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Image Saliency Detection Based on Spatial Convolutional Neural Network Model

GAO Dongdong,ZHANG Xinsheng
(School of Management, Xi’ an University of Architecture and Technology,Xi’ an 710055 ,China)

[ Abstract] To overcome the drawback of bad robustness detection of the existing saliency detection methods, this paper
presents a novel saliency detection based on spatial convolutional neural network. The candidate object areas are
conformed via preprocessing methods of the removing mean and normalization. By introducing the Convolutional Neural
Network ( CNN ) , a global model that captures the context information of saliency objects is constructed, and the
corresponding target detection saliency map is obtained. On the other hand, the feature sub-network structure is established
to output the 6-dimensional transformation matrix, which is used to transform input image through the spatial deformation
module to obtain edge information of salient object. The output of the spatial transformer network local confidence
coefficient is introduced into the global information saliency map to seek the maximum value of the feature expression.
The discrimination of saliency and non-saliency is realized to accomplish the saliency detection task. Experimental results
show that the proposed algorithm improves AUC accuracy under the same condition, generates a saliency map of focus
highlighting and achieves impressive robust detection results.

[ Key words] saliency detection; feature fusing; Convolutional Neural Network ( CNN) ; Spatial Transformer Network
(STN) ; saliency map
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