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Abstract: Recent research has demonstrated a strong correlation between the exponential growth of the
transportation sector and the increase in urban phenomena such as traffic accidents and congestion. In
this context, accurate congestion prediction has become a primary objective to improve urban mobility
and mitigate the negative effects associated with traffic.The study proposes a machine learning-
based classification model to predict vehicular congestion. Using a dataset that includes variables
such as speed, traffic flow, and weather conditions, various classification algorithms were trained
and evaluated. The results obtained indicate that models based on Random Forest offer superior
performance in the task of congestion prediction.To evaluate the impact of these predictions on urban
mobility, the model was integrated into a vehicular ad-hoc network (VANET) simulation environment.
The simulation results demonstrated that providing real-time traffic information based on model
predictions allows drivers to make more informed decisions, consequently reducing travel times and
emissions.

Keywords: congestion prediction; urban mobility; machine learning; traffic optimization

1. Introduction
Traffic congestion poses a growing challenge to cities worldwide, driven by increasing urbaniza-

tion and motorization. This phenomenon, which translates into significant problems for urban mobility,
negatively impacts multiple aspects of daily life. Firstly, it affects the quality of life of citizens by
causing prolonged delays in travel times, stress, and exposure to high levels of air pollution. Secondly,
it impacts the local economy, increasing costs associated with excessive fuel consumption and loss
of productivity. Moreover, emissions from traffic contribute to climate change, exacerbating global
environmental problems [1].

In Ecuador, cities like Esmeraldas face this issue acutely. The sustained increase in the vehicle fleet,
combined with limited road infrastructure and, in some cases, complex topography, has intensified
urban mobility challenges [2]. In particular, in critical areas of these cities, users experience significant
time losses and an increase in traffic accidents, highlighting the urgent need for effective traffic
management solutions [3].

To address this problem, this study focuses on the development of Intelligent Transportation
Systems (ITS) and Vehicular Ad Hoc Networks (VANETs). These networks, based on communication
between vehicles and roadside stations, facilitate the generation of real-time data-driven solutions.
Through the use of advanced technologies, VANETs enable monitoring and optimization of vehicular
mobility, providing strategic information for decision-making [4].

Consequently, machine learning techniques, specifically the Random Forest algorithm, are em-
ployed, renowned for its ability to handle complex data and its performance in classification tasks.
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This approach facilitates the identification of patterns in historical traffic data, enabling the prediction
of traffic congestion and, consequently, the adoption of proactive measures to mitigate its impact [5].

Furthermore, cities like Esmeraldas face significant challenges related to urban mobility man-
agement due to the lack of predictive tools that allow authorities to anticipate and manage traffic
congestion. In this context, this study aims to contribute to the development of technological solutions
that integrate predictive models and vehicular networks, offering innovative tools for traffic planning
and optimization.

Specifically, the objectives of this research include analyzing the current state of vehicular mobility
in critical urban areas, developing a predictive model of traffic congestion based on historical data and
machine learning, and finally evaluating the accuracy and performance of the model using standard
classification metrics.

Moreover, the sustained increase in traffic congestion in Ecuador demands immediate and sus-
tainable solutions. This study seeks to address the need for technological tools that enable authorities
to anticipate and mitigate the negative impacts of traffic on both citizens’ quality of life and the
environment. Through the use of historical data, the development of predictive models, and the
implementation of simulations, this research aims to reduce the adverse effects of congestion and lay
the foundation for more efficient and sustainable traffic management.

Additionally, various studies conducted in Latin America have demonstrated the potential of
vehicular networks 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 [6]. Similarly, in Ambato, traffic data has highlighted the urgent need for predictive
tools to optimize road connectivity, especially in areas with high vehicle density [7]

Finally, the theoretical framework of this research is based on the use of Vehicular Ad Hoc
Networks (VANETs) and machine learning techniques to identify complex patterns in large datasets.
Furthermore, probability theory and statistics are fundamental for the development of predictive
models such as Random Forest, which combines multiple decision trees to improve accuracy in
classification and prediction tasks [8].

