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Abstract. Real-time traffic sign recognition is an important component of intelligent transportation systems and
autonomous vehicles, and it should be fast and reliable in adverse weather conditions. This paper introduces an improved
visual transformer. This transformer addresses the limitations of local receptive fields in previous convolutional networks
while handling complex urban traffic scenes. The framework introduces an adaptive spatial attention mechanism, two-stage
decoding, and patch normalization for specific areas to improve the accuracy of recognition and classification. Improve the
accuracy of recognizing and classifying similar traffic signs. In the experiment, the standard benchmark dataset collected
over 50,000 images, covering various weather, lighting, and occlusion conditions. Under the same standard conditions, the
proposed model achieved a Top-1 accuracy of 95.3% (+0.2%) and an average inference speed of 23 milliseconds per image.
Better than well-known baseline models such as mixed architectures, EfficientNet-B3, and ResNet-50. In all major
environmental categories, precision and recall are relatively stable, with an F1 score of approximately 0.951 + 0.004. Ablation
studies indicate that different parts of the aforementioned architecture have varying degrees of impact on them. In adverse
weather conditions, adaptive attention and patch normalization also need to be used to perform well. This method is suitable
for real-time use in intelligent road systems and high-end vehicles, with high recognition rates and wide applicability.
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Introduction

Globally, Intelligent Transportation Systems (ITS) are on the rise to improve traffic safety, optimize traffic flow,
and automate some new transportation networks [1]. In order to enhance the stability and independence of
smart vehicles, advanced driver assistance systems can now recognize traffic signs in real-time [2]. A large
amount of traffic scene data comes from the extensive application of high-resolution sensors and
comprehensive image capture. Vision-based recognition systems currently have both potential and challenges
[3]. Due to changes in lighting conditions, adverse weather, and partial occlusion, traditional image processing
methods and shallow machine learning models are usually not suitable for practical use [4]. Convolutional Neural
Networks (CNNs) have been used for end-to-end classification and feature extraction with the development of
deep learning technologies [5]. Due to the small local receptive field, traditional Convolutional Neural Networks
(CNNs) are inherently limited. Effectively capturing long-range dependencies in bustling and complex cities
remains a challenge, despite some progress having been made [6]. Solutions based on computer vision neural
networks (CNN) perform poorly in harsh environments [7]. Traffic sign recognition algorithms still face
robustness and adaptability issues [8].

A relatively new model in the field of computer vision is the transformer. It was originally a language model used
for processing natural language, but it can now handle images [9]. The Vision Transformer (ViT) is a self-attention
system used for global contexts. It can flexibly adapt to various spatial distributions and types of images [10]. In
addition, some of the aforementioned solutions are categorized into types such as classification, detection, and
segmentation to address these issues to some extent. The efficiency of the aforementioned solutions is higher
than that of using convolutional methods alone [11]. Many ViT-based models are still very expensive and require
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a large amount of labeled data to be effective. Therefore, they are not suitable for real-time, resource-limited
vehicle systems [12]. Adaptability of visual transformers: So far, the transformers used for traffic sign recognition
have only made trivial improvements. Most of these improvements have failed to thoroughly address specific
issues in road scenes, such as recognizing visually similar small or similar signs [13]. Real-time recognition of
moving vehicles also needs to meet the following standards: low latency, low power consumption, and
robustness to changes in visibility or occlusion [14]. Intelligent transportation systems or ViT architectures have
not been addressed in most previous studies [15].

This paper proposes a real-time traffic sign recognition framework based on Vision Transformers. The future
goal of this system will be large-scale, irregular traffic. Based on the above research, lightweight ViT and domain
adaptation attention modules are used to identify various traffic signs under adverse weather conditions. Many
real-world cases and public datasets have been tested. Compared to the current state-of-the-art technology, it
is stable and computationally simple. Based on the aforementioned ablation studies and general observations,
it has been demonstrated that the proposed framework is feasible and can be applied in future intelligent
transportation systems.

