
Academic Editor: Garzia Fabio

Received: 27 January 2025

Revised: 6 March 2025

Accepted: 14 March 2025

Published: 7 April 2025

Citation: Chango, W.; Buñay, P.;

Erazo, J.; Aguilar, P.; Sayago, J.; Flores,

A.; Silva, G. Predicting Urban Traffic

Congestion with VANET Data.

Computation 2025, 13, 92.

https://doi.org/10.3390/

computation13040092

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Predicting Urban Traffic Congestion with VANET Data
Wilson Chango 1,* , Pamela Buñay 2 , Juan Erazo 3 , Pedro Aguilar 4 , Jaime Sayago 1,* , Angel Flores 4

and Geovanny Silva 4

1 Department of Systems and Computation, Pontifical Catholic University of Ecuador, Esmeraldas Campus
PUCESE, Esmeraldas 080101, Ecuador

2 Faculty of Engineering, University of Chimborazo UNACH, Riobamba 060101, Ecuador;
pbunay@unach.edu.ec

3 Faculty of Mechanical Engineering, Escuela Superior Politécnica de Chimborazo ESPOCH,
Riobamba 060155, Ecuador; juan.erazo@espoch.edu.ec

4 Faculty of Informatics and Electronics, Escuela Superior Politécnica de Chimborazo ESPOCH,
Riobamba 060155, Ecuador; pedro.aguilar@espoch.edu.ec (P.A.); angel.flores@espoch.edu.ec (A.F.);
geovanny.silva@espoch.edu.ec (G.S.)

* Correspondence: wilson.chango@pucese.edu.ec (W.C.); jaime.sayago@pucese.edu.ec (J.S.);
Tel.: +593-0960949920 (W.C.); +593-0984787662 (J.S.)

Abstract: The purpose of this study lies in developing a comparison of neural network-
based models for vehicular congestion prediction, with the aim of improving urban mobility
and mitigating the negative effects associated with traffic, such as accidents and conges-
tion. This research focuses on evaluating the effectiveness of different neural network
architectures, specifically Transformer and LSTM, in order to achieve accurate and reliable
predictions of vehicular congestion. To carry out this research, a rigorous methodology
was employed that included a systematic literature review based on the PRISMA method-
ology, which allowed for the identification and synthesis of the most relevant advances
in the field. Likewise, the Design Science Research (DSR) methodology was applied to
guide the development and validation of the models, and the CRISP-DM (Cross-Industry
Standard Process for Data Mining) methodology was used to structure the process, from
understanding the problem to implementing the solutions. The dataset used in this study
included key variables related to traffic, such as vehicle speed, vehicular flow, and weather
conditions. These variables were processed and normalized to train and evaluate various
neural network architectures, highlighting LSTM and Transformer networks. The results
obtained demonstrated that the LSTM-based model outperformed the Transformer model
in the task of congestion prediction. Specifically, the LSTM model achieved an accuracy of
0.9463, with additional metrics such as a loss of 0.21, an accuracy of 0.93, a precision of 0.29,
a recall of 0.71, an F1-score of 0.42, an MSE of 0.07, and an RMSE of 0.26. In conclusion, this
study demonstrates that the LSTM-based model is highly effective for predicting vehicular
congestion, surpassing other architectures such as Transformer. The integration of this
model into a simulation environment showed that real-time traffic information can signifi-
cantly improve urban mobility management. These findings support the utility of neural
network architectures in sustainable urban planning and intelligent traffic management,
opening new perspectives for future research in this field.

Keywords: congestion prediction; neural networks; urban mobility; machine learning;
traffic management
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1. Introduction
Vehicular congestion represents a growing challenge for cities worldwide, driven by

accelerated urbanization and motorization. This phenomenon negatively affects urban
mobility, generating significant impacts on the quality of life of citizens, the local economy,
and the environment. Prolonged delays in travel times, stress, exposure to high levels of air
pollution, and increased costs associated with excessive fuel consumption are some of the
most evident consequences. Furthermore, traffic emissions contribute to climate change,
exacerbating global environmental problems [1]. In Ecuador, cities like Esmeraldas face this
problem acutely due to the sustained increase in vehicle fleet, limited road infrastructure,
and, in some cases, complex topography [2]. However, despite the evident consequences
of vehicular congestion, traditional approaches to addressing this issue have been largely
reactive and insufficient. Many cities, especially in developing regions like Ecuador, lack
the infrastructure and technological tools to effectively manage traffic, leading to worsening
conditions over time. To address these challenges, it is essential to adopt proactive and
technology-driven solutions. Implementing Intelligent Transportation Systems (ITSs) and
leveraging data-driven approaches can help anticipate and mitigate congestion, improving
urban mobility and reducing environmental impacts.

This study is framed within the development of Intelligent Transportation Systems
(ITSs) and Vehicular Ad Hoc Networks (VANETs), which enable communication between
vehicles and roadside stations to generate real-time data-driven solutions. These technolo-
gies facilitate the monitoring and optimization of vehicular mobility, providing strategic
information for decision making. Additionally, recognized neural networks are used to pre-
dict time series or sequential data [3]. Nevertheless, while ITS and VANETs offer promising
solutions, their implementation is often hindered by technical and logistical challenges.
For instance, the integration of these systems into existing infrastructure can be complex,
and the accuracy of predictive models depends heavily on the quality and quantity of data
available. To overcome these challenges, it is crucial to develop robust neural network
architectures, such as LSTM and Transformers, that can effectively process and analyze
large datasets. Additionally, collaboration between governments, researchers, and private
sectors can facilitate the deployment of these technologies in urban environments.

The relevance of this research lies in the urgent need for technological tools that allow
authorities to anticipate and manage vehicular congestion in cities with specific challenges,
such as Esmeraldas. The lack of predictive tools hinders traffic planning and optimization,
which affects both the quality of life of citizens and environmental sustainability. This study
seeks to contribute to the development of innovative solutions that integrate neural network
architectures such as Long Short-Term Memory (LSTM) and Transformers in vehicular
networks, offering a foundation for more efficient and sustainable traffic management [4].
However, although neural networks like LSTM and Transformers have shown promise in
traffic prediction, their application in real-world scenarios is still limited by challenges such
as data scarcity, computational complexity, and the need for continuous model training.
To address these limitations, this research proposes the use of advanced data preprocessing
techniques, such as SMOTE for class balancing, and walk-forward validation to ensure the
models’ adaptability to real-time data. These approaches can enhance the accuracy and
reliability of congestion prediction models.

