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RESUMEN

Palabras clave:

Los avances en el campo de la visién artificial han revolucionado la capacidad
de las méaquinas para llevar a cabo la identificacién y clasificacién de objetos en
tiempo real. En este estudio, se examinaron las arquitecturas de redes neurona-

BNN les convolucionales YOLOvS y YOLOVS con el propdsito de lograr una iden-
CNN tificacién precisa y eficiente de objetos en escenarios de tiempo real. Para este
Visién por Computador propésito, se cred un conjunto de datos personalizado, y se emplearon Python
OpenCV y OpenCV para llevar a cabo la anotacién y el entrenamiento de los modelos.
I;}S}Eg Los resultados evidenciaron la destacada precision y velocidad de deteccion de

ambos modelos, inclusive en situaciones de transmision de video en directo.
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1. Introduction

In this study, comprehensive analyses of two state-of-the-
art architectures, YOLOvVS5 and YOLOvVS, were conducted,
with the objective of achieving real-time road actor identifica-
tion. This approach was based on the use of custom datasets,
supported by the powerful computational tools of Python and
OpenCV [1]. Both models exhibited exceptional performance
in detecting objects, even in challenging environments, po-
sitioning them as highly effective tools for applications re-
quiring instantaneous responses [2]. These achievements not
only contribute to practical engineering knowledge but also
unlock a series of new possibilities in various industries, dri-
ving technological advances such as their application in au-
tonomous trucks and industrial automation, which, in turn,
raises efficiency and safety standards [3].

2. Conceptual Framework

2.1.

The field of machine learning focuses on developing algo-
rithms and models that make data-driven decisions, enabling
machines to learn and improve their performance through ex-
perience. In the field of real-time object detection, machine
learning plays an essential role in training models to recog-
nize and categorize objects using datasets that have been pre-
viously labeled [4].

Neural networks, inspired by the functioning of the hu-
man brain, are widely used in machine learning. Among
them, convolutional neural networks (CNN) are especially ef-
fective in tasks related to computer vision, such as the detec-
tion and classification of objects in images and videos [5].

Two notable examples of CNN architectures for real-time
object detection are YOLOvS and YOLOVS. These models
acquire visual knowledge to quickly and accurately iden-
tify and locate objects [6]. The conceptual framework of this
study involves the application of machine learning and CNNs
to address the challenges associated with real-time object de-
tection [7]. The combination of these technologies enables
fast and precise object identification in real-time applications,
with significant implications in areas such as autonomous dri-
ving, security, and surveillance [8].

Machine Learning and Neural Networks

2.2. Governance and Emerging Technologies

A point of paramount importance that demands special
attention is the potential impact on equity and justice. It is
essential to ensure that real-time road actor identification sys-
tems do not inadvertently perpetuate prejudice or discrimina-
tion against certain groups of road users [9]. Unintended bia-
ses present in these systems could have severe consequences,
generating unequal treatment and unfair results.

Furthermore, although technological advances enable
massive data collection, it is of vital importance to prioriti-

ze the protection of personal data and comply with privacy
regulations when collecting and processing visual informa-
tion. Achieving an adequate balance between using gathered
data to improve road safety and guaranteeing people’s pri-
vacy rights constitutes a complex task that requires extremely
cautious policy formulation and execution [9].

2.3. Environment and Mobility

The application of YOLOvVS and YOLOVS in real-time
object detection has the potential to improve both road safety
and traffic management. However, it is essential to evaluate
and address the environmental and mobility implications of
this technology [10]. The use of cameras and sensors can af-
fect biodiversity, so it is essential to minimize adverse effects
on local environments. In this sense, it is a priority to focus
on energy efficiency and the use of renewable energy sources
[10].

Regarding mobility, real-time object detection provides
valuable information to improve transportation planning and
promote sustainable mobility options [11]. Optimizing traffic
lights and improving public transport systems can help reduce
traffic congestion and greenhouse gas emissions generated by
private trucks [11]. In addition, this technology promotes sus-
tainable transport modes, such as carpooling and active mobi-
lity, by offering accurate data on available services, resulting
in decreased emissions and more efficient use of resources
[10].