The research is conducted in the context of medium-sized Ecuadorian cities such as Esmeraldas,
where traffic congestion represents a critical challenge for urban mobility. These cities have particular
characteristics, such as challenging topography and limited road infrastructure, which exacerbate
traffic problems and highlight the need to adopt technological solutions to improve traffic management
[9].

Finally, as a research question to address this problem, the following is proposed: How can ma-
chine learning be applied to VANET data analysis to predict vehicular congestion at urban intersections
with high accuracy?

2. Background
Accelerated urbanization and the growth of motorization worldwide have significantly intensified

vehicular congestion in urban areas [10]. This problem affects the quality of life by prolonging
travel times and generating higher stress levels in the population. Additionally, it has economic
and environmental repercussions, such as increased fuel consumption, air pollution, and loss of
productivity [11].

Traditional traffic management strategies, based on fixed infrastructure such as traffic lights
and centralized control systems, have significant limitations in their ability to adapt to the changing
dynamics of traffic [12]. In this context, Vehicular Ad Hoc Networks (VANETs) have emerged as a
promising technology for traffic management in urban environments [13].

VANETs enable wireless communication between vehicles, facilitating the real-time exchange of
data related to location, speed, and traffic conditions. This capacity for information sharing opens
up new possibilities for the development of intelligent transportation systems, improving efficiency
and road safety [14]. In particular, the analysis of data from VANETs to predict vehicular congestion
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represents a significant advance. This approach allows for the identification of real-time traffic patterns
and the anticipation of traffic jams, facilitating the implementation of proactive measures such as
optimizing traffic lights, demand management, and traffic rerouting [15].

Despite their potential, VANETs still face several challenges. These include the need for more
robust and accurate prediction algorithms, the efficient management of large volumes of data, and
the protection of the privacy and security of transmitted information [16]. Therefore, addressing
these challenges is essential to maximize the effectiveness of this technology in mitigating vehicular
congestion.

The present research addresses these challenges by developing a predictive model based on
machine learning that uses VANET data to anticipate vehicular congestion at urban intersections. This
study is expected to contribute to the advancement of the field of intelligent traffic management and
provide valuable tools for informed decision-making by transportation authorities.

The study focuses on a critical intersection in the city of Esmeraldas, Ecuador, where traffic data
was collected during peak hours through ESVIAL EP and ECU 911 [2]. Based on this analysis, the
effectiveness of a simulated vehicular network was evaluated using the SUMO software, a specialized
tool for simulating urban traffic [17]. Additionally, the Random Forest algorithm was used to identify
patterns and accurately predict vehicular congestion [18].

The developed model seeks to contribute to more efficient and sustainable traffic management,
responding to the urgent need for advanced technological solutions that mitigate the negative effects
of vehicular congestion in Ecuadorian cities and in similar contexts in other regions.

3. Materials and Methods
This project was structured under a predictive research approach, with the primary objective

of identifying the most effective machine learning algorithms for predicting vehicular congestion in
complex urban environments [19]. In this context, ensemble methods were highlighted, playing a
fundamental role in combining multiple models to improve the accuracy and robustness of predic-
tions. These approaches allow for leveraging the individual strengths of each model, mitigating their
weaknesses, and consequently optimizing the overall performance of the predictive system (seen in
Figure 6).

Figure 1. Problem identification

This study utilizes the Design Science Research methodology, a framework composed of three
primary phases: relevance, design, and rigor. The relevance phase involves identifying the problem to
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be addressed and defining the context of the solution’s application, with a focus on ensuring significant
impact [20]. The design phase centers on the creation of innovative solutions through the development
of prototypes or models that directly meet the identified needs. The rigor phase then focuses on
validating these proposed solutions, ensuring both their theoretical and practical robustness through
scientific methods and thorough evaluations. This methodology facilitates a systematic process for
developing useful and applicable artifacts in real-world settings (seen in Figure 2).

