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Abstract

Traffic Sign Recognition (TSR) serves as a fundamental task in the domain of autonomous vehicles
(AVs), enabling systems to detect, classify, and respond to road signs with the level of accuracy and
speed required for safe navigation. As AV technology continues to evolve, the role of intelligent TSR
systems has become increasingly vital. Traditional computer vision techniques, while foundational,
often fall short under challenging real-world conditions such as poor lighting, occlusion, and
environmental variability. The emergence of deep learning has significantly transformed TSR, offering
robust feature extraction and superior generalization capabilities. Convolutional Neural Networks
(CNNs) have been widely adopted for image classification tasks, while real-time object detection
frameworks like YOLO (You Only Look Once) have enabled fast and accurate sign localization. More
recently, Vision Transformers (ViTs) have shown promise in capturing global context and improving
performance in complex scenarios. Despite these advances, several challenges persist. Deep learning
models can be sensitive to adversarial attacks, require large annotated datasets, and often struggle in
edge cases involving small or distorted signs. This review critically evaluates state-of-the-art deep
learning approaches for TSR, highlighting their strengths and limitations. Furthermore, it discusses
emerging trends such as transfer learning, self-supervised learning, data augmentation, and the
integration of multimodal data from additional sensors. Future directions are explored with an
emphasis on enhancing robustness, interpretability, and real-time capabilities of TSR systems in
autonomous vehicles. By consolidating current research and outlining key challenges, this study aims
to provide a foundation for future advancements in intelligent traffic sign recognition.

Keywords: Traffic sign recognition, deep learning, YOLO, vision transformers, autonomous vehicles,
intelligent transportation systems

INTRODUCTION

Traffic Sign Recognition (TSR) plays a pivotal role in the perception system of Autonomous Vehicles
(AVs), enabling them to navigate safely through
diverse and complex road networks. TSR refers to
the task of detecting and classifying road signs,
which provides essential information for vehicles to
comply with traffic laws and make intelligent
driving decisions. With the rapid advancements in
deep learning techniques, TSR has evolved from
traditional computer vision-based approaches to
more robust and accurate deep neural network

*Author for Correspondence
Pradip S. Togrikar
E-mail: pradeep.togrikar@gmail.com

'Research Scholer, Department of Electronics & Computer
Engineering, Sanjivani University Kopargaon., Ahmednagar,
Maharashtra, India
2Associate Professor, Department of Electronics & Computer
Engineering, Sanjivani University Kopargaon., Ahmednagar,
Maharashtra, India

Received Date: January 19, 2026

Accepted Date: July 03, 2026
Published Date: July 06, 2026

Citation: Pradip S. Togrikar, Pritish M. Vibhute. Deep
Learning for Traffic Sign Recognition in Autonomous
Vehicles: Challenges, Trends and Future Directions. Journal of
Advancements in Robotics. 2026; 13(2):1-7p.

(DNN) models that have significantly enhanced
autonomous driving capabilities [1, 2].

Autonomous vehicles (AVs) rely on the real-time
detection of traffic signs as part of their broader
perception system, which also includes object
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detection, lane tracking, and road condition analysis. Unlike human drivers, AVs must process traffic
signs instantly and accurately under various conditions, such as varying lighting, adverse weather, and
traffic congestion. The challenge of accurately identifying traffic signs, especially in cluttered and
dynamic environments, has spurred the development of deep learning techniques, particularly
Convolutional Neural Networks (CNNs), which excel in image classification tasks [3]. Moreover, more
recent models like YOLO (You Only Look Once (YOLO) and Vision Transformers (ViTs), have been
integrated into TSR systems, significantly improving both the detection speed and accuracy [4, 5].

While deep learning-based TSR systems have shown remarkable performance, there remain several
challenges to their real-world deployment. These include issues such as model generalization across
diverse environments, robustness of models against adversarial attacks, and the need for real-time
processing. Furthermore, the complexity of handling varying road sign appearances owing to different
designs across regions, partial occlusion, and weather conditions necessitates the development of more
sophisticated and resilient models [6, 7]. In addition to traditional models, emerging techniques such as
data augmentation, adversarial training, and federated learning have been explored to address these
challenges [8, 9].

The goal of this review is to provide an in-depth analysis of recent advancements in TSR systems
powered by deep learning. We examine the methodologies, challenges, and solutions presented by
recent research, and discuss the future directions in this field. By focusing on current trends in model
architecture, dataset development, and practical deployment strategies, we aim to contribute to the
broader conversation on safe and effective traffic sign recognition systems for autonomous vehicles.
Ultimately, this review offers insights into the critical role that TSR will play in the future of intelligent
transportation systems and autonomous driving technology.

