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Abstract. With the increasing complexity and diversity of traffic environments,
accurate identification of traffic signs becomes a necessary aspect for the
development of assisted driving and autonomous driving technologies. Traffic
sign recognition approaches exploiting deep learning have demonstrated
significant advantages and higher accuracy. This paper provides a literature
review in the field, summarizing the current research status, development trends,
and challenges of image recognition methods based on deep learning. It also
compares two approaches based on the bottom-up and top-down concepts.
Among the former approaches, algorithms like You Only Look Once (YOLOV3),
YOLOV4, and YOLOVS have gained attention for their fast processing speed but
relatively lower accuracy. On the other hand, in the latter approaches, algorithms
like Region Convolutional Neural Network (R-CNN) demonstrate higher
accuracy but slower processing speed. Depending on specific requirements, the
appropriate method can be chosen. Additionally, methods that combine bottom-
up and top-down concepts, such as YOLOv4 and YOLOVS5, can achieve a balance
between accuracy and processing speed.
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1 Introduction

With the advancement and the widespread application of intelligent transportation
systems, the traffic environment is becoming increasingly complex and diverse.
Various types of vehicles, different road conditions, and intricate traffic regulations
make driving more challenging. In this context, advanced driver-assistance systems and
autonomous driving technologies have become the focus of attention for many
researchers and companies.

Traffic signs, as part of traffic regulations, are crucial for ensuring the safe operation
of vehicles and compliance with traffic rules. However, the accurate recognition of
traffic signs faces many challenges. Under different lighting conditions, the brightness
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and contrast of traffic signs may vary, which can lead to difficulties in recognition.
Secondly, different weather conditions, such as rainy or snowy weather, may cause
traffic signs to become blurred or obscured, further increasing the difficulty of
recognition. In addition, obstacles on the road and the similarity of symbols can also
hinder the accurate recognition of traffic signs [1].

To address these issues, researchers are dedicated to developing efficient and
accurate traffic sign recognition algorithms. By utilizing computer vision and machine
learning technologies, researchers classify and recognize traffic signs using deep
learning models and convolutional neural networks. At the same time, researchers also
strive to enhance image preprocessing methods, such as adaptive histogram
equalization and image enhancement, to improve the accuracy and robustness of traffic
sign recognition.

Through continuous research and exploration, significant progress has been made
in the correct identification of traffic signs in the fields of autonomous driving. The
application of these technologies can enhance driving safety, decrease traffic accidents,
and offer essential support for the advancement of future intelligent transportation
systems. However, more explorations and innovations are still required for more robust
and precise traffic sign recognition to better meet the demands of complex and ever-
changing traffic environments.

Accurate traffic sign recognition technology can enhance the safety and
performance of future assisted driving and autonomous driving applications. Compared
to traditional recognition methods, deep learning-based traffic sign recognition
methods offer clear advantages and higher accuracy. This paper provides a review of
literature of traffic sign recognition based on deep learning. Its aim is to summarize and
analyze the current research status, development trends, and challenges of image
recognition methods based on deep learning.

2 Bottom-Up-Based Traffic Sign Recognition

2.1  Concept of Bottom-Up Solution

Bottom-up is an approach to problem-solving or system building that gradually
constructs various parts of the system from the basics or details, ultimately forming a
complete system or solution, primarily using inductive reasoning methods.

2.2  Representative Bottom-Up Approaches

J. Redmon et al. proposed an object detection method called You Only Look Once
(YOLO). It is an innovative solution, which redefines object detection as a single
regression problem [2]. It demonstrates significant advantages in processing speed,
with a speed of 45 frames per second and a latency of less than 25 milliseconds.
However, this fast processing method sacrifices a certain level of accuracy, with an
average precision of only 63.4% on the PASCAL VOC2007 dataset, which is lower
than the top detection method at the time, Region Convolutional Neural Network (R-
CNN).
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YOLOV3, an upgraded version of YOLO, applies CNN to traffic sign recognition
and achieves over 99.2% accuracy. B. Novak et al. integrated YOLOv3 with CNN for
detecting and classifying traffic signs and signals, achieving over 99.2% accurate
recognition under varied conditions [3].

