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CRF combined with ShapeBM shape priors for
image labeling
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Abstract: Conditional random field (CRF) is a powerful model for image labeling, it is particularly well-suited to
model local interactions among adjacent regions (e.g. superpixels). However, CRF doesn’t consider the global
constraint of objects. The overall shape of the object is used as a global constraint, the ShapeBM can be taken
advantage of modeling the global shape of object, and then a new labeling model that combined the above two types
of models was presented. The combination of CRF and ShapeBM was based on the superpixels, through the pooling
technology was wed to establish the corresponding relationship between the CRFE superpixel layer and the ShapeBM
input layer. It enhanced the effectiveness of the combination of CRF and ShapeBM and improved the accuracy of
the labeling. The experiments on the Penn-Fudan Pedestrians dataset and Caltech-UCSD Birds 200 dataset
demonstrate that the model is more effective and efficient than others.
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