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Human Interaction Recognition Based on Improved Sum
Product Networks

CHEN Chang-hong,LIU Yuan
(School of Communication and Information Engineering,Nanjing University of Posts and

Telecommunications , Nanjing 210003 , China)

Abstract:Due to the influence of visual angle change, camera movement, scale, light and occlusion, the effect of human interaction
recognition is always unsatisfactory. The most important research contents of human interaction recognition are effective feature extraction
and reasonable interaction model establishment. Based on the idea of deep learning , multi-layer neural network is constructed in the three—
dimensional space directly,and the spatial-temporal features of video are extracted by using two—layered convolution superimposed inde-
pendent subspace analysis ( ISA). Human interaction recognition algorithm is proposed based on improved sum product networks
(SPNs). The improved LearnSPN structure learning algorithm is used to learn the structure and weight of SPNs. Instance partition or
variable partition is implemented on the database in the training process until satisfying the ending condition. Therefore the human
interaction recognition is realized. The method is tested on UT - Interaction,BIT-Interaction and TV -human Interaction database,and
the results show its effectiveness, especially for the TV-human Interaction database with complex background.

Key words: human interaction recognition ; neural network ;independent subspace analysis;sum product networks ; structure learning algo-
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