The objectives of this research include analyzing the current state of vehicular mobility
in critical urban areas like Esmeraldas, then developing a predictive model of vehicular
congestion based on historical data and neural networks, and finally evaluating the accuracy
and performance of the model using metrics such as loss, accuracy, precision, recall, F1-
score, MSE, and RMSE. However, while these objectives are comprehensive, achieving them
requires access to high-quality data and computational resources, which may not always
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be available in resource-constrained settings like Esmeraldas. To ensure the feasibility of
the research, partnerships with local authorities and organizations can be established to
access relevant traffic data. Additionally, cloud-based computing resources can be utilized
to handle the computational demands of training neural networks.

Previous studies in Latin America have demonstrated the potential of vehicular net-
works and predictive algorithms in traffic management. For example, in Quito, Ecuador,
a Vehicular Ad Hoc Network was simulated in the historic center, achieving significant
improvements in vehicular mobility [5]. Similarly, in Ambato, traffic data have highlighted
the urgent need for predictive tools to optimize road connectivity, especially in areas with
high vehicular density [6]. Finally, in Esmeraldas, a vehicular congestion study has already
been conducted using simulators like SUMO, which is of vital importance as it serves as a
basis for applying neural networks in vehicular prediction. Despite these advancements,
the scalability and generalizability of these studies remain limited. Many solutions are
tailored to specific contexts and may not be directly applicable to other cities with differ-
ent traffic patterns and infrastructure. To address this, future research should focus on
developing adaptable models that can be customized to different urban environments.
Sharing best practices and datasets across regions can also facilitate the broader adoption
of these technologies.

The theoretical framework of this research is based on the use of Vehicular Ad Hoc
Networks (VANETs) and neural network architectures such as recurrent neural networks
and Transformers to identify complex patterns in large datasets [7]. Additionally, proba-
bility and statistics theory are fundamental for the development of predictive models [8].
The comparison of these architectures will provide us with the best model for congestion
prediction. However, while these theoretical foundations are robust, the practical imple-
mentation of these models requires careful consideration of factors such as data quality,
computational efficiency, and real-time performance. To ensure practical applicability, this
research will employ rigorous testing and validation processes, including simulations using
tools like SUMO and real-world data from Esmeraldas. This approach will help identify
the most effective model for real-time congestion prediction.

This research is carried out in the context of medium-sized cities in Ecuador, such as
Esmeraldas, where vehicular congestion represents a critical challenge for urban mobility.
These cities present particular characteristics, such as a challenging topography and limited
road infrastructure, which exacerbate traffic problems and highlight the need to adopt
technological solutions to improve their management [9]. However, the unique challenges
of medium-sized cities, such as limited resources and infrastructure, make it difficult to
implement advanced technological solutions. Additionally, there may be resistance to
adopting new technologies due to a lack of awareness or technical expertise. To overcome
these barriers, it is essential to engage local stakeholders and provide training programs to
build technical capacity. Furthermore, pilot projects can demonstrate the benefits of these
technologies, encouraging broader adoption.

The research question to be tested will be, which machine learning model is most
effective, between Transformer and LSTM, for predicting real-time vehicular congestion,
considering evaluation metrics such as precision, recall, F1-score, and mean squared er-
ror (MSE)? This research question focuses on comparing the performances of two neural
network architectures (Transformer and LSTM) in the task of vehicular congestion predic-
tion, using a dataset that includes variables such as vehicle speed, time of day, day of the
week, and weather conditions. Additionally, it seeks to evaluate how class balancing using
SMOTE and walk-forward validation influence the predictive capacity of the models. How-
ever, while this research question is well defined, its success depends on the availability
of comprehensive and high-quality datasets, as well as the ability to accurately simulate
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real-world traffic conditions. To address these challenges, this research will leverage exist-
ing datasets from Esmeraldas and employ advanced simulation tools like SUMO to create
realistic traffic scenarios. Additionally, the use of SMOTE and walk-forward validation will
ensure that the models are robust and adaptable to changing conditions.

2. Background
Accelerated urbanization and the growth of motorization worldwide have signifi-

cantly intensified vehicular congestion in urban areas [10]. This phenomenon not only
affects the quality of life of citizens by prolonging travel times and generating higher levels
of stress, but also has economic and environmental repercussions, such as increased fuel
consumption, air pollution, and loss of productivity [11]. However, although the negative
impact of vehicular congestion is widely recognized, traditional solutions have been insuffi-
cient to address this problem comprehensively. Current strategies tend to be reactive rather
than proactive, which limits their effectiveness in mitigating long-term effects. Therefore,
it is necessary to implement innovative approaches that combine advanced technologies,
such as predictive analytics and artificial intelligence, to anticipate and manage congestion
more efficiently. This would not only reduce travel times but also minimize associated
environmental and economic impacts.

Traditional traffic management strategies, based on fixed infrastructures such as traffic
lights and centralized control systems, have significant limitations in their ability to adapt
to the changing dynamics of traffic [12]. These systems are often rigid and cannot respond
in real time to traffic fluctuations, resulting in inefficient management and increased conges-
tion during peak hours. Furthermore, their dependence on physical infrastructures makes
them costly and difficult to scale. In this context, the implementation of technologies such
as Vehicular Ad Hoc Networks (VANETs) offers a more flexible and dynamic alternative.
These networks enable wireless communication between vehicles, facilitating the real-time
exchange of data related to location, speed, and traffic conditions [13].

Analyzing VANET data to predict vehicular congestion represents a significant ad-
vancement. This approach allows for the identification of real-time traffic patterns and
the anticipation of traffic jams, facilitating the application of proactive measures such as
traffic light optimization, demand management, and traffic redirection [14]. However,
VANETs face several challenges, such as the need for more robust and accurate prediction
algorithms, efficient management of large data volumes, and the protection of privacy
and security of transmitted information [15]. To overcome these challenges, it is essential
to develop advanced predictive models, such as neural networks, that can process large
amounts of data and generate accurate predictions. Additionally, robust security protocols
must be implemented to ensure data protection.

This research addresses these challenges by developing a predictive model based
on neural network architectures, which uses VANET data and meteorological data to
anticipate vehicular congestion at urban intersections. This study focuses on a critical
intersection in the city of Esmeraldas, Ecuador, where traffic data were collected during
peak hours through ESVIAL EP and ECU 911. Although the use of neural networks
represents a significant advancement, its implementation in real-world environments
still faces challenges, such as the need for high-quality data and integration with existing
systems. To ensure the success of the model, it is essential to conduct exhaustive simulations
using tools like SUMO [16] and validate the results in real scenarios. Additionally, neural
network architectures such as LSTM and Transformer [17], which have proven effective in
time series prediction, should be considered.

The developed model seeks to contribute to a more efficient and sustainable traffic
management, responding to the urgent need for advanced technological solutions that
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mitigate the negative effects of vehicular congestion in Ecuadorian cities and in similar con-
texts in other regions. However, despite their potential, the adoption of these technologies
may be limited by factors such as lack of technological infrastructure, resistance to change,
and associated costs. To overcome these barriers, it is crucial to foster collaboration between
governments, academic institutions, and the private sector. Additionally, training programs
should be implemented to ensure that local professionals can operate and maintain these
technologies effectively. In this way, the impact of the proposed solutions can be maximized,
and progress towards smarter and more sustainable urban mobility can be made.

