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Multi scale traffic sign detection based on improved prior frame and loss
LI Sitao, ZHANG Rongfen, LIU Yuhong
(School of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Aiming at the problems of small size, long distance and complex road scene in traffic sign detection, a multi—scale
traffic sign detection algorithm based on improved prior frame and target location loss is proposed. Taking darknet—62 as the feature
extraction network, aiming at small traffic sign detection, the five scale prediction network based on FPN is integrated to further
improve the resolution of output feature layer and rich semantic information, and the design method of a prior bounding box is
improved to more accurately detect small traffic signs located at the corner or adjacent to the grid of feature map. The loss function
of target location based on GloU index is introduced to improve the overall recognition accuracy of the network. This algorithm
achieves 43.6% mAP and 14 FPS in the top 30 highest violation probability data set of traffic signs in China, which is more accurate
than the existing mainstream algorithms.
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Fig. 1 Structure of traffic sign detection network model
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