METHODOLOGY USED
Overview of Traffic Sign Recognition (TSR)

TSR systems have evolved significantly from traditional computer vision methods, which rely on
handcrafted features such as color histograms and edge detection [7]. Modern TSR systems, especially
those based on deep learning, automatically learn feature representations directly from large-scale data,
achieving higher accuracy and adaptability [8]. These systems typically consist of two primary steps:
detection, in which traffic signs are localized within images, and classification, in which the detected
signs are assigned to specific categories based on learned features. In the context of autonomous
vehicles, TSR must handle various challenges, such as varying environmental conditions, traffic
congestion, and dynamic road scenarios. Consequently, TSR models are expected to function with high
precision and speed in real-world settings, demanding both accuracy and computational efficiency [9].

Deep Learning Techniques in TSR

CNNs have become the backbone of TSR due to their ability to learn hierarchical features from raw
pixel data. Early work on CNNs for TSR demonstrated the potential of CNNs to achieve real-time
recognition under challenging conditions by utilizing attention mechanisms to enhance feature
extraction [10]. YOLO-based models, especially YOLOv4 and YOLOV3, have been widely adopted for
traffic sign detection because of their real-time performance and robustness [11]. Recent work on Vision
Transformers (ViTs) has shown promise in addressing the limitations of CNNs, particularly in handling
large-scale data and capturing global dependencies in images [12].

Common Datasets for TSR

Several datasets are widely used for TSR model training and evaluation, as shown in Table 1. The
German Traffic Sign Recognition Benchmark (GTSRB) is one of the most commonly used benchmarks
and contains a large variety of signs for classification tasks [13].

Other datasets, such as the Belgian Traffic Sign Classification (BTSC) dataset and the LISA Traffic
Sign Dataset, offer additional challenges, such as different weather conditions and sign occlusion, which
help test the generalizability of TSR models in diverse environments [14].
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Table 1. Shows summary of dataset used.

Dataset name Specification Total images (approx.)
GTSRB German road signs; 43 classes; resolution: 30x30 |~51,839
to 100x100
LISA U.S. traffic signs; 47 classes; varied lighting and |~6,610 (cropped), ~7,855 frames
occlusion
Synthetic GTSRB Synthetic version of GTSRB; generated for rare |Varies (user-defined)
sign balancing
Augmented weather dataset | GTSRB-like with weather effects (rain, fog, Varies (augmented from base sets)
snow, etc.)
Simulated intersection Synthetic scenes for DRL in Avs at intersections |Varies (simulation-driven)
KITTI Real-world driving data; multiple tasks ~15,000 labeled frames
Waymo High-resolution, multi-sensor AV data; for ~12 million labeled images

detection and tracking

Pre-processing and Data Augmentation

Preprocessing and data augmentation play crucial roles in improving the performance and robustness
of TSR models. Common techniques include image resizing, color normalization, and contrast
adjustment to improve visibility under various conditions. Furthermore, data augmentation methods,
such as rotation, flipping, and brightness variation, have proven essential for training models that can
generalize well to real-world driving scenarios [15].

LITERATURE REVIEW
CNN-Based Classification Models

CNNs have become foundational in Traffic Sign Recognition (TSR) because of their ability to learn
rich spatial hierarchies of features. Early studies have demonstrated that CNNs outperform traditional
methods, such as HOG and SIFT in Classification tasks [16]. Attention-enhanced CNNs further
improved recognition by focusing on relevant image regions, achieving real-time performance with
higher accuracy [10]. Recent advancements have emphasized lightweight architectures, such as
MobileNet and ShuffleNet, making CNNs more suitable for embedded systems in autonomous vehicles
(AVs) [17,18].

Object Detection Models

Object detection frameworks, particularly the You Only Look Once (YOLO) family, play a pivotal
role in TSR by enabling simultaneous detection and classification in real time. YOLOv3 and YOLOv4
achieved strong performance in terms of both accuracy and speed [19]. Newer iterations, such as
YOLOVS and YOLOVS, have further enhanced detection by refining loss functions and incorporating
attention mechanisms, thereby improving reliability in cluttered and complex driving environments [20,
21].

Transformer-Based Models

Transformers have shown considerable promise in the TSR domain. While still emerging, models
such as ViTs have outperformed traditional CNNs in certain object recognition tasks owing to their self-
attention mechanisms, which can capture long-range dependencies in images. ViTs have been
increasingly applied to TSR to enhance detection accuracy, particularly in complex scenarios [22].

Adversarial Robustness and Real-World Constraints

A critical area of research is improving the robustness of TSR models to adversarial attacks. Studies
have shown that even minor perturbations in input images can significantly affect the performance of
deep learning models, as shown in Figure 1. Adversarial training and robust optimization techniques
have been explored to mitigate such risks and enhance the reliability of TSR systems under real-world
conditions [23, 24].
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The line chart illustrates the performance of various Traffic Sign Recognition (TSR) models based
on accuracy and speed. YOLOvVS and ViT stand out with the highest accuracy, reaching 96% and 95%,
respectively. MobileNet and ShuffleNet demonstrated the fastest inference speeds, exceeding 60 frames
per second, making them highly suitable for real-time use in embedded systems. Attention-CNN offers
improved accuracy over the standard CNN but operates at a slightly reduced speed. The YOLO family
(v3 through v8) shows a steady enhancement in both accuracy and speed, with each new version
offering more reliable performance in real-time scenarios than its predecessor. Overall, the chart
emphasizes the trade-off between accuracy and speed, helping to identify the models best suited for
specific TSR deployment contexts.

