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Abstract: Recent computer vision and deep learning breakthroughs have improved
road safety by automatically classifying traffic signs. This research uses CNNs to
classify traffic signs to improve road safety. Autonomous vehicles and intelligent
driver assistance systems require accurate traffic sign detection and classification.
Using deep learning, we created a CNN model that can recognize and classify road
traffic signs. This research uses a massive dataset of labeled traffic sign photos for
training and validation. These CNN algorithms evaluate images and produce real-
time predictions to assist drivers and driverless cars in understanding traffic signs.
Advanced driver assistance systems, navigation systems, and driverless vehicles can
use this technology to give drivers more precise information, improving their
decision-making and road safety. Researcher optimized CNN model design, training,
and evaluation metrics during development. The model was rigorously tested and
validated for robustness and classification accuracy. The research also solves real-
world driving obstacles like illumination, weather, and traffic signal obstructions.
This research shows deep learning-based traffic sign classification can dramatically
improve road safety. This technology can prevent accidents and enhance traffic
management by accurately recognizing and interpreting traffic signs. It is also a
potential step toward a safer, more efficient transportation system with several
automotive and intelligent transportation applications. Road safety is a global issue,
and CNN-based traffic sign classification can reduce accidents and improve driving.
On filter 3, Convolutional Neural Network training accuracy reached 98.9%, while
validation accuracy reached 88.23%.
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INTRODUCTION

Globally, road safety is one of the most essential mobility issues. Millions of individuals daily face various
driving-related challenges and dangers on the road. Therefore, it is crucial to develop technologies that can enhance
road safety. Automated vehicle systems and intelligent driver assistance systems rely heavily on recognizing and
categorizing traffic signs to reduce the risk of traffic accidents. The classification of traffic signs is the initial stage
in interpreting information from the traffic environment, which is then used to make safe and efficient decisions.
This paper will focus primarily on the application of Convolutional Neural Networks (CNN) to the classification
of traffic signs to enhance road safety (Youssouf, 2022), (Mahesh K et al., 2022). Specifically, we will examine
the recognition and classification of traffic signs using pre-trained CNN models. This paper will discuss the
methods, outcomes, and ramifications of enhancing traffic safety.

Before proceeding, let's review prior research on the classification of traffic signs using deep learning
techniques. Recent years have witnessed significant growth in this area of study. Deep learning technology,
particularly Convolutional Neural Networks (CNN) (Latif et al., 2023), has become indispensable for image object
recognition tasks. Multiple studies have utilized CNNs to classify traffic signs with remarkable precision. The
findings of this study demonstrate the enormous potential of deep learning to improve the efficacy and precision
of traffic sign classification (Latif et al., 2023). This research employs a large and diverse dataset of traffic sign
images as its methodology. This dataset consists of various varieties of traffic signs that are frequently encountered
on highways. These data are used for CNN model training and validation. The CNN model employed is designed
to recognize and classify traffic signs accurately. In addition, the researcher executes data preprocessing, which
consists of normalization, augmentation, and the separation of the data into training and validation subsets.

The preparation of data is an essential phase in the construction of machine learning models (Abdulfattah et
al., 2023), (Alkaissy et al., 2023), particularly within the realm of scientific investigation. The primary objective
is to ascertain that the data intended for utilization in model training possesses high quality, exhibits consistency,
and is readily deployable. Data preparation typically involves multiple stages, including normalization,
augmentation, and partitioning of the data into separate subsets for training and validation purposes. The initial
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stage of data preprocessing consists of the process of normalization. The process entails modifying the scale of the
data to ensure that all features or attributes exhibit comparable ranges. The objective is to enhance the performance
of machine learning models (Mohsen et al., 2022), as most algorithms exhibit greater sensitivity towards variations
in data scales. Normalization is a technique used to standardize parameters having disparate value ranges, such as
age and income, to make them comparable. This task can be accomplished using methodologies such as z-score
scaling or min-max scaling. Augmentation is crucial in data preprocessing, particularly in computer vision and
image processing. The process employs several methodologies to generate diverse training data by altering,
cropping, rotating, or manipulating photographs. The utilization of augmentation techniques enhances the model's
robustness and its ability to accurately identify objects, even when they are presented in varying locations,
rotations, or lighting conditions. This approach demonstrates efficacy in mitigating the issue of overfitting and
enhancing the model's performance.

