accurately and robustly in real-world scenarios.

5.1.2 Heatmap

The heatmap was constructed from a correlation
matrix in order to analyze the linear relationship
between the energy and climate variables in the
dataset. For this purpose, the Pearson correlation
coefficient was used, calculated through the corr()
function, whose values range from -1 to 1. A value
close to 1 indicates a strong positive correlation,
a value close to -1 represents a strong negative
correlation, while a value close to 0 reflects a
weak or nonexistent linear relationship (see
Fig. 20).

The heatmap shows the linear relationship
between climate variables and energy
consumption variables. The most relevant result
is observed between temperature and
air_conditioning_kw, with a very high positive
correlation of 0.99, indicating that an increase in

temperature is strongly associated with higher air-
conditioning consumption. Likewise, a moderate
negative correlation is observed between gen_sol
and car_charger_kw (-0.61), as well as between
humidity and windspeed (-0.45).

Overall, these results show that certain climate
variables directly or indirectly influence energy
consumption patterns in the smart home.

Teh and collaborators [16] investigated the
availability and quality of datasets used in sensor
studies, including smart homes. Using heatmaps,
the study visualized which datasets are most
frequently used and the coverage of data in these
datasets. The results showed significant biases in
dataset availability, with few well-covered public
datasets. This implies that many studies depend
on a limited number of datasets, highlighting the
need for greater openness and standardization in
data publication.

Park [57] analyzed domestic sensor data to
detect redundant sensors and design a more
efficient loT system. Correlation matrices and
heatmaps were wused to identify strong
correlations between environmental sensors and
energy consumption. The heatmap revealed
groups of highly correlated signals, which made it
possible to propose sensor fusion or elimination.
This implies cost savings and simplification in the
design of 10T systems. Khan and colleagues [41]
analyzed energy management in homes, using
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Fig. 22. ARIMA forecast of air-conditioning energy consumption

heatmaps to visualize correlations among energy
consumption, climate conditions, and control
variables. The heatmap facilitated the detection of
negative and positive relationships, such as those
involving the overall house and its oven. This
implies the design of more precise control rules

and the selection of better features for
forecasting models.
Singh and Nagahara [58] worked with

household consumption data to predict electrical
self-sufficiency. They combined the LightGBM
model with correlation analysis, visualized
through heatmaps. The heatmap identified
variables such as temperature, appliance-level
consumption, and PV generation as highly
correlated with self-sufficiency. This implies the
selection of relevant features for predictive
models and the support of energy
efficiency policies.

Tonkin and other authors [59] published a
multi-sensor dataset for domestic activity
recognition. They included an exploratory
analysis using correlation matrices and heatmaps
among sensors such as accelerometers,
environmental sensors, and presence sensors.

The heatmaps showed temporal and spatial
correlations among sensors, which facilitated
activity inference. This implies that the design of
HAR models, or human activity recognition
models, can take advantage of the sensor
groupings detected through heatmaps. Tonkin
and their team [59] addressed the prediction of
user actions in smart home environments by
presenting a synthetic and real dataset. They
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used correlation heatmaps to explore temporal
relationships between actions and sensors. The
heatmaps made it possible to identify the time
windows and sensors most relevant for predicting
user actions. This analysis implies that correctly
selecting the appropriate windows and sensors
improves the proactivity of domestic agents in
intelligent environments.

Dewangan and other authors [61] performed
an analysis with heatmaps on household
consumption series, identifying strong
correlations between temperature and energy
consumption. This guided data augmentation on
the tempm’ feature. It implies that understanding
correlations makes it possible to generate
coherent synthetic data and improve models
when real data are limited.

5.2 Temporal Analysis of Energy
Consumption in Smart Homes

Figures 21 and 22 present a complementary
analysis of energy consumption in smart homes.
First, the average consumption by appliance is
identified, which makes it possible to recognize
the devices with the highest energy demand
within the household. Then, a temporal forecast is
developed using ARIMA to analyze the future
evolution of air-conditioning consumption, due to
its direct relationship with climate conditions.