Related Work and Motivation

Literature Review

In intelligent transportation systems, real-time traffic sign recognition, a necessary component supporting
autonomous vehicles and advanced driver assistance systems, has expanded from the research field to become
an important part of intelligent transportation systems [16]. Support Vector Machines and Random Forests are
the first methods that use handcrafted features and traditional classifiers. Although they perform excellently in
controlled environments, they encounter significant issues when applied to real-world problems [17]. Deep
learning and convolutional neural networks have made significant progress in the automatic feature extraction
and classification of traffic sign images [18]. The initial models that adopted such architectures were AlexNet
and ResNet, which set new standards for public datasets (such as GTSRB and LISA) and laid the foundation for
modern recognition models [19].

The demand for fast inference, handling intra-class similarity, and detecting small objects are specific issues in
traffic environments, and recent research has been conducted on these topics [20]. By integrating multi-scale
features and context-aware attention, image distortion and environmental fluctuations can be addressed. CNNs
can learn local hierarchical features, but they are not well-suited for modeling short-term and long-term
dependencies. With the advancement of sequence modeling in natural language processing, Transformer-based
models can now use self-attention mechanisms to more comprehensively describe the relationships between
the entire scenes. Vision Transformers (ViT) have demonstrated good generalization ability and accuracy in
complex tests compared to traditional Convolutional Neural Networks (CNN). Stability under abnormal
conditions, in-vehicle applications, and low-latency issues remain key focus areas. Over time, it is generally
believed that next-generation solutions need to find a balance between accuracy, robustness, and deployability,
as well as domain adaptability and lightweight design.

Motivation and Challenges

Traffic sign recognition systems still have some issues in practical applications [21]. Adverse weather, changes
in lighting, damage to the physical structure of the signs, and different angles of capture or camera equipment
are all reasons for the aforementioned issues [22]. The shape of the markers has changed significantly. Due to
the fact that many of these signs are small or often obscured by vehicles, infrastructure, or other natural features,
high sensitivity and high precision recognition algorithms are required [23]. The location and environment of
this study are quite complex. When the model is trained on controlled data and then applied to the real world,
its performance often significantly declines or becomes unstable.

Real-time performance and computational complexity are also issues. The latest architectures are often too
resource-intensive for vehicles or embedded platforms, making it difficult to meet strict latency requirements
[24]. High inter-class similarity refers to the fact that the shapes, colors, textures, and other features of different
categories are very similar. The emergence of new types of traffic signs and changes in international regulations
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have become more complex. If there is no previous data or the area suddenly expands, a highly adaptable and
flexible design is needed.

Vision Transformer for Traffic Sign Recognition

Model Architecture and Innovations

First, a visual transformer is introduced and will be employed to address traffic problems. Figure 1 in the module
structure shows the transformation of the input image.
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Figure 1. Enhanced Vision Transformer model architecture for traffic sign recognition

The initial step segments the input image I of dimensions H X W X 3 into N non-overlapping patches. These
patches are linearly projected to construct an embedding sequence:

Zy = [X,E; %2E; s Xy E] + Epos Eq.(1)
Here, E represents the learnable projection parameters, while E,,; encodes position, maintaining spatial
awareness for subsequent computational layers. All layers in a transformer encoder stack are Multi-Head Self-
Attention mechanisms that learn spatial correlations among input tokens. The basic computation of multi-head
self-attention is as follows:

MHSA(Z) = Concat(head,, ..., head,)W° Eq.(2)
This configuration orchestrates multiple attention heads, facilitating the modeling of diverse contextual
relationships within the data. Each individual attention head is computed by projecting the inputs onto query,
key, and value matrices, performing scaled dot-product attention:

. QK"
Attention(Q,K,V) = softmax <\/d_ |4 Eq.(3)
k
This method can selectively collect information without needing to be spatially close; it is suitable for small
object detection. Stacking some transformer blocks is to reduce unnecessary tokens and improve computational

efficiency. The retained tokens are selected based on importance criteria:

Zpruned = :P(Z' 9) Eq-(4)
In this expression, P denotes the pruning function, governed by a threshold 8, ensuring preservation of tokens
vital to the traffic sign recognition task. The model concludes with a global pooling layer, compressing the active
tokens into a compact representation. The final recognition is performed through a fully connected classification
head, producing a prediction distribution:

y = Softmax(WC . Pool(anmed) + bc) Eq.(5)
Parameters W, and b, are optimally trained to maximize class assignment accuracy while ensuring low inference
latency.
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Domain-Specific Design and Optimization

