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Exploiting Hierarchical Prior Estimation for Salient Object Detection

XU Weit TANG Zhen-Min!

Abstract
are processed by tree filter firstly.

Effective salient object detection is still a challenging problem in computer vision. In this paper, images
Then quick shift is adopted to decompose images into perceptually homogeneous
superpixels. This is followed by using affinity propagation clustering to aggregate all the superpixels into representative
clusters. Different from previous methods, this paper proposes a novel adaptive background prior estimation strategy. The
intra-cluster and inter-cluster spatial variances of superpixels owned by some cluster are calculated, and the numbers of
superpixels located along the image boundary are counted to complete the processing. Also, the strip regions of background
are extracted. The objectness measure is employed to get a coarse foreground scope, which is then used to compute the
spatial interactive information with all the clusters, so as to get the foreground prior. After the optimization based on
connected regions, A final foreground and background prior are confirmed. A saliency map is generated by measuring
the differences of CIELab color space between all the superpixels and the background and foreground prior, enhanced by
salient center weighting. Experimental results on MSRA-1000 and complicated SOD databases show that the proposed
method can accurately detect the whole salient object. It is superior to the 21 state-of-the-art methods, including the
methods partially based on similar principles.
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Table 1  The highest F-measure and the corresponding threshold 7" of all methods
Tk AR HPE HPE-M CB GS-SP BSTIP GC GS-GD SF LR PCAS SVO RC
F-measure 0.9111 0.8902 0.8655  0.8581 0.8515  0.8443 0.8398 0.8395 0.8355 0.8309 0.8138 0.8031
T 143 146 125 131 222 106 140 59 120 102 185 130
THEARE HC RA FT CA LC GB AC SUN IT MZ SR
F-measure 0.7535 0.7272 0.6550 0.5930 0.5605 0.5550 0.5528 0.4639 0.4633 0.4563 0.4016
T 141 173 53 105 86 49 34 113 3 42 10
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Table 3  The average running time of all methods
ks GS-GD LC HC SR MZ AC GC RC SF FT 1T GB CB
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Table 5 X vs precision, recall and F-measure after

adaptive thresholding on MSRA-1000

o B /3 14 15 1/6  1)T  1/8 A A 0.30 0.40 050  0.60  0.70
Wefi% 0.8848 0.8851 0.8857 0.8855 0.8831 0.8806 WEM®  0.8387  0.8621 0.8855 0.8858  0.8855
#A%  0.8591 0.8623 0.8641 0.8658 0.8662 0.8655 #A%  0.8624 0.8667 0.8658 0.8607  0.8562
F-measure 0.8787 0.8797 0.8806 0.8809 0.8796 0.8771 F-measure  0.8441  0.8477 0.8809 0.8799  0.8786
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