As shown in the results, the car charger
presents the highest average energy
consumption, with 1.995 kW, greatly exceeding
the rest of the devices. In second place is the
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Table 6. Post-Test Results of Gc and Ge for 11, 12, 13, and 14

No Report Time Query Time Incorrect % Missing % Citizen Satisfaction
Ge Gc Ge Gc Ge Gc Ge Gc Ge Gc

1 3.2287 686 90.74 11564 0 4.44 0 2.74 5 2

2 2.1323 763 113.75 10805 0 3.89 0 2.12 4 3

3 3.9335 715 103.01 11923 0 5.52 0 3.22 5 2

4 4.0467 748 97.52 12069 0 6.67 0 3.52 5 3

5 2.9679 714 59.61 10430 0 5.78 0 3.37 4 2

6 3.9162 610 81.35 13762 0 6.65 0 2.13 5 3

7 2.5122 895 98.96 13187 0 5.72 0 2.11 5 2

8 2.6192 713 58.91 14882 0 7.42 0 3.16 4 2

9 4.0098 711 100.44 12714 0 7.44 0 3.66 5 2

10 3.9028 713 87.96 10781 0 6.06 0 291 4 2
11 3.9894 865 121.6 11016 0 6.45 0 2.75 5 2
12 3.6522 623 143.75 14805 0 5.8 0 2.61 5 2
13 3.4204 680 90.43 12100 0 5.86 0 3.79 4 3
14 3.8533 680 98.56 13040 0 7.36 0 2.78 4 1
15 2.8052 803 64.19 14554 0 5.59 0 2.52 4 2
16 3.5218 864 115.52 10008 0 6.53 0 3.44 4 3
17 2.1864 819 97.11 10886 0 6.8 0 3.53 4 2
18 3.4438 748 78.47 12058 0 6.3 0 3.8 5 3
19 2.3708 653 87.69 10115 0 5.05 0 2.9 5 1
20 3.5593 665 127.52 11186 0 7.48 0 3.18 5 2
21 2.3198 865 58.06 10817 0 5.31 0 3.61 5 3
22 4.0187 780 60.62 14423 0 5.83 0 3.2 4 3
23 3.0035 627 126.53 13124 0 7.82 0 2.84 5 1
24 3.4591 836 56.19 12833 0 5.84 0 3.44 5 3
25 3.7616 871 99.03 11165 0 5.28 0 3.04 5 2
26 3.4194 824 147.8 11515 0 6.48 0 1.53 5 3
27 3.458 601 57.72 10615 0 5.34 0 3.13 5 2
28 3.4876 854 76.2 10104 0 7.25 0 3.39 5 3
29 2.3164 610 83.59 12288 0 7.07 0 3.29 4 3
30 2.1904 822 137.31 10534 0 6.23 0 2.65 5 2

microwave with 0.427 kW, followed by the furnace
with 0.236 kW and the pool pump with 0.147 kW.

These values show that energy consumption
in the smart home is not uniformly distributed, but
is mainly concentrated in high-demand devices.
From a practical perspective, these results make

it possible to identify the equipment that should be
prioritized in energy efficiency strategies.

In particular, the electric vehicle charger
requires greater monitoring, time scheduling, and
automated control due to its high impact on total
demand. Likewise, devices such as the
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Fig. 23. Normality test for indicator 1
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Fig. 24. Normality test for indicator 2

microwave, furnace, and pool pump can be
considered in efficient-use policies, especially
when the goal is to reduce costs and optimize
residential consumption.

According to the results, the ARIMA model
makes it possible to represent the temporal
evolution of average air-conditioning
consumption. The training series shows a
progressive increase in consumption between
January and August 2016, reaching values close
to 0.040 kw, followed by a decrease in the
subsequent months. This behavior suggests a
possible seasonal relationship between air-
conditioning use and climate conditions.
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In the testing phase, the actual values show
greater variability than the forecast generated by
ARIMA. The forecasted line maintains a more
stable trend, around 0.026 kW, indicating that the
model captures the general behavior of the series
but does not fully reproduce the abrupt
fluctuations in consumption.

As an implication, the ARIMA forecast may be
useful for anticipating general trends in energy
demand associated with air conditioning.
However, to improve accuracy in scenarios with
high variability, it would be advisable to
incorporate more robust or hybrid models, such
as SARIMA, Prophet, Random Forest, XGBoost,
or LSTM, integrating climate variables such as
temperature, humidity, and
apparent temperature.

5.3 Experimental Comparison between Gc
and Ge

5.3.1 Experimental Results

Finally, —comparative measurements were
performed between the control group (Gc) and
the experimental group (Ge), considering 30
observations per indicator. Variables associated
with system efficiency and data quality were
evaluated, including report preparation time,
query response time, percentage of incorrect
data, percentage of missing data, and user
satisfaction (see Table 6).