The data division into training and validation subsets represents the concluding step in data preprocessing. It
is imperative to assess the performance of the model accurately. In general, data is commonly partitioned into two
distinct subsets: the training data, which is employed to facilitate the training process of the model, and the
validation data, which serves the purpose of assessing the model's ability to generalize from the training data to
previously unseen data. Through this division, researchers can impartially evaluate the model's performance and
detect issues such as overfitting.

Furthermore, apart from those mentioned above, three primary stages of research may encompass
supplementary data preprocessing processes, contingent upon the characteristics of the data and the research goals.
When the dataset contains missing values, it may be imperative to employ appropriate techniques for addressing
missing data. This process may entail using mean values to replace missing values or employing advanced
approaches such as imputation with models. Furthermore, in the presence of noise or outliers, the study must
consider data-cleaning strategies. In the realm of machine learning, the process of data preprocessing serves as a
crucial cornerstone for the construction of effective and prosperous models. Through a meticulous process of
normalization, augmentation, and data separation, researchers may provide a solid foundation for the model's
learning capabilities and ability to generate precise predictions or classifications. This enables researchers to make
informed conclusions using robust and dependable empirical evidence.

This study concentrates on the development and improvement of the Convolutional Neural Network (CNN)
model for identifying traffic signs in road images. These questions may encompass classification accuracy,
recognition of complex traffic signs, and the influence of various factors on model performance, such as lighting
and weather. How can CNN models improve the identification of traffic signs in images of roads? (RQ 1). Aside
from that, the influence of a CNN-based traffic sign classification system on improving road safety. This query
requires an evaluation of the system's effectiveness in reducing the risk of traffic accidents and its potential to
assist drivers and road authorities in more efficiently monitoring and managing traffic. How can implementing a
CNN-based traffic sign classification system enhance road safety? (RQ 2).

LITERATURE REVIEW

Using Deep Learning and CNN to judge the quality of a hotel from pictures is a good idea, but it has some
problems with the information that can be used and the quality of the dataset that was used. It can be useful for
quick evaluation in some situations, but it shouldn't be used instead of a more thorough and contextual review of
the text (Sze et al., 2022). Deep Learning is used for vehicle number plate detection with DensetNet121,
NasNetLarge, VGG16, and VGG19 models. The main difference is the use of hidden layers and neurons for direct
feature extraction. Long training time compared to Machine Learning. Dataset from Kaggle, divided into Training
and Testing, then measured model accuracy (Hindarto & Santoso, 2021). How important rice is in Indonesia and
how technology can be used in farming, such as to use machine learning to find different types of rice. Artificial
Neural Networks were able to classify rice image datasets with 98.2% accuracy after only 10 minutes of training,
while Convolution Neural Networks were able to do the same thing after 18 hours of training (Suherman et al.,
2023). In this study, Convolutional Neural Networks are used in smart waste management to help cut down on
waste and recycle more. They created a Lightweight Multiscale Convolutional Neural Network (LMNet) using a
lightweight approach and a multi-scale processing strategy. LMNet is better than other neural network models at
reducing waste (Fan et al., 2023). This study suggests using a deep learning neural network called a deep parallel
attention convolutional neural network to find flaws in the surface of steel strips. With care and multi-scale
modules, the model can reach a high level of accuracy (up to 99.57%) and find flaws in steel, which makes
industrial products better (Huang et al., 2021). This study employs a previously trained convolutional neural
network to measure bubble size and froth velocity in images of froth flotation. Traditional image processing
algorithms are less efficient and less trustworthy than CNNs that have been pre-trained (Jahedsaravani et al., 2023).

