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Fig. 1 The overall architecture of our model
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Saliency detection via fused global and local information

Liu Shangwang®,Zhao Xinying, Yang Lei"
(a.College of Computer and Information Engineering;b.College of Tourism, Henan Normal University, Xinxiang 453007 , China)

Abstract : Aiming at improving the accuracy and generalization ability of natural images with low contrast and complex
background,a saliency detection model based on Bayesian framework is proposed via fusing global and local information.Firstly,
a deep convolution autoencoder network was constructed,and symmetrical encoder and decoder structure was adopted to super-
vise learning the global features,and global saliency map was generated; Secondly,foreground and background codebooks were
obtained from the global saliency map,and the locality-constrained linear coding method was used for encoding,and the sparse
coding was employed to describe the local features,so local saliency map was generated; Finally,the Bayesian framework was a-
dopted to integrate the global with local information, and the final saliency map was thus obtained. The experimental results
show that the F-measure of our model on ECSSD, DUT-OMRON and PASCAL datasets is 76.53% ,59.45% and 72.52% re-
spectively,and the MAE is 0.143 28,0.137 87 and 0.181 05 respectively. Furthermore,our method can effectively detect the sali-

ent object in real natural images with the low contrast and complex background.

Keywords : saliency detection;Bayesian framework;sparse coding;deep convolutional autoencoder network
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