3. Materials and Methods
This project was structured under a predictive research approach, with the main objec-

tive of identifying the most effective machine learning algorithms for predicting vehicular
congestion in complex urban environments [18]. In this context, LSTM and Transformer
neural networks were highlighted, which play a fundamental role in the analysis of time
series or sequential data. These approaches allow for leveraging the individual strengths
of each model; mitigating their weaknesses; and, consequently, optimizing the overall
performance of the prediction system.

Furthermore, this study is based on the Design Science Research (DSR) methodology,
a framework composed of three main phases: relevance, design, and rigor. First, the rele-
vance phase involves identifying the problem to be addressed and defining the application
context of the solution, focusing on ensuring a significant impact [19]. Subsequently, the de-
sign phase focuses on creating innovative solutions by developing prototypes or models
that directly meet the identified needs. Finally, the rigor phase focuses on validating the
proposed solutions, ensuring their theoretical and practical robustness through scientific
methods and exhaustive evaluations. This methodology facilitates a systematic process
for developing useful and applicable artifacts in real-world environments, as illustrated in
Figure 1.

Figure 1. Design Science Research (DSR) methodology applied to the development of a VANET-based
vehicular congestion prediction system.

3.1. Relevance Cycle

In a first phase, a predictive model was developed based on neural network method-
ologies, which are widely recognized for their ability to improve predictive performance in
time series. This approach was complemented with advanced statistical techniques, such
as SMOTE (Synthetic Minority Over-sampling Technique), to address imbalances in the
datasets and optimize model accuracy [20].
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The process began with an exhaustive review of specialized scientific literature in the
field of machine learning applied to Vehicular Ad Hoc Networks (VANETs). To ensure
the quality and relevance of the consulted sources, high-impact indexed databases such as
IEEE Xplore, Springer, and Elsevier, among others, were accessed. This review allowed
for an in-depth analysis of the underlying causes of the vehicular congestion problem,
as well as its consequences in terms of urban mobility, environmental impact, and economic
efficiency. In this way, a solid foundation was established for the development of the
predictive model, integrating cutting-edge theoretical and practical knowledge in the field
of artificial intelligence and traffic management (see Figure 2).

Figure 2. Causes, problem, and consequences of vehicular congestion in urban areas.

The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
methodology was implemented to ensure a systematic, rigorous, and transparent approach
in the selection of relevant literature for the development of the predictive model [21].
This methodological approach allowed for the identification, evaluation, and selection of
studies based on predefined criteria, ensuring that the selected studies met high standards
of quality, relevance, and scientific rigor. The PRISMA methodology was structured in four
main stages, which are described below.

3.2. Identification

In this initial stage, an exhaustive literature search was conducted in recognized aca-
demic databases, such as IEEE Xplore [22], Springer, and Elsevier. This process generated
a total of 150 preliminary records. Subsequently, 30 duplicate records and 10 additional
records that did not meet the relevance criteria were eliminated using automated filtering
tools, such as keyword and metadata analysis. As a result, 110 unique records considered
relevant for the initial analysis were obtained.

3.3. Selection

Once the 110 unique records were obtained, a screening process was carried out that
included the review of titles and abstracts. This preliminary analysis allowed for the
evaluation of whether the records met the predefined inclusion criteria, such as the focus
on machine learning applied to vehicular congestion prediction [23]. After this process,
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30 records were excluded due to a lack of alignment with the research objectives, leaving
80 records for further analysis.

3.4. Eligibility Assessment

In this phase, the remaining 80 records underwent a detailed full-text review. This
analysis evaluated the methodological quality, the robustness of the results, and the ap-
plicability of the studies to the research topic. Rigorous criteria were applied, such as the
use of predictive approaches based on neural networks (LSTM and Transformer) and the
relevance of the analyzed variables [24]. After this process, 45 studies were selected that
met all the established criteria, standing out for their theoretical and empirical relevance in
the context of machine learning applied to vehicular environments.

3.5. Inclusion

In the final phase, the 45 selected studies were integrated into the systematic analysis.
These studies formed the theoretical and methodological basis for the development of the
proposed predictive model, providing key information on variables, approaches, and results
applicable to the phenomenon of vehicular congestion in VANETs (Vehicular Ad Hoc
Networks) (see Figure 3).

Figure 3. PRISMA methodology flow diagram for literature review.

The use of the PRISMA methodology allowed for the structured and transparent
documentation of each step of the literature selection process, facilitating the replicability
of the research. Furthermore, this methodology ensured that the selected studies were of
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high quality and aligned with the research objectives, thus contributing to the robustness
of the developed predictive model [25].

A critical aspect of this stage was the identification of the variables that would com-
pose the model. These variables were selected based on their theoretical and empirical
relevance, ensuring that they adequately captured the dynamics of the vehicular congestion
phenomenon [26]. This initial analysis allowed for the structuring of a representative
dataset that integrated temporal, spatial, speed, and weather condition characteristics,
fundamental elements for the modeling of complex phenomena in urban environments.

In the analysis of urban congestion based on the vehicular traffic threshold, the speed
analysis methodology was used to establish mobility parameters. As a result, a congestion
threshold above 10 km/h was defined, which constitutes a fundamental criterion for
the delimitation of congestion scenarios and justifies the adoption of this limit in related
research (see Table 1).

Table 1. Summary of studies on vehicle congestion detection, methodologies employed, and key findings.

Reference Study Methods Used Key Findings Relevance to
This Study

[27] Urban congestion based on
vehicular traffic threshold

Velocity analysis Threshold of more than
10 km/h for congestion

Justification of the
10 km/h threshold

[28] Traffic congestion detection
based on speed threshold.

Speed depending
on a predefined
threshold

Vehicular congestion
with a speed of less
than 30 km/h

Justification of the
10 km/h threshold

[29] Congestion detection in a
smart city.

Traffic flows Identification of
congestion patterns

Basis for
variable selection

[30] weather conditions in traffic
congestion prediction

Weather and
traffic data

Relationship between
rainfall and congestion

Inclusion of
climatic variables

On the other hand, in studies on congestion detection from speed thresholds, vehicular
dynamics were evaluated based on a predefined threshold. The results showed that
congestion manifests when the circulation speed is below 30 km/h, which, in turn, supports
the establishment of the 10 km/h threshold as a reference in subsequent studies.

Likewise, in the context of congestion detection in smart urban environments, a de-
tailed analysis of traffic flows was carried out. From this procedure, it was possible to
identify congestion patterns, which allows for the substantiation of the selection of key
variables in research aimed at traffic optimization.