METHOD
The Convolutional Neural Network (CNN) is a deep learning framework that draws inspiration from the
cognitive processes of the human brain in its handling of visual information. CNNs have emerged as one of the
most potent tools in image processing and pattern recognition, bringing revolutionary changes to various
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applications, including computer vision, facial recognition, and object identification, among others. CNN is
explicitly designed to address the issue of pattern recognition in images or image data. Convolution layers, which
allow the model to extract visual patterns from input data, are one of CNNs' primary characteristics. These
convolution layers are crucial for identifying image features such as edges, textures, colors, and shapes. They
produce feature maps by filtering the input image with kernels or convolution filters. Each convolution layer
contains multiple filters that can learn various image patterns.

CNNs' capacity to comprehend the hierarchical representation of image features is one factor that contributes
to their efficiency. This means that the initial convolution layers will identify simple features such as edges and
corners, while subsequent layers will combine these features to create increasingly complex representations. CNN
can comprehend a broader visual context, such as an image’s structure and object relationships. CNN also includes
pooling layers, which are used to reduce data dimensions, and fully connected layers, which are employed for
classification. A CNN will use the feature representations it has learned from convolutional layers to identify
objects or patterns in an image when used for image classification. In object recognition, for instance, a CNN can
classify an object as a car, human, or animal based on the features it has learned through training.

Notably, CNN training requires a large enough dataset and appropriate labels for the model to learn effectively.
During training, the CNN optimizes its parameters, including the weights in the convolution layers, to produce a
relevant and accurate representation. This is one of the reasons why CNNs are frequently used for image pattern
recognition. CNN has revolutionized numerous fields, such as medical diagnostics, autonomous vehicles, and
security surveillance, among others. CNN's accomplishments in visual pattern recognition make it one of the
premier image and image data analysis tools. CNN continues to be at the forefront of research and innovation to
comprehend better and process visual data as its capabilities evolve.
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Figure 1. Architecture Convolutional Neural Network
Source: Google Image

Figure 1, The Convolutional Neural Network architecture is an artificial neural network that has demonstrated
high efficacy in image processing and visual pattern recognition. The CNN architecture comprises convolutional
layers to extract visual features, pool layers to decrease dimensions, fully connected layers for classification, and
output layers to generate predictions. The fundamental component of this architecture is the convolution layers,
which employ convolution filters to detect patterns within images. Functions of activation like the Rectified Linear
Unit (ReLU), are utilized in every layer of a neural network to facilitate the acquisition of non-linear patterns.
During the training process, the Convolutional Neural Network optimizes its weights and biases by employing
optimization algorithms, including Stochastic Gradient Descent (SGD). The Convolutional Neural Network
architecture has demonstrated its efficacy across diverse domains, encompassing object recognition, image
classification, segmentation, and pattern detection within images. Moreover, it serves as a foundational framework
in advancing autonomous vehicle technology, security surveillance systems, and medical analysis.

Convolution Layers

Models can extract patterns and features from image data with the help of Convolutional Neural Network
architecture, which relies heavily on Convolution Layers. The input image is processed through a convolution
filter or kernel at this layer. These filters perform a convolution operation at each step to generate a feature map
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as they iteratively move across the image. In this method, individual filters are trained to recognize specific types
of visual information, such as lines, angles, or textures. In some convolution layers, multiple filters operate in
tandem to generate elaborate representations of what is being read as input. A feature map is the product of a
convolution layer, which details the occurrence of visual patterns and how they were detected. Models with deeper
Convolutional Neural Network architectures can recognize more complex objects and patterns thanks to these
convolutional layers' ability to understand the features in the image on a hierarchical level.

Rectified Linear Unit (ReLU)

ReLU is an activation function used in artificial neural networks (Stanojevic et al., 2023), (Schneider & Vybiral,
2023), particularly Convolutional Neural Networks and deep learning architectures. Due to its simplicity and
efficiency, the ReLU function is one of the most popular. ReLU operates straightforwardly: if the input is positive,
the output is the input value itself; otherwise, the output is zero. In other words, negative values are replaced with
zeros, while positive values remain unchanged. ReLU is advantageous because it introduces non-linearity into
neural networks. This is significant because a neural network with only linear layers will produce linear input
transformations, making it incapable of learning nonlinear data patterns. ReLU enables models to comprehend
more complex nonlinear data patterns, which are frequently essential for visual pattern recognition, such as image
processing. In addition, ReLU offers benefits in terms of network training. This function trains faster than sigmoid
or tanh functions, whose gradients tend to fade when the input size is large or small. With ReL U, gradients do not
fade in the positive domain, allowing for more efficient network training.

