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Saliency detection algorithm integrating multiple features
of high and low level
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Abstract; Aiming at the problem that the single saliency feature can not fully express the image sali-
ency.resulting in low accuracy of saliency detection, a saliency detection algorithm for multi-feature
fusion was proposed. Based on the high-level prior knowledge, the background priori and the center
priori were redefined. The super-pixels near the center were set to high saliency values, and the center
priori was solved by using Gauss distribution. Four kinds of salient features such as image sparseness,
global contrast, color space distribution and super pixel difference on the underlying features were
fused, and the maximum threshold and high-low layer features of the inter-class difference were line-
arly and nonlinearly fused to obtain a high-quality saliency map. Experiments on three public datasets
of MSRA-1000, SED and SOD show that the saliency map obtained by the fusion of the algorithm has
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clear edges and prominent regions, and the visual image perception is better when the background in-

formation is effectively suppressed. Compared with other significant algorithms, the recall rate and

precision rate are increased by at least 3.4 %.

Key words: significant detection;high-level prior;bottom feature; multi-feature fusion;sparse bounda-

ries;superpixel differences
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Fig.1 Saliency feature map based on global contrast
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