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Abstract: This article focuses on generating an alternative in order to identify traffic officers during driving. This
research employed the latest You Only Look Once (YOLO) model, using a six-phase methodology: data collection,
data preparation involving resizing and labeling, implementation of various filters to avoid overfitting, model
training, prediction evaluation, and result interpretation. The YOLO model was applied across three iterations
using a dataset of 1862 images. To enhance training efficiency and detection speed, the graphics processing unit
(GPU) acceleration was utilized, further enhancing the experimental process. The results of this study revealed
that the YOLOv8x variant produced the most promising results. This proposed model attained a remarkable
F1 score of 0.95, bolstered by a confidence score of 0.631, with the potential for an increase to 0.80 in confidence
without significantly compromising the F1-score. These findings are poised to make a substantial contribution to

the broader research landscape, particularly in advancing the effectiveness of detection models for traffic officers.

Keywords: autonomous vehicle; object detection; YOLO; convolutional neural networks; traffic officers; artificial

intelligence

1. Introduction

Autonomous vehicles (AV) are a contemporary technological innovation that, despite significant
progress, remains a work in progress. These vehicles leverage a suite of multisensory devices to
emulate human behavior driving. Components such as LiDAR, ultrasonics, cameras, and radars
contribute to their sensory capabilities [1-5].

AVs often denoted as self-driving cars, employ advanced technology to navigate autonomously
without human intervention [6,7]. This is achieved by integrating multisensory devices that mimic
human behavior. These sensors detect the environment where the AV operates, transmitting this
information to a central computer, which then processes the data to make informed driving decisions.
However, despite their technological advancements, AVs are not infallible, primarily due to the need
for further research to address various real-world scenarios that can arise during regular driving
conditions.

Artificial intelligence (Al), as a sophisticated technology, has showcased its effectiveness, especially
in domains that require meticulous attention to detail, as shown in [5,8]. The primary goal of Al is to
create systems capable of replicating human-like intelligence to perform tasks, solve intricate problems,
and make autonomous decisions. Al has made notable advancements in critical sectors like medicine,
where precision is crucial to minimizing patient risks. Al encompasses diverse techniques that serve as
a foundational pillar for today’s technological progress [9]. Its integration into autonomous vehicles
holds immense promise due to its exceptional precision.

One of the prominent challenges in the development of computer vision systems for autonomous
vehicles is the accurate detection and recognition of objects during automated driving. Specifically,
this challenge is to identify and interpret various gestures made by traffic agents correctly. Several
approaches have been employed for this purpose, including recurrent neural networks (RNNs) with
attention models, temporal convolutional networks (TCNs), and graph-based networks (GCNs) [10-
12].
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However, these technological solutions encounter difficulties in correctly distinguishing traffic
officers, often confusing them with pedestrians and making attempts to evade them, rather than
halting the vehicle and complying with traffic directives. A recent incident reported in [13], which took
place in California, exemplifies this issue. The incident involved an AV experiencing a malfunction in
its headlights, resulting in law enforcement officers attempting to pull the vehicle over. Regrettably,
the vehicle failed to recognize the presence of the law enforcement officers, leading to a failure in
adhering to their authority. This failure posed a potential risk to the safety of the officers involved.
These incidents emphasize the urgent need to develop a precise and reliable model that can proficiently
detect and identify law enforcement officers, enhancing the safety and functionality of autonomous
vehicles.

In response to a series of concerning incidents and a lack of comprehensive information, we
recognized the pressing need to enhance object detection in AVs [14]. To face this challenge, a computer
vision model has been developed. The modern landscape of computer vision offers a diverse array of
models and algorithms, presenting us with numerous options. After careful consideration, the YOLO
model was chosen in this research due to its versatility and we particularly focused on its latest version,
YOLOVS [15]. In the experimental phase, the models of versions 3, 5 and 8 of YOLO were compared,
carefully examining their behavior, results, accuracy and training time. To address the entire problem
of object detection, various object detection models in each version of YOLO will be considered. The
approach in this article was structured into six phases to establish a robust methodology for tackling
the detection problem.