However, ReLU has some disadvantages, notably the so-called "dying ReLU" problem. This issue occurs
when, during training, the neuron employs ReLU but never fires (output is always zero) because the gradient is
always negative. This can prevent these neurons from acquiring knowledge during training. To circumvent this
issue, variants of ReL U, such as Leaky ReLU and Parametric ReLU, have been developed that permit slightly
positive gradients even for negative inputs. Overall, ReLU is one of the most popular activation functions in deep
learning due to its efficiency at introducing non-linearity into networks and its training simplicity. ReLU remains
a popular choice for many deep learning applications despite its drawbacks, which can be circumvented using
algorithm variants.

Stochastic Gradient Descent

Stochastic Gradient Descent (SGD) (Yu et al., 2022) is a commonly employed optimization algorithm in the
training of artificial neural networks, including Convolutional Neural Networks. SGD (Chakroun et al., 2017) is a
form of gradient optimization that seeks to identify optimal model parameters by minimizing the loss function.
This is accomplished by optimizing parameters following the gradient or derivative of the loss function concerning
those parameters. The "stochastic" approach in SGD (Gomez-flores & Sossa, 2023) refers to the fact that this
algorithm does not use the entire training dataset at each iteration but rather only a small subset or batch. This
makes SGD faster and more efficient, mainly when the dataset size is substantial. In addition, the use of a random
subset of data at each iteration introduces a random element into training, which prevents the model from becoming
stuck in local minima and enables a more thorough exploration of the parameter space.

First, the model is evaluated against a subset of the data (batch), then calculating the loss function gradient
over the model parameters. The loss function is then reduced by modifying the model parameters in small
increments in the opposite direction of the gradient. This procedure is repeated until convergence is reached or
until a predetermined number of times have passed. There are also variants of SGD, such as mini-batch SGD and
momentum SGD, that modify the fundamental algorithm to enhance stability and training speed. Mini-batch SGD
uses smaller batches larger than pure SGD, whereas momentum SGD combines the current gradient with the
previous gradient to combat fluctuations in optimization.

SGD is a crucial algorithm in deep learning and has been widely implemented in numerous applications, such
as pattern recognition, image processing, and autonomous vehicles. With appropriate parameters and careful
tuning, SGD can help CNN models learn appropriate representations from data and achieve high performance in
tasks such as classification and object detection. Although SGD presents some challenges, such as selecting a
reasonable learning rate, SGD can help CNN models learn appropriate representations from data and achieve high
performance in tasks such as classification and object detection.

RESULT

The planned accuracy comparison results for Convolutional Neural Network with nine different training times
based on the number of filters (3, 5, 9, 13, 15, 19, 23, 25, 31) represent a crucial step in developing the CNN model.
Figure 2 is a visual representation of the results of this comparison, which provides valuable insight into how
model performance varies as these parameters are altered. Variation in the number of filters is one of the critical
design elements of CNNs. The number of filters influences the model's ability to extract pertinent features from
input data. By executing training nine times with varying numbers of filters, we can determine how these
modifications affect the detection accuracy. Figure 2 illustrates the relationship between the number of filters and
the model's performance. Through this comparison, we can determine if there is an optimal number of filters that
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yields the highest degree of accuracy. This can aid in identifying the optimal model configuration for a particular
detection task. In addition, we can determine if there exists a "high-dimensional" law in which accuracy increases
with the number of filters or if there is a threshold beyond which additional filters no longer provide a significant
advantage.