The inclusion of these indicators is
methodologically relevant because it makes it
possible to analyze the real effect of implementing
the 10T system based on AWS, DuckDB, and
Power Bl on energy data processing, error
reduction, and the generation of useful
information for decision-making in smart homes.

5.3.2 Normality Test

The normality test was applied to the indicators
evaluated in the experimental group (Ge) and the
control group (Gc) in order to verify the data
distribution before performing the comparative
tests. For this purpose, 30 observations per group
were analyzed, considering indicators such as
report time, query time, percentage of incorrect
data, and percentage of missing data.
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Fig. 25. Normality test for indicator 3

Fig. 23 shows the normality test applied to the
report time indicator, comparing the behavior of
the data in the experimental group (Ge) and the
control group (Gc). The representation makes it
possible to observe the distribution of the values
recorded in both groups, as well as their main
descriptive  statistics and the associated
significance value.

The results show p-values of < 0.01 for Ge and
0.025 for Gc, both below the significance level a
= 0.05. This indicates that the data from both
groups do not exhibit normal behavior. In addition,
a marked difference is observed between the
means: Ge records 3.25 seconds, whereas Gc
reaches 747.80 seconds, evidencing a
considerable reduction in report time after
system implementation.

Fig. 24 presents the normality test applied to
the query time indicator, comparing the results of
the experimental group (Ge) and the control
group (Gc). The figure shows the percentile
distribution of both groups, together with the
mean, standard deviation, sample size, AD
statistic, and p-value.

Ge records a mean of 94 ms, whereas Gc
reaches 12,442 ms, evidencing a considerable
reduction in response time after system
implementation. Regarding normality, Ge
presents a p-value of approximately 0.05 and Gc
a p-value of approximately 0.10; therefore, the
data show behavior close to or compatible with
normality at the significance level a = 0.05,
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3012 0549 30 047191153 0.05

Fig. 26. Normality test for indicator 4

although Ge should be interpreted with caution
because it is at the limit of the statistical criterion.

Fig. 25 presents the normality test applied to
the percentage of incorrect data indicator,
comparing the results of the experimental group
(Ge) and the control group (Gc). The figure shows
the percentile distribution of both groups, together
with the mean, standard deviation, sample size,
AD statistic, and p-value.

Ge presents a mean of 0%, whereas Gc
records a mean of 6.175%, evidencing an
improvement in data quality after system
implementation. Regarding normality, G¢c shows
a p-value of 0.10, higher than a = 0.05; therefore,
its data present behavior compatible with
normality. In the case of Ge, since it records
constant values of 0%, there is not enough
variability to evaluate a normal distribution.

Fig. 26 presents the normality test applied to
the percentage of missing data indicator,
comparing the results of the experimental group
(Ge) and the control group (Gc). The figure shows
the percentile distribution of the data, together
with the mean, standard deviation, sample size,
AD statistic, and p-value for each group.

Ge presents a mean of 0%, whereas Gc
records a mean of 3.012%, evidencing that the
implementation of the system made it possible to
eliminate missing values in data processing.
Regarding normality, Gc shows a p-value of 0.05,
located at the threshold of the significance level a
= 0.05. In the case of Ge, since it presents
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Table 7. Descriptive statistics results

Sample No. Mean StDev AD p-value

I11: Post-test Ge 30 3.25 0.648 1.126 0.01
11: Post-test Gc 30 747.8 90.39 0.69 0.025
12: Post-test Ge 30 94 26.68 0.429 0.5
12: Post-test Gc 30 12442 1316 0.244 0.1
I3: Post-test Ge 30 0 0 0 0

I13: Post-test Gc 30 6.175 0.937 0.257 0.1
14: Post-test Ge 30 0 0 0 0

14: Post-test Gc 30 3.012 0.549 0.472 0.05

constant values of 0%, there is not enough
variability to evaluate normal behavior.

5.3.3 Descriptive Statistics and
Distribution Analysis

To complement the normality test, a descriptive
statistical analysis was conducted on the
indicators evaluated in the post-test, considering
the experimental group (Ge) and the control
group (Gc). This analysis made it possible to
characterize data behavior through measures of
central tendency, dispersion, confidence
intervals, skewness, and kurtosis.

Its application is methodologically relevant
because it makes it possible to evaluate the
stability and consistency of the results obtained
for each indicator, especially in terms of report
time, query time, percentage of incorrect data,
and percentage of missing data, as shown in
Tables 7 and 8.

