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Abstract—Traffic sign classification is a crucial
component in the development of intelligent
transportation systems and autonomous vehicles, as it
enables machines to understand and respond to road
signs accurately. This review paper explores various
machine learning (ML) and deep learning (DL)
approaches employed for traffic sign classification,
highlighting their effectiveness, limitations, and practical
implementations. Traditional ML techniques such as
Support Vector Machines (SVM) and Random Forests
have shown promising results in earlier research;
however, they often rely heavily on manual feature
extraction. In contrast, deep learning methods,
especially Convolutional Neural Networks (CNNs), have
significantly improved classification accuracy by
automatically learning spatial hierarchies of features
from raw image data. The paper also examines hybrid
models, data augmentation techniques, and benchmark
datasets like GTSRB and BTSC, which have facilitated
comparative evaluations. Overall, this review provides a
comprehensive understanding of the evolution and
current state of traffic sign classification, serving as a
foundation for further innovation in real-time, robust
recognition systems.
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I. INTRODUCTION

Traffic sign detection and classification play a vital role
in modern intelligent transportation systems, especially in
the context of autonomous driving and advanced driver-
assistance systems (ADAS). These systems depend heavily
on the accurate identification and interpretation of traffic
signs to ensure safe navigation, compliance with road rules,
and improved situational awareness [1]. As roads become
increasingly populated and complex, automated systems that
can accurately detect and classify a wide variety of traffic
signs—such as speed limits, stop signs, yield signs, and
warning symbols—are essential for enhancing driver safety
and reducing the likelihood of human error [2].

Volume 25, Issue 7, 2025

The process of traffic sign detection and classification
involves two major stages. The first is detection, where the
system locates traffic signs within an image or video frame.
This step focuses on identifying the presence and
approximate location of a traffic sign, often through
techniques such as region proposal methods, color
segmentation, or shape analysis [3]. The second stage is
classification, which involves recognizing the specific type
of traffic sign detected. This requires robust algorithms
capable of distinguishing between a wide range of signs
under various conditions, including different lighting,
weather, occlusion, motion blur, and variations in sign
appearance due to aging or vandalism [4].

Traditional approaches to traffic sign recognition
primarily relied on manual feature extraction and classical
machine learning algorithms such as Support Vector
Machines (SVM), k-Nearest Neighbors (k-NN), and
Decision Trees. These methods often use features like color
histograms, edge detection, and texture descriptors to
differentiate between classes. Although they provided a
reasonable level of accuracy in controlled environments,
their performance in real-world scenarios was limited due to
their sensitivity to noise and environmental changes [5].

The emergence of deep learning has significantly
advanced the field of traffic sign detection and
classification. Convolutional Neural Networks (CNNs), in
particular, have demonstrated remarkable success in
automatically learning hierarchical features from raw pixel
data. Unlike traditional methods, CNNs do not require
handcrafted features, as they can identify complex patterns
through multiple layers of abstraction [6]. Deep learning
models such as AlexNet, VGGNet, and ResNet have
achieved state-of-the-art accuracy on benchmark datasets
like the German Traffic Sign Recognition Benchmark
(GTSRB). These networks are capable of recognizing
hundreds of different sign categories with high precision
and are increasingly being adopted in commercial and
academic applications [7].
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Moreover, recent developments have led to the use of
end-to-end systems that combine both detection and
classification tasks using a single deep learning framework.
Object detection architectures like YOLO (You Only Look
Once), SSD (Single Shot Multibox Detector), and Faster R-
CNN have been widely used to perform real-time traffic
sign detection and classification with impressive results.
These models not only locate traffic signs but also classify
them with minimal delay, making them ideal for
deployment in real-time driving scenarios [8].

In addition to model development, the availability of
high-quality, annotated datasets has been a driving force in
the progress of traffic sign recognition research. Datasets
such as GTSRB, Belgian Traffic Sign Dataset, and the LISA
Traffic Sign Dataset have provided researchers with the
necessary data to train and evaluate machine learning
models. These datasets include a variety of sign types
captured under different conditions, offering a realistic basis
for assessing model performance and generalization
capabilities [9].
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Figure 1: Traffic sign

Despite the impressive achievements of current systems,
several challenges remain in traffic sign detection and
classification. Variability in sign appearance due to
environmental factors like lighting, weather, and occlusion
continues to pose difficulties for both machine and deep
learning models. Additionally, the real-time requirements of
autonomous vehicles demand highly optimized and efficient
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algorithms that can deliver accurate results with minimal
computational overhead [10].

