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Abstract. Inrecent years, along with the increase in private cars, traffic
signs have increased in quantity, demanding greater attentiveness from
drivers. Many studies have been conducted on Traffic Sign Recognition
(TSR) to enhance road safety and driver assistance systems by enabling
vehicles to autonomously detect and interpret traffic signs, providing
crucial information to drivers in real-time. This paper examines various
traffic sign detection and classification models, which give practitioners
and researchers valuable insights into selecting optimal solutions tai-
lored to the needs of real-world applications. Notably, the investigation
highlights YOLOvVS as a leading detection model, displaying exceptional
results with an mAP of 99.4%. YOLOvS provides various model sizes
allowing for adaptation to specific real-time processing scenarios. On the
other hand, the LeNet model is a standout performer in the classifica-
tion domain, consistently achieving a remarkable accuracy of 98.2% while
using only 0.4 million parameters. The LeNet architecture ensures accu-
rate and rapid traffic sign classification, making it an appealing choice
for applications where resource efficiency is critical.

Keywords: Faster R-CNN - TSR - CNN - YOLO - ResNet50 -
VGG16 - VGG19 - LeNet

1 Introduction

Cars have become an integral mode of mobility for people as the human popula-
tion has grown and our societies have developed. In recent years, there has been
a significant increase in car sales, indicating the growing reliance on automobiles.
However, the rise in car usage has inevitably given rise to various challenges in
road traffic management. Among these challenges, one crucial aspect is the need
for effective TSR systems to enhance safety and efficiency on the roads. Even
though there are traffic signs posted all over the route to guide us through the
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real scenario as shown in Fig. 1, the growing number of vehicles complicates our
traffic and makes us more perplexed. The proliferation of vehicles also causes
various societal issues, including the pollution caused by vehicle exhaust, which
lowers air quality and endangers the ecosystem. Due to poor visibility caused by
extreme weather, particularly haze, and fog, it is simple for cars to miss crucial
traffic warnings. Because of this, drivers will be more aware of breaking traffic
laws, which might lead to accidents.

Fig. 1. Normal weather

Recently, there has been a rise in the number of traffic accidents. The World
Health Organization found that over 1.19 million people died from these acci-
dents in 2023. Additionally, around 20 to 50 million people were injured, and
many of them ended up with disabilities because of how serious their injuries
were. To combat the global surge in accidents, professionals and academics
are investigating this issue as mentioned in [1]. Given that road transporta-
tion remains the primary mode for nations with vast geographic areas, research
on traffic management systems like the Intelligent Traffic System is becoming
crucial for the future of road traffic. The foundation of TSR [2] lies in pattern
recognition, image processing, computer vision, and related technologies. Its goal
is to automatically collect real-time road data while a vehicle is in motion. The
correct interpretation of effective traffic sign information is essential for safe
driving and maintaining smooth roads. TSR [3,4] has garnered significant atten-
tion due to its rapid expansion. However, ecological deterioration, leading to
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adverse weather conditions like haze, poses a challenge to intelligent transporta-
tion systems. T'SR algorithms struggle in such conditions, primarily due to poor
image quality and the loss of crucial image data [5]. Therefore, it’s imperative
to investigate how to recognize traffic signs in hazy environments.

While many techniques exist for identifying objects in driving assistance sys-
tems, not much attention has been given to recognizing road traffic signals.
Developed countries have advanced standards for their traffic signs, which pro-
vide important information for driving systems. If these signs can be recog-
nized efficiently, it can help reduce traffic congestion and lower the chances
of accidents. Deep learning, especially in image recognition, has shown great
potential and is the main focus of this research. With the constant progress in
the automotive industry, it is important to investigate methods for detecting
speed limit signs even in challenging conditions like foggy weather. Accurately
identifying traffic signs in adverse conditions has promising practical applica-
tions, and advancements in deep learning techniques are crucial for scientific
and technological progress in transportation. [6] is a recent study that con-
centrates on detecting and classifying traffic signs in the streets of Vietnam.
The researchers achieve this by comparing different algorithms that are used for
detecting objects. They assess the performance of these algorithms on their own
dataset called VT'SDB46. However, there is a challenge with their current archi-
tecture. It becomes difficult to update the model whenever a new traffic sign
needs to be added. To solve this problem, our paper examines different meth-
ods and compares their performance on the streets of Vietnam. Additionally, we
propose a combination method for future development in the field of TSR.