Regarding the prediction of congestion under the influence of weather conditions,
climatic and traffic data were integrated to analyze the interaction between these factors.
The results indicated a significant correlation between the occurrence of precipitation and
the intensification of vehicular congestion, which justifies the inclusion of climatic variables
in traffic prediction models.

In summary, each study provides relevant scientific evidence on different aspects
of congestion detection, such as the determination of speed thresholds, the analysis of
traffic patterns, and the influence of climatic factors. These elements are essential for the
formulation of precise methodologies and the development of solid analytical approaches
in the study of urban mobility.

3.6. Design Cycle

During this stage, technological artifacts were conceptualized and developed, which
consisted of predictive models based on neural networks, specifically LSTM and Trans-
former [31]. This process allowed for the integration of advanced machine learning tech-
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niques to address the vehicular congestion problem, ensuring that the models were capable
of capturing complex patterns in the data and generating accurate predictions.

• Data preparation: In the first phase, a CSV file containing detailed information about
vehicular traffic was used. This file included relevant variables such as vehicle speed,
time intervals, and lane. To ensure the quality and usefulness of the dataset, various
preprocessing tasks were performed, including the following:
Date conversion: Dates were converted to datetime format to enable temporal opera-
tions and analysis, such as grouping by time intervals. Time interval creation: Data
were grouped into 10 min intervals, facilitating temporal analysis and aggregation of
values related to traffic dynamics. Average speed calculation: The average speed of
vehicles was determined for each time interval and lane, providing a key measure for
identifying patterns and trends.
The NSRDB (National Solar Radiation Database) constitutes a comprehensive compi-
lation of meteorological data series that employs multichannel measurements from
geostationary satellites [32]. This repository covers information from 1998 to 2023 in
Ecuador, with a spatial resolution within a 4 km by 4 km grid. Furthermore, these
data are available to the general public free of charge.
Access to the NSRDB dataset can be obtained in various ways: directly from the
NSRDB Viewer, through the website https://nsrdb.nrel.gov/ (accessed on 6 March
2025), or programmatically using an API, among other options. Once the data pack-
age is selected, it is possible to display the available attributes, among which the
parameters of interest should be chosen, such as temperature, precipitable_water,
wind_speed, pressure, wind_direction, and relative_humidity. Subsequently,
the desired time interval is selected, in this case, 60 min, and the UTC time is converted
to local time (see Figure 4).

Figure 4. Attribute and Parameter Selection Interface in the NSRDB Viewer

• Data exploration: The initial analysis focused on detecting and visualizing relevant
patterns in traffic behavior. Among the activities carried out, congestion detection
stood out, in which a speed threshold of 10 km/h was defined as a criterion to identify
intervals with vehicular congestion. This definition allowed for the labeling of data and
the establishment of clear differences between normal and congested conditions [33].
Subsequently, graphs were generated representing the average speeds over time for
each lane, using a reference line to highlight the moments when the speed fell below
the established threshold [34]. This approach facilitated the visual identification of

https://nsrdb.nrel.gov/
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congestion patterns and provided a solid foundation for the development of more
advanced predictive models.

• Derived features: To enrich the dataset and improve the predictive capacity of the
model, new features were derived, allowing for a more complete representation of the
analyzed phenomena. First, a binary column was added to classify each interval as
congested (1) or non-congested (0), based on the previously defined speed threshold.
Additionally, further features were incorporated, such as meteorological data, as well
as temporal variables, like the time of day and the day of the week. These latter
provide a temporal context that allows for capturing seasonal patterns and daily
variations in traffic behavior [35]. In this way, the available information was expanded,
which contributed to greater accuracy in the identification and prediction of vehicular
congestion events (see Figure 5).

Figure 5. Integration of environmental data and LSTM–Transformer networks for vehicular conges-
tion prediction.

• Predictive modeling: To balance the dataset and improve the representativeness of
the classes, SMOTE (Synthetic Minority Over-sampling Technique) is used. This
method generates new synthetic instances of the minority class instead of simply
replicating existing ones, allowing for a more equitable distribution within the dataset.
By applying SMOTE, the bias towards the majority class is reduced, which contributes
to better performance of machine learning models, especially in scenarios where class
imbalance could affect the predictive capacity and generalization of the model [36].

xnew = xi + λ · (xj − xi) (1)
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Advanced models, such as LSTM (Long Short-Term Memory), are employed, which
have proven to be highly effective in processing sequential data due to their ability to
capture long-term dependencies in time series [37].

ft = σ(W f · [ht−1, xt] + b f ) (2)

it = σ(Wi · [ht−1, xt] + bi) (3)

C̃t = tanh(WC · [ht−1, xt] + bC) (4)

Ct = ft · Ct−1 + it · C̃t (5)

ot = σ(Wo · [ht−1, xt] + bo) (6)

ht = ot · tanh(Ct) (7)

The Transformer model is employed, an advanced architecture based on attention
mechanisms that has significantly transformed the processing of sequential data [38].

MultiHead(Q, K, V) = Concat(head1, head2, . . . , headh).Wo (8)

Data splitting: The dataset was split into an 80% training set and a 20% test set,
ensuring a fair and representative evaluation of the model. Training and prediction:
The model was trained using historical data and evaluated through predictions on the
test set.

• Model evaluation: The performance of the predictive model was evaluated using
standard machine learning metrics, such as loss, accuracy, precision, recall, F1-score,
MSE, and RMSE. These metrics demonstrated the high capacity of the model to
correctly identify intervals with and without congestion, reflecting its effectiveness
in the prediction task [39]. Furthermore, the results obtained showed an adequate
balance between the precision and generalization capacity of the model, consolidating
its applicability in complex urban environments [40]

• Results visualization: To facilitate the interpretation of the conclusions and clearly
communicate the results obtained, key visualizations were developed that allow for the
analysis of the impact of the techniques used in data processing. First, a comparative
graph was generated showing the class distribution before and after applying SMOTE,
which allows for the demonstration of how the dataset is balanced. Subsequently,
loss graphs were included for both the LSTM and Transformer models, with the aim
of visualizing the training behavior and evaluating the convergence of each model.
These graphical representations are fundamental to understanding the performance
of the algorithms and supporting the analysis of the results obtained [41].

3.7. Rigor Cycle

This component ensured the robustness and scientific validity of the developed models.
To this end, standard metrics such as precision, sensitivity, and specificity were used, which
allowed for a comprehensive evaluation of the models’ performance. Additionally, the re-
sults obtained were compared with previous studies in the field of vehicular congestion
prediction, ensuring that the proposed solutions align with the existing literature [42].

