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Human Pose Tracking Method Based on Computer Vision Technology
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Abstract: Human pose tracking has been widely used in application scenarios such as human motion analysis, intelligent monitoring, and vir-
tual reality. To address the issues of target loss and inaccurate pose estimation caused by multiple occlusion and complex environments in the
process of multi person pose tracking, the article proposes a human pose tracking method that combines DeepSORT and OpenPose. Select ap-
propriate datasets to train human motion tracking models and human pose estimation models separately. In the human motion tracking stage,
based on the improved YOLOvS and the improved DeepSORT algorithms, accurate recognition and tracking are carried out, reduced the mod-
el memory access cost, and model pruning methods are introduced to further improve tracking speed. In the human pose estimation stage,
based on the accurate target obtained in the tracking stage, the OpenPose algorithm is used to achieve the pose estimation of the target human
body. Compared with the comparison method, the improved algorithm has FLOPs of 4.46 G on COCO2017 dataset, greatly improving the de-
tection speed, and has a greater advantage in the running time on MOT16 dataset and PoseTrack2017 dataset, which are 85.55 s and 81.79 s
respectively.
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Fig. 9 Flow of human pose tracking
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Table 2 Experimental result of improved YOLOvV5
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Fig. 10 The changing trend of mAP value, FLOPs, and model size
with pruning rate
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Table 3 Model pruning results based on YOLOvSs
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Table 4 Experimental results of improved YOLOVS algorithm in hu-

man object detection
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Table 5 Experimental result of object tracking
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Table 6 Experimental result of human pose tracking
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Bk FYEIE mAP  MOTA  FPS  i&47Hf[a](s)
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Fig. 11 Tracking effect of human object
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Fig. 12 Experimental effect of human pose estimation in different sit-
uations
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(a) The first frame of the proposed method
(a) ARSI

(b)  The first frame of LightTrack
(b)  LightTrack 55—

(¢) The second frame of the proposed method
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Fig. 13 Experimental effect of human pose tracking
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