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Scene Learning and Recognition based on Attention and Co-occurrence
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This paper describes a method of object categorization in context based on attention-guided co-occurrence and
the probabilistic latent component tree with boosted features. In this method, object classes are obtained for each
scene category, a classification tree with boosted features is generated for all the object classes and co-occurrence is
analyzed among object categories in scenes. Through experiments using images of plural categories in image data
sets, it is shown that the method analyzes intra-categorical composition and inter-categorical difference of scene
categories and improves object categorization performance by using boosted features and co-occurrence.
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