Figure 2. Design Science Research (DSR)

3.1. Relevance Cycle

In an initial phase, a predictive model was developed using methodologies based on ensemble
techniques, widely recognized for their ability to improve predictive performance by combining
multiple algorithms [21]. This process began with a comprehensive review of the scientific literature
specialized 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.

The PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) methodol-
ogy was implemented to ensure a systematic, rigorous, and transparent approach to the selection of
relevant literature for the development of the predictive model [22]. This methodological approach al-
lowed 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 consisted of four main stages, described below:

Identification: This initial stage involved a comprehensive literature search in recognized academic
databases, such as IEEE Xplore [23], Springer, and Elsevier. The search process generated a total of
150 preliminary records. Subsequently, duplicate records (30 in total) were removed, as well as 10
additional records that were deemed ineligible using automated filtering tools, such as keyword and
metadata analysis. This procedure resulted in a total of 110 unique records considered relevant for the
initial analysis.

Screening: Once the 110 unique records were obtained, a screening process was conducted, which
included reviewing the titles and abstracts of the studies. This preliminary analysis aimed to assess
whether the records met predefined inclusion criteria, such as the specific topic of machine learning
applied to traffic congestion prediction [24]. As a result, 30 records were excluded due to their lack of
alignment with the research objectives, leaving 90 records that proceeded to the next phase for more
in-depth analysis.

Eligibility Assessment: In this phase, the remaining 90 records underwent a detailed full-text
review. This analysis aimed to evaluate the methodological quality, the robustness of the reported
results, and the applicability of the studies to the research topic. Rigorous criteria were applied, such
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as the use of predictive approaches based on ensemble techniques and the relevance of the analyzed
variables [25]. Following this process, 40 studies were selected that met all established criteria, standing
out for their theoretical and empirical relevance in the context of machine learning applied to vehicular
environments.

Inclusion: In the final stage, the 40 selected studies were integrated into the systematic analysis.
These studies constituted 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 traffic congestion in VANETs (Vehicular Ad Hoc Networks).

The use of the PRISMA methodology allowed for the structured and transparent documentation
of each step of the literature selection process, facilitating research replicability. Furthermore, this
methodology ensured that the selected studies were of high quality and aligned with the research
objectives, thus contributing to the robustness of the developed predictive model [26].

A critical aspect of this stage was the identification of the variables that would make up 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 [27]. This initial analysis
allowed for the structuring of a representative dataset that integrated temporal, spatial, and speed
characteristics, fundamental elements for modeling complex phenomena in urban environments.

3.2. Desing Cycle

During this stage, the technological artifacts were conceptualized and developed, which in this
case consisted of machine learning models. Ensemble methods, such as Random Forest [28].

• 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:
Date Conversion: Dates were converted to datetime format to enable temporal operations and
analysis, such as grouping by time intervals. Time Interval Creation: Data was grouped into
10-minute 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.

• Data exploration: The initial analysis focused on detecting and visualizing relevant patterns in
traffic behavior. Among the activities carried out, the following stand out:
Congestion Detection: A speed threshold of 10 km/h was defined as a criterion for identifying
intervals with vehicular congestion. This definition allowed for data labeling and establishing
clear differences between normal and congested conditions [29] . Temporal Visualization: Graphs
were generated representing average speeds as a function of time for each lane, using a reference
line to highlight moments when the speed fell below the established threshold [30].

• Derived features: To enrich the dataset and improve the predictive capability of the model, new
features were derived:
Congestion Labeling: A binary column was added to classify each interval as congested (1) or
not congested (0), based on the previously defined threshold. Temporal Variables: Additional
features were added, such as time of day and day of the week, providing temporal context and
allowing for capturing seasonal patterns in traffic [31].

• Predictive modeling: The modeling stage involved training a machine learning algorithm to
predict vehicular congestion. This process included:
Model Selection: A Random Forest Classifier was used, known for its ability to handle large
datasets and detect complex interactions between variables [32].

hT(x) = cm, si x ∈ Rm (1)
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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 predictive model’s performance was evaluated using standard machine
learning metrics:
Classification Report: Metrics such as accuracy, sensitivity, and specificity were generated, demon-
strating the model’s high ability to correctly identify intervals with and without congestion.
Confusion Matrix: This matrix illustrated the number of true positives, true negatives, false
positives, and false negatives, providing valuable information for interpreting results and making
future adjustments [33].