In the initial phase, we curated a unique dataset since a suitable dataset wasn’t readily available.
This dataset consists of images capturing traffic officers in diverse scenarios, encompassing daylight,
rainy conditions, and evenings. Subsequently, during the second phase, we performed image anno-
tation using the Roboflow platform to delineate the presence of traffic officers [16]. All images were
resized uniformly to ensure compatibility with YOLO models in the third phase. Filtering mechanisms
were also implemented during this phase to mitigate the risk of overfitting in the YOLO models. The
fourth phase involved the training of the YOLO models, employing GPU acceleration to expedite the
training process and accommodate the larger YOLO model variants available in these versions. In
the fifth phase, we conducted an exhaustive evaluation of the predictions generated by each model,
facilitating a comprehensive analysis of their performance. Finally, in the sixth phase, we carefully
examined all models to determine the one that exhibited the most promising results. This structured
approach allowed us to make informed decisions regarding the most effective model for improved
object detection in AVs.

1.1. Contributions of the Study

The principal objective is the integration of a computer vision model into autonomous vehicles,
allowing the vehicle’s onboard computer to respond appropriately upon detecting the presence of a
traffic officer, thus enhancing the vehicle’s interaction with human traffic regulators and ensuring safer
and more efficient traffic.

The contributions of this proposal are the following:

¢ We have developed a series of YOLO models characterized by their exceptional precision scores
in the detection of traffic officers. These models are poised for integration into AVs, thereby

augmenting the capabilities of these vehicles to effectively navigate real-world scenarios.
* To evaluate the performance and behavior of these models, we have devised a comprehensive 6-

phase methodology. This approach aids us in identifying the most suitable model for deployment
within AVs, ensuring optimal functionality and safety in practical applications.

The research methodology employed in this study is structured as follows: Section 2 offers an
overview of related works in the field, where a summary of YOLO versions, datasets, hardware, and
mean Average Precision (mAP); Section 3 delves into the methodology utilized to derive the optimal
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model, outlining the algorithms employed for result calculation; In Section 4, the obtained model
results are comprehensively analyzed, particularly with respect to their performance under specific
parameter conditions; Lastly, Section 5 presents the conclusive findings and insights derived from this
research.

2. Related Work

Within the domain of computer vision and object detection, YOLO models have gained notable
attention and recognition for their exceptional real-time processing capabilities and precision. This
section provides an in-depth exploration of the significant contributions and progress within the realm
of YOLO models. It highlights pivotal studies, methodologies, and applications that have profoundly
impacted the contemporary landscape of object detection techniques (Table 1).

Table 1. Overview of Training Procedures in Related works

YOLO ver- Ref. Graphics card  Dataset detec- Precision Recall mAP
sion NVIDIA tion objective 0.50
[17] T4 (16GB) Pedestrian 0.979 - 0.559
YOLO v3 Crossing
[18] GetForce Pedestrian 0.954 0.93 0.933
920MX
[19] GeForce RTX Electric bikes, - - 0.870
3080 Ti helmets, and
YOLO v5 license plates
[20] - Traffic viola- - - 0.995
tions
[21] Xavier NX Vehicles and - - 0.884
pedestrians
[22] GeForce RTX Landingspot  0.707 0.611 0.633
2070 SUPER
[23] GeForce RTX Elbow osteo- 0.991 0.9975  0.787
3050 chondritis dis-
YOLO v8 secans
[15] Quadro P4000  Parking time - - 0.539

violations

In a study presented in [17], a comprehensive comparative analysis was conducted to discern
the most efficient object detection model. This evaluation focused on two prominent models: Faster
R-CNN and YOLOv3. The training dataset was meticulously curated from video content sourced
from YouTube, comprising 126 videos and generating a rich repository of 33,978 frames. Subsequently,
manual annotation was performed using the Roboflow tool, meticulously refining the dataset to
include 1,115 images by removing extraneous frames.

The outcomes of this experimentation were enlightening. The Faster R-CNN model demonstrated
remarkable precision, achieving a perfect precision rate of 100% for the "accident" class and an
impressive 98.5% precision rate for the "fall down" class. This showcased the model’s exceptional
precision capabilities. However, what set YOLOv3 apart was its superior (mAP) score, emphasizing its
effectiveness in handling diverse object detection challenges. Additionally, YOLOv3 showcased swift
detection capabilities, achieving an impressive processing rate of 51 frames per second, highlighting
its potential for real-time applications and fast-paced scenarios. These findings underscore the need
to carefully weigh precision against processing speed when choosing an object detection model for
specific use cases.

