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Action Recognition Based on Fuzzy Neural Network and
Graph Model Inference

ZHAO Yi-dan, XIAO Qin-kun,GAO Song
(School of Electronic Information Engineering,Xi’ an University of Technology,Xi’ an 710021 ,China)

Abstract; We propose a novel action recognition method based on fuzzy neural network and graph model (FNNGM). It combines the
fuzzy neural network and the probability graph model reasoning effectively,in order to be able to identify the complex video action se-
quence more accurately and easily and obtain a higher accuracy of action recognition. The algorithm consists of system learning and ac-
tion recognition. In system learning, we firstly build a hierarchical graph model for action semantic recognition : the first level is the FNN
—based representative frame (RF) gesture identification graph model which is utilized to recognize RF’ s gestures;the second level is RF
sequence classification model which is used to identify final semantic of RF sequence. Then in action recognition, the action recognition

results are computed using the FNNGM inference algorithm. Finally,through the analysis and comparison of the experimental results, it
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can be concluded that the proposed method has better recognition performance and accuracy than some existing methods.

Key words: action recognition ; fuzzy neural network ; graph model ; inference ; probability
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