• Results visualization: To facilitate the interpretation of findings and communicate the results, key
visualizations were developed:
Average Speed Graph: Graphs clearly and comprehensibly displayed average speed patterns
by lane, highlighting critical congestion moments [34]. Confusion Matrix Visualization: The
confusion matrix was presented in a graphical format, allowing for a visual understanding
of the model’s performance and identification of areas for improvement. This systematic and
evidence-based approach provided a comprehensive view of vehicular traffic behavior and
established a solid foundation for the development of intelligent traffic management systems in
urban environments.

3.3. Rigor Cycle

This component ensured the robustness and scientific validity of the developed models. Standard
metrics such as accuracy, sensitivity, specificity, and the confusion matrix were used to evaluate
the performance of the selected algorithms. Additionally, the obtained results were compared with
previous studies in the field of vehicular congestion prediction, ensuring that the proposed solutions
align with the existing literature [35].

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 ap-
proximately 1.4 kilometers, was chosen for its ability to represent a dense and complex traffic scenario.
The area bounded by Eugenio Espejo, Pichincha, Muriel, and Pedro Vicente Maldonado streets, char-
acterized by intersections, traffic lights, and varying traffic flow, was defined as the study area (see
Figure 3).
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Datos del mapa © 2025 100 m 

5 min

1.5 km

por Pedro Vicente Maldonado

La ruta más rápida


5 min

1.5 km

por Av. Olmedo

En automóvil 1.5 km, 5 minPontificia Universidad Católica del Ecuador - Sede Esmeraldas,
Esmeraldas a Centro Comercial Multiplaza., Calle, Pedro Vicente Maldonado, Esmeraldas

Figure 3. Analysis Map of PUCESE and Multiplaza Shopping Mall

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 1)

Table 1. 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 2).

Table 2. Coordinates PUCESE - Multiplaza Shopping Mall

Location Latitude Longitude

Pontifical Catholic University of
Ecuador, Esmeraldas Campus

0.9697314545985082 -7.965.741.360.677.340

Multiplaza Shopping Mall 0.9765167208899496 -796.534.656.373.013

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 4).
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Figure 4. 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 intersections 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 ??).

Table 3. Study area 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.

This analysis allows for the identification of vehicular flow patterns and typical traffic concen-
trations, which are essential for reproducing realistic scenarios. Based on this data, a reasonable
vehicle load can be established that faithfully reflects the conditions observed in real life, ensuring that
the simulation accurately captures traffic dynamics and facilitates the evaluation of management or
intervention strategies.

Therefore, the calibration of routes and vehicle loads becomes a key process to more accurately
emulate behaviors under real urban conditions (see Table 4).
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Table 4. File configuration for routes

osm.net.xml, osm.passenger.trips.xml and osm.poly.xml files

<configuration xmlns:xsi="http://www.w3.org/2001/XMLSchema-instance"
xsi:noNamespaceSchemaLocation="http://sumo.dlr.de/xsd/sumoConfiguration.xsd">
<input>
<net-file value="osm.net.xml"/> //Road network archive
<route-files value="osm.passenger.trips.xml"/> //Vehicle demand
<additional-files value="osm.poly.xml"/> //polygons
</input>
<processing>
<ignore-route-errors value="true"/>
</processing>
<routing>
<device.rerouting.adaptation-steps value="18"/>
<device.rerouting.adaptation-interval value="10"/>
</routing>
<gui_only>
<gui-settings-file value="osm.view.xml"/>
</gui_only>
</configuration>

This scenario simulates real-world urban conditions, enabling the evaluation of routing algorithms
and vehicular communication protocols designed to optimize traffic flow and minimize congestion.
Through detailed simulations, the study aims to analyze the capability of VANETs to generate alterna-
tive routes, reduce travel times, and enhance road safety.