High-performance traffic sign recognition in all environments requires many domain-specific enhancements.
The first is an adaptive control for the sampling density of patches in the input. To ensure higher resolution for
visually important areas, patch density for a position (i, j) is determined by:

Sij — {61(' If(l']) E :Rsign Eq.(6)
, otherwise
Here, a is a boosting factor and R, marks the set of candidate traffic sign locations. For small or partially
occluded signs, selective density adjustment can directly enhance the representation capability of the input.
Adaptively patch the regions of interest and locally normalize to accommodate changes in lighting and scale.
Here are the normalized patch embeddings for each region:

. _ Xi — Hgor
Xp=—7— Ea.(7)
ORro1
Where x; denotes the original feature for patch i uro; is the mean, and ogey is the standard deviation, both

computed over the region of interest. This operation ensures consistency and stability of feature values under
varying lighting. The calculation of the region-specific mean is given by:

1
Hror = 15—
|:R51gn | jE:RSI:gIZ
where |5Rsign | is the number of patches in the sign region and x; refers to each patch embedding within that ROI.
This local averaging captures the typical intensity baseline for targeted sign locations. The region-specific
standard deviation is computed as:

X Eq.(8)

1

Oror = (xj - :uROI)Z Eq.(9)

| SignleRsign

By normalizing in this manner, the model is better equipped to maintain stability and resilience in feature
representations across various traffic scenes, regardless of weather and lighting diversity. A further domain-
specific adaptation is the introduction of context-aware attention biasing in selected transformer layers. After

calculating the attention map A, it is modified as follows:

A=A+8-M Eq.(10)

[ is a learnable scalar, while M is the spatial prior proposed by the traffic sign. These priors are used to guide
the model to focus more on important visual areas and form ordered relationships. Expand the training and data
pipeline to include more representative real-world disturbances; additionally, the robustness of the recognition
model to lighting, occlusion, and environmental changes during deployment is enhanced. Figure 2 shows the
optimal pipeline for assisting in traffic sign recognition. This chain consists of four parts to ensure stable
recognition under various challenging conditions: adaptive patch selection, regional normalization, context-
aware attention bias, and special environment enhancement.
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Figure 2. Domain-optimized pipeline for robust traffic sign recognition
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Training Strategies

The robustness and adaptability of the proposed model are rooted in a carefully engineered training protocol.
The primary objective is categorical cross-entropy loss:

K
Las == ndog G Ea.(11)
k=1
where K is the number of classes, y, the ground truth, and y, the predicted probability for class k.

In actual traffic data, class imbalance is also an issue. Therefore, to address the issue of rare sign types, loss
weighting and dynamic sampling were used. The network focuses on confusing classes through hard negative
mining. Regularization is also used for domain adaptation to improve the consistency between synthetic
(augmented) and real street images. These include relevant content:

2
Ldomain = IE”f(xsource) - f(xtarget)” Eq.(12)

where f(-) is the feature extractor for source and target domains. The overall training objective combines both

losses:

Ltota[ = Lc[s + ALdomain Eq-(l?’)
with A as the weighting hyperparameter.

Staged training: Use aggressive data augmentation and increase the learning rate in the first few epochs, then
lower the learning rate when using harder/rarer data. First, perform a strong initialization of the pre-trained ViT
weights, and then train all layers end-to-end. During deployment, model quantization and pruning can be used
to achieve real-time inference on embedded devices, although this method may reduce accuracy. The model is
compact and remains accurate and robust in various traffic scenarios.

Robustness Evaluation and Analysis

Datasets, Data Preparation, and Experimental Setup

The German Traffic Sign Recognition Benchmark (GTSRB), the Belgian Traffic Sign Classification Dataset (BTSC),
and the Swedish Traffic Sign Dataset (STSD) are three well-known traffic sign datasets that are used for
comprehensive evaluation and high-quality reference of the proposed Vision Transformer framework [25].
GTSRB has over 50,000 labeled samples covering 43 categories, while BTSC and STSD introduce geographical,
contextual, and meteorological variations that require cross-domain validation.