In summary, traffic sign detection and classification is a
dynamic and evolving field at the intersection of computer
vision, machine learning, and transportation engineering.
With the growing adoption of autonomous and semi-
autonomous vehicles, the need for reliable and robust traffic
sign recognition systems has become more critical than
ever. This paper presents a detailed review of the existing
methods and technologies employed for traffic sign
detection and classification, with a focus on comparing
traditional machine learning approaches and modern deep
learning techniques. It aims to highlight the progress made
in this field, the challenges that still persist, and the potential
directions for future research and development.

II. LITERATURE SURVEY

K. Lin and Z. Wang (2024) explores traffic sign
classification using two prominent methods: Scale-Invariant
Feature Transform (SIFT) and deep learning. The authors
compare the performance of traditional feature extraction-
based methods like SIFT with Convolutional Neural
Networks (CNNs). Their findings show that while SIFT-
based classifiers can be useful for datasets with limited
computational resources, CNNs significantly outperform
them in terms of accuracy and robustness, especially under
challenging conditions like varying lighting and occlusion.
The study emphasizes the importance of deep feature
learning, which allows models to automatically extract
relevant spatial patterns from raw image data, making CNNs
more adaptable and scalable.

M. C. Pupezescu and V. Pupezescu (2023), a semi-
supervised learning strategy is proposed for automatic
traffic sign classification. This approach is particularly
beneficial when labeled data is scarce—a common
limitation in many real-world applications. The authors
utilize a small set of labeled samples to train a preliminary
model, which is then used to generate pseudo-labels for the
unlabeled data. This iterative process enhances the
classifier’s performance while reducing the dependence on
manually labeled datasets. The results demonstrate that
semi-supervised learning can achieve near-supervised
accuracy levels, offering a cost-effective solution for large-
scale traffic sign recognition systems.

J. G. Park and K.-J. Kim (2022) present a method focused
on feature extraction in real-world traffic sign scenes. Their
approach integrates both color and shape-based
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segmentation techniques with traditional machine learning
classifiers. The emphasis is on enhancing detection accuracy
in complex urban environments where signs may be
partially occluded, tilted, or affected by environmental
noise. Their system highlights the enduring relevance of
robust pre-processing and feature extraction stages,
particularly in scenarios where computational efficiency is
prioritized over the high accuracy typically achieved by
deep networks.

The hybrid deep ensemble learning model proposed by A. S.
Utane and S. W. Mohod (2022) aims to improve the
performance of traffic sign recognition systems used in
Advanced Driver Assistance Systems (ADAS). This model
combines the predictions of multiple deep learning
classifiers to reduce variance and improve generalization.
By fusing outputs from different CNN architectures, the
ensemble approach enhances robustness and mitigates the
risk of overfitting. Their experimental evaluation shows
significant improvement in classification accuracy
compared to individual models, proving ensemble strategies
as a promising direction for safety-critical applications in
intelligent transportation.

A. Kherraki et al. (2022) present a robust traffic sign
classification framework based on a deep convolutional
neural network (DCNN). The architecture is optimized for
high recognition accuracy across diverse datasets. The
authors focus on model regularization techniques such as
dropout, batch normalization, and data augmentation to
increase generalization. Their model demonstrates superior
performance on benchmark datasets like GTSRB. The study
also highlights that increasing the depth of the network
improves accuracy but at the cost of greater computational
requirements, prompting a trade-off between performance
and real-time feasibility.

In their 2022 study, M. Vashisht and B. Kumar apply the
Minimum Redundancy Maximum Relevance (MRMR)
feature reduction technique to traffic sign classification.
MRMR helps in selecting the most informative features
from the dataset while eliminating redundant or irrelevant
ones, thus reducing computational load and improving
classifier performance. Their approach is integrated with
machine learning algorithms such as Support Vector
Machines (SVMs) and Random Forests, which benefit from
this preprocessing step. The study shows that combining
MRMR with traditional classifiers can lead to competitive
accuracy while maintaining high interpretability and
efficiency.
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The paper by I. B. Sani et al. (2022) explores the application
of machine learning to classify traffic sign images captured
by a robot car. Their system uses supervised learning
algorithms and focuses on real-time constraints, such as low
latency and limited computational power. The authors
experiment with decision trees, SVMs, and neural networks,
analyzing their performance in dynamic, robotic
environments. Their findings indicate that lightweight
models can still provide adequate classification accuracy
when trained on representative datasets, making them
suitable for embedded systems with hardware limitations.