YOLOvV4, combined with convolutional neural network (CNN), achieved high
recognition accuracy for blurry traffic signs. K. Kumagai et al. proposed to combine
YOLOvV4 and CNN to handle blurry traffic signs, achieving high recognition accuracy
for blurred images. However, the method may lead to an increase in false detections
and requires more experimental samples to enhance credibility [4].

R. Liang et al. proposed an improved YOLOVS5 algorithm that integrates an enhanced
adaptive histogram equalization method into image preprocessing to improve the
accuracy of nighttime traffic sign recognition. YOLOVS algorithm achieved higher
average precision due to the utilization of a lightweight network design and deep
separable convolutions, resulting in faster processing speed than Faster R-CNN [5].

Application of YOLOV3 in Traffic Sign Recognition. YOLOV3, as an efficient object
detection algorithm, has demonstrated dual advantages of real-time performance and
accuracy in the application of traffic sign recognition [3]. Under B. Novak and
colleagues’ efforts, YOLOV3 is not only used to quickly locate traffic signs within an
image but also significantly enhances the accuracy of recognition through the
integration with CNN. This method first uses YOLOV3 to identify regions that may
contain traffic signs and then classifies these regions using CNN to recognize the
specific types of traffic signs. The implementation of this method allows for high-
accuracy traffic sign recognition even in varying traffic environments, where signs may
be partially obscured or under less than ideal lighting conditions. The combination of
YOLOvV3 and CNN provides a new solution for the field of traffic sign recognition,
offering strong technical support for the development of autonomous driving
technology and the construction of intelligent transportation systems.

Research on YOLOV4 for Blurred Traffic Sign Recognition. In the study by K.
Kumagai and colleagues, the application of the YOLOv4 algorithm focuses on
improving the recognition accuracy of blurred traffic signs [4]. By combining YOLOv4
with CNN, researchers are able to address the issue of traffic sign blur caused by high-
speed vehicle movement or adverse weather conditions. YOLOvV4 first detects the
image to identify regions of blurred traffic signs and then uses CNN to classify and
recognize these regions. The method involves using blurred image data enhancement
techniques during training, allowing the model to better learn and adapt to the
characteristics of traffic signs under blurred conditions. Although the method has
achieved certain results in dealing with blurred images, the study also points out its
limitations in terms of increased false detection and insufficient sample size. Therefore,
to advance the generalization of model, future research needs to train and verify on a
broader dataset of blurred images.
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3 Top-Down-Based Traffic Sign Recognition

3.1  Concept of Top-Down Solution

Top-down is a problem-solving method that begins with an overarching perspective,
breaks down the problem into multiple sub-problems, and systematically solves these
sub-problems to arrive at a solution for the overall problem. This method typically starts
from a high level and decomposes downward until it reaches directly solvable sub-
problems, primarily using deductive reasoning methods.

3.2  Representative Bottom-Up Approaches

S. Jency et al. proposed an approach for classifying traffic signs in Indian exploiting
the largest public traffic sign image set. This model combines features from CNN [6].
However, it still cannot accurately identify signs in complex environments or under
specific damage conditions.

P. Tumuluru et al. designed a new approach for accurately identifying traffic signs
under real conditions. This method preprocesses images by image filtering, and then
applies a CNN to classify traffic signs into subclasses. It achieves the highest
recognition accuracy by optimizing CNN architecture parameters [7].

E. A. Varshini et al. proposed R-CNN that demonstrates higher selectivity and
efficiency compared to other models. It achieved 96% accuracy by defining boundaries
to identify objects in nearly any input image and extracting information about regions
of interest from the selective search process [8].

M. Cetinkaya et al. integrated Faster R-CNN system and the feature extractor
Inception ResNet V2. They proposed a fuzzy image preprocessing program to enhance
traffic sign detection performance, which resulted in promising outcomes [9].

S. Ahmed et al. proposed a prior-enhanced framework and a new Enhance-Net,
which is an encoder-decoder CNN architecture for image enhancement, training
pipeline to accurately detect traffic sign regions. The method achieved an overall
precision of 91.1%, surpassing the current benchmark by 7.58% [10].

R. Raut et al. proposed a CNN-based solution that achieved 95% accuracy. The
developed CNN model learned image features for traffic sign classification and
recognition utlilizing a large-scale traffic sign dataset (GTSRB) for training and
evaluation. The algorithm demonstrated significant achievements in traffic sign
recognition, providing crucial technical support for the advancement of autonomous
driving vehicles. It ensures accurate recognition and compliance with traffic regulations
and signs on the road [11].