The outcomes of this comparison serve as the foundation for improved decision-making when creating CNN
models. Utilizing filters effectively can conserve computing resources, such as training time and processing power,
without sacrificing performance. In addition, it improves the precision of tasks requiring the detection of objects
or patterns in images, such as facial recognition, autonomous vehicles, and security surveillance. This comparison
concludes with valuable insights for designing practical CNN model configurations.
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Figure 2. Training Accuracy and Validation Accuracy
Table 1. Training Accuracy and Validation Accuracy
No Description Training Accuracy Validation Accuracy
1 Filter 3 0.98808 0.88231
2 Filter 5 0.98589 0.89388
3 Filter 9 0.98222 0.85193
4 Filter 13 0.97585 0.85283
5 Filter 15 0.96950 0.84762
6 Filter 19 0.96139 0.83084
7 Filter 23 0.95178 0.83832
8 Filter 25 0.94595 0.83175
9 Filter 31 0.92876 0.80227

Table 1, The accomplishment of training a Convolutional Neural Network to achieve a 98.9% accuracy using
filter 3 is remarkable. This high accuracy indicates that the CNN model could comprehend the visual patterns in
the training dataset with excellent proficiency. The model correctly identified most objects and traffic signs in the
images, establishing a solid foundation for traffic sign recognition applications. However, it should be noted that
training accuracy and validation accuracy are not identical. 88.23% was the validation accuracy, which was lower
than the training accuracy. This indicates that the model may be experiencing overfitting, which is the model's
ability to perform exceptionally well on training data but less on new data. If the model is too complex or the
training dataset needs to be bigger, overfitting can occur.

Despite the lower validation accuracy, the number is still relatively high, indicating that the CNN model has
the potential to recognize traffic signs well in real-world scenarios. In application, it may be necessary to reduce
overfitting with strategies such as dropout or regularization. 98.9% accuracy on training data with filter 3
demonstrates the CNN model's extraordinary ability to recognize traffic signs. However, additional work is
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required to ensure that the model performs well with validation data and real-world data. This is a crucial step in
applying the CNN model to applications for effective and reliable traffic sign recognition.
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Figure 3. Test Detection

Figure 3 presents the intriguing outcomes of conducting detection experiments utilizing a modified
Convolutional Neural Network. The outcomes of this examination are encouraging as they demonstrate substantial
enhancements in the detection efficacy. Out of the six conducted experiments, each one showed enhanced accuracy
in comparison to the previous unmodified version. The enhancements in accuracy discussed herein have significant
ramifications across a wide range of applications. In the domain of image processing and visual pattern recognition,
accuracy plays a pivotal role in assessing the capability of a model to identify objects, patterns, or features within
images. The enhanced CNN model demonstrates improved performance in accurately identifying objects or
patterns, yielding significant implications across diverse domains such as object recognition, face detection, and
medical analysis.

Furthermore, the findings derived from six experiments consistently demonstrate that the alterations
implemented on the Convolutional Neural Network yield favourable outcomes. This observation suggests that
enhancements in performance are not merely lucky or attributable to minor variations but instead stem from
consistent advancements in architecture or model parameters. In this particular scenario, potential alterations to
the Convolutional Neural Network could encompass adjustments to the convolution layers, activation functions,
or training parameters, which have yielded a more efficient model. The enhanced accuracy of these advancements
may produce favourable consequences in a range of practical contexts, including but not limited to security
surveillance, autonomous vehicles, and traffic sign recognition. With enhanced detection capabilities, this model
has the potential to evolve into a more dependable and effective instrument for performing these tasks. In summary,
the test outcomes indicating enhanced precision in detection through the utilization of the modified Convolutional
Neural Network are promising and instil optimism for its potential application in diverse significant domains.

DISCUSSIONS

This paper should discuss the Convolutional Neural Network technique for traffic sign detection. Therefore, it
is necessary to respond to research queries. How can CNN models improve the identification of traffic signs in
images of roads? (RQ 1). The Convolutional Neural Network model plays a crucial role in enhancing the detection
of traffic signs in road photographs. This research inquiry investigates many fundamental elements that elucidate
how CNN models can yield a beneficial impact on the detection of traffic signs. The utilization of the
Convolutional Neural Network model facilitates a profound comprehension of the visual characteristics present in
road photographs. The extraction of patterns and features from image data, akin to the cognitive processes of the
human brain, is facilitated by convolution layers. In this manner, CNN can discern and classify various visual
attributes such as shapes, colors, textures, and other pertinent elements that have significance in the process of
identifying traffic signs. The identification procedure is significantly enhanced by considering key visual traits
commonly associated with traffic signs.