The descriptive results show clear differences
between the experimental group (Ge) and the
control group (Gc). In I1, report time, Ge obtained
a mean of 3.25 s, compared with 747.8 s in Gc.
Likewise, in 12, query time, Ge recorded 94 ms,
whereas Gc reached 12,442 ms, evidencing a
substantial improvement in the system’s
operational efficiency. Regarding data quality, Ge
presented 0% incorrect data and 0% missing
data, compared with Gc, which recorded 6.175%
and 3.012%, respectively. This confirms that the
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implemented solution improved the integrity and
reliability of the processed information.

As an implication, the system based on IoT,
AWS, DuckDB, and Power Bl optimizes report
generation, reduces query times, and improves
data quality, strengthening decision-making on
energy consumption in smart homes.

For Indicator 11 (Report Time)

11, report time, shows a considerable difference
between both groups: Gc obtained a mean of
747.8 s, whereas Ge reached 3.25 s, evidencing
a  substantial reduction after  system
implementation. However, in both groups the p-
values were lower than a = 0.05, so the
assumption of normality was not met.

In Ge, the 95% confidence interval ranged
from 3.018 to 3.482 s, reflecting stability in the
times obtained. The skewness value of -0.472
indicates a slight concentration toward lower
values, the kurtosis value of -1.19 suggests the
absence of relevant extreme values, and Q3 =
3.83 confirms that 75% of the reports were

generated in times equal to or lower than
this value.
Among related studies involving faster

execution than the standard approach is the
paper presented by Boskov in collaboration with
other authors [18], Time-to-Provision Evaluation
of loT Devices Using Automated Zero-Touch
Provisioning, which aimed to improve the Soft-AP
method by proposing ZTP solutions based on
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Table 8. Summary of Results for the Indicators

Indicator N Mean StDev 95% Confidence Intervals for the Mean Kurtosis Skewness Q3
I Re(%"er; Time 33 325 0.648 3.018-3.482 sec. 119 -0.472  3.83
12: Q‘gg’ey)ﬁme 30 94.005 26.667 84.45-103.55 ms -0.75 0301 11.605
13: % Incorrect Data (Ge) 30 O 0 0 0 0 0
14: % Missing Data (Ge) 30 0 0 0 0 0 0

Soft-AP and Bluetooth. These solutions achieved
improvements from 54% to 434% compared with
experts, and from 313% to 880% compared with
procedures performed by non-experts.

This result shows that the implementation of
the system drastically reduces report generation
time, moving from a slow process in Gc to an
almost immediate response in Ge. In practical
terms, this improves operational efficiency,
facilitates  timely = monitoring of  energy
consumption, and allows users to make faster
decisions regarding energy use in the
smart home.

For Indicator 12 (Query Time)

12, query time, shows a substantial improvement
in Ge, with a mean of 94.005 ms, compared with
12,442 ms in Gc. The 95% confidence interval for
Ge ranged from 84.45 to 103.55 ms, confirming
stability in response times. The standard
deviation of 26.667 ms shows controlled
dispersion. Likewise, the skewness value of 0.301
indicates a slight concentration toward lower
values, while the kurtosis value of -0.75 suggests
the absence of relevant extreme values.

The results obtained in this study are related
to previous research showing substantial
improvements after the implementation of an
optimization algorithm. For example, Sugiartana
and collaborators [10] reported that a Gc had an
average time of 5.045 seconds, while after
applying optimization to a Ge, a response time of
0.408 seconds was achieved. Likewise, Xiaowi
[13] shows that processing 1,000 data volumes
takes 5.99 seconds, while processing 4,000
volumes takes a total of 8.05 seconds,
demonstrating the high reliability of the optimized

model applied to the dataset. Zhang (2025) found
that ML- and RL-based query optimizers do not
always generalize well; they may perform poorly
under certain workloads, which affects response
time when executing complex queries. These
methods are compared with simpler adaptive
query processing techniques, suggesting that, in
many cases, simpler methods may offer better
response times. Reiss and colleagues [47], when
working with stream data and very large historical
data, involving millions of records, observed that
several queries required considerable time.

They wused bitmap indexes and read
optimizations, showing that certain queries can
respond within 0.1 to 1 second when the dataset
is manageable. Izaguirre and other authors [48]
observed in online surveys that high response
times can affect data quality and participation,
since delays in queries or forms may
discourage responses.

Therefore, ensuring low loading and response
times and properly managing the interface and
back end can improve the user experience and
the quality of the data obtained. Chi and Chi [65]
indicate that traditional smart home systems had
slow query times, which delayed device
response. To address this issue, they
implemented a big data architecture with
distributed cache and an optimized algorithm,
reducing query and control time to less than
1.4 seconds.