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 validate theoretical models and compare
the performance of different mobility strategies (see Table 5).
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Table 5. Vehicle Movement Data

No. Vehicle GPS Coordinates Speed (km/h) Edge Lane Displacement (m) Rotation Angle

1 veh0 [-79.6527244472348, 0.9724697345761849] 0.00 416064999#0 416064999#0_0 0.00 256.58

2 veh0 [-79.65274218875825, 0.9724654799800492] 7.31 416064999#0 416064999#0_0 2.03 256.58

3 veh0 [-79.6527770144728, 0.972457128422303] 14.34 416064999#0 416064999#0_0 6.01 256.58

4 veh0 [-79.65283420828086, 0.9724434127688836] 23.55 416064999#0 416064999#0_0 12.56 256.58

5 veh0 [-79.65290650082167, 0.9724260762846564] 29.77 416064999#0 416064999#0_0 20.83 256.58

6 veh0 [-79.6529912316884, 0.9724057569608561] 34.90 416064999#0 416064999#0_0 30.52 256.58

7 veh0 [-79.653090648525, 0.9723819157880809] 40.94 416064999#0 416064999#0_0 41.89 256.58

8 veh1 [-79.65547536705684, 0.9726013953539084] 0.00 -98769545#0 -98769545#0_0 0.00 151.07

9 veh0 [-79.65320457887624, 0.9723545941209514] 46.92 416064999#0 416064999#0_0 54.93 256.58

10 veh1 [-79.65546332004871, 0.9725893245511535] 6.81 -98769545#0 -98769545#0_0 1.89 143.21

11 veh0 [-79.6532899510483, 0.9723341209944739] 35.16 416064999#0 416064999#0_0 64.69 256.58

12 veh1 [-79.65543637050122, 0.9725623217742456] 15.23 -98769545#0 -98769545#0_0 6.12 134.85

13 veh0 [-79.65334443155311, 0.972321056006417] 22.44 416064999#0 416064999#0_0 70.93 256.58

14 veh1 [-79.65540097928533, 0.972526860655301] 20.01 -98769545#0 -98769545#0_0 11.68 134.85

15 veh1 [-79.65535672981196, 0.972482523782328] 25.01 -98769545#0 -98769545#0_0 18.63 134.85

16 veh1 [-79.655299346461, 0.9724196949266831] 33.97 -98769545#0 -98769545#0_0 28.07 137.78

17 veh0 [-79.65343859808162, 0.9721813555896256] 28.01 99172472#8 99172472#8_0 94.52 165.66

65508 veh1 [-79.65523237359902, 0.972335033453903] 43.12 -98769545#0 -98769545#0_0 40.04 143.35

P
rep

rin
ts.o

rg
 (w

w
w

.p
rep

rin
ts.o

rg
)  |  N

O
T

 P
E

E
R

-R
E

V
IE

W
E

D
  |  P

o
sted

: 29 Jan
u

ary 2025
d

o
i:10.20944/p

rep
rin

ts202501.2179.v1

https://doi.org/10.20944/preprints202501.2179.v1


11 of 18

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, allowing 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 6).

Table 6. Add caption

Lane Cluster start Cluster end Speed
-376593940#1 1143927076 P_Don_Bosco 22,2
-376593940#0 P_Don_Bosco P_I_Cementerio 22,2
-98881766#7 cluster_1143931389_1143931671 1389_1143931671 22,2
-98881766#5 cluster_1143931389_1143931671 cluster_1143925301_1143931836 22,2
-98881766#3 1143931858 cluster_1143925301_1143931836 22,2
-98881766#2 1143931858 cluster_1143925021_1143927211 22,2
285832009#0 cluster_1143925021_1143927211 cluster_1143929880_1143932435 22,2
285832009#1 cluster_1143929880_1143932435 cluster_1143926346_1143929933 21,2
285832009#2 cluster_1143926346_1143929933 cluster_1143926446_1143932048 22,2
285832009#3 cluster_1143926446_1143932048 cluster_1142711217_1142713649 22,2
98769527#2 cluster_1142711217_1142713649 1142711596 13,9
-98739478#6 1142711596 cluster_1142544813_1142545892 27,8

Average 21,9

The analysis of the overall average speed indicates that vehicles travel at an average speed of 21.9
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

(2)

In this case, substituting the values yields:

Time =
1.5 km

21.9 km/h
= 0.068 h (3)

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

0.068 h × 60 min/h = 4.08 minutes (4)

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 minutes.