In a significant study, denoted as [18], the central objective was the development of an advanced
pedestrian detection and counting model. The research employed the YOLOv3 model as the funda-
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mental framework, a choice well-regarded for its real-time object detection capabilities. The training
phase of this model was meticulously curated, drawing upon the richness of two diverse datasets: the
INRIA dataset and the ShanhaiTech dataset.

The integration of these datasets was a key aspect, resulting in a robust dataset comprising a total
of 1,416 instances of individuals. This amalgamation provided a diverse and comprehensive collection
of pedestrian data, enriching the model’s ability to generalize across various scenarios.

The study’s findings were highly notable, showcasing the model’s effectiveness in pedestrian
detection. When evaluated against the INRIA dataset, the model demonstrated an impressive accu-
racy level of 96.1%. This underscored the model’s precision and reliability in detecting pedestrians
accurately. Moreover, when benchmarked against the ShanhaiTech dataset, the model achieved a
commendable accuracy rating of 87.3%, further illustrating its versatility and adaptability across
different datasets and environments.

In the study [19], a novel approach is introduced to enhance an object detection model, leveraging
the yolov5 model as its foundational architecture. The principal objective of this endeavor was to craft
a model that can seamlessly integrate with embedded systems, exhibiting real-time proficiency in
detecting diverse objects, including electric bikes, helmets, and license plates. The research embarked
on a multi-faceted journey, beginning with the amalgamation of the shufflenetv2 and GhostNet
architectures. This strategic fusion resulted in a notable reduction in the overall parameter count,
effectively rendering the model suitable for deployment on resource-constrained devices and mobile
platforms endowed with limited memory and computational capabilities. The findings of this inquiry
were compelling, attaining precision metrics of 97.8% for detecting riders, 89.6% for identifying the
absence of helmets, 97% for license plate recognition, and 92.6% for helmet detection. A notable
supplementary achievement emerged in the form of significantly enhanced FPS performance for the
yolov5 model, surging to an impressive 66.7%.

The study referenced as [20] delves into the application of the yolov5 model to enhance the
efficacy of traffic officer interventions in detecting traffic violations. To achieve this, a substantial
dataset was meticulously collected and subsequently uploaded to MakeSense.ai. The dataset was
thoughtfully annotated, encompassing five distinct classes: "no helmet," "with helmet," "triple riding,"
"phone usage," and "no phone usage”. With the dataset fully prepared, the researchers opted for the
precision-recall curve as a pivotal metric for quantifying the model’s performance. This comprehensive
evaluation yielded a series of commendable scores for the diverse classes, including 0.811 for "with
helmet," 0.708 for "without helmet," 0.745 for "phone usage," an impressive 0.995 for "no phone usage,"
and again, a high 0.995 for "triple riding." The findings underscore the potential of the yolov5 model to
significantly enhance the capabilities of traffic officers in identifying and addressing traffic violations.
This research provides a valuable contribution to the field of traffic management and safety, offering a
precise and reliable tool for real-world applications in traffic enforcement scenarios.

The study [21] presents a comprehensive investigation into the augmentation of the yolo v5 model
by incorporating it as a foundational architecture for integration with other models, thereby optimizing
its suitability for deployment on embedded systems. The primary objective of this endeavor centers
on facilitating the detection of vehicles and pedestrians, particularly utilizing infrared images, given
their historically diminished recognition rates. Notably, the research focuses on implementing this
model on the NVIDIA Xavier NX embedded system. This investigation uses the FLIR ADAS22 dataset,
comprising a sizable collection of 9214 thermal images. The outcomes of this research underscore
commendable achievements. Although the modified yolo v5 model’s results fall slightly short of the
performance of the original yolov5 model, the research excels in its ability to address a persistent
challenge: augmenting the FPS rate for deployment on embedded systems. Quantitative evaluation
of the models’ detection prowess reveals a marginal disparity in mAP. The standalone yolov5 model
attains a mAP of 88.49, whereas the configuration featuring the yolov5 backbone achieves a slightly
reduced mAP of 85.63.
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In [22], the focus was addressed to critical safety concern of in-flight system failures in UAVs
within urban environments. They devised a comprehensive safety framework comprising three pivotal
tasks: monitoring UAV health, identifying secure landing spots in case of failure, and navigating
the UAV to the identified safe landing location. Their focus was on the second task, which involved
investigating the feasibility of leveraging object detection methods to pinpoint safe landing spots
during in-flight malfunctions. They examined various iterations of the YOLO object detection method
(YOLOV3, YOLOvV4, and YOLOV5]) and found that YOLOv5I demonstrated remarkable precision
(0.707) and recall (0.611), with a noteworthy mAP of 0.633. They further evaluated these algorithms
using Nvidia Jetson Xavier NX modules for real-time landing spot detection, with YOLOv3 emerging
as the fastest while maintaining precision. This research underscores the potential of these algorithms
to enhance UAV safety protocols in urban environments, particularly during emergency situations.