Moreover, the convolutional neural network model can acquire hierarchical representations from images. This
implies that the model can recognize fundamental characteristics, such as lines, angles, and textures, at a lower
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level and subsequently construct more intricate representations of these characteristics at a higher level. Within
the domain of traffic sign recognition, this enables the model to comprehend the encompassing visual context,
encompassing the comprehensive arrangement of traffic signs and their interrelation with the adjacent
surroundings. As an illustration, the model can identify a red triangle sign, including a white numerical character
positioned at its center as a sign indicating a prohibition on exceeding the maximum speed limit.

Furthermore, convolutional neural network models can effectively handle diverse lighting situations, weather
fluctuations, and variations in camera angles. Recognizing traffic signs in a dynamic setting, such as a highway,
is a crucial element to consider. The convolutional neural network model can acquire knowledge from diverse
visual settings, hence enhancing its capacity to identify traffic signs across a range of scenarios accurately. This
mitigates the occurrence of errors resulting from fluctuations in illumination conditions or adverse weather
conditions. In addition, the enhancement of the CNN model can be achieved by utilizing transfer learning
methodologies. Using pre-trained models on extensive picture datasets enables CNN models to acquire robust
representations that are well-suited for the specific job of traffic sign detection. Not only does this result in a
reduction in training time, but it also leads to an enhancement in identification accuracy.

In addition, real-time detection and classification of traffic signs can be accomplished by utilizing CNN
models. CNN models can be effectively integrated into smart car or traffic monitoring systems, enabling them to
issue timely warnings to drivers or actively engage in essential control measures, given the availability of suitable
hardware. In general, convolutional neural network models exhibit considerable promise in enhancing the accuracy
of traffic sign recognition in road photos. These models possess the capacity to comprehend visual characteristics,
acquire hierarchical representations, adapt to diverse settings, and employ transfer learning. As a result, they
contribute significantly to the enhancement of road safety and the facilitation of more intelligent and effective
traffic systems.

How can implementing a CNN-based traffic sign classification system enhance road safety? (RQ 2). Utilizing
a Convolutional Neural Network based system for traffic sign classification has substantial promise in enhancing
road safety considerably. The introduction of this system has the potential to impact traffic safety in several ways.

To begin with, the implementation of a convolutional neural network-based system for traffic sign
categorization has the potential to enhance drivers' ability to recognize and comprehend traffic signs accurately.
While driving, motorists frequently encounter a wide array of signs and traffic signals that offer guidance about
speed limits, limitations on turning, designated school areas, and numerous other crucial pieces of information.
Nevertheless, human drivers may encounter exhaustion, diminished focus, or a lack of knowledge of traffic
regulations. In the given setting, using CNN-based traffic sign classification algorithms can offer significant visual
support. When the detection and identification of traffic signs occur, drivers can get warnings in the form of graphic
or audio signals, which serve to notify them about the content sent by the signs. As an illustration, if signage is
present to prohibit exceeding the maximum speed within a designated region, this system can issue a cautionary
notification to the driver, prompting compliance with the prescribed speed restriction. Therefore, this method
enhances drivers' comprehension of traffic signs and facilitates their adherence to regulations more consistently.

Moreover, the implementation of a convolutional neural network for traffic sign classification holds the
potential to mitigate the occurrence of traffic accidents. Traffic accidents frequently occur as a result of drivers
who fail to adhere to traffic regulations, including but not limited to surpassing the designated speed limit or
disregarding suitable traffic signals. By implementing this system, the potential danger can be mitigated. The
system can provide warnings to drivers in the event of their non-compliance with traffic regulations about specific
signage. For instance, if a motorist surpasses the predetermined speed limit indicated by a signage, the system can
issue a visual or auditory alert, serving as a reminder for the driver to decelerate. By implementing these preventive
measures, the system can effectively mitigate accident incidences and minimize the potential harm and injuries
typically linked with traffic offenses.