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 mobility model, the communication protocol used,
or the representation of environmental interferences can have a significant impact on the obtained
performance metrics.

4.2. Average Speeds per 10-Minute 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 5).
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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.

Figure 5. Filtered Data: Average Speed vs Time 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 7).

Table 7. Congested intervals and lanes

N° Interval_10min Vehicle_travel_lane Average_speed Congestion
1 12/8/2022 18:20 -412782454#0_0 7,82 True
2 12/8/2022 18:20 -412782454#1_0 7,62 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 9,53 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 ... ... ... ...

4.3. Congestion Prediction (Machine Learning Model)

The metrics employed to evaluate the model’s performance are fundamental to understanding its
predictive capabilities. Each metric is detailed below (see Table 8):
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Table 8. Metric to evaluate model performance

Metrics Accuracy Recall F1-score Support
0 1.00 1.00 1.00 12628
1 1.00 1.00 1.00 474
accuracy 1 1.00 13102
macro avg 1.00 1.00 1.00 13102
weighted avg 1.00 1.00 1.00 13102

Precision Precision measures the proportion of correct positive predictions among all positive
predictions. It is a critical metric for assessing the model’s ability to avoid false positives, instances
where a negative is incorrectly classified as positive.

Precision =
Correct Positive Predictions

Total Positive Predictions
(5)

Recall Recall measures the proportion of actual positives that were identified correctly. It is crucial
in scenarios where false negatives (failing to identify a positive instance) are costly, such as in traffic
congestion detection. Formula:

Recall =
True Positives

True Positives + False Negatives
(6)

F1-Score The F1-Score is the harmonic mean of precision and recall, providing a single metric to
evaluate a model. It is particularly useful when dealing with imbalanced classes as it considers both
false positives and false negatives. Formula:

F1 − Score = 2 · Precision · Recall
Precision + Recall

(7)

Support Support simply refers to the number of actual occurrences of a class in the dataset. It
provides context for interpreting the class balance and the significance of the reported metrics. Inter-
pretation of Classification Report The model was evaluated on two primary classes: "No Congestion"
(Class 0) and "Congestion" (Class 1). The results indicate exceptional performance as follows:

By Class:
Class 0 (No Congestion): Support: 12,628 instances (96.38% of total). Precision, Recall, and

F1-Score: 1.00. This implies the model correctly classifies all "No Congestion" instances without errors.
This ideal result might be attributed to the strong correlation between the used features (speed, time,
day) and the absence of congestion. Class 1 (Congestion): Support: 474 instances (3.62Precision,
Recall, and F1-Score: 1.00. Despite being a minority class, the model correctly identifies all congestion
instances. Achieving such precision in a minority class is uncommon in imbalanced datasets and might
indicate overfitting. Overall Performance:

Accuracy: Value: 1.00. Represents the proportion of correct predictions across all instances.
Formula:

Accuracy =
Correctly classified instances

Total instances
(8)

Macro Average: The arithmetic mean of precision, recall, and F1-Score, regardless of class support.
Value: 1.00. Indicates the model treats both classes equally. Weighted Average: The weighted average
of precision, recall, and F1-Score, considering class support. Value: 1.00. Reflects the model’s excellent
performance across both majority and minority classes.
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Figure 6. Confusion matrix

5. Discussion
Subsequently, the research question is analyzed, considering the results obtained from the con-

ducted experiments.

5.1. Addressing the Research Question

The initial research question was: How can machine learning be applied to analyze VANET data
to predict vehicular congestion at urban intersections with high accuracy?.