In the study [23], the researchers harnessed the cutting-edge capabilities of the YOLO v8 model
for advancing the domain of object detection. Specifically, their focus was directed towards the
detection of elbow osteochondritis dissecans (OCD) by employing ultrasound images. This innovative
application assumes significance as early detection of such conditions holds pivotal implications for
ensuring successful conservative treatments. The training of this specialized model was accomplished
utilizing an extensive dataset comprising 2430 images. The outcomes of this investigative work unveil
compelling results. The achieved metrics underscore the model’s remarkable performance: an accuracy
of 0.998, a recall of 0.9975, a precision score of 1.00, and an impressive f-measure of 0.9987. Furthermore,
the researchers conducted a nuanced exploration employing two variants of the yolo v8 model: the
nano and medium configurations. This systematic comparison resulted in the determination of mAP
scores of 0.994 and 0.995, respectively.

In study [15], a comprehensive endeavor was undertaken to tackle the pervasive challenge
of parking time violations in Thailand by harnessing the potent capabilities of the YOLOvVS object
detection model. To amass the requisite training dataset, a meticulous process was employed involving
the deployment of closed-circuit television (CCTV) surveillance cameras positioned at four distinct
locations. These cameras diligently captured real-world scenarios, yielding video footage operating at
a fluid 15-30 frames per second and boasting a resolution of 1080P. To accurately trace the movements
of vehicles within the captured scenes, sophisticated DeepSOR/OC-SORT tracking algorithms were
employed, allowing for robust vehicle tracking and object association. The efficacy of the research
was validated through a multifaceted evaluation, incorporating crucial metrics to gauge performance.
The Multiple Object Tracking Algorithm (MOTA) and mAP metric, a pivotal indicator of the tracking
algorithm’s ability to follow the trajectories of multiple objects consistently and accurately over
time. The research findings revealed noteworthy performance achievements for the YOLOv8 model
combined with the DeepSOR/OC-SORT tracking methodologies. Specifically, when coupled with
the DeepSORT tracking algorithm, the YOLOvV8 model demonstrated MOTA scores of 0.90, 0.96,
1.00, and 1.00 for the respective locations, indicative of the system’s commendable tracking precision.
Meanwhile, for the YOLOv8 model paired with the OC-SORT tracking technique, MOTA scores were
observed as 0.83, 0.00, 0.76, and 1.00 for the respective locations, signifying the model’s ability to
effectively track objects even under varied conditions.

3. Methodology

3.1. Model Selection

YOLO is a model that uses convolutional neural networks in which it primary task is to detect
multiple objects and predict classes and identify their locations. The manner in which this model
functions is by applying single neural networks and divides the image that is uses in its input into
grid cells, resulting in a production of cell probabilities. From the production of these probabilities
predict boxes are generated and this model chooses the highest probability and surrounds the image.
Given its high use in real world scenarios there models have been chosen from this YOLO model.
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3.1.1. YOLO v3

YOLOV3 at its core, employs a deep neural network that is represented graphically in Figure 1.
This neural network is known as Darknet-53, consisting of 53 convolutional layers. For the task of
object detection, this architecture incorporates two sets of these 53 layers, resulting in a total of 106
layers. Detection occurs within specific layers, specifically at positions 82, 94, and 106 within this
network. YOLOv3 integrates key architectural components such as residual blocks, skip connections,
up-sampling, batch normalization, and the application of leaky ReLU activation functions in each
convolutional layer. Notably, YOLOv3 deviates from traditional approaches by forgoing pooling layers
in favor of additional convolutional layers.