To validate the predictive models, the walk-forward validation technique was em-
ployed, which was applied to both LSTM neural networks and Transformer models. This
approach allows for the sequential evaluation of model performance, segmenting the data
into multiple training and test sets, which ensures a more robust and adaptable validation
to the changing conditions of the data. In this way, it is ensured that the models are capa-
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ble of generalizing adequately and maintaining their accuracy in dynamic and realistic
scenarios, reinforcing their applicability in complex urban environments.

ŷt+i = f (y1, y2, . . . , yt+i−1), (9)

where ŷt+i is the prediction for the point t + i. f is the model trained with the data up to
t + i − 1.

The prediction error at each step i is calculated as follows:

et+i = yt+i − ŷt+i, (10)

and the evaluation metrics are calculated over all errors {et+1, et+2, . . . , eT}.

4. Results
4.1. VANET Simulation

To model and evaluate the performance of Vehicular Ad Hoc Networks (VANETs)
in a realistic urban environment, a specific road segment was selected. This segment,
connecting the Pontificia Universidad Católica del Ecuador–Esmeraldas to the Multiplaza
Shopping Center and spanning approximately 1.4 km, was chosen for its ability to represent
a dense and complex traffic scenario. The area bounded by the Eugenio Espejo, Pichincha,
Muriel, and Pedro Vicente Maldonado streets, characterized by intersections, traffic lights,
and varying traffic flow, was defined as the study area.

The different color codes of live traffic in the selected analysis area represent traffic
speed on the road. According to Google, the official colors are as follows (see Table 2):

Table 2. Google maps traffic color legend.

Colors Legend

Green No traffic delay
Orange Average amount of traffic
Red Traffic delay
Dark red Very slow traffic speed or stopped vehicles

Geographic coordinates were obtained for the initial point, situated at the Pontifical
Catholic University of Ecuador, Esmeraldas Campus (PUCESE), and the terminal point,
located at the Multiplaza shopping mall, a key landmark in the city. These points were
strategically chosen to represent routes of significant importance regarding vehicular traffic
and urban mobility (see Table 3).

Table 3. Geographic coordinates of key locations in Esmeraldas, Ecuador.

Location Latitude Longitude

PUCE, Esmeraldas Campus 0.9712545169653076 −79.65681367115891
Multiplaza Shopping Mall 0.9766275255993342 −79.65350178013004

The map is composed of a structure of segments and nodes, which represent roads and
their intersections, respectively. To customize the study area and make specific adjustments,
it is necessary to use an additional tool called NETEDIT, which is integrated into the SUMO
software. This tool allows for the graphical modification, editing, and optimization of the
traffic network, facilitating the adaptation of the model to the specific needs of the analysis
(see Figure 6).
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Figure 6. Node routes from PUCESE to Multiplaza.

Examination of the nodal distribution across the various avenues indicates that certain
nodes are common to multiple road segments, thus revealing the presence of key intersec-
tions or connectivity within the road network topology. For example, node 1143931858
is shared between the Espejo and Olmedo Avenue segments. Similarly, node 1143925281
connects the Olmedo and Pichincha Avenue segments, while node 1143927931 is located at
the intersection of the Pichincha and Maldonado Avenue segments, further substantiating
the identification of critical intersection points.

Conversely, avenues exhibiting a higher nodal count, such as Maldonado, which
comprises three nodes, may correspond to longer road segments or areas with a higher
concentration of points of interest within the network topology. Furthermore, the shared
presence of certain nodes across different avenues may serve as an indicator of their
significance in traffic flow analysis, as these areas may coincide with regions of increased
congestion or strategic points within the road network (see Table 4).

Table 4. Relationship between avenues and traffic nodes.

Avenue Nodes

Espejo
1143925089
1143926012
1143931858

Olmedo 1143931858
1143925281

Pichincha 1143925281
1143927931

Maldonado
1143927931
1143927077
1142711596

To define the routes, modifications were made to the osm.passenger.trips.xml file.
This file contains the specifications necessary to simulate vehicle trajectories in the virtual
environment. However, to ensure that the simulation accurately reflects real-world traffic
conditions, it is essential to analyze the characteristics of the main streets beforehand,
especially those with higher traffic intensity.

In the input section, the files that will be used in the simulation are defined. The net-
file (osm.net.xml) represents the road network, that is, the map of roads on which the
vehicles will travel. The route-files (osm.passenger.trips.xml) file contains the vehicle
demand, specifying the routes to follow during the simulation. Finally, the additional-
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files (osm.poly.xml) file provides additional information, such as polygons to represent
buildings, areas, or visual elements in the simulated environment.

As regards processing, the ignore-route-errors parameter is set to true, which allows
the simulation to continue running even if there are errors in the routes. This is useful to
avoid interruptions caused by minor problems in the definition of paths.

In routing, two key parameters are configured. The first, device.rerouting.adaptation-
steps, with a value of 18, defines the number of adaptation steps allowed for the rerouting
of vehicles, which facilitates the simulation of dynamic changes in routes due to congestion
or other factors. The second, device.rerouting.adaptation-interval, with a value of 10,
establishes the time interval (in simulation seconds) in which it will be verified if a vehicle
needs to modify its route.

Regarding the graphical interface, the gui-settings-file (osm.view.xml) file contains spe-
cific configurations for visualization in SUMO, including road colors, vehicle representation,
labels, and other graphical elements (see Table 5).

Table 5. Parameter configuration for traffic simulation in SUMO.

Parameter Value Description

net-file osm.net.xml Road network file
route-files osm.passenger.trips.xml Vehicle demand
additional-files osm.poly.xml Polygons
ignore-route-errors true Ignore route errors
device.rerouting.adaptation-steps 18 Adaptation steps for rerouting
device.rerouting.adaptation-interval 10 Adaptation interval for rerouting
gui-settings-file osm.view.xml GUI configuration file

This simulation scenario faithfully reproduces real-world urban conditions, allowing
for the comprehensive evaluation of routing algorithms and vehicular communication
protocols designed specifically to optimize traffic flow and minimize congestion in complex
urban environments. Through detailed and highly accurate simulations, this study seeks to
analyze the effectiveness of Vehicular Ad Hoc Networks (VANETs) in generating alternative
routes in real time, significantly reducing travel times, and improving road safety.

VANETs, by facilitating communication between vehicles and road infrastructure, en-
able collaborative decision making based on up-to-date data, such as traffic status, weather
conditions, and unforeseen events on the road. This approach not only contributes to
traffic optimization but also promotes smarter and more sustainable mobility. Furthermore,
this study evaluates the ability of these systems to dynamically adapt to changes in net-
work conditions, such as vehicle density or the appearance of bottlenecks, thus ensuring an
efficient and robust response to critical situations.