Our primary contributions in this article cover three main aspects:

1. We propose a combined model using YOLOv8n and LeNet, which are easy
to maintain and develop for TSR tasks.

2. We introduce two datasets in the TSR field: the GoPro Viet Nam Street
dataset (GPVNS) for detection tasks and the Internet Traffic Sign 29 dataset
(ITS29) for classification tasks.

3. We assess and compare the currently popular models using GPVNS, ITS29,
and other datasets.

The rest of this paper is structured as follows. In Sect. 2, we discuss previous
research on TSR and object detection. Section 3 presents our initial dataset and
gives an overview of different models used for object detection and classification.
Then, in Sect. 4, we present the results of these models on the dataset and com-
pare their performance. Finally, in Sect. 5, we conclude our study by identifying
the best-performing model and discussing its potential applications in TSR.

2 Related Works

2.1 Traffic Signs Detection and Recognition

Numerous studies have been conducted on the topic of Traffic Sign Detection and
Recognition, aiming to improve the performance of both detection and recogni-
tion models. In 2019, Ravindran et al. [7] presented their evaluation of TSR with
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a focus on selecting Deep Neural Networks that demonstrate application-oriented
performance, as assessed by mAP metrics. However, distinguishing certain traf-
fic signs poses significant challenges due to various factors, such as constraints
imposed by the training dataset, variations in shape, and complexities related
to text features. To address this, the authors propose the use of a second text
identification technique alongside the deep neural networks. This additional app-
roach involves recognizing text within the Region of Interest (ROI) in an image,
which leads to improved accuracy in traffic sign classification. Nevertheless, it is
important to note that there are still limitations in terms of speed and real-time
performance.

In addition to the challenges above, adverse weather conditions, varied light-
ing, and limited visibility present further obstacles to traffic sign detection and
recognition. To address these challenges, [8] proposes an efficient method for real-
time detection and recognition of traffic signs. Their study focuses on advanced
multi-object detection systems, specifically the SSD [9] and Faster R-CNN [10].
These systems incorporate feature extractors such as MobileNet v1 [11] and
Inception v2 [12] to specifically tackle the challenges associated with traffic sign
detection. By leveraging these advanced techniques and models, the researchers
aim to improve the accuracy and robustness of traffic sign detection and recog-
nition, even in adverse weather conditions and low visibility scenarios.

2.2 Detection Models

You Only Look Once (YOLO) [13] is an object detection algorithm that was first
introduced in 2016. It revolutionized the field of computer vision by providing
a fast and accurate way to detect objects in real-time video streams or images.
Before YOLO, object detection algorithms typically used a two-step approach
such as Faster R-CNN [10] which involved generating region proposals or candi-
date bounding boxes and then classifying those proposals to identify objects.
However, this approach was computationally expensive and time-consuming.
YOLO took a different approach by formulating object detection as a single
regression problem. Instead of generating region proposals, YOLO divided the
input image into a grid and predicted bounding boxes and class probabilities
directly from the grid cells. This allowed YOLO to achieve real-time object
detection by making predictions in a single pass through the network. Since its
introduction, researchers have developed various versions of YOLO, each with
improvements and advancements to enhance the algorithm’s performance and
accuracy.