Before model training, the label system used a single-class mapping to unify the dataset. In the image
preprocessing stage, the first step is to resize the images to 224 X 224 pixels, and then normalize the pixel
values based on the dataset's mean and standard deviation [26]. To ensure the stability of the subsequent
learning process with heterogeneous data sources, this stage reduces lighting artifacts and normalizes the input
distribution.

In order to increase the diversity of operational data, a new data augmentation plan was introduced during the
training phase. They also include random cropping and flipping, motion and Gaussian blur, synthetic fog and rain
overlay, color jitter, brightness variation, and occlusion patches simulating real-world obstacles (such as vehicle
parts and roadside objects) [27]. Fine-tuning enhances parameters based on the distribution of traffic scenes
collected in the field.

All deep learning experiments were conducted using the PyTorch framework with CUDA acceleration. Models
were initialized with pre-trained ImageNet weights and optimized using stochastic gradient descent (SGD) with
a starting learning rate of 1 X 10™%, momentum 0.9, and weight decay set at 0.01 [28]. The learning rate was
annealed by a factor of 0.1 every 20 epochs. Each model was trained for up to 100 epochs with a mini-batch size
of 64, and early stopping was employed based on validation loss trends to prevent overfitting.

Fix the random seed and repeat the three-way training process to ensure experimental reproducibility. The
results are presented with standard deviation and mean [29]. In order to compare with previous work, the
dataset division strictly follows the original training, validation, and test sets.
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Model evaluation includes many dimensions, such as classification accuracy, recall, precision, Fl-score, and
Intersection over Union (loU). The values for each test set are calculated based on specific issues of imbalance
or multi-class recognition [30]. Methods such as the paired t-test or bootstrap resampling will be used to
determine the statistical significance of the comparison results.

Results under Diverse Scenarios

A large number of experiments were conducted in harsh real-world operational environments to verify the
overall reliability and stability of the proposed vision transformer model. Obstacles, low light, and harsh weather
are the three categories evaluated. To ensure statistical validity and comparability, standard test segmentation
and sample size balance are the foundation of these results [31].

The results analysis was conducted using five common categories of inclement weather: sunny, cloudy, rainy,
foggy, and snowy. Under ideal conditions, the model's accuracy is highest, with 97.2% for sunny days and 96.4%
for cloudy days. In the case of light rain, the accuracy slightly decreased to 94.8%, while the visibility reduction
caused by fog and snow was 93.7% and 91.5%, respectively, as shown in Figure 3a. Despite the aforementioned
issues, the accuracy still exceeds 90%; normalization and attention mechanisms effectively reduce atmospheric
and visual variations. Figure 3b shows the recall rate under all weather conditions, presented in the form of bar
charts and line graphs. Most recall values remain above 94%. On sunny days, the recall rate reached 97.0%, while
on snowy days, the recall rate was 90.8%. Since the overall distribution of recall rates is stable, the maximum
and minimum recall rates differ by only 6.2 percentage points; therefore, target retrieval remains consistent
under adverse weather conditions. Figure 3c shows the box plot of accuracy distribution for each weather
category. In sunny and cloudy scenes, the median accuracy is close to 96%, while in foggy and snowy scenes, the
median accuracy still exceeds 91.7%. In all weather types, the interquartile range is less than 1.5%, with only
occasional outliers; the reliability of predictions remains high under various weather conditions.
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Figure 3. Recognition accuracy in various weather conditions. (a) Accuracy by weather. (b) Recall by weather (c) Precision box plots by
weather.
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Changes in lighting are also an issue in the environment. Dusk, dawn, noon, backlight, and nite are the time
periods the model will use. F1 is relatively high in the morning and at noon, approximately 95.8% and 96.3%,
respectively; in the evening and backlight, the scores are slightly lower, at 94.2% and 95.1%, respectively. At nite,
all standard deviation intervals are within 1.3%, maintaining a stable level of 89.3%, as shown in Figure 4a. Figure
4b shows the confusion matrix under specific lighting conditions. Most prediction errors occur in visually similar
states (e.g., nite, dusk, and dawn), which typically have low contrast and signal noise. True off-diagonal
misclassifications are rare, mainly limited to adjacent categories; therefore, even under strong lighting
conditions, good category separation can still be achieved. Figure 4c shows the performance of the radar chart
under different lighting conditions for the five main evaluation metrics: accuracy, precision, recall, F1 score, and
loU. These five regular polygons indicate that all metrics are relatively stable, with fluctuations of less than 5%
under varying lighting conditions.
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Figure 4. Performance across illumination levels. (a) F1-score by illumination, with error bars. (b) Confusion matrix by illumination. (c)
Radar chart: accuracy, precision, recall, F1-score, loU.