To guarantee a responsible use of this technology, poli-
cies must address ethical, data protection, and environmental
issues throughout the entire life cycle of these systems [10].
Collaboration between the public, private, and academic sec-
tors becomes an essential component to find effective solu-
tions that drive sustainability and responsible mobility [11].
In summary, responsible implementation and the adoption of
solid policies play a crucial role in maximizing the benefits
of this technology while minimizing negative impacts on the
environment and urban mobility.

2.4. Education and Training in Object Detec-
tion Technologies

Education and training play an essential role in the suc-
cessful implementation of object detection technologies, such
as YOLOvVS and YOLOVS. It is crucial to establish a solid
foundation in the fundamental concepts of machine learning
and convolutional neural networks [12-13].

Acquiring specific knowledge about the characteristics,
advantages, limitations, and appropriate configurations of
these models is essential for a variety of applications [13].
In the training process, it is necessary to incorporate practi-
cal examples and use cases that allow effective application in
real-world situations [14].

Likewise, it is equally important to foster awareness of
the ethical challenges linked to privacy, discrimination, and
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biases present in machine learning models [14]. Participants
must be prepared to responsibly address these ethical and le-
gal issues in practical applications. Ultimately, education and
training empower students and professionals to employ object
detection technologies efficiently and ethically [14].

2.5. Bogota as an Innovative City in the Iden-
tification of Road Actors

Bogot4, the capital of Colombia, has become a pioneer
in the adoption of road actor identification technologies, in-
cluding YOLOvS and YOLOVS. By implementing advanced
object recognition systems, the city has significantly impro-
ved road safety, transport efficiency, and traffic management
[15]. Intelligent cameras and sensors strategically placed th-
roughout Bogoté allow efficient traffic monitoring and real-
time detection of trucks, pedestrians, and bicycles, providing
crucial data for informed decision-making in transport and
road safety [16].

Furthermore, Bogotd has been at the forefront of imple-
menting sustainable mobility policies based on road actor
identification. Leveraging information from object recogni-
tion systems, the city has implemented measures to improve
traffic flow, optimize traffic light timings, and promote the
use of ecological transport options such as public transport
and active mobility. These initiatives have effectively redu-
ced congestion, decreased polluting emissions, and fostered a
more efficient and sustainable transport network [17-18].

3. Model Description

3.1.

The object detection approach, based on the YOLOvVS and
YOLOVS architectures, is dedicated to analyzing vehicle flow
in real-time, making use of computer vision and machine lear-
ning techniques. Its main task consists of identifying, clas-
sifying, and tracking various types of moving trucks on the
roads [19]. The study of traffic flow is of crucial importance
in understanding road congestion, optimizing transport mana-
gement, and improving urban planning. The efficiency with
which this model addresses these tasks is based on its deep
convolutional neural network architecture [20].

Initially, a detection layer is responsible for recognizing
trucks in images or image sequences by using feature maps
to identify distinctive aspects of the trucks, such as their sha-
pes, edges, and textures. Subsequently, object detection algo-
rithms locate and mark each vehicle in the scene [20]. On-
ce detected, a classification layer assigns labels to each vehi-
cle, differentiating between cars, trucks, motorcycles, bicy-
cles, and others, which provides detailed information about
traffic flow and facilitates more specific analyses [21].

In addition, the model incorporates a tracking layer that
monitors the trajectory of trucks over time, allowing the

Traffic Flow Analysis

analysis of vehicle flow behavior, including aspects such as
speed, direction, movement patterns, and accident rates, Figu-
re 1. This precise tracking ensures that the traffic flow count
remains updated and reliable in a given area [22-23].

To improve the precision and robustness of the model,
a training process is carried out using labeled datasets con-
taining images of trucks and annotations indicating their lo-
cation and class. Through machine learning algorithms, the
weights of the convolutional neural network are optimized to
achieve more precise detections and classifications under a
variety of lighting conditions and environments [2].

