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3D Content Generation Method Based on Visual Attention Analysis

CAI'Kai,LI Xinfu, TIAN Xuedong
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[ Abstract] Due to the difficulty of, 6btaining depth cues in some special scenariosjthe application of existing 3D content
generation methods, is limited. Therefore, by replacing depth map with saliency”map for-2D to 3D conversion, this paper
proposes a 3D content/generation method. The rough saliency map is generated by, using Fully Convolutional Network
(FCN) and the output results are optimized by Conditional Random Fi¢ld ( CRF). Experimental results show that the
proposed method can solve ‘the problem of low quality of saliency map in, existing methods caused by using low-level
features for visual attention analysis,and it can generate 3D content withysatisfying visual effect.

[ Key words] 3D content generation ;saliency detection ;saliency, map } Fully Convolutional Network ( FCN) ; Conditional
Random Field ( CRF)
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Fig.1 2D to 3D conversion procedure based on depth map
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