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Similar External Features Personnel Detection Algorithm

Based on Improved YOLO v3
LIANG Siyuan, WANG Ping, LUO Fanbo, XU Guifei, WANG Wei
(School of Electrical & Electronic Information , Xihua University , Chengdu, Sichuan 610039, China)

Abstract ; Similar external characteristics often mean problems such as team action and potential abnormal
behavior. To solve the problems of fewer detection methods for similar features, low accuracy and fewer features
in abnormal behavior detection, an algorithm for detecting similar external features based on in-depth learning is
proposed. And similar external features often mean team action and potential abnormal behavior. Firstly, the
dark channel defogging algorithm with Fast Guided Filter is used to pretreat the image of the INRIA database,
and the training samples with better quality are obtained. Then, an improved detection algorithm of YOLO v3 is
trained with the obtained samples. Finally, pedestrians will be extracted from the extraction of color features and
texture features of several combinations, after using ELM classification. The simulation results show that the dark
channel defogging algorithm with Fast Guided Filter is superior to the simple dark channel defogging algorithm,
retaining more edge features and texture features, especially in foggy weather and strong exposure environment.
Compared with the HOG + SVM method, the false and missed detection rate of pedestrian detection in iiis -
rithm are greatly reduced and have better real-time performance. Finally, the accuracy of ELM classi
reach 96.104% .

Key words:dark channel defogging YOLO network , color characteristics , texture feature , ELM Ul