CHALLENGES AND FUTURE SCOPE

Despite major advances, deep learning-based Traffic Sign Recognition (TSR) systems still face
significant real-world implementation challenges in autonomous vehicles. Key issues include ensuring
model generalization and robustness across diverse roads and weather conditions in the future. Traffic
signs differ widely by region in terms of shape, color, and design, making it difficult for models to
generalize across datasets. Environmental factors, such as lighting, fog, and snow, further complicate
detection accuracy [1, 2, 6]. Real-time TSR is essential for safe autonomous navigation; however,
balancing speed and accuracy remain difficult. Small, occluded signs often go undetected, and high-
accuracy models can be too resource-intensive for onboard systems [3, 7].

Adversarial attacks pose another risk, where small input changes can mislead deep models, leading
to incorrect or missed recognition. Although adversarial training helps, full robustness is still lacking
[4, 6]. Training requires large and diverse datasets that capture global traffic sign variations. However,
data collection and annotation are expensive and time-consuming, and data augmentation methods are
limited in their ability to replicate real-world complexity [8, 9]. Finally, integrating TSR with other
vehicle perception modules, such as object detection and lane tracking, remains a challenge, particularly
in complex driving environments where module synchronization is critical for safety [5, 7].

As AVs operate in diverse and changing environments, continuous learning and adaptation are
necessary to maintain high performance. Models trained on static datasets often fail to generalize about
new and unseen situations. Federated learning approaches, which allow models to learn from
decentralized data, have been explored as a solution to this problem [10]. However, ensuring data
privacy and efficient collaboration across multiple vehicles while minimizing computational costs
remains a challenge in implementing scalable and adaptive TSR systems.
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Figure 1. Shows model performance of accuracy and speed.
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Figure 2. Shows comparison of deep learning models for traffic sign recognition.

FINDINGS AND DISCUSSIONS

1. Robustness against adversarial attacks: Future TSR systems must be resilient to adversarial
examples that can mislead models with minor perturbations. Research is ongoing into defensive
strategies like adversarial training, input pre-processing, and robust feature learning [25-28, 29].
TSR is expected to play a more integral role in fully end-to-end deep learning models for
autonomous driving, with a focus on integrating TSR into unified perception and planning
systems [30].

2. Multi-agent and cooperative learning: Emerging studies explore the use of multi-agent
reinforcement learning, wherein vehicles share knowledge and coordinate their behavior at
intersections or during complex maneuvers.

3. Standardization and benchmarking: As research diversifies, standardized evaluation protocols
and open-source benchmarks will be critical for objectively comparing different TSR approaches
and fostering collaboration across the field (Figure 2).

A comparative analysis of several deep learning models for traffic sign recognition based on their
accuracy (%) and inference time (ms). YOLOv8 demonstrates the highest accuracy with the fastest
inference time, making it the most efficient among the evaluated models. Vision Transformers and
Sparse R-CNN also offer high accuracy but at a slightly higher computational cost. Spike neural
networks, custom CNN, and federated learning exhibit lower accuracy and longer inference times,
indicating a trade-off between distributed training or specialized architectures and performance. This
visual clearly emphasizes the importance of balancing accuracy and real-time processing for effective
deployment in autonomous vehicles.

CONCLUSION

This paper provides a comprehensive overview of deep learning techniques for Traffic Sign
Recognition (TSR) in autonomous vehicles. It highlights the strengths of convolutional neural networks
(CNNs), attention-based mechanisms, and real-time models, such as YOLOvVS, which have proven
effective in achieving high accuracy with minimal latency. These models have significantly facilitated
the integration of the TSR into embedded automotive systems. However, several challenges remain.
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Existing models often underperform in adverse conditions such as poor lighting, occlusion, and regional
variations in traffic signs. Moreover, they are susceptible to adversarial attacks and struggle to
generalize across different domains.

Future research should focus on improving the robustness, interpretability, and adaptability of these
models. Promising directions include leveraging federated and multi-agent learning to enable privacy-
preserving collaboration across vehicles, utilizing synthetic data and domain adaptation techniques to
improve generalization across geographical contexts, and pursuing end-to-end integration of TSR into
comprehensive autonomous navigation systems.

Addressing these challenges is essential for developing safe, scalable, and dependable autonomous
vehicle systems capable of navigating the complexities of real-world environments.
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