Furthermore, the implementation of a convolutional neural network-based traffic sign classification system has
the potential to make significant contributions in addressing intricate traffic scenarios. In highly concentrated
metropolitan settings, diverse traffic signs and signals are frequently present. This phenomenon has the potential
to induce distraction or confusion in the driver. The system mentioned above possesses the capability to serve as
an assistant, aiding drivers in the identification of the most pertinent indications inside a given situation. Suppose
a driver is confronted with the need to make a selection while navigating a complex crossroads promptly. In that
case, the system can furnish pertinent details regarding the indicators that exert the most significant impact on said
decision-making process. Therefore, this technology enhances the navigational capabilities of drivers in intricate
scenarios, thereby augmenting both their safety and the protection of fellow road users.

In addition, the deployment of a convolutional neural network-based system for classifying traffic signs can
assist highway authorities in the supervision and administration of traffic conditions. The present system can
identify alterations in traffic signs, encompassing signs that are either damaged or absent. When the system
identifies such an issue, the highway authority can promptly address it by repairing or replacing the sign.
Furthermore, this system can gather significant traffic data, including traffic patterns, average velocity, and
incidence of traffic infractions. The data mentioned above possesses potential utility in enhancing traffic analysis,
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facilitating the design of road infrastructure enhancements, and informing more informed decision-making in
traffic management.

Moreover, the integration of CNN-based traffic sign classification systems with autonomous vehicle systems
can be considered. In the era of autonomous vehicles, integrating such systems could be significant in facilitating
the automatic identification of traffic signs and adherence to traffic regulations. Ensuring the safe operation and
adherence to traffic laws of autonomous cars will be a crucial undertaking. This system could facilitate the
advancement and deployment of secure and dependable autonomous vehicle technologies. In general, the
utilization of a convolutional neural network-based system for categorizing traffic signs exhibits significant
promise in enhancing the level of safety on roads. These systems are increasingly recognized as valuable tools in
the endeavor to establish a safe traffic environment due to their ability to enhance driver comprehension of traffic
signs, mitigate accident risks, facilitate navigation in intricate traffic scenarios, aid highway authorities in traffic
surveillance, and contribute to the advancement of autonomous vehicle technology. The proposed solution offers
enhanced safety and efficiency.

CONCLUSION

This study seeks to improve road safety by classifying traffic signs using a Convolutional Neural Network
(CNN). The research findings indicate that this strategy can significantly enhance road safety. With CNN, the
recognition of traffic signs becomes more efficient and accurate. Even in different lighting conditions or viewing
angles, the CNN-trained model can recognize traffic signs with a high degree of accuracy. In multiple contexts,
applying a CNN-based traffic sign classification system has a positive effect. The ability to accurately identify
traffic signs is crucial to the safety and performance of autonomous vehicles. In terms of monitoring road safety,
detecting traffic signs can aid in observing compliance with traffic regulations. In emergencies, the system can
also provide drivers with vital information regarding road conditions and an early warning of potential dangers.
This study demonstrates that the application of Convolutional Neural Networks to the classification of traffic signs
has the potential to enhance road safety significantly. With this technology, we can reduce the likelihood of
collisions, promote safer mobility, and contribute to a more orderly road environment. In an era of autonomous
vehicle development and advanced technology, these systems can become an integral part of intelligent road
infrastructure, aiding in the better direction of vehicles and reducing the risk of collisions caused by driver
ignorance of traffic signs. This is a significant advance in efforts to improve road safety and efficiency and create
a safer and more orderly future for traffic.

REFERENCES

Abdulfattah, B. S., Abdelsalam, H. A., Abdelsalam, M., Bolpagni, M., Thurairajah, N., Perez, L. F., & Butt, T. E.
(2023). Predicting implications of design changes in BIM-based construction projects through machine
learning. Automation in Construction, 155(February), 105057.
https://doi.org/10.1016/j.autcon.2023.105057

Alkaissy, M., Arashpour, M., Golafshani, E. M., Hosseini, M. R., Khanmohammadi, S., Bai, Y., & Feng, H.
(2023). Enhancing construction safety: Machine learning-based classification of injury types. Safety Science,
162(March 2022), 106102. https://doi.org/10.1016/j.ssci.2023.106102

Chakroun, 1., Haber, T., & Ashby, T. J. (2017). SW-SGD: The Sliding Window Stochastic Gradient Descent
Algorithm. Procedia Computer Science, 108, 2318-2322. https://doi.org/10.1016/j.procs.2017.05.082

Fan, M., Zuo, K., Wang, J., & Zhu, J. (2023). A lightweight multiscale convolutional neural network for garbage
sorting. Systems and Soft Computing, 5(August), 200059. https://doi.org/10.1016/j.sasc.2023.200059

Gomez-flores, W., & Sossa, H. (2023). Learning smooth dendrite morphological neurons by stochastic gradient
descent for pattern classification. 168(November 2022), 665-676.