Object detection algorithms play a vital role in the field of traffic sign detec-
tion and recognition, and continuous research efforts aim to improve both the
speed and accuracy of these algorithms. Researchers are exploring lightweight
network architectures and optimized inference techniques to achieve faster real-
time processing and improve detection accuracy. The emergence of various effi-
cient detection models such as YOLOv5 [14], has further contributed to the
development of fast and secure object detection algorithms, making them highly
effective for real-life applications in traffic sign detection and recognition.
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3 Methodology

3.1 Datasets

German Traffic Sign Detection Benchmark. The German Traffic Sign
Detection Benchmark (GTSDB) holds significant importance in the realms of
computer vision, pattern recognition, and image-based driver assistance. It con-
sists of 43 classes of traffic signs labeled from 1 to 43, as depicted in Fig. 2. This
benchmark was introduced during the IEEE International Joint Conference on
Neural Networks in 2013 and serves as a foundational dataset for researchers
in the field. The distribution and labeling of the GTSDB dataset can be seen
in Fig. 3. The GTSDB dataset contains 900 images categorized into 600 images
for training and 300 images for testing. It specifically addresses the challenge of
single-image traffic sign detection. The dataset classifies traffic signs into three
distinct types and is designed to accommodate varying sign counts, sizes rang-
ing from 16 x 16 to 128 x 128 pixels, and challenging lighting and perspective
conditions.
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Fig. 2. Traffic sign labels in GTSDB and GTSRB
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Another notable aspect of the GTSDB is its online evaluation system, which
enables real-time analysis of detection results. This system provides a robust
platform for assessing detection algorithms across diverse scenarios. The images
in GTSDB are stored in PPM format, while annotations are meticulously
detailed in CSV files. These annotations include crucial information such as ROI
coordinates and sign class IDs, offering comprehensive insights for researchers
and practitioners. The GTSDB, with its rich variety and detailed annotations,
stands as a cornerstone dataset for advancing research in the field of traffic sign
detection.

German Traffic Sign Recognition Benchmark. The German Traffic Sign
Recognition Benchmark (GTSRB), initially introduced at the International Joint
Conference on Neural Networks in 2011, stands as a prominent evaluation plat-
form for single-image, multi-class classification challenges. Featuring over 40 dis-
tinct classes and a dataset comprising 50,000 realistic images, this benchmark
welcomes participants from diverse fields without requiring specialized domain
knowledge. The distributions of training and testing subsets of the GTSRB are
illustrated in Figs.4 and 5. The primary focus of this benchmark is to address
the complexities associated with single-image classification, particularly in the
context of traffic signs.

The dataset is meticulously designed to exhibit real-world diversity, with
unique instances capturing various scenarios. The training set is organized by
class, and annotations are provided in CSV files, offering detailed information
for each track. For edge-based approaches, each track consists of 30 images of
a single physical traffic sign, with a 10% border around the sign. The images
are stored in the PPM format, featuring sizes ranging from 15 x 15 to 250 x 250
pixels. The annotation format includes essential details such as filename, dimen-
sions, and bounding box coordinates, facilitating a comprehensive evaluation of
classification algorithms on a diverse and realistic traffic sign database.
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GoPro Viet Nam Street Dataset. In this paper, we present the GoPro Viet
Nam Street (GPVNS) dataset, which is a collection of labeled images captured
from the streets of Vietnam. The data was obtained using a camera that pro-
duced frames with dimensions of 1920 x 1080 and 2704 x 1520, at a frame rate
of 60 FPS. We recorded this data between 11 AM and 4 PM in various regions of
Ho Chi Minh City, Viet Nam, with a focus on districts 1 and 3, known for being
the most densely populated areas in the city. After segmenting the recorded
video into individual frames and discarding irrelevant scenes without any traffic
signs, we compiled a dataset consisting of approximately 22,000 images, total-
ing a size of 11.5 GB. Figure 6 shows the detail of the traffic sign and its label
in the GPVNS dataset. GPVNS dataset comprises 1088 images, which contain
1615 annotations, divided into 29 classes in total. These images were carefully
sorted within approximately 22000 frames recorded and were labeled by hand
using the Labelbox application. Figure 7 provides an overview of the dataset’s
distribution, offering insights into the frequency of different classes present in
the GPVNS dataset.
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Fig. 6. Traffic sign labels in GPVNS
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Internet Traffic Sign 29 Dataset. For the classification model, we present
the Internet Traffic Sign (ITS29) dataset, specifically designed for classification
models. The ITS29 dataset comprises approximately 28,000 images obtained
from the internet, focusing on cropped traffic signs. These images are categorized
into 29 distinct classes, as depicted in Fig. 6. To evaluate the performance of the
classification model, we divided the dataset into training and testing subsets.
Figure 8 illustrates the distribution of the training dataset, while Fig. 9 shows the
distribution of the test dataset within the ITS29 dataset. These figures provide
valuable insights into the composition and distribution of the training and testing
data, enabling researchers to assess the generalization and performance of their
classification models effectively.
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3.2 Detection Model