The selection of this specific road segment provides a solid foundation for future
research in vehicular networks and intelligent urban traffic management. By simulating
vehicle behavior in this controlled environment, empirical data can be obtained to val-
idate theoretical models and compare the performances of different mobility strategies
(see Table 6).

The simulation conducted in the context of Vehicular Ad Hoc Networks (VANETs)
provided realistic results by considering a variety of traffic scenarios. Evaluated factors
included vehicle density, vehicle movement patterns, and specific traffic conditions, allow-
ing for modeling representative scenarios of real-world vehicular network behavior. These
scenarios enabled the assessment of network performance under diverse circumstances,
providing valuable insights into its performance in terms of metrics such as latency, packet
loss, and throughput (see Table 7).
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Table 6. Vehicular movement record: speed, displacement, and turning angle.

N° Vehicular Movement Speed Displacement Turning Angle

1 veh0 0 0 256.58
2 veh0 7.31 2.03 256.58
3 veh0 14.34 6.01 256.58
4 veh0 23.55 12.56 256.58
5 veh0 29.77 20.83 256.58
6 veh0 34.9 30.52 256.58
7 veh0 40.94 41.89 256.58
8 veh1 34.9 30.52 151.07
9 veh0 46.92 54.93 256.58
10 veh1 6.81 1.89 143.21
11 veh0 35.16 64.69 256.58
12 veh1 15.23 6.12 134.85
13 veh0 22.44 70.93 256.58
14 veh1 20.01 11.68 134.85
15 veh1 25.01 18.63 134.85
16 veh1 33.97 28.07 137.78
17 veh0 28.01 94.52 165.66
18 veh1 36.44 104.64 165.66
19 veh0 45.1 52.57 147.9
20 veh1 41.63 116.2 165.66
21 veh0 43.31 64.6 156.6
22 veh1 50.45 130.22 165.66
23 veh0 42.72 76.47 164.35
24 veh1 57.15 146.09 165.66
25 veh0 45.46 89.1 170.9
26 veh1 65.44 164.27 165.66
27 veh0 41.64 100.67 173.01

65,508 veh1 72.99 184.55 165.66

The analysis of the overall average speed indicates that vehicles travel at an average
speed of 21 km/h. Furthermore, the distance between the Pontifical Catholic University of
Ecuador, Esmeraldas Campus (PUCESE), and the Multiplaza Shopping Center has been
determined to be approximately 1.5 km.

To calculate the time required to cover this distance at the average speed, the following
formula is used:

Speed =
Distance

Time
⇒ Time =

Distance
Speed

(11)

In this case, substituting the values yields the following:

Time =
1.5 km

21.9 km/h
= 0.068 h (12)

This value is then converted from hours to minutes using the following operation:

0.068 h × 60 min/h = 4.08 min (13)

Therefore, the estimated travel time between PUCESE and the Multiplaza Shopping
Center, considering an average speed of 21.9 km/h, is approximately 4.08 min.

A key aspect of this analysis is that the accuracy and applicability of the obtained
results are directly influenced by the mathematical models and algorithms employed in
the simulation. The defined assumptions and specific configurations used in setting up
the simulator play a decisive role in the outcomes. For example, parameters such as the
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mobility model, the communication protocol used, or the representation of environmental
interferences can have a significant impact on the obtained performance metrics.

Table 7. Vehicle route tracking: traveled lane, distance, and speed.

Traveled Route Traveled Lane Traveled Distance Speed

416064999#0 416064999#0_0 1 22.22
416064999#0 416064999#0_0 2.03 22.22
416064999#0 416064999#0_0 6.01 22.22
416064999#0 416064999#0_0 12.56 22.22
416064999#0 416064999#0_0 20.83 22.22
416064999#0 416064999#0_0 30.52 22.22
416064999#0 416064999#0_0 41.89 22.22
98769545#0 98769545#0_0 34 21.22
416064999#0 416064999#0_0 54.93 22.22
98769545#0 98769545#0_0 1.89 22.22
416064999#0 416064999#0_0 64.69 13.89
98769545#0 98769545#0_0 6.12 27.78
Average 21

4.2. Average Speeds per 10 Min Interval and Lane

Congestion is identified by a true value in the congestion column, indicating that the
average speed for that lane during a specific time interval is below the pre-established
congestion threshold, which in this case is 10 km/h. This congestion value signals that
traffic in that lane has slowed down, which may be due to a buildup of vehicles that reduces
the speed of traffic flow (see Figure 7).

For example, the lane with the identifier 412782454 has an average speed of 7.82 km/h,
which is below the 10 km/h threshold. As a result, this lane is marked as congested
(congestion = true), indicating that traffic speed in that lane has decreased significantly
during that time interval.

Similarly, the lane identified as 1142348508 has an average speed of 9.53 km/h, also
below 10 km/h, which is also classified as congestion (congestion = true). This suggests
that, in this lane, the traffic flow experienced a decrease in speed during the same interval.

This type of analysis is crucial for monitoring traffic behavior and detecting potential
congestion points over time in different lanes. By identifying these congested intervals, it is
possible to implement measures to alleviate congestion or improve traffic management,
optimizing vehicle circulation and reducing waiting times (see Table 8).

Figure 7. Variation of average speed per lane and congestion threshold (10 km/h) in different
time intervals.
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Table 8. Congested intervals and lanes.

No. 10 Min Interval Traffic Lane Average Speed (Km) Congestion

1 12/8/2022 18:20 412782454#0_0 7.82 True
2 12/8/2022 18:20 412782454#1_0 7.61 True
3 12/8/2022 18:20 412787010#0_0 9.32 True
4 12/8/2022 18:20 412787012#1_0 5.40 True
5 12/8/2022 18:20 1142348508_0_0 9.59 True
6 12/8/2022 18:20 1142349518_7_0 8.94 True
7 12/8/2022 18:20 1142545047_10_0 9.52 True
8 12/8/2022 18:20 1142545329_1_0 9.86 True

310 12/8/2022 18:25 41278245654#0_0 6.89 True

4.3. Congestion Prediction

Figure 8 shows the class distribution before and after applying SMOTE (Synthetic
Minority Over-sampling Technique). In the first distribution, before applying SMOTE,
a strong imbalance between classes is observed. The “No Congestion” class (in blue) has
a significantly larger number of samples compared with the “Congestion” class (in red),
which has very few observations.

After applying SMOTE, both classes have virtually the same number of samples.
The minority class (“Congestion”) has been oversampled to match the quantity of the
majority class (“No Congestion”). This balance reduces the bias towards the majority class
and improves the generalization ability of machine learning models.

The use of SMOTE has allowed for balancing the class distribution in the dataset,
which is fundamental to optimizing the performance of predictive models in imbalanced
classification problems. Now, the models will be able to identify both classes more equitably.

Figure 8. Distribution of classes before and after applying SMOTE.