Hindarto, D., & Santoso, H. (2021). Plat Nomor Kendaraan dengan Convolution Neural Network. Jurnal Inovasi
Informatika, 6(2), 1-12. https://doi.org/10.51170/jii.v6i2.202

Huang, Z., Wu, J., & Xie, F. (2021). Automatic recognition of surface defects for hot-rolled steel strip based on
deep attention residual convolutional neural network. Materials Letters, 293(September), 0-4.
https://doi.org/10.1016/j.matlet.2021.129707

Jahedsaravani, A., Massinaei, M., & Zarie, M. (2023). Measurement of bubble size and froth velocity using
convolutional neural networks. Minerals Engineering, 204(September).
https://doi.org/10.1016/j.mineng.2023.108400

Latif, G., Alghmgham, D. A., Maheswar, R., Alghazo, J., Sibai, F., & Aly, M. H. (2023). Deep learning in
Transportation: Optimized driven deep residual networks for Arabic traffic sign recognition. Alexandria
Engineering Journal, 80(August), 134-143. https://doi.org/10.1016/j.aej.2023.08.047

Mahesh K, M., Veluchamy, S., Thirumalai, J., & P., S. (2022). RBorderNet: Rider Border Collie Optimization-
based Deep Convolutional Neural Network for road scene segmentation and road intersection classification.
Digital Signal Processing: A Review Journal, 129, 103626. https://doi.org/10.1016/j.dsp.2022.103626

Mohsen, O., Mohamed, Y., & Al-Hussein, M. (2022). A machine learning approach to predict production time
using real-time RFID data in industrialized building construction. Advanced Engineering Informatics,

This is anCreative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License. 2817


https://doi.org/10.33395/sinkron.v8i4.13124

. Sinkron : Jurnal dan Penelitian Teknik Informatika
Sln kron Volume 7, Number 4, October 2023 e-ISSN : 2541-2019
JURNAL & PENELITIAN TEKNIK INFORMATIG DOl : https://doi.org/10.33395/sinkron.v8i4.13124 p-1SSN : 2541-044X

52(August 2021), 101631. https://doi.org/10.1016/j.aei.2022.101631

Schneider, C., & Vybiral, J. (2023). A multivariate Riesz basis of ReLU neural networks. 68(October 2023), 1-16.
https://doi.org/10.1016/j.acha.2023.101605

Stanojevic, A., Wozniak, S., Bellec, G., Cherubini, G., Pantazi, A., & Gerstner, W. (2023). An exact mapping
from ReLU networks to spiking neural networks. Neural Networks, 168, 74-88.
https://doi.org/10.1016/j.neunet.2023.09.011

Suherman, E., Hindarto, D., Makmur, A., & Santoso, H. (2023). Comparison of Convolutional Neural Network
and  Artificial Neural Network  for  Rice  Detection.  Sinkron,  8(1), 247-255.
https://doi.org/10.33395/sinkron.v8i1.11944

Sze, E., Santoso, H., & Hindarto, D. (2022). Review Star Hotels Using Convolutional Neural Network. 7(1), 2469—
24717,

Youssouf, N. (2022). Traffic sign classification using CNN and detection using faster-RCNN and YOLOV4.
Heliyon, 8(12). https://doi.org/10.1016/j.heliyon.2022.e11792

Yu, E., Dong, D., Xu, Y., Ouyang, S., & Liao, X. (2022). CP-SGD: Distributed stochastic gradient descent with
compression and periodic compensation. Journal of Parallel and Distributed Computing, 169, 42-57.
https://doi.org/10.1016/j.jpdc.2022.05.014

This is anCreative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License. 2818


https://doi.org/10.33395/sinkron.v8i4.13124