Figure 1: Road accidents in Colombia during 2020 and 2021.

Actor vial

Condicion 2020 2021 Variacion % V
Usuario de moto 2908 4312 1404 48,28 %
Peaton 1128 1566 438 3883 %
Usuario de vehiculo 624 852 228 36,54 %
Usuario de bicicleta | 433 471 38 878%
Usuario otros 22 13 -9 -40,91 %
Sin Informacion 343 56 -287 -83,67 %
Total 5458 7270 1812 33,20%

Source: Own work based on National Road Safety Agency data [11].

3.2.  YOLO Implementation in Python: Code
and Model Application

The implementation of the YOLO (You Only Look Once)
model in Python has stood out as a highly effective tool for the
precise and efficient identification of road actors in real-time.
YOLO is based on a convolutional neural network architectu-
re that enables the simultaneous detection and classification
of multiple objects in an image [1].

To use the YOLO model in Python, it is necessary to ins-
tall the required libraries and dependencies, such as OpenCV
and PyTorch. Once these are configured, the following steps
can be followed for its implementation:

1. Download and configure the model: First, proceed
to download and configure the pre-trained YOLO mo-
del. Versions such as YOLOv3, YOLOv4, YOLOvVS,
or YOLOVS are available in public access repositories.
Once the model is downloaded, it is loaded using the
PyTorch library [1].

2. Data preparation: Before carrying out the detection of
road actors, a preparation of the input data is required.
This involves obtaining images or accessing a real-time
video stream. The images or video frames must under-
go a resizing and normalization process, ensuring they
adapt to the requirements of the YOLO model [1-27],
Figure 2.
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Figure 2: Fragment of the image dataset used for YOLO
training.

Source: Authors [27].

3. Road actor classification: Once the input data is
ready, it is possible to perform road actor classifica-
tion using the YOLO model. This implies passing the
images or video frames through the model and obtai-
ning the corresponding detections. Each detection will
provide information such as bounding box coordinates,
class label, and confidence associated with that detec-
tion [1].

4. Detection refinement after processing: Once detec-
tions are obtained, a post-processing stage can be ca-
rried out to clean and refine the results. This process
may involve removing low-confidence detections, non-
maximum suppression to eliminate redundant detec-
tions, and assigning labels to detections following a
classification scheme [1].

5. Visualization of results or run set: Finally, it is pos-
sible to visualize the results of road actor detection on
the road. This could include superimposing bounding
boxes and class labels on the images or videos, allo-
wing a visual representation of the detections made by
the YOLO model [1].

3.3. Confusion Matrix and Performance Me-
trics

A confusion matrix is a table that presents the actual clas-
ses of objects and the classes predicted by the model, Figure
3. In the context of object detection, the rows of the matrix
represent the actual classes of the objects, while the columns
represent the classes predicted by the model [28]. The confu-
sion matrix is divided into four main quadrants:

= True Positives (TP): Indicates the quantity of objects

that the model has correctly detected and classified as
positive.

= True Negatives (TN): Indicates the quantity of objects

that the model has correctly classified as negative.

= False Positives (FP): Indicates the quantity of objects

that the model has incorrectly classified as positive.

= False Negatives (FN): Indicates the quantity of objects
that the model has incorrectly classified as negative.

Figure 3: Confusion matrix evaluating the truck image
training model.
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This curve, Figure 4, is generated by plotting precision
as a function of various confidence thresholds. It shows how
precision varies with different confidence values, allowing
researchers to examine the trade-off between precision and
the total number of detections. A higher confidence threshold
leads to fewer detections, but they are more precise.

The precision-confidence curve is fundamental for ad-
justing model parameters and achieving the desired balance
between precision and detection rate within the context of
YOLO-based object detection [29].

Figure 4: Confidence-precision curve for the truck image
training process.
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Source: Authors [29].

