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Fast Salient Object Segmentation Method Based on Edge-Preserving Filtering

Zhang Lei', Li Chenglong', Tu Zhengzheng', Tang Jin'*

( 1. Department of Computer Science and Technology, Anhui University, Hefei, 230601 , China; 2. Key Lab of Industrial Image
Processing & Analysis of Anhui Province, Hefei, 230039, China)

Abstract;: How to automatically discover salient objects in video and further perform accurate object seg-
mentation is a challenging problem in computer vision. Here, fast salient object segmentation method
based on edge-preserving filtering is proposed. Firstly, the salient object discovery is formulated as an en-
ergy minimization problem, which fuses the appearance and motion features. Then, a Markov random
field (MRF) model, integrating the Gaussian mixture model (GMM) of appearance, the location prior,
and the spatial-temporal smoothness, is constructed for accurate segmentation, and is efficiently opti-
mized by graph cut. Moreover, an edge-preserving-based method is presented to improve the segmenta-
tion efficiency with a little loss of accuracy. Finally, extensive experiments on two datasets suggest that
the proposed method performance is better than that of other five methods, and the accelerated version
can speed up to 2 times of the original one.
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Fig.1 Flow chart of fast salient object segmentation based on edge-preserving filtering
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