In the Transformer model, the training loss progressively decreases, but its descent
slows down after a few epochs. The validation loss shows a more unstable trend, with fluc-
tuations and an increase in the last epochs, which could indicate overfitting problems. In
the LSTM model, the training loss decreases steadily throughout the epochs, indicating
good convergence. The validation loss shows variations, but, in general, maintains a de-
creasing trend, although with some instability. The LSTM model shows greater stability
in the reduction of loss in both training and validation, which suggests a better fit to the
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problem. In contrast, the Transformer model shows signs of overfitting, since the validation
loss does not follow the same decreasing trend as the training loss (see Figure 9).

Figure 9. Training loss of the Transformer and LSTM model.

Table 9 shows the evolution of training and validation losses for Transformer and
LSTM models across 20 epochs. In the case of the Transformer model, the training loss
remained relatively stable, decreasing slightly from 0.60 in epoch 1 to 0.54 in epoch 20.
On the other hand, the validation loss fluctuated between 0.39 and 0.60, showing no clear
trend of improvement, which suggests possible overfitting or instability in generalization.
In contrast, the LSTM model presented a consistent decrease in training loss, from 0.47 in
epoch 1 to 0.12 in epoch 20, indicating effective learning. Furthermore, the validation loss
also showed a decreasing trend, albeit with some fluctuations, varying between 0.13 and
0.32, which suggests a better generalization capacity compared with the Transformer.

In general terms, the LSTM model demonstrated better performance in reducing losses
in both training and validation, with a more pronounced and stable decrease. Meanwhile,
the Transformer model, although showing a slight improvement in training loss, presented
greater fluctuations in validation loss, which could indicate difficulties in generalizing.
In conclusion, the LSTM exhibited a more stable and consistent behavior across epochs,
while the Transformer showed some instability in validation, suggesting that LSTM might
be more suitable for this specific task.

In the case of the Transformer model, the training accuracy remained relatively stable,
with an initial value of 0.69 in epoch 1 and reaching 0.74 from epoch 4 onwards, where it
stabilized. However, the validation accuracy fluctuated between 0.67 and 0.85, showing
no clear trend of improvement, which suggests some instability in generalization. On the
other hand, the LSTM model showed a consistent increase in training accuracy, starting at
0.76 in epoch 1 and reaching 0.95 in epoch 20, indicating effective learning. Furthermore,
the validation accuracy also showed a high and stable performance, varying between 0.90
and 0.97, with a general trend towards improvement.

In general terms, the LSTM model demonstrated superior performance in terms of
accuracy, in both training and validation, with a consistent improvement and higher values
compared with the Transformer. Meanwhile, the Transformer model, although maintaining
stable training accuracy, presented significant fluctuations in validation accuracy, which
could indicate difficulties in generalizing. In conclusion, the LSTM showed more consistent
and effective behavior in terms of accuracy, in both training and validation, while the
Transformer showed some instability in validation, suggesting that the LSTM might be
more suitable for this specific task (see Table 10).

In the case of the Transformer model, the loss was 0.48, which indicates a moderate
error in the predictions. Additionally, the accuracy reached a value of 0.79, showing
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acceptable performance in classification. However, the precision was 0.10, which suggests
a low ability to correctly identify positive cases. On the other hand, the recall was 0.65,
indicating a moderate ability to detect positive cases, while the F1-score was 0.17, reflecting
a poor balance between precision and recall. Finally, the MSE and RMSE were 0.21 and
0.46, respectively, showing a relatively high mean squared error.

Table 9. Training and validation losses for Transformer and LSTM models across epochs.

Epoch Loss
Transformer

Val Loss
Transformer Loss LSTM Val Loss LSTM

1 0.60 0.44 0.47 0.32
2 0.57 0.53 0.35 0.25
3 0.56 0.45 0.32 0.26
4 0.56 0.56 0.28 0.22
5 0.55 0.45 0.26 0.13
6 0.55 0.46 0.24 0.21
7 0.55 0.47 0.23 0.23
8 0.55 0.49 0.22 0.24
9 0.55 0.51 0.21 0.24
10 0.55 0.49 0.20 0.27
11 0.55 0.52 0.19 0.23
12 0.55 0.52 0.18 0.18
13 0.55 0.57 0.17 0.21
14 0.55 0.53 0.16 0.18
15 0.55 0.39 0.15 0.21
16 0.55 0.47 0.15 0.20
17 0.55 0.60 0.14 0.24
18 0.55 0.51 0.13 0.19
19 0.54 0.57 0.13 0.19
20 0.54 0.48 0.12 0.21

Table 10. Evolution of training and validation accuracy for Transformer and LSTM models
across epochs.

Epoch Accuracy
Transformer

Val Accuracy
Transformer

Accuracy
LSTM

Val Accuracy
LSTM

1 0.69 0.84 0.76 0.93
2 0.73 0.75 0.84 0.94
3 0.73 0.82 0.86 0.92
4 0.74 0.71 0.88 0.94
5 0.74 0.82 0.89 0.97
6 0.74 0.80 0.89 0.94
7 0.74 0.80 0.90 0.92
8 0.74 0.78 0.91 0.91
9 0.74 0.76 0.91 0.92
10 0.74 0.77 0.91 0.90
11 0.74 0.75 0.92 0.91
12 0.74 0.75 0.92 0.94
13 0.74 0.70 0.93 0.92
14 0.74 0.73 0.93 0.94
15 0.74 0.85 0.93 0.92
16 0.74 0.79 0.94 0.94
17 0.74 0.67 0.94 0.91
18 0.74 0.75 0.94 0.94
19 0.74 0.70 0.95 0.94
20 0.74 0.79 0.95 0.93
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In contrast, the LSTM model presented a loss of 0.21, which indicates a significantly
lower error compared with the Transformer. The accuracy was 0.93, demonstrating excellent
performance in classification. Likewise, the precision improved to 0.29, which reflects a
greater ability to correctly identify positive cases. The recall was 0.71, showing a greater
ability to detect positive cases, and the F1-score was 0.42, reflecting a better balance between
precision and recall. Furthermore, the MSE and RMSE were 0.07 and 0.26, respectively,
indicating a much lower mean squared error (see Table 11).

Table 11. Comparison of performance metrics between Transformer and LSTM models.

Models Loss Accuracy Precision Recall F1-Score MSE RMSE

Transformer 0.48 0.79 0.10 0.65 0.17 0.21 0.46
LSTM 0.21 0.93 0.29 0.71 0.42 0.07 0.26

In the comparison of accuracy, the LSTM model shows significantly higher accuracy
compared with the Transformer. While the accuracy of the LSTM approaches 0.8, that of the
Transformer is notably lower, indicating inferior performance in this metric. Furthermore,
in the comparison of the pseudo metric, the LSTM also outperforms the Transformer,
presenting higher and more consistent values, which reinforces its effectiveness in the
evaluated task.