Visual object detection is one area where deep learning has numerous practical
applications. Its objective is to identify and locate objects within images, a pro-
cess involving two primary steps: determining the object’s position within the
image, and determining its category. However, this process is complex due to
the wide range of object sizes, orientations, and placements in high-resolution
images. Traditionally, the approach to this problem is to create a deep neural
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network that takes image data, object labels, and positions as input. The net-
work employs convolutional neural layers and two fully connected layers to clas-
sify objects, precisely locate them, and provide the object’s exact coordinates
within the image. To enhance the effectiveness of object detection, numerous
deep learning models have been introduced, including R-CNN [15] and its sub-
sequent iterations such as Fast R-CNN [16], Faster R-CNN [10], and regression-
based techniques such as YOLO and SSD [9]. This section is dedicated to offering
a comprehensive overview and analysis of the Faster R-CNN and YOLO models.

Faster R-CNN Model. Faster R-CNN [10] is a significant improvement over
its predecessor, Fast R-CNN [16]. Instead of using the traditional selective search
algorithm to extract possible object regions, Faster R-CNN uses the RPN [17] to
identify candidate regions. The RPN system delivers a mix of candidate regions
with varying qualities which enhances the network’s recall performance, recog-
nition rate, and precision. Figure 10 illustrates the Faster R-CNN architecture,
showcasing the integration of the RPN into the overall structure.
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Fig. 10. Process Flow of Faster R-CNN
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The specific process is described below:

1. When an image is fed into the CNN network, it results in the derivation of
a convolutional layer. This convolutional layer serves a dual purpose: it acts
as input for the RPN network and is also directed towards a specific, fixed
convolutional layer to produce a more intricate convolutional layer feature
map.

2. The RPN network delivers both scores and corresponding region recommen-
dations. These scores are further refined using non-maximum suppression [18]
with a threshold of 0.7. This process yields fewer than 300 high-quality can-
didate frames, which are then standardized in size through the ROI pooling
layer.

3. The ROIs selected in step 2 and the high-dimensional feature map from step 1
are directed into the ROI pooling layer, which enables the extraction of region-
specific features.

4. The candidate features from step 3 are fed into the fully connected layer,
which computes scores and boundary regression for each candidate region.
This involves a joint training process, combining soft-max loss and smooth
L1 loss to handle both classification and boundary regression.
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Fig. 11. Region Proposal Network

RPN uses bounding box regressions and anchors, also known as candidate
boxes. It slides over the final convolutional layer to generate candidate regions
at multiple scales. Figure 11 provides a visual representation of the RPN net-
work structure. The underlying network architecture is ZF [19], and the output
dimension of the convb layer is 256, corresponding to 256 feature maps. For each
sliding window, RPN predicts two candidate regions. The classification layer
outputs two scores, representing the likelihood of an object being present, and
provides four sets of coordinates that correspond to the object’s boundary. Due
to its unique architecture, the Faster-RNN algorithm is classified as a two-stage
approach to object detection.
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YOLO Model

