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Lightweight Pedestrian Attitude Detection Algorithm for navigation Robots
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(1. School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China;
2. Civil Aviation Logistics Technology Co. , Ltd. , Chengdu 611435, China)

Abstract; Aiming at the problems of low computing power for intelligent navigation robots equipped with embedded de-
vices and difficulty in analyzing visitor behavior, a posture detection algorithm based on lightweight YOLOvV5 is proposed.
The Backbone part of YOLOv5 adopts the C3Ghost based on the GhostNet, and in the Bottleneck part, the GSConvns and
VoV-GSCSP are used to design a thin-neck structure. Based on this, the Slim and PAGCP algorithms are used to further
compress the model, respectively. Based on the target detection results provided by YOLOv5., the DeepSORT and SlowFast
algorithms are used to track continuous human targets in the video and detect pedestrian postures. Experimental results show
that the lightweight improved YOLOvV5 reduces the FLOPs by 71% , and the parameters are reduced by 68%. The detection
algorithm of pedestrian postures can accurately recognize human targets and classify pedestrian postures.

Keywords: navigation robot; model lightweighting; model pruning; target detection; YOLOvV5; target tracking; human
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