In the context of increasing urbanization and the rising number of vehicles on the road, the need
for advanced traffic management systems has intensified. In this scenario, machine learning (ML)
emerges as a promising tool for addressing complex problems such as predicting vehicular congestion
at urban intersections with a high degree of accuracy.

5.2. VANET Modeling and Simulation

The use of vehicular ad hoc networks (VANETs) as a simulation platform proved fundamental
for analyzing traffic patterns and evaluating the impact of different management strategies. In this
study, an urban segment with high vehicular density and complex intersections was selected. This
simulation enabled the collection of key empirical data, such as average speeds, movement patterns,
and traffic conditions, essential for training machine learning models.

Previous studies, such as [36], have emphasized that the fidelity of data generated in simulations
depends on their realism, as this ensures they reflect real-world urban dynamics.

5.3. Congestion Detection Based on Average Speeds

The approach based on analyzing 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. This data, after being processed using clustering and supervised labeling techniques, was
integrated into robust datasets for training predictive models.

According to [3], combining this type of data with machine learning algorithms improves the
ability to detect congestion early and facilitates the implementation of corrective measures.

5.4. Performance of Predictive Models

The Random Forest model achieved perfect metrics (precision, recall, and F1-score of 1.00) in
both classes: congestion and no congestion. These results highlight the model’s ability to classify
data correctly. However, they should be interpreted with caution, as the class imbalance (96.38%
non-congested versus 3.62% congested) may have influenced the performance.
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In studies [1], it has been noted that in scenarios with imbalanced data, techniques like oversam-
pling, undersampling, or cost-sensitive learning are useful to mitigate potential biases towards the
majority class.

5.5. Potential of Machine Learning in Congestion Prediction

Machine learning offers multiple advantages for analyzing VANET data: Integration of multiple
variables: Models can include additional factors, such as weather conditions, peak hours, and historical
traffic patterns, improving the accuracy of predictions [37].

Adaptability to changing conditions: Algorithms can dynamically adjust to new traffic conditions,
enabling real-time predictions. Generation of intervention strategies: Models can identify congestion
patterns and propose solutions such as alternative routes or adaptive traffic signal control strategies to
alleviate traffic.

5.6. Potential of Machine Learning in Congestion Prediction

Limitations and Future Opportunities While the results are promising, there are aspects that
need to be addressed: Data quality and diversity: The representativeness of the data used to train the
models is key to the accuracy of predictions. Greater integration with IoT sensors could improve data
quality and variety.

Scalability: Adapting the model to larger and more complex urban networks represents a signifi-
cant challenge. Techniques like federated learning could facilitate large-scale distributed analysis.

Validation in real-world environments: Although simulations are useful, they should be com-
plemented with tests in real-world scenarios to evaluate the practical applicability of the proposed
solutions [38].

In summary, the application of machine learning to VANET data analysis has the potential to
revolutionize urban traffic management, providing accurate, adaptive, and scalable tools to address
one of the major challenges of modern cities.

6. Conclusions
This research evaluated the application of machine learning to the analysis of vehicular ad hoc

network (VANET) data to predict vehicular congestion at 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 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, which was 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 datasets useful for predictive models. In this case,
this simplified but robust approach allows for the early detection of critical traffic points, supporting
its viability for continuous monitoring.

Regarding model performance, the Random Forest model achieved perfect metrics (precision,
recall, and F1-score of 1.00) for both classes (congestion and no congestion). However, although these
results reflect accurate classification, the marked imbalance in classes (96.38% non-congested and 3.62%
congested) suggests the need to incorporate techniques such as oversampling or undersampling to
avoid bias and improve generalization.

Finally, it is concluded that machine learning is a powerful tool for:
Firstly, integrating multiple variables, such as weather conditions and historical patterns, improv-

ing the accuracy of predictions.
Secondly, adapting dynamically to changing traffic conditions, allowing for real-time predictions.
Lastly, proposing intervention strategies such as alternative routes or adaptive traffic signal

control, contributing to more efficient urban traffic management.
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