This design choice minimizes the risk of losing low-level spatial features, rendering YOLOv3
exceptionally well-suited for detecting small objects. A distinctive aspect of YOLOV3 is its utilization
of three different detection layers, corresponding to three different strides: 13, 16, and 8. These strides
effectively resize the input image, with layer 82 producing a 13x13 grid for detecting large objects,
layer 94 generating a 26x26 grid for medium-sized object detection, and layer 106 yielding a 52x52
grid tailored for detecting small objects. The localization and classification of objects are facilitated
by anchor boxes, enabling the model to determine the optimal bounding boxes for detected objects.
Ultimately, YOLOv3 delivers a final image with the objects successfully identified and localized.

One-Stage Detector

o [ [ [ [

Input Image Backbone Predicition

-

=
av
nt

Figure 1. One-Stage architecture detector for YOLO versions 3, and 8.

3.1.2. YOLOv5

In the YOLOV5 model, the architectural foundation closely resembles its predecessor, particularly
in the realm of object detection. YOLOQ, is a single-stage object detector, characterized by a three-
component architecture comprising the backbone, neck, and head as represented in Figure 2.

1. Backbone: This component is equipped with pre-trained networks designed to extract essential
features from input images. In the case of YOLOVS, the chosen backbone is the CSP-Darknet53.
This configuration involves convolutional layers comprised of both residual and dense blocks,
strategically engineered to enhance the flow of information within the network and alleviate the
issue of vanishing gradients.

2. Neck: The neck component plays a crucial role in feature extraction and pyramidal scaling to
effectively handle objects of varying sizes and scales. YOLOvS5 employs the Path Aggregation
Network (PANet) within the neck, which optimizes information flow and aids in precise pixel
localization, particularly when engaged in mask prediction tasks. Furthermore, the SPP compo-
nent within the neck enhances feature aggregation, ensuring a consistent output length without
sacrificing information throughput.

3. Head/Prediction: A similar dynamic to that of YOLOv4 and YOLOV3 is maintained in the
main component of YOLOvVS. This entails the utilization of three prediction layers that play a
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pivotal role in determining bounding boxes and object identification. These prediction layers are
instrumental in detecting and characterizing objects within the input data.

One-Stage Detector

Input Image Backbone Neck Predicition

o

Figure 2. One-Stage architecture detector for YOLO version 5.

3.1.3. YOLOvS

In the YOLOVS architectural framework, a noteworthy departure from its predecessor is observed.
In this section, we shall provide a succinct elucidation of this architectural evolution, noting that
there exists no official documentation precisely mirroring the structure of this model. Taking for
granted in the codebase provided by Ultralytics, we discern two pivotal components at the heart
of this architecture [24]: the backbone and the head which can be compared to the architecture that
found in Figure 1.The backbone of YOLOVS retains a familiar convolutional layer composition, albeit
with a distinctive augmentation. It incorporates Spatial Pixel Pair Features (SPPF) to harness spatial
contextual information and spectral insights. This augmentation distinguishes it from its forebear,
enhancing its ability to process and interpret complex data patterns.

Notably, YOLOv8 amalgamates the neck and head components into a single cohesive process. In
this unified approach, it mirrors the behavior of its predecessor by employing detection layers for object
detection. This amalgamation represents a strategic refinement in the model’s overall architecture,
potentially streamlining the object detection process. While the official documentation for YOLOvV8
may be absent, insights drawn from the Ultralytics codebase shed light on these architectural nuances,
offering valuable context for understanding the model’s innovative design.

3.2. Proposed Methodology

In this section, we delineate our methodology which can also be observed in Figure 3, this
methodology is made up of six phases, along with a comprehensive discussion of the metrics employed
to validate the efficacy of our model.
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Figure 3. Six-Phase Proposed Methodology in Visual Context.

3.2.1. Phase 1: Dataset Collection

In this initial phase, the approach of this investigastion was to assemble a dataset comprising
images of traffic officers in Ecuador, specifically within the city of Cuenca. A total of 931 images were
meticulously captured, encompassing various weather conditions, including rainy, cloudy, sunny, and
night scenarios. This diversity in weather conditions was intentionally incorporated to enable the
model to learn object detection under varied environmental conditions. An example of these images
can be observed in Figure 4.

Figure 4. Visual Depictions: Night (Left), Sunshine (Middle), and Rain (Rainy)

3.2.2. Phase 2: Data Preparation

Following dataset collection, we leveraged an online platform for image annotation, a crucial yet
time-consuming step. Accurate labeling is imperative to ensure proper model training. Subsequently,
we standardized the image sizes to eliminate potential input issues for the model.

