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Abstract

approach to analyze motion patterns by clustering the hybrid generative-discriminative feature maps using unsupervised

Crowded scene analysis is currently a hot and challenging topic in computer vision field. We proposed a novel

hierarchical clustering algorithm. The hybrid generative-discriminative feature maps are derived by posterior divergence
based on the track-lets, which are captured by tracking dense points with three effective rules. The feature maps effec-
tively associate low-level features with the semantically motion patterns by exploiting the hidden information in crowded
scenes. Motion pattern analyzing is implemented in a completely unsupervised way and the feature maps are clustered
automatically through hierarchical clustering algorithm building on the basis of graphic model. The experiment results

precisely reveal the distributions of motion patterns in current crowded videos and demonstrate the effectiveness of our
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approach.
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