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Abstract: Traffic sign recognition is an essential component of autonomous driving systems and advanced driver assistance systems
(ADAS). While deep convolutional neural networks (CNNs) have achieved near-perfect accuracy under optimal conditions, their
performance significantly deteriorates in adverse weather due to reduced visibility, image blur, and occlusion. This study addresses this
limitation by introducing a hybrid approach that combines Generative Adversarial Networks (GANS) for synthetic adverse weather data
augmentation with a CNN—Transformer hybrid recognition architecture. The GAN module generates realistic traffic sign images under
fog, rain, snow, and night glare, greatly expanding dataset diversity without costly data collection efforts. The hybrid recognition
network merges CNN’s local feature extraction with Transformer-based global context modeling to enhance robustness against visual
degradation. We also introduce the Adverse Weather Traffic Sign (AWTS) dataset, which includes both real-world and GAN-generated
images across multiple weather conditions. Experimental evaluation on benchmark datasets (GTSRB, GTSDB, BTSC, TSRD) and
AWTS demonstrates that the proposed method achieves 6.26% higher accuracy on AWTS compared to baseline CNNs while
maintaining state-of-the-art results on clean datasets. These findings suggest that GAN-augmented training paired with hybrid
architectures is a scalable solution for robust real-world traffic sign recognition.

1. Introduction
Traffic sign recognition ensures road safety and compliance with driving regulations, enabling autonomous vehicles to make
informed decisions in real time. Deep CNN-based architectures have delivered outstanding results on benchmark datasets such
as GTSRB, often surpassing 99% classification accuracy. However, their robustness under adverse weather conditions—
including fog, heavy rain, snow, and nighttime glare remain a critical challenge. Such conditions distort image quality, obscure
sign features, and reduce the effectiveness of vision-based recognition models.

Collecting large-scale, annotated traffic sign images in diverse weather conditions is resource-intensive. Generative Adversarial
Networks (GANSs) offer a cost-effective alternative by synthesizing realistic, weather-degraded images from existing clean
datasets, providing varied training samples without extensive field collection. Moreover, while CNNs excel at extracting local
spatial features, they can struggle with long-range contextual dependencies in cluttered or degraded scenes. Vision Transformers
(ViTs), on the other hand, capture global context but often require large datasets to generalize effectively.
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In this work, we integrate both paradigms by:
1. Designing a  GAN-based  augmentation  pipeline to  simulate  multiple  weather  conditions.
2. Developing a hybrid CNN-Transformer recognition model for improved robustness.

3. Creating the Adverse Weather Traffic Sign (AWTS) dataset to benchmark adverse-weather performance.

2. Related Work
2.1 Traffic Sign Recognition Models

Early recognition models relied on handcrafted features (HOG, SIFT) and traditional classifiers (SVM, Random Forests). The
introduction of deep CNNs such as LeNet, ResNet, and DenseNet revolutionized recognition accuracy.

2.2 Weather Degradation Challenges.

Visibility-reduction phenomena (fog, rain streaks, snow particles, glare) degrade feature clarity. Basic augmentation methods
fail to fully replicate these effects.

2.3 GAN-Based Augmentation

GANSs, particularly Conditional GANs (cGAN), CycleGAN, and StyleGAN, generate photorealistic images suitable for weather
simulation.

2.4 Hybrid CNN-Transformer Models

Vision Transformers (ViT, Swin Transformer) excel in capturing global dependencies. Hybrid CNN—Transformer architectures
combine local and global feature modeling.

3. Proposed Methodology
3.1 Overview

The proposed framework consists of:

1. GAN-based Adverse Weather Generator
2. Hybrid CNN-Transformer Recognition Model
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3.2 GAN-Based Data Augmentation

Conditional GAN with ResNet-based generator and PatchGAN discriminator. Simulated weather includes fog, rain, snow, glare.
3.3 Hybrid CNN-Transformer Recognition Model

EfficientNet-B4 backbone for local feature extraction, Transformer block for global context, YOLOV8 detection head.

3.4 Dataset Preparation

AWTS dataset with real-world and GAN-generated samples, 25,000 images across 101 classes.

3.5 Training Details

Loss functions: cross-entropy, loU, adversarial loss. Optimizer: AdamW. Metrics: accuracy, precision, recall, F1-score, mAP.

4. Experimental Evaluation
4.1 Datasets Used

GTSRB, GTSDB, BTSC, TSRD, AWTS.

4.2 Results
Dataset Baseline CNN Proposed Method Accuracy Gain
GTSRB 99.76% 99.85% +0.09%
GTSDB 99.81% 99.89% +0.08%
BTSC 99.79% 99.84% +0.05%
TSRD 98.37% 98.69% +0.32%
AWTS 91.42% 97.68% +6.26%

4.3 Observations

Strong improvement in AWTS performance, marginal gains in clean datasets.

5. Discussion
GAN-based augmentation significantly improved recognition in adverse conditions. The hybrid CNN-Transformer architecture
leverages both local and global features, improving robustness to occlusion and low contrast.
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6. Conclusion and Future Work

The proposed GAN-augmented hybrid model improves traffic sign recognition in adverse weather. AWTS dataset serves as a
benchmark. Future work will explore rare event simulation, multimodal sensor fusion, and real-time optimization.

Figures

Figure 1: GAN-based Adverse Weather Image Generation Pipeline

Figure 2: Hybrid CNN-Transformer Traffic Sign Recognition Model
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