Wang and their team [66] propose an
offloading algorithm called BMDCO, designed to
dynamically decide which tasks should be
executed locally and which should be sent to the
edge in order to minimize delay. In simulations,
the method notably reduces response time and
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the average queue length compared with
conventional approaches, as shown in the
backlog and latency graphs.

This implies that intelligent offloading
management can significantly improve query time
in loT and smart home systems. Iggena and other
authors [67] found that loT queries were slow
because data were dispersed and lacked a
common index, generating high latency and
overload under concurrency. To solve this, they
created loTCrawler, an engine with unified
metadata, distributed indexing, and caching,
allowing queries to be answered from the index
instead of from the devices. This significantly
reduced latency and maintained stable response
times even with many users.

The system enables almost immediate
queries, which improves access to processed
energy information and facilitates timely analysis
through tools such as DuckDB, AWS, and Power
Bl. This strengthens decision-making in smart
homes based on updated and rapidly
available data.

For Indicator 13 (% Incorrect Data)

I3, percentage of incorrect data, shows a total
improvement in Ge, with a mean of 0%, compared
with 6.175% recorded in Gc. This evidences that
the implemented system eliminated the errors
detected in the processed records. In Ge, the
standard deviation was 0, indicating absence of
variability because all values remained constant
at 0%.

The findings of this study, specifically the
elimination of duplicate or erroneous data, are
related to the research conducted by Teh and
their research group [16] in their work Sensor
Data Quality: A Systematic Review, where they
used their own dataset with 13,057 records. After
applying an optimization model that detected
duplicate records, 6,193 duplicate records were
identified and removed, guaranteeing dataset
reliability. Similarly, Adewole and collaborators
[17] had to clean their data before using them to
feed their ML model. After implementing data
cleaning on their sample, 308,381 duplicate
samples were identified out of a total of
2,830,743, thereby avoiding potential bias in
the model.
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Aguilar Suarez and Beroza [42] found that
seismology datasets used for ML contained
widespread label errors, including unlabeled
earthquakes, noise classified as earthquakes,
mislabeled arrival times, missing signals, and
other issues. They reported an average error of
3.9% in the evaluated datasets. To improve data
quality, they flagged the erroneous examples,
generating a list of problematic cases with the
intention that these examples be excluded from
future training. Garza and colleagues [40] found
highly variable error rates, ranging from as low as
2 errors per 10,000 fields to 2,784 errors per
10,000 fields. For the most commonly used
method, MRA or medical record abstraction, the
pooled error was approximately 6.57%.

They recommend prioritizing lower-error
methods, for example, double-data entry, which
shows very low rates of approximately 0.14%,
compared with MRA, approximately 6.57%. Singh
and Nagahara [58] investigated household
energy data analysis to predict electrical self-
sufficiency and used heatmaps to explore
relationships. They found that 26.1% of
households, 151 out of 578, were discarded due
to critical inaccuracies in the data. This implies
that dataset quality can bias results, and that it is
essential to filter and clean data and document
losses before modeling. Ou together with other
researchers [56] compared time-series models for
household consumption and quantified MAPE
improvements across architectures.

They reported a relative improvement from
4.52% to 10.53% in MAPE, depending on the
prediction horizon, for their best model. This
implies that architecture selection and prediction
horizon affect the percentage error, with trade-
offs between accuracy and horizon. Dewangan
and other authors [61] reviewed and conducted
experiments with smart meters and smart homes,
presenting representative MAPE metrics. In
similar contexts, they reported a MAPE of
approximately 5.055% in certain models, which
serves as a reference value in
comparative studies.

This implies that a MAPE of 5-10% is
considered good performance in household
consumption and can serve as a benchmark
when evaluating new models or datasets. Khan
and their team [41] worked on forecasting and
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energy control in smart homes, evaluating models
using error metrics. They reported a MAPE of
approximately 12.3% for their best model in the
described tests.

This implies that, although the model is useful
for planning, there is still an important margin of
error for critical applications, suggesting the need
for more data and greater explainability.

The result confirms that the solution improves
the quality of the processed data by reducing
inconsistencies and errors in the information. This
strengthens the system’s reliability for analyzing
energy consumption and generating accurate
reports in smart homes.