In addition, an analysis of the impact of five common occlusion factors on model robustness was conducted:
partial occlusion, vehicle occlusion, leaf occlusion, adversarial patches, and random occlusion. For partial
occlusion (less than one-third of the sign is occluded), as shown in Figure 5a, the accuracy curve indicates that
even in the case of overlapping vehicles, the performance remains above 92%. In more complex scenarios,
adversarial patch occlusion reduces the accuracy to 84.3%, while the average across all scenarios is 88.1%. The
standard deviation bands are shown, with the best and worst cases marked; the drop in accuracy from the
highest to the lowest is only 8.1 percentage points. Figure 5b shows that under partial and vehicle occlusion
conditions, the median F1-score exceeds 0.9, while under adversarial conditions, it drops to around 0.84. The F1
scores are evenly distributed across all categories; the only outliers are "worst" (adversarial, average value 0.84)
and partial occlusion (average value 0.93). It is worth noting that under any type of occlusion, the F1 score does
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not drop below 0.82, so in severe cases, the performance decline is limited. Finally, Figure 5c shows additional
information on localization analysis. The median loU box plots for all types of occlusions are above 0.78, with an
interquartile range of less than 0.06, and very few outliers. This indicates good localization robustness in harsh
environments or under artificial occlusion.
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Figure 5. Robustness to occlusions. (a) Accuracy by occlusion, with mean and variation. (b) Violin plots of F1-score by occlusion; best/worst
marked. (c) loU box plots by occlusion.

Comparative Analysis with State-of-the-Art Methods

In order to thoroughly verify the generalization and effectiveness of the proposed vision transformer, a large
number of comparative experiments were conducted with both newer and more traditional (SOTA) traffic sign
recognition models. The baseline models tested include ResNet-50, EfficientNet-B3, Swin-T, and a typical CNN-
Transformer hybrid model. In order to conduct consistent performance evaluation, all models, including ours,
were trained and validated using the same training, validation, and test intervals. In addition, data preprocessing
was also standardized [32]. Unified training and evaluation were conducted on the NVIDIA RTX A6000 GPU to
control external biases, under the same hardware conditions and hyperparameter settings [33].

We conducted a systematic ablation study on each part of our architecture to better understand how they work.
The results are shown in Figure 6: after combining all modules, as shown in Figure 6a, a Top-1 accuracy of 95.3%
(£ 0.2%) was achieved, with an average inference time of 23 milliseconds per image. The accuracy rates
decreased to 93.1% * 0.4%, 93.6% + 0.3%, 92.2% + 0.5%, and 93.4% + 0.3%, respectively. No spatial attention,
no token mixing, no patch normalization, and no two-stage decoding heads. In this case, removing patch
normalization resulted in the worst performance; therefore, it has universal robustness for recognition in harsh
environments [34]. The inference speed of all module settings is relatively slow, between 22 to 24 milliseconds,
and significantly increases after excluding token mixing. The above results indicate that patch normalization is
one of the most effective modules for improving the model.

148



Real-Time Traffic Sign Recognition Technology Based on Vision Transformer
https://doi.org/10.64972/jiic.2025v3.224p11s:141-153

Figure 6b shows the relationship between inference speed and F1 score, as well as the corresponding robustness
standard deviation. It also shows the trade-off between inference speed and robustness. Within 23 milliseconds,
the full model's F1-score is highest at 0.951, with a difference of 0.004. Other module ablation experiments show
a clear trade-off: for example, the "NoTokenMix" variant has an inference speed of 24 milliseconds, but an F1-
score of 0.934 + 0.006. Proves the rationality of the unified architecture, as none of the variants with removed
modules meet the robustness and speed requirements of the combined model.