Development of YOLO Family. YOLO [13], initially introduced in 2016, is an
outstanding regression algorithm for object detection in deep learning. YOLO
is a representative of a single-stage algorithm as shown in Fig. 12. YOLO lever-
ages the information from the preceding feature map to integrate classification
and re-localization into a single module. This unique approach enables YOLO
to achieve faster processing times compared to two-stage approaches, while still
maintaining high accuracy levels. The team behind YOLO improved the algo-
rithm over the years and released YOLOv2 [20] successively. YOLOv5 [14] was
released on the GitHub platform more than a month after the release of YOLOvVA4,
and YOLOvV5.1.0 was officially online in June. These releases have contributed
to the ongoing development and evolution of YOLO as a powerful tool for
object detection in the field of computer vision. In June 2023, one year after
the release of YOLOvV5. Just a month later, the same research team introduced
YOLOvT [21], also known as MT-YOLOvG6. This model established a new state-
of-the-art for real-time object detection, showcasing significant advancements in
the field. Finally, the most recent version, YOLOv8, was launched on January
10, 2023. This version introduces several innovations, including a new backbone
network, a design that simplifies performance comparisons with previous YOLO
models, a novel loss function, and an anchor-free detection head. While YOLOv8
is being regarded as the new state-of-the-art, an official paper has not been
provided.
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Fig. 12. Single-stage object detection algorithm

YOLOv8 for Traffic Sign Recognition. Unlike some counterparts, YOLO [13]
doesn’t involve a regional proposal step. In contrast to traditional CNNs, YOLO
streamlines the task into a single regression problem, whereas methods like Faster
R-CNN [10] require handling both classification and regression separately. This
streamlined approach makes YOLO exceptionally fast and efficient, making it
suitable for real-time applications like autonomous driving and video surveil-
lance. YOLOvVS8 is an evolution of the YOLOv5 [14] framework, introducing a
range of enhancements in terms of architecture and developer usability. This new
version offers improved speed and accuracy compared to YOLOv5H and unifies
the framework for training models capable of object detection, instance segmen-
tation, and image classification.
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3.3 Classification Model

In the realm of computer vision, Convolutional Neural Networks (CNNs) have
gained significant popularity for their ability to process and interpret visual
data. Unlike traditional neural networks relying on matrix multiplications, CNNs
employ convolution as a key operation. A CNN typically consists of three essen-
tial layers: the convolutional layer, the pooling layer, and the fully connected
(FC) layer. The convolutional layer initiates the network, while the FC layer
constitutes the final stage. The progressive complexity of a CNN from the con-
volutional layer to the FC layer allows it to systematically recognize larger seg-
ments and more intricate features within an image, ultimately leading to the
identification of complete objects.

VGG 16 and 19 Model. VGG16 [19] is a variant of the CNN model which is
composed of 16 layers. It gained recognition for achieving a notable top-5 test
accuracy of around 92.7% on the ImageNet dataset at the time. Distinguish-
ing itself from its predecessors, VGG16 replaces larger kernel-sized filters with a
sequence of smaller 3 x 3 kernel-sized filters, leading to substantial improvements
compared to AlexNet [22]. This design choice enhances the network’s ability to
capture intricate features and patterns in images. Featuring 16 layers, VGG16
excels in classifying images across 1000 object categories, encompassing a diverse
range of items such as keyboards, animals, pencils, etc. Notably, the model pro-
cesses images with a standard input size of 224-by-224 pixels. The architecture
of VGG16 is characterized by its utilization of small 3 x 3 convolution filters,
constituting a total of 13 convolution layers and 3 fully connected layers. The
use of multiple convolution layers with small filters allows VGG16 to capture
both small and large features, such as edges, textures, and shapes at different
spatial scales, making it highly effective for tasks such as image recognition and
analysis.

An extended version of VGG16 is VGG19, which includes 19 weight layers.
It features 16 convolutional layers and three fully connected layers, similar to
VGG16. Like VGG16, VGG19 utilizes 3 x 3 filters in its convolutional layers and
2 x 2 max pooling layers. In addition, VGG19 also incorporates five max-pooling
layers in its architecture. This design contributes to the model’s ability to capture
intricate features in the input data through a hierarchical series of convolution
and pooling operations. For this research, the model input was adapted to a size
of 32 x 32 x 3 to suit the characteristics of the input dataset. This modification
allows the model to effectively process and analyze the input images in the
research context.