The file "results.png” visually represents the training
process of the YOLOv8 model. It contains different types of
information, including:

1. Loss charts: These graphs show how the loss function
evolves over different epochs or iterations during trai-
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ning. Its purpose is to evaluate the model’s learning
progress and its improvement over time.

2. Precision curves: These curves illustrate how the mo-
del’s accuracy increases during the training process.
Precision curves can be organized by class or include
metrics such as average precision or mean IoU for de-
tections.

3. Results visualization: In this section, visual examples
of training images with detections made by the model
at different stages of the training process are presented.
This provides a visual evaluation of the improvement
in the model’s object detection capability.

The fundamental purpose of "results.png” is to provide
researchers and developers with a visual representation that
summarizes and describes the progress and performance of
the model’s training, Figure 5. This facilitates monitoring,
analysis, and adjustments needed to improve the model and
its configuration [30].

Figure 5: Output Results.png"for truck image training.
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Training images generated within the context of YOLO
represent the results of object detection during the model’s
training phase. After each iteration, the model makes pre-
dictions and produces these images showing detected objects

alongside corresponding bounding boxes and labels. These
images play a critical visual role in evaluating the model’s
performance as it learns to detect objects, adjusting bounding
boxes, and assigning appropriate labels.

It is crucial to highlight that these training images are spe-
cific to the training stage and are used to monitor and analyze
the model’s intermediate performance. Once the model is trai-
ned, it is evaluated using other images in real-world scenarios
[31], Figure 6.

Figure 6: Output "Trainimages for truck training.

Source: Authors [31].

In the YOLO training process, validation images are used
to evaluate the model’s performance on new and previously
unseen data. These images are different from the training da-
taset and play a fundamental role in estimating the model’s
capability to generalize its knowledge to unfamiliar situa-
tions.

To perform this evaluation, cross-validation techniques
are used during the YOLO training process. This implies eva-
luating precision, recall, confidence scores, and other metrics
of the model using this independent validation dataset, which
includes validation images, Figure 7. This methodology ensu-
res a complete evaluation of the model’s capabilities on data
that has not been previously observed [32].
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Figure 7: Output "Valimages for truck training.

Source: Authors [32].

During the YOLO training process, the "1labels.png"
file serves to provide a visual representation of the labels or
categories assigned to detected objects in the images used for
training. This representation shows the original images with
bounding boxes surrounding the detected objects, each labe-
led with its corresponding category.

The assignment of these labels, Figure 8, is done ma-
nually during the training process and consists of the object’s
class and the bounding box location. The generated image
has an essential purpose in allowing supervision of the mo-
del’s learning progress, ensuring accurate label assignment to
objects, and observing how bounding boxes adapt during trai-
ning. This visual feedback improves the capability to verify
and refine the labels used to train the YOLO model, which
ultimately contributes to improving its performance and pre-
cision in object detection [33].

Figure 8: Output of label correlation graphs for truck image
training.
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The implementation of YOLO in Python demands power-

ful hardware to perform real-time inference. The model’s per-
formance is subject to variations depending on the size and
the input data used. The training process, Figure 9, covers da-
ta collection, labeling, and model training, which can require
several hours of dedication [34].

Once training is concluded, it is imperative to evaluate the
model using a test dataset to measure its performance and, if
necessary, make adjustments. Once this evaluation is comple-
ted, the model can be implemented in real-time systems, such
as security cameras, autonomous trucks, or drones.

Figure 9: General training scheme used for image
recognition with YOLO.
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3.4. Key Fundamentals in YOLO for
Time Road Actor Detection

Real-

Within the field of artificial intelligence and computer vi-
sion, YOLO (You Only Look Once) has emerged as a highly
efficient and precise approach for object detection in images.
In particular, YOLO has been widely used in road actor de-
tection, such as trucks, pedestrians, and traffic signs, in ap-
plications related to autonomous driving and road safety. To
achieve precise, real-time road actor detection, YOLO relies
on a series of key fundamentals, which are examined below:

= Loss function: The loss function is a tool that quanti-
fies the discrepancy between the model’s predicted out-
put and the actual data. This function is used to train
the model, adjusting its parameters to minimize the loss
function (Equation 1).

