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Action recognition algorithm under complex scenes
based on local part model

ZHOU Ying-zi, WANG Zheng-yong, QING Lin-bo, HE Xiao-hai”
(College of Electronics and Information Engineering » Sichuan University., Chengdu 610065, China)

Abstract: In order to solve the accuracy of the action recognition system in complex scenes, an im-
proved method based on local part model, feature pre-processing and feature generalization is pro-
posed. The algorithm is based on the bag of the visual words. Local part model and random sampling
are used to extract features. The redundance of the features and the relationship between the features
are reduced by the pre-processed procedure. The features processed are closer to the original features,
meanwhile the features are generalized to prevent the over fitting. To demonstrate the performance of
the proposed method, experiments are carried on HMDB51 datasets. The results show that the algo-
rithm has higher efficiency than the original in complex environment. Compared with other methods,
the proposed algorithm shows more accurate. It has a better recognition effect on video sets with large

volume, complex background and real scene.
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Tab.1 Relationship of bag of visual words and bag
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