ResNet50. The Residual Network, commonly known as ResNet [17], was intro-
duced in 2015 and achieved remarkable success, securing first place in the
ILSVRC 2015 classification competition with an impressively low error rate of
3.57%. It also emerged victorious in the 2015 ILSVRC and COCO competi-
tions across various tasks, including ImageNet detection, ImageNet localization,
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COCO detection, and COCO segmentation. The initial ResNet architecture,
ResNet-34, comprised 34 weighted layers. Unlike VGGNet, which utilized 3 x 3
filters in each convolutional network, ResNet adopted a simpler design with fewer
filters. The ResNet architecture adheres to two key design principles: each layer
maintains the same number of filters based on the size of the output feature
map, and if the feature map’s size is halved, the number of filters is doubled
to preserve temporal complexity. Numerous ResNet variations exist, differing in
the number of layers while adhering to the same design principles. ResNet50 is
a specific variant of the ResNet architecture, known for its deep neural network
structure that consists of 50 layers. It was specifically designed to handle complex
tasks and achieve high accuracy in various domains such as image classification,
object detection, and semantic segmentation. For ResNet50 and higher versions,
a minor modification was introduced: shortcut connections, which used to skip
two layers, now skip three layers. Additionally, a 1 x 1 convolution layer was
added. In our research, a notable modification was made by adjusting the model
input to 32 x 32 x 3, showcasing the flexibility of ResNet in handling diverse
input sizes.

LeNet Model. The Lenet-5 [23] model, introduced in 1998, is a pioneering
pre-trained model known for its simplicity and effectiveness in handwritten and
machine-printed character recognition. This multilayer CNN has five layers with
learnable parameters, making it a foundational milestone in the development of
CNNs for visual recognition. The architecture of Lenet-5 consists of three sets
of convolution layers interspersed with average pooling operations, allowing it
to extract hierarchical features from input images. Two fully connected layers
follow the convolution and pooling layers, enabling complex pattern recognition.
The model concludes with a Softmax classifier for image categorization. In this
research, we modified the Lenet-5 model to process 32 x 32 x 3 RGB images with
three channels for input data.

The LeNet architecture begins with a convolution layer that utilizes sixty
5 x b filters, resulting in feature maps of size 28 x 28 x 60 and 24 x 24 x 60. After
the first convolution, a max pooling operation is applied, halving the feature
map size while maintaining the number of channels. The second convolution
layer uses thirty 3 x 3 filters, producing feature maps of dimensions 10 x 10 x 30
and 8 x 8 x 30. Another max pooling layer follows, reducing the feature map to
4 x 4 x 30. The output is then flattened to produce 480 values. A fully connected
layer with 500 neurons is employed, and the final output layer with 29 neurons
corresponds to the twenty-nine classes in the dataset. This modified Lenet-5
model is designed for image classification tasks, showcasing its adaptability and
continued relevance in the field.

4 Results and Analysis

In our research, we conducted experiments using Google Colab, a platform specif-
ically designed for training models. To ensure efficient training, we utilized a
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high-performance graphics card known as the Nvidia Tesla T4 GPU, which
offers 16 GB of VRAM (Video Random Access Memory). This GPU allowed
us to process and analyze large amounts of data effectively. To optimize our
models using different techniques, we followed the default parameter settings
provided in the training code, except for the batch size. We try to maximize
the batch size by considering the number of parameters in our models and the
available VRAM size, ensuring that it is maximum and does not exceed 32. To
determine the most effective methods for the TSR task, we initially trained all
models on the GTSDB and GTSRB datasets. Our objective was to select the
best models for both detection and classification, which would be suitable for
utilization in various applications. The performance of various models on these
datasets is summarized in Tables1 and 2.

Table 1. Performance of detection mod- Table 2. Performance of classification

els on GTSDB dataset models on GTSRB dataset
Model mAP@50 | Parameters Model Accuracy | Parameters
Faster R-CNN |91.75% |144M LeNet 98.2% 0.4M
YOLOv7 98.50% |36.9M VGG16 |97.6% 15.0M
YOLOv8m 99.40% |25.9M VGG19 |96.3% 20.3M
YOLOv&n 98.10% |3.2M ResNet50 |93.3% 24.7TM