Figure 6¢ shows that after excluding key modules, the increase in false positives/false negatives (FP/FN) for each
category also increased. Disabling spatial attention led to increases in the "Warning," "Prohibit," "Information,"
"Speed," and "Other" categories, with increases of 4, 2, 5, 3, and 1, respectively. After patch normalization, the
number of errors in the "information" category increased to seven. According to the statistics of the
aforementioned categories, spatial attention and patch normalization can reduce the confusion effect of similar
signs [35].
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Figure 6. (a) Stacked bars: accuracy per module, line: mean inference speed (b) Scatter plot: inference speed vs. robustness (F1) (c) Stacked
bars: per-class confusion changes under module ablation

For comprehensive benchmarking, we compared our model with both SOTA and established baselines, as shown
in Figure 7. Figure 7a reports that our model achieves the highest overall accuracy at 95.3% * 0.1%, notably
surpassing EfficientNet-B3 (93.5% + 0.2%), ResNet-50 (92.8% + 0.3%), Swin-T (94.1% + 0.2%), and the CNN-
Transformer hybrid (94.6% + 0.2%). Pairwise t-tests confirm these improvements as statistically significant (p <
0.05).

Figure 7b shows the trade-off between F1 scores and inference time for all models. At a speed of 23 milliseconds,
the proposed Transformer achieved an F1 score of 0.948, precision of 0.949, and recall of 0.947. The inference
speed of EfficientNet-B3 is the fastest at 19 milliseconds, but the F1 score is only 0.931; the inference speed of
the Swin-T and CNN-Transformer hybrid model is 27 milliseconds, but the F1 scores are only 0.938 and 0.942,
respectively. The size of the bubbles in the chart represents accuracy, while the color represents recall. These
combinations indicate that the model is very effective in both recognition and efficiency [36].
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Figure 7c is a violin plot, showing the distribution of accuracy for each method. The technique outperforms all
baselines in the rare and ambiguous sign categories and has a higher average accuracy per class (approximately
95.5%, standard deviation 0.6%). In addition, it also has lower variability. The transformer outperforms Swin-T
by 2-5 percentage points and ResNet-50 by up to 8 percentage points, particularly for more challenging warning
and prohibition signs.
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Figure 7. (a) Bar/line: overall accuracy with std (b) Bubble scatter: F1 vs. inference time/precision/recall (c) Violin plot: per-class accuracy
distribution

Conclusions

This paper introduces a new visual transformer structure to address the problem of traffic sign recognition in a
practical manner. Based on multiple comparisons and detailed ablation studies, the proposed model exhibits
both specificity and generality compared to the existing two types of networks. By using the aforementioned
methods, adaptive spatial attention, patch normalization, and two-stage decoding methods, interpretability,
accuracy, and efficiency have been improved. According to extensive benchmarking on high-resolution traffic
sign data, the proposed method has been shown to achieve state-of-the-art levels in recognition accuracy. In
addition, under specific conditions (such as occlusion, lighting fluctuations, and cluttered backgrounds), it
exhibits lower computational latency and good generalization ability. The above findings support the transition
of attention-driven architectures in visual perception for safety-critical applications.

The research results are positive, but there are some issues with the experiments and applications. First,
although the proposed model has achieved good results in closed-set recognition under normal operating
conditions, its robustness to distribution changes, such as in adverse weather or adapting to new regional traffic
systems, has not been extensively tested. Although this method is relatively easy to implement in the current
GPU environment, both training and real-time inference require a large amount of memory, making it impossible
to deploy directly on resource-constrained edge devices. Attention maps are very useful, but they may not be
able to address the issues of visual blur and interpretability in high-assurance intelligent transportation systems,
which are required by regulations.
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The focus of future research is to enhance deep learning for traffic sign recognition. Using unsupervised domain
adaptation or continual learning strategies to enhance the architecture's ability to generalize when visual
conditions change significantly or when encountering unfamiliar traffic signs. To support real-time operation on
low-power automotive-grade processors, research will be conducted on model compression techniques,
lightweight transformer variants, and hardware-aware neural architecture search. The interpretability of deep
models can be enhanced by adding visual explanations, combining causal reasoning, or incorporating human-
machine collaboration for verification, thereby increasing their credibility and meeting the industry's demand
for explainable artificial intelligence. Subsequent research can help build a reliable, safe, and universally
deployable intelligent traffic machine vision system, while eliminating the aforementioned shortcomings.
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