3.2.3. Phase 3: Augmentation and Filter Application

To mitigate potential model overfitting due to the limited dataset size, data augmentation tech-
niques were implemented. In particular, these duplicate images and multiple filters are duplicated.
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the chosen filters encompass Gaussian blur, mimicking occasional image blurriness often observed in
moving vehicle cameras, and noise filters, introducing pixel-level alterations to challenge the model.
The data separation for model training is outlined in Table 2.

Table 2. Dataset Details

Images Train Validate Test
1862 1734 81 47

3.2.4. Phase 4: Model Selection and Training

In Phase 4, three specific YOLO models were selected from Ultralytics: YOLOv3, YOLOVS,
and YOLOvS. YOLOv3 and YOLOV5, renowned for their suitability in embedded systems, were
chosen. Additionally, YOLOVS, a recent release with limited prior experimentation, was included. We
experimented with various model versions, including nano, small, medium, large, and x-large, each
differing in complexity and processing capacity. Detailed characteristics and hyperparameter tuning

parameters for each model are presented in Table 3. Hardware specifications used for training are
listed in Table 4.

Table 3. HyperParameter Tunning Details

Version Parameters

YOLOv3 learning_rate = 0.01, momentum = 0.937, weight_decay = 0.0005, warmup_epochs = 3.0
YOLOvV5 learning_rate = 0.01, momentum = 0.937, weight_decay = 0.0005, warmup_epochs = 3.0

YOLO V8 learning_rate = 0.01, momentum = 0.937, weight_decay = 0.0005, warmup_epochs = 3.0

Table 4. Hardware Details

GPU CPU Memory
Nvidia A100 SXM4 120GB 16 32GB

3.2.5. Quality Measurements

It is essential to emphasize the significance of analyzing and interpreting our results. To this end,
various quality assessment metrics were incorporated, sourced from [8,25] as reference criteria for
evaluating the effectiveness of the implemented techniques.

1. Precision: Refers to the spread of values obtained from magnitude measurements. Precision is
inversely proportional to dispersion, meaning that if precision is high, dispersion is minimal.

o TP
Precision = TP L EP (1)
2. Recall: Also known as the true positive rate. It represents the quantity of positives identified
correctly.
TP
Recall = m (2)

3. F1: This metric represents a summary of both precision and recall in a single metric.

_ Precision x Recall 3)
" Precision + Recall
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3.2.6. Phase 5: Evaluation and Results

The YOLO model allows us not only to use the f1-Score, precision and recall score but also the
mAP score. The calculation of mAP assumes paramount significance in the evaluation of YOLO models
due to its capacity to provide a holistic assessment of the model’s object detection capabilities. In
contrast to single-point metrics that gauge performance at a specific threshold, mAP takes into account
multiple thresholds, typically spanning the range from 0.50 to 0.95 or beyond. This multi-threshold
approach effectively captures the delicate balance between precision and recall, offering insights into
how the model performs across diverse scenarios. To facilitate a comprehensive understanding of the
model’s evolution, we have presented Figures 8 and 9, depicting how these values evolve with each
epoch, mirroring the dynamic progression of precision and recall.

Once these metrics have been clarified, in order to discuss the results of our models presented
in Table 5. It is possible to observe them a notable augmentation in the F1 score as the complexity of
model versions increases, and simultaneously, the training times are meticulously recorded within the
same table. This data underscores a clear correlation between the size of the model and the duration
required for training.

Interestingly, it is worth noting that while the highest F1 scores are associated with lower confidence
scores, the YOLOv8 model exhibits a notably stable curve which can be observed in Figure 5. This
stability affords us the flexibility to potentially increase our confidence score to a modest 0.80 without
significantly compromising our F1 score. In doing so, we would still maintain a value exceeding
0.90. In contrast, such an adjustment in YOLOv5 and YOLOv3 would precipitate a more pronounced
deterioration in the F1 score. As a result, YOLOv8x emerges as a favorable choice due to its combination
of high precision, F1 score, and efficient training time.

Another crucial metric for comparison is the Precision-Recall curve, which provides insights into the
behavior of these models. These curves are depicted in Figure 6. and 7. and show how each model’s
scores evolve with each epoch. Additionally, in Table 5, we have recorded the highest scores achieved
for each metric.

