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Pedestrian Detection Method Based on YOLO Network

GAO Zong®,LI Shaobo™",CHEN Jinan®,LI Zhengjie®
(a. Key Laboratory of the Ministry of Education of Modern Manufacturing Technology ;
b. College of Mechanical Engineering , Guizhou University , Guiyang 550025 , China)

[ Abstract] For improving the poor robustness of pedestrian detectors based on artificial extraction characteristics, learns
from the advanced research achievements in the object detection field, proposes a method of real-time pedestrian
detection. Being based on the YOLO network structure, combines with characteristics that pedestrians’ aspect ratio is
small in images,selects appropriate numbers and scales of the initial candidate boxes by clustering,improves the YOLO
network structure , adjusts density of candidate boxes distributed on the X and Y axis,forms a network structure which is
suitable for pedestrian detection. Experiments in INRIA pedestrian datasets show that comparing with some pedestrian
detection methods,such as HOG,LatSVM-v2 and so on,this method reduces the missed and false detection ,improves the
positioning accuracy and satisfies the real-time requirements.
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