Transfer learning is at the core of the study by I. Nasri et al.
(2021), where adaptive fine-tuning of deep models is used
for traffic sign classification. The authors employ pre-
trained CNN architectures such as ResNet and MobileNet,
which are fine-tuned on traffic sign datasets to accelerate
training and improve accuracy. Their adaptive strategy
selectively updates only the deeper layers of the network,
reducing training time and minimizing overfitting. The
paper demonstrates that transfer learning is highly effective
in domains with limited data availability, and adaptive fine-
tuning further enhances the model’s ability to generalize
across varying traffic environments.

L. Kovéacs and G. Kertész (2021) examine Hungarian traffic
sign detection and classification using a semi-supervised
learning approach. The methodology involves self-training,
where a model trained on a small labeled dataset is used to
assign labels to unlabeled data. These pseudo-labeled
instances are then included in subsequent training iterations.
This technique enables the classifier to improve its accuracy
without requiring a large amount of labeled data. Their
approach is particularly suitable for regional traffic datasets,
where comprehensive labeled data may not be readily
available.

In their work, H. Fu and H. Wang (2021) introduce a
prototype-based learning method for traffic sign
classification. Instead of learning individual class
boundaries, their model learns prototypes that represent the
center of each class in the feature space. New samples are
classified based on their similarity to these prototypes. This
approach is both interpretable and efficient, as it reduces the
complexity of the decision-making process. The authors
show that prototype-based methods can achieve high
accuracy with fewer parameters, making them suitable for
deployment in resource-constrained environments.
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E. Sarku et al. (2021) propose a transfer learning-based
approach aimed at reducing data costs in traffic sign
classification. By leveraging pre-trained CNNs and re-
training only the final layers, the authors manage to
maintain high classification accuracy while minimizing the
need for large labeled datasets. Their experiments
demonstrate that models like VGG16 and InceptionV3 can
be effectively adapted to traffic sign recognition tasks using
a fraction of the data typically required. This work
underscores the cost-efficiency and practicality of transfer
learning, particularly for institutions or startups with limited
access to large datasets.

Y. Swapna et al. (2021) presents a comprehensive deep
learning-based framework for road traffic sign detection and
recognition. The authors employ a two-stage pipeline that
first uses object detection models such as YOLO for
locating traffic signs in real-time images, followed by
classification using CNNs. Their approach is tailored for
urban environments, with emphasis on fast and accurate
detection under varied conditions. The model achieves real-
time performance while maintaining high accuracy,
demonstrating the viability of end-to-end deep learning
systems for real-world traffic applications.

III. CHALLENGES

While traffic sign classification can be very helpful,
there are some problems that must be solved to get accurate
and reliable results:

1. Different lighting conditions: Traffic signs can look
different depending on the lighting. For example, they may
appear one way in bright sunlight, another in shade, and
differently in low light or at night. These lighting changes
can make it hard for computer programs to correctly
recognize and classify the signs.

2. Blocked or cluttered signs: Sometimes, objects like
trees, poles, or other vehicles can block part of the traffic
sign. There may also be dirt or stickers on the sign. These
things make it harder for the system to identify and classify
the sign correctly.

3. Changes in appearance: Traffic signs may look
different because of damage over time, vandalism (like
graffiti), or different designs used in different countries or
regions. These variations can confuse the system and make
it harder to correctly classify the signs.

4. Lack of enough training data: To train a machine
learning system to recognize traffic signs, a large collection
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of labeled images is needed. However, sometimes there are
not enough images, especially for rare signs. This makes it
difficult for the system to learn how to identify them
correctly.

5. Real-time performance: For systems like self-
driving cars or driver assistance technologies, the traffic
sign recognition must work in real time. This means it needs
to be fast and accurate so that drivers or the car can react
immediately. The system must be built in a way that it can
process information quickly and effectively.

IV. CONCLUSION

The categorization of traffic signs via the use of machine
learning and deep learning methods has the potential to not
only increase overall road safety but also boost the
functionality of driver assistance systems and autonomous
cars. In spite of the fact that there are a number of obstacles
to overcome, such as the fluctuation in lighting conditions,
occlusions and clutter, and limited training data, continuous
research and development are making substantial progress
in finding solutions to these problems.
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