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Abstract;In view of the rapid development of autonomous driving technology and the increasingly complex transportation system

network , there is a lack of methods that can accurately detect and locate traffic police. We will study the accurate detection and location of

traffic police in complex environments based on deep learning. Effectively protecting the traffic police”’ s personal safety and improving

traffic efficiency have a positive role in promoting,on the other hand, it provides an important detection basis for the subsequent traffic

police’ s gesture recognition. However, in actual applications, the traffic police are generally in complex scenes, such as interfering
noise on the image, and then separately experiment on the method based on SSD network model, the method based on HOG feature
higher than the other two methods.

that the detection speed based on the Faster R-CNN network model is 61.523 ms,and the detection accuracy rate is 98. 75% , which is
0 51 F

crowds, strong light environments and complex weather, which will affect the accurate detection and positioning of the traffic police.
=

Therefore , we firstly preprocess the traffic police images to enhance the key feature information in the image and eliminate the influence of

extraction and SVM classification and the method based on Faster R—CNN network model. Comparing the three methods, it is concluded
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