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A Small-sample Action Recognition Algorithm Based on Light-
weight Two-dimensional Human Posture Estimation

YIN Jiyao',ZHOU Lin',LI Qiang',LIU Dongjingdian®
(1. Shenzhen Urban Public Safety and Technology Institute, Shenzhen, Guangdong,518046, China;2. School of Computer Science
and Technology,China University of Mining and Technology.Xuzhou,Jiangsu,221116,China)

Abstract: Action recognition is a research hotspot in temporal data mining in recent years with a wide range of
application prospects. However,the action recognition algorithm based on deep learning at the present stage
requires a large number of labeled training datasets, which has the problems of poor generalization, poor real-
time performance and limited scene. In order to solve these problems, this study designs a small-sample action
recognition algorithm based on lightweight two-dimensional human posture estimation. The algorithm builds
a lightweight human detector HYOLOv5 based on the YOLOv5 algorithm. Based on the lightweight two-di-
mensional posture estimation model Lite-HRNet,a human posture feature descriptor is designed to effectively
remove the interference of background on human action features. In order to effectively measure the similarity
between temporal human posture feature descriptors, this study proposes a human posture feature distance
measurement based on dynamic time warping,and designs an action template matching algorithm based on
category center selection. The algorithm constructs a template library of action features through a small num-
ber of action videos,and uses the action template matching algorithm to achieve accurate recognition of multi-
ple types of action videos. To verify the algorithm,this study tested HYOLOv5 on the COCO 2017 Humans
dataset,and the human detection recognition accuracy of mAP@0.5 : 0. 95 could reach 50. 7%. Based on 10
kinds of action video data,the results show that the proposed algorithm can effectively identify the posture in
the video sequence. When each action contains only 4 training data, the accuracy of action recognition can
reach 91.8%.

Key words: temporal data mining;action recognition;human target detection; human posture estimation;

dynamic time warping
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