The YOLO loss function consists of several different
components. Each component is designed to penalize specific
errors in the model’s predictions. The loss function compo-
nents are divided as follows:

= Box loss: This component penalizes incorrect predic-

tions in relation to the object’s bounding box.
= Class loss without object: This component penalizes
erroneous class predictions when no object is present.

= JoU loss: This component penalizes incorrect predic-
tions in relation to the Intersection over Union (IoU)
metric between predicted bounding boxes and training
labels.

= Compensation loss: This component penalizes inco-

rrect predictions regarding displacement adjustment
between predicted bounding boxes and training labels.
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The global loss function of YOLO is defined as the sum
of all these components. In this equation, the different com-
ponents of the loss function are described, identifying each of
them as follows:

L= Lcls + Lbo:c + Lnoobj + Liou + Lcomp (1)

Where:

= L.s: Corresponds to classification loss.

= Lpo.: Represents the loss related to the bounding box.

= Lpo0p;: Indicates the classification loss without an ob-
ject.

» L;,.: Refers to the IoU (Intersection over Union) loss.

= L.omp: Refers to the compensated loss.

= Gradient descent: Gradient descent is a technique
used to minimize the loss function, adjusting model
parameters in the direction where the loss function de-
creases most rapidly. This optimization is carried out
according to Equation (2).

67[/ _ aLcls
20 00

Where:

= 0: Refers to the model parameters.

= [: Corresponds to the loss function.

= L.s: Represents classification loss.

» Ly, Indicates loss related to bounding boxes.

= Lyoobj: Is the classification loss when no object is pre-
sent.

n L;..: Is the loss related to the intersection.

= Lcomp: Refers to the compensated loss.

aLbom
1ol7)

aLcomp
2
+ 20 )

aLnoobj
00

aLiou
00

= Convolutional Neural Network: A convolutional neu-
ral network (CNN) is a type of neural network structure
specifically designed for image processing. In the con-
text of YOLO, CNNs are employed for the task of iden-
tifying and categorizing objects present in images. This
is described by Equation (3).

y=Ff(Wa+b) 3)

Where:

= y: Is the output of the CNN.

= f:Is the activation function.

= IV: Are the weights of the CNN.
» b: Are the biases of the CNN, and.
= z: Is the input to the CNN.

= Vault and Regression: Refers to a structure used for
storing data, and in the context of YOLO, vaults are
used to store both model weights and training data. Re-
gression is classified as a type of machine learning ap-
proach used to make predictions related to continuous

values. In YOLO, regression techniques are used to
predict both the location and the type of objects pre-
sent in images. This is described by Equation (4).

bl 1 b12 bln
b21 b22 b2n

B = i 4)
bml bm2 bmn

Where:

= B:Is the vault.

= b;;: Is the object in cell 4, row j.

= m: Is the number of cells in the vault, and.

= n: Is the number of objects in each cell.

Each object in the vault is represented as a five-
dimensional vector, Equation (5):

[x7y7wa h,C] (5)
Where:
= 7 and y: Are the coordinates of the bounding box cen-
ter.

= w and h: Are the width and height of the bounding box.

= c: Is the object class.

The vault has the function of producing the YOLO output,
which is presented as a list of objects. Each of these objects
includes information such as a bounding box, a class, and a
probability. The probability reflects the possibility that the ob-
ject contained in the bounding box corresponds to the specific
mentioned class.

4. Conclusions

The YOLO (You Only Look Once) model offers several
significant advantages in the task of road actor identification,
standing out for its high precision, efficiency, and real-time
operation capability. Its capacity to detect and classify multi-
ple objects simultaneously makes it highly suitable for traffic
environments, benefiting traffic management and road safety.

Furthermore, its ease of implementation through open-
source options such as Python has contributed to its growing
popularity. However, it is important to point out that it pre-
sents some limitations, such as difficulty in detecting small or
very close objects, as well as challenges in unfavorable ligh-
ting conditions or obstructions.
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