Table 5. Comparative Analysis of YOLO Models: F1-Score, Confidence Score, Time, Precision, Recall,
mAP 0.50, and mAP 0.50-0.95

Model Version F1- Confidence Training Precision Recall mAP 050 mAP 0.50-
Score Score Time 0.95
(Hours)
Tiny 0.85 0.320 0.380 0.907 0.866 0.906 0.464
YOLOv3  Small 0.91 0.237 0.601 0.971 0.951 0.968 0.654
Medium 0.93 0.349 0.605 0.964 0.950 0.961 0.629
Nano 0.95 0.248 0.381 0.989 0.959 0.971 0.691
Small 0.95 0.103 0.383 0.991 0.982 0.985 0.734
YOLOv5  Medium 0.95 0.179 0.411 0.983 0.959 0.985 0.750
Large 0.95 0.356 0.810 0.982 0.967 0.983 0.757
X-Large 0.96 0.577 0.823 0.990 0.971 0.986 0.755
Nano 0.93 0.332 0.265 1.0 1.0 0.979 0.758
Small 0.95 0.402 0.211 0.982 0.975 0.978 0.743
YOLOv8  Medium 0.96 0.402 0.345 0.991 0.974 0.986 0.780
Large 0.94 0.442 0.510 0.974 0.965 0.977 0.782

X-Large 0.95 0.631 0.533 0.981 0.967 0.977 0.782
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Figure 5. Figures (a), (b), and (c) depict the highest-performing models for each respective YOLO
version: YOLOv3m, YOLOv5x, and YOLOvS8x.
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Figure 6. Figures (a), (b), and (c) depict the precision score with each epoch, and figure (d) depicts the
highest-performing models for each respective YOLO version: YOLOv3m, YOLOv5x, and YOLOvS8x.
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Figure 7. Figures (a), (b), and (c) depict the recall score with each epoch, and figure (d) depicts the
highest-performing models for each respective YOLO version: YOLOv3m, YOLOv5x, and YOLOvS8x.

mAP 0.50

50

mAP 0.

YOLOvV3 mAP 0.50

1.00

0.754

[
@
3

0.25+

0.00+
0 50 100 150
epochs
(a)
YOLOv8 mAP 0.50
1.00
e
0.75+
0.50
0.25+
0.00+
0 50 100 150
epochs
(©

YOLOv3n
YOLOv3s
YOLOv3m

YOLOv8n
YOLOv8s
YOLOv8m
YOLOv8I
YOLOv8x

mAP 0.50

mAP 0.50

1.00

0.754

0.50

0.254

YOLOvV5 mAP 0.50

100 150

epochs
b,

Best YOLO mAP 0.50

1.004

0.754

0.504

0.254

\ J’“ M M@WWWWWM
|

0.004

100 150
epochs

(d)

YOLOv5n
YOLOvS5s
YOLOv5m
YOLOVSI
YOLOv5x

—— YOLOv3m
—— YOLOv5x
YOLOv8x

Figure 8. Figures (a), (b), and (c) represent the mAP score with each epoch, and figure (d) depicts the
highest-performing models for each respective YOLO.
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Figure 9. Figures (a), (b), and (c) represent the mAP score of 0.50-0.95 with each epoch and figure (d)
depicts the highest-performing models for each respective YOLO version.

3.2.7. Phase 6: Behavior Analysis

Building on the promising results from Phase 5, we conducted multiple tests, as depicted in Figure
10, to verify the performance of YOLOv5 and YOLOvS8. YOLOv3 demonstrated suboptimal F1 scores
and object detection capabilities, particularly for real-world scenarios such as those in Autonomous
vehicles. These results have led us to favor YOLOv5 and YOLOvS8 models for our intended application,
with YOLOv8x emerging as a particularly strong candidate. These findings underscore the model’s
potential suitability for real-world scenarios, including automated vehicle applications.
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Figure 10. Figures (a), (b), and (c) depict the predictions for each respective YOLO version: YOLOv3m,
YOLOvV5x, and YOLOvS8x.

4. Results and Discussion

Taking into account the advantage of the knowledge obtained from the Figures 5, 6, 7, 8, 9, 10,
and the data presented in Table 5, it becomes clear that the preeminent choice among YOLO models
is YOLOv8x. This determination is predicated on a multifaceted analysis of several key factors that
collectively affirm the superiority of this particular model.