For Indicator 14 (% Missing Data)

14, percentage of missing data, shows a total
improvement in Ge, with a mean of 0%, compared
with 3.012% recorded in Gc. This result indicates
that, after system implementation, no null or
absent values were identified in the processed
data. In addition, the standard deviation of Ge was
0, confirming total stability in this indicator.

Other studies aimed at addressing missing
data include the research by Sayeed and
coauthors [14], which used imputation techniques
to solve these problems by replacing missing
values with estimated substitutes. It can also be
observed that the data obtained in our research
are not as volatile as the dataset studied by
Prakash and Kumar [15], who also analyzed
electrical consumption directly from sensors.

However, there were moments in which data
discrepancies occurred, resulting in empty data
that could compromise several smart
grid functionalities.

Alwaterr together with other researchers [62]
explained that missing values in their analysis
caused bias and reduced statistical effectiveness,
or could even invalidate conclusions.

To address this, they proposed using
imputation techniques, either through mean
values, last observation, or the implementation of
probabilistic models, machine learning
algorithms, and deep learning. Ren and other
authors [63] identified three main difficulties when
analyzing missing values: 1) missingness
mechanisms (MCAR, MAR, MNAR);
2) missingness patterns; and 3) missing data
rates. They compared different strategies, such

as deleting cases with missing values, complete-
case analysis and pairwise deletion, and
imputation methods, including mean/mode, KNN,
MICE, and trees, evaluating the performance of
each one.

Majib and collaborators [25] published the
DOMUS dataset and reported one week of
missing data due to a hub outage during a 52-
week campaign, representing 1.9% lost sampling.

This implies that DOMUS users should apply
imputation or robustness against gaps and
document temporal biases in their experiments.
Kwon and Kim [31] studied imputation in smart
meter series and tested scenarios with artificial
missing rates between 5% and 50%.

They documented that performance drops
significantly when the missing rate exceeds 15-
20% if imputation is not performed correctly. This
implies that LSTM models can handle moderate
missingness, but they are not effective at high
rates without losing accuracy.

Choi and colleagues [33] conducted
experiments on environmental data, similar to
smart home sensors, generating missing rates,
and reported that predictive performance
degrades significantly when missing data exceed
15%.

They propose using ensemble methods and
imputation to mitigate this problem. This implies
that, above 15%, robust imputation is no
longer optional.

Decorte and other authors [64] evaluated 12
imputation methods in environmental monitoring,
applicable to smart homes, and presented
experiments with real and synthetic missingness.
They reported significant differences in
performance when the missing data rate exceeds
20-30%. This implies that, in household datasets,
more than 20% missing data requires the use of
advanced strategies, especially if spatial or
temporal correlation exists among sensors.

The elimination of missing data strengthens
dataset integrity and improves the reliability of
energy analysis. This makes it possible to
generate more consistent reports, reduce
visualization errors, and support more accurate
decisions regarding energy consumption in
smart homes.
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6 Conclusions and Future Research

This research aimed to design, implement, and
validate a system for monitoring and analyzing
energy consumption in smart homes by
integrating 10T sensors, Python, DuckDB, AWS,
and Power BI. The results show that the proposed
architecture improved operational efficiency and
the quality of processed data, in line with the
purpose of building a scalable system for
residential energy management.

Regarding report time, the experimental group
obtained an average of 3.25 seconds, compared
with 747.8 seconds in the control group,
evidencing a considerable reduction in
report generation.

Likewise, query time reached 94.005 ms in the
experimental group, compared with 12,442 ms in
the control group, demonstrating an almost
immediate response for energy data analysis.

These results confirm that the combined use
of AWS, DuckDB, and Power Bl supports fast
querying, efficient visualization, and timely
decision-making. Regarding data quality, the
system achieved 0% incorrect data and 0%
missing data in the experimental group.

This result evidences that the data cleaning,
normalization, and validation process
strengthened the integrity of the information used
for energy analysis. Consequently, the
implemented solution improves not only
processing efficiency but also the reliability of the
reports generated for smart homes.

The main limitations were associated with the
configuration of permissions in AWS Athena for
data transfer to Power Bl and the initial treatment
of columns with null or non-informative values
within the dataset.

As future research lines, it is recommended to
incorporate  machine learning and artificial
intelligence models to strengthen energy
consumption prediction, as well as to integrate
real-time physical sensors to capture data directly
from smart homes. Likewise, it would be relevant
to evaluate hybrid models, such as XGBoost,
LSTM, or SARIMA, and incorporate additional
climate variables to improve predictive accuracy
and expand the applicability of the system in real
residential scenarios.
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