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Real-time high—accuracy traffic sign detection and recognition

using multi—scale fusion and feature alignment

WAN Hao", REN Yongguo®
Baidu Online Network Technology (Beijing) Co., Ltd., Beijing 100085, China, 2. Beijing University of Posts
and Telecommunication, Beijing 100876, China )

Abstract:Real-time traffic sign detection and recognition with high accuracy is crucial for safe autonomous

driving and intelligent transportation systems. Many deep networks have been proposed, while there is still

room for further improvement. In this study, the baseline network YOLOV4 was upgraded with a multi-

scale fusion module and an attention mechanism module (AMM) for enriching the feature representation of

traffic signs of different sizes. Meanwhile, a neck network combined a feature selection module and a

feature alignment module for enhancing the semantic discriminant of pixel shift between high- and low-

level feature maps. Specifically, a transposed self-attention operation was designed for AMM. It used cross-

covariance matrix for transforming the operation on token dimension to channel dimension and reduced the

time complexity from O(n®) to O(n). Experimental results on the TT100K traffic sign dataset indicate that

compared to the baseline network (mAP@0.5=76.4%), the upgraded network achieves good improvement

(mAP@0.5 =83.4%) with detection and recognition speed of 39.45 frames per second, and it also

outperforms several state-of-the-art works.
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