Regarding the mean squared error (MSE), the LSTM has a lower MSE than the Trans-
former, indicating a smaller error in predictions. Conversely, the Transformer shows a
higher MSE, suggesting inferior performance in terms of predictive accuracy. Finally, in all
compared metrics (accuracy, pseudo, and MSE), the LSTM model outperforms the Trans-
former, demonstrating superior performance in the prediction task. This general trend
confirms that LSTM is a more suitable and effective option for this type of application
(see Figure 10).

Figure 10. Performance Comparison Between Transformer and LSTM Models in Terms of Evalua-
tion Metrics.

5. Discussion
The initial research question focuses on determining which machine learning model,

between Transformer and LSTM, is most effective in predicting real-time vehicular con-
gestion, using metrics such as precision, recall, F1-score, and mean squared error (MSE).
In a context of increasing urbanization and a growing number of vehicles, the need for ad-
vanced traffic management systems is highlighted, where machine learning (ML) emerges
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as a promising tool to address complex problems such as congestion prediction in urban
intersections. However, although machine learning offers innovative solutions, its im-
plementation in real urban environments can face challenges such as the availability of
high-quality data and adaptability to dynamic conditions. To address these challenges,
the use of advanced ML models, such as Transformer and LSTM, is proposed to improve
accuracy in congestion prediction, integrating real-time data and robust metrics to evaluate
their performance.

A simulation platform has proven to be fundamental in analyzing traffic patterns and
evaluating management strategies. In this study, an urban segment with high vehicular
density and complex intersections was selected, allowing the collection of key empirical
data, such as average speeds and traffic conditions, essential for training machine learning
models. Studies like [43] emphasize that the fidelity of data generated in simulations
depend on their realism. However, the quality of simulated data may not fully reflect
real-world traffic dynamics, which could limit the effectiveness of trained models.

The approach based on the analysis of average speeds per time interval and lane
proved effective in identifying congestion situations. A speed threshold of 10 km/h was
used to classify road segments as congested. These data, processed using clustering
techniques and supervised labeling, were integrated into robust datasets for training
predictive models. According to [44], the combination of these data with ML algorithms
improves early detection of congestion. However, the use of a fixed speed threshold may
not be sufficient to capture the complexity of congestion in different urban contexts.

In the results obtained, the LSTM model outperformed the Transformer in all evaluated
metrics, showing superior performance in precision, recall, F1-score, and errors (MSE and
RMSE). The Transformer, although it had acceptable performance in accuracy, showed
limitations in identifying positive cases (precision) and in the balance between precision
and recall (F1-score). Studies like [1] suggest that, in scenarios with imbalanced data,
techniques such as oversampling or cost-sensitive learning are useful to mitigate biases.
Therefore, it is proposed to use data balancing techniques, such as SMOTE, and adjust the
models to improve their generalization ability in imbalanced scenarios.

The models can include additional factors, such as weather conditions, peak hours,
and historical traffic patterns, improving the accuracy of predictions [45]. Additionally,
the algorithms can dynamically adjust to new traffic conditions, allowing real-time predic-
tions and the identification of congestion patterns to propose solutions such as alternative
routes or adaptive traffic signal control. However, the inclusion of multiple factors can
increase model complexity and require greater computational resources. To address this
problem, it is suggested to optimize the models using feature selection techniques and the
use of specialized hardware to handle computational complexity.

The representativeness of the data used to train the models is key to the accuracy
of predictions. Greater integration with IoT sensors could improve the quality and va-
riety of data. The adaptation of the model to larger and more complex urban networks
represents a significant challenge, where techniques such as federated learning could fa-
cilitate large-scale distributed analysis. Although simulations are useful, they should be
complemented with tests in real scenarios to evaluate the practical applicability of the
proposed solutions [46]. The dependence on simulations can limit the generalization of
models to real environments, especially in cities with unique infrastructures and traffic
dynamics. Therefore, it is recommended to combine simulations with real data and use
federated learning techniques to scale the models to larger urban networks, ensuring their
applicability in diverse contexts.
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6. Conclusions
This research evaluated the application of machine learning to the analysis of Vehicular

Ad Hoc Network (VANET) data to predict vehicular congestion in urban intersections with
high accuracy. In this regard, the implemented simulation model, based on a representative
urban segment, proved to be an effective tool for collecting the empirical data necessary
for the analysis and validation of traffic management strategies. Specifically, the selection
of the road segment between PUCESE and the Multiplaza Shopping Center provided
a realistic and complex scenario, essential for evaluating the performance of vehicular
communication algorithms and protocols.

Furthermore, the use of average speed thresholds (<10 km/h) to identify vehicular
congestion resulted in an efficient methodology for generating useful datasets for predictive
models. This approach, although simplified, proved to be robust by allowing the early
detection of traffic hotspots, which supports its feasibility for continuous monitoring and
the implementation of proactive solutions. The choice of this threshold was based on
previous studies indicating that speeds below 10 km/h are indicative of congestion in
urban environments. However, it is recognized that this threshold could be adjusted based
on the specific characteristics of each city or region, allowing for greater adaptability of the
model to different urban contexts.

Regarding the model’s performance, the LSTM model achieved outstanding metrics,
with a loss of 0.21, an accuracy of 0.93, a precision of 0.29, a recall of 0.71, an F1-score of
0.42, a mean squared error (MSE) of 0.07, and a root mean squared error (RMSE) of 0.26.
These results indicate that the LSTM outperformed the Transformer in all evaluated metrics,
showing superior performance in terms of accuracy, recall, F1-score, and errors (MSE
and RMSE). The LSTM model demonstrated an exceptional ability to capture temporal
patterns in the data, making it particularly suitable for real-time congestion prediction
tasks. On the other hand, the Transformer, although showing acceptable performance in
accuracy, presented limitations in identifying positive cases (precision) and in the balance
between precision and recall (F1-score), suggesting that it may not be the best option for
scenarios with imbalanced data.

Finally, it is concluded that neural networks are a powerful tool for integrating mul-
tiple variables, such as weather conditions and historical patterns, thereby improving
the accuracy of predictions. Furthermore, these networks allow for dynamic adaptation
to changing traffic conditions, facilitating real-time predictions. Finally, the models can
propose intervention strategies, such as alternative routes or adaptive traffic signal con-
trol, contributing to more efficient urban traffic management. The ability of the models
to identify congestion patterns and propose real-time solutions represents a significant
advance in traffic management, allowing authorities to make informed and timely decisions
to mitigate the negative effects of vehicular congestion. Additionally, the integration of
emerging technologies, such as IoT sensors and federated learning, could further improve
the accuracy and scalability of these models, facilitating their application in larger and
more complex urban networks.
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