First and foremost, the stability exhibited by the f1-Curve emerges as a pivotal consideration. While
evaluating YOLO models, particularly in scenarios where real-world applications demand a high
degree of confidence in object detection, it’s customary to focus solely on the highest score achieved.
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However, a deeper examination reveals that some other YOLO models may indeed attain commendably
high scores, yet they often fail when it comes to maintaining the stability of their confidence scores.
This is where YOLOVS8x sets itself apart, offering a consistent and stable curve in its confidence score
distribution. This invaluable characteristic empowers the YOLOv8x model to utilize higher confidence
thresholds without detrimentally impacting the f1-score, thus enhancing the overall reliability of object
detection.

A further salient factor of consideration lies in the precision and recall scores, metrics that furnish
a measure of certainty regarding object detection performance. Precision, for instance, gauges the
model’s proficiency in making accurate positive predictions, which correspond to true positives. On
the other hand, recall quantifies the model’s efficacy in identifying a substantial portion of the objects
of interest within images or video frames. These metrics are of paramount importance, especially
in applications where high precision and recall are prerequisites for reliable object detection and
avoidance of false positives or missed detections.

Moreover, the mAP scores hold significant sway in assessing model performance. A comparative
analysis with related works reveals that our trained models have yielded exceptionally favorable
results, often surpassing the performance benchmarks set by previously trained models. What's
notable is that the utilization of mAP scores in the range of 0.50 to 0.95 is relatively rare in research due
to the inherent difficulty of achieving high values within this range. In our specific study, our models
consistently achieved a mAP score exceeding 0.60, thus instilling a high degree of confidence in the
robustness and efficacy of our object detection models.

It is worth acknowledging that the successful execution of this research endeavor was made possible by
the availability of the advanced hardware resources mentioned earlier. These resources, characterized
by their substantial computational capacity and efficient processing capabilities, were pivotal in
expediting the training of our models. This dramatic reduction in training time, from potentially days
or weeks to mere minutes and hours, underscores the transformative impact of cutting-edge hardware
resources on the field of computer vision and deep learning research. This, in turn, accelerates progress
and innovation in autonomous systems and object detection, ultimately leading to safer and more
reliable real-world applications.

5. Conclusion

In summary, our investigation has identified the model for object detection, specifically YOLOv8x.
This model has demonstrated outstanding detection performance, given different real world scenarios.
Such capabilities make this model particularly valuable for the detection of traffic officers, especially
within the context of Autonomous vehicles.

To provide an overview of our results, we evaluated three YOLO models (versions 3, 5, and
8), and within each version, we considered various iterations. This extensive experimentation was
facilitated by meeting the necessary requirements for deploying these models. Notably, data collection
proved to be the most time-consuming aspect of our research, as it entailed pioneering efforts in this
field.

Our comprehensive 6-phase methodology revealed that the larger versions of each YOLO variant
consistently delivered the most promising results. Employing various evaluation metrics, these models
exhibited robust performance across multiple dimensions. This is of utmost importance, especially
when real-time detection of traffic officers is a critical requirement for potential deployment in Au-
tonomous vehicles. YOLOv8x achieved an impressive Fl-score of 0.95 and a confidence score of
0.631. Importantly, this confidence score can be adjusted to 0.80 without significantly compromising
the Fl-score, distinguishing it from other models that experience more pronounced performance
degradation under such adjustments.
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In conclusion, our study aims to enhance the capabilities of Autonomous vehicles to navigate
complex situations and make informed decisions when encountering traffic officers, thereby advancing
the field of autonomous transportation systems.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AV Autonomous Vehicle
CCTV  Closed-Circuit Television
FPS Frames Per Second

GCN Graph-Based Networks

GPU Graphics Processing Unit

LiDAR Light Detection and Ranging
mAP mean Average Precision

MOTA  Multiple Object Tracking Accuracy
OCD Osteochondritis Dissecans

PANet Path Aggregation Network

RNN Recurrent Neural Network

SPP Spatial Pyramid Pooling

SPPF Spatial Pixel Pair Features

TCN Temporal Convolutional Network
UAV Unmanned Aerial Vehicle

YOLO  You Only Look Once
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