In order to update the models for detection and classification independently,
we have divided the tasks into two separate components: detection and classifica-
tion. The detection component focuses solely on locating and identifying traffic
signs within an image. It aims to identify regions of interest that potentially
contain traffic signs. By separating the detection task from classification, we can
update the detection model independently without affecting the classification
model. On the other hand, the classification component is responsible for pre-
dicting the specific type of traffic sign within the identified regions. It takes the
regions of interest detected by the detection model and classifies them into dif-
ferent traffic sign categories. By decoupling the classification from the detection
process, we can update the classification model independently without needing
to modify the detection model. This separation allows for more flexible updates,
especially in scenarios where there is a lack of data for one specific task. As
shown in Table 1, our evaluation reveals that YOLOv8 demonstrates the high-
est mAP@50, about 99.40% for YOLOv8m. Remarkably, YOLOv8n achieves
close to YOLOv8m performance while utilizing the lowest number of parame-
ters. Notably, the mAP@50 exceeds 98.10%. Based on these findings, we have
decided to select YOLOv8n as the primary detection model for our ongoing
development efforts. In terms of classification, our evaluation demonstrates that
LeNet achieves outstanding accuracy, with a remarkable score of 98.2% while
utilizing only 0.4 million parameters. Considering its exceptional performance,
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speed, and parameter efficiency, we select LeNet as our primary classification
model for the next stage of our project.

Table 3. Performance of YOLOv8n and LeNet on 4 datasets

Model Dataset Number of classes | mAP@50 | Accuracy
YOLOv8n GSTDB 1 98.1% -

Lenet GTSRB 43 - 98.2%
YOLOv8n + LeNet | GSTDB + GTSRB | 43 98.1% -
YOLOv8n GPVNS 1 94.9% -

Lenet 1TS29 29 - 99.23%
YOLOv8n + LeNet | GPVNS + ITS29 | 29 90.7% -

In the subsequent phase, we proceeded to train our detection model using the
GPVNS dataset, while the classification model was trained on the ITS29 dataset.
As the focus was solely on traffic sign detection, we configured the model to have
a single class. Remarkably, the YOLOv8n model achieves a high mAP@50 on
both the GSTDB and GPVNS datasets as shown in Table 3, achieving 98.1%
and 94.9% respectively. When the YOLOv8n model is combined with LeNet,
there is a possibility of a performance drop in the case of the GPVNS and I'TS29
datasets. The combined model achieves a mAP@50 of only 90.7, which is lower
than the original YOLOv8 model’s performance of 94.9%. However, it is worth
noting that the performance of the original YOLOv8n and the combined model
remains mostly the same when evaluated on the GSTDB and GTSRB datasets.
This suggests that the performance of the combined model is influenced by
the difficulty of the dataset, which can lead to performance improvements or
decreases depending on the dataset characteristics.

5 Conclusion

In summary, our research provides a comprehensive analysis of various object
detection architectures applicable in the field of TSR, along with their perfor-
mance comparison. We propose a combined approach using YOLOvS8 and LeNet,
which offers ease of maintenance and development. Additionally, we introduce
two new datasets: the GoPro Viet Nam Street dataset (GPVNS) for detection
tasks, and the Internet Traffic Sign 29 dataset (ITS29) for classification tasks.
Our study aims to address the crucial role of Artificial Intelligence in traffic man-
agement, driven by the need for accident reduction in driverless traffic scenarios.
By focusing on TSR, an essential element of this challenge, we thoroughly inves-
tigate models for both detection and classification tasks. Through our exper-
iments, we obtain insightful results highlighting the strengths of YOLOvS in
traffic sign detection, with YOLOv8n particularly excelling in real-time process-
ing scenarios. For the classification task, LeNet emerges as the top-performing
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model, demonstrating its superiority in our evaluation. These findings emphasize
the potential of Al in enhancing traffic safety, with specific models identified
as robust solutions for practical applications. The knowledge gained from our
research contributes to the ongoing efforts to implement effective and depend-
able TSR systems, as we envision a future with driverless traffic conditions.
As AT continues to advance, these insights will be instrumental in developing
intelligent systems that support the overarching goal of creating safer and more
efficient transportation environments.
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