R-CNN-Based Traffic Sign Recognition. R-CNN is a region-based convolutional
neural network, which can be fine-tuned using integrated and processed data sets to
recognize various traffic signs after a series of training. P. S. Gade et al. designed a
traffic image identification model based on R-CNN to improve the image recognition
accuracy of autonomous vehicles [12]. The system transferred real-time acquired
images to R-CNN to detect traffic signs in video frames, and extracted key areas for
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further analysis. Different from other systems in the past, the system can use the object
detection function of R-CNN to classify traffic signs, which can reduce the impact on
the accuracy of the recognition that need to be identified because of the fog and other
conditions that block the target signs.

Faster R-CNN-Based Traffic Sign Recognition. It is a way to speed up the processing
of R-CNN on the premise of ensuring the accuracy of recognition. A. Z. Syaharuddin
promoted A traffic sign recognition system named Faster R-CNN Inception v2 [13].
Images were obtained through the RPN module as input and the feature map was output.
The feature map function made preliminary planning for the possible detection area of
the region. This design is composed of the Fast R-CNN module, which is designed to
find the regional deep convolutional neural network mode to be detected, and the FAST
R-CNN module using the object detection network. After the training, the test. It is
found that the average accuracy of the test results on the day and night traffic signs can
reach 100%.

4 Discussion

The bottom-up approach defines object detection as a regression problem by directly
extracting features from images and performing classification. In contrast, the top-down
approach identifies regions of interest using selective search or region proposals and
feeds them into a CNN for classification.

The bottom-up approach excels in processing speed, making it suitable for real-time
scenarios, but it exhibits relatively lower accuracy. The top-down approach
demonstrates superior accuracy but slower processing speed.

In the field of traffic sign recognition, bottom-up approaches like YOLOvV3 and
YOLOvV4 have achieved significant results in terms of accuracy and processing speed.
Top-down approaches, such as R-CNN and Faster R-CNN, exhibit excellent accuracy.

Overall, selecting a suitable target recognition approach for traffic sign recognition
can be conducted using specific application and scene characteristics. For a focus on
processing speed and real-time performance, bottom-up approaches like YOLOvV3 can
be selected. If precision and accurate localization are priorities, top-down approaches
like R-CNN and Faster R-CNN are suitable. Methods that combine bottom-up and top-
down concepts, such as YOLOv4 and YOLOVS, can achieve a balance between
accuracy and processing speed. These target recognition methods provide crucial
technical support for the advancement of autonomous driving vehicles and traffic
safety, thereby contributing to the realization of intelligent traffic systems.

5 Conclusion

The applications of bottom-up and top-down approaches in the field of traffic sign
recognition are introduced. Bottom-up methods, such as YOLO, YOLOv3, and
YOLOV4 algorithms, are characterized by fast image processing and have advantages
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in speed of processing. On the other hand, top-down methods, such as R-CNN and
Faster R-CNN algorithms, exhibit excellent accuracy.

Although bottom-up and top-down approaches have obtained certain performance
in the aforementioned applications, there are still challenges and opportunities for
improvement. Firstly, regarding bottom-up methods, although they provide fast
processing speed, their accuracy needs further improvement. Secondly, top-down
methods exhibit excellent accuracy but require more efficient algorithms and hardware
accelerators to enhance real-time performance. Moreover, the current methods still
have limitations in addressing complex traffic sign environments and specific damage
conditions. This necessitates further algorithm improvements to enhance robustness
and adaptability.

Future research directions may include the following aspects: firstly, further
improvement of bottom-up methods to enhance accuracy, possibly by incorporating
more features and contextual information. Secondly, optimizing top-down methods to
enhance processing speed, possibly by utilizing more efficient algorithms and hardware
accelerators. Thirdly, research should focus on addressing complex environments and
specific damage conditions by exploring advanced image enhancement and restoration
techniques. Finally, the exploration of better methods that balance accuracy and
processing speed by integrating bottom-up and top-down concepts.

Overall, bottom-up and top-down approaches in the field of traffic sign recognition
hold promising application prospects. Through continuous research and improvement,
they are expected to make greater contributions to the realization of intelligent traffic
systems and the enhancement of traffic safety levels.
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