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Research on the existence detection algorithm of salient objects
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Abstract: More and more researches are conducted on salient object detection, but some of pic-
tures don’t contain any salient object at all, saliency maps extracted from these images tend to
contain false salient objects whereby affecting the following-up processing. An approach of exist-
ence detection of salient objects is proposed to address this problem. This algorithm extracts five
features based on saliency map which is extracted with Center-Surrounding Histogram(CSH) al-
gorithm. These features are distance between salient regions and the center of the image, distri-
bution of salient regions, distribution of salient regions near the edges of the image, entropy of
salient regions and histogram of the saliency map of the image. These five features are fed into
classifiers and the final result is obtained based on major voting. Experiments based on Microsoft
Research Asia Multimedia database and Web Image Database show that the detection outcomes by
the proposed method is superior to the existing approaches.
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Fig.1 Image without salient objects
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Fig. 2 Flowchart of our algorithm
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Fig. 3 Images without and with salient objects and their

corresponding saliency maps
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