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Multi-person Activity Recognition Based on Bone Keypoints Detection

LI Meng-he, XU Hong-ji.SHI Lei-xin, ZHAO Wen-jie and LI Juan

School of Information Science and Engineering, Shandong University, Qingdao,Shandong 266237, China
Abstract Human activity recognition(HAR) technology is a research hotspot in the field of computer vision.but there are still
many technical difficulties in the research of multi-person HAR. The problem of the inaccurate judgment of the number of people
and the difficulty of feature extraction in multi-person activity recognition may lead to the low accuracy. A multi-person activity
recognition system based on bone keypoints detection is proposed in this paper,which combines the extraction of bone points with
the action recognition. Firstly,the image frame is extracted from the original video. Secondly,the OpenPose algorithm is used to
obtain keypoints data of the human skeleton to detect the number of people in the image and mark activity information. At last,
human posture features are extracted according to characteristics of skeleton points. Meanwhile, in order to accurately describe
the relationship between posture features,a feature description method based on frame window matrix is proposed. Finally,a sup-
port vector machine(SVM) is used as a classifier to complete multi-person activity recognition. 10 types of daily typical activities
from UT-Interaction and HMDB51 datasets are taken as test objects,and experimental results prove that the proposed method
can effectively extract keypoints of multiple human bones in the image. Its average recognition accuracy of 10 activities is
86.25% »which is higher than other compared methods.

Keywords OpenPose algorithm, Skeleton keypoints extraction,Posture feature extraction,SVM Classifier
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Fig.1 Framework of multi-person HAR system based on bone

keypoint detection
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Fig. 2 Flowchart of multi-person HAR system based on bone

keypoint detection
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Table 1 Definition of 18 bone keypoints of human skeleton
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Table 3 Comparison of accuracy on training sets and testing

sets of multi-person interaction activities
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13 0.93  0.98  0.90  0.95
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16 0.90  0.94  0.88  0.90